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Abstract

Dynamic contrast-enhanced MRI (DCE-MRI) enables the quantitative char-
acterization of tissue perfusion and microvascular permeability, but pharmacoki-
netic analysis requires an accurate estimation of the arterial input function (AIF).
Manual AIF selection is operator-dependent and time-consuming, while population-
averaged AIFs do not capture individual hemodynamics. This thesis develops and
validates an automatic pipeline for AIF extraction from cerebral DCE-MRI, based
on principal component analysis (PCA) of voxel-wise signal time-courses combined
with physiological filtering and an explicit quality-control mechanism. The pro-
posed approach evolves from a literature standard reference method through a set
of structural adaptations to brain DCE-MRI and clinical safeguards: an extended
candidate principal component search, plausibility filters with a fail-safe behavior
that halts the extraction when no arterial component is reliably identifiable, and
a composite ranking score that penalizes contaminated component morphologies.
The pipeline is evaluated on synthetic phantoms with controlled Rician noise and
partial volume contamination, characterizing its operating range and failure modes.
It is then applied to a clinical cohort of brain DCE-MRI examinations, where the
response of the pipeline across heterogeneous patient profiles is documented case by
case, including instances where the fail- safe mechanism correctly refuses extraction.
Cerebral blood flow, blood volume and mean transit time maps are subsequently
estimated via SVD-regularized deconvolution and presented as a downstream, end-
to-end check of the pipeline, with the limits of absolute quantitative calibration

explicitly discussed.






Sommario

La risonanza magnetica dinamica con mezzo di contrasto (DCE-MRI) consente
la caratterizzazione quantitativa della perfusione tissutale e della permeabilita mi-
crovascolare, ma ’analisi farmacocinetica richiede una stima accurata della funzione
di input arteriosa (AIF). La selezione manuale dell’AIF & dipendente dall’operatore
e dispendiosa in termini di tempo, mentre le AIF mediate sulla popolazione non
catturano '’emodinamica individuale. Questa tesi sviluppa e valida una pipeline au-
tomatica per l'estrazione dell’AIF da DCE-MRI cerebrale, basata sull’analisi delle
componenti principali (PCA) delle curve temporali di segnale voxel per voxel, com-
binata con un filtraggio fisiologico e un meccanismo esplicito di controllo di qualita.
L’approccio proposto evolve da un metodo di riferimento standard della letteratura
attraverso un insieme di adattamenti strutturali alla DCE-MRI cerebrale e di sal-
vaguardie cliniche: una ricerca estesa delle componenti principali candidate, filtri
di plausibilitd con un comportamento fail-safe che interrompe ’estrazione quando
nessuna componente arteriosa € identificabile in modo affidabile, e un punteggio
composito di ranking che penalizza le morfologie di componente contaminate. La
pipeline e valutata su fantocci sintetici con rumore Riciano controllato e contami-
nazione da volume parziale, caratterizzandone il campo operativo e le modalita di
fallimento. Viene quindi applicata a una coorte clinica di esami DCE-MRI cerebrali,
in cui la risposta della pipeline attraverso profili di pazienti eterogenei ¢ documen-
tata caso per caso, inclusi i casi in cui il meccanismo fail-safe rifiuta correttamente
I’estrazione. Le mappe di flusso ematico cerebrale, volume ematico e tempo di tran-
sito medio sono successivamente stimate tramite deconvoluzione regolarizzata con
SVD e presentate come verifica a valle dell’intera pipeline, discutendo esplicitamente

i limiti della calibrazione quantitativa assoluta.
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1

Introduction

1.1 Background and motivation

Dynamic contrast-enhanced magnetic resonance imaging (DCE-MRI) is a functional imag-
ing technique that characterizes tissue microvasculature through the temporal evolution
of a paramagnetic contrast agent. After the intravenous injection of a gadolinium-based
bolus, the agent shortens the longitudinal relaxation time 7} of the surrounding water pro-
tons. This produces a transient increase in the signal of Tj-weighted images which, under
appropriate acquisition and modelling assumptions, can be related to the local contrast-
agent concentration [1]. By acquiring a series of volumes before, during, and after the
passage of the bolus, DCE-MRI provides, for each voxel, a dynamic enhancement curve
that reflects the local delivery, extravasation, and wash-out of the agent.

These curves can be interpreted through kinetic models, which relate the measured
tissue enhancement to physiological parameters of the microvasculature, ranging from de-
scriptors of capillary permeability to measures of tissue perfusion [2, 3]. In the present
work, the focus is on perfusion-related quantities derived from AIF-based deconvolution,
namely cerebral blood flow, cerebral blood volume, and mean transit time. When the
signal is converted to contrast-agent concentration, these quantities can provide quanti-
tative, spatially resolved information on tissue microvasculature. In the present thesis,
however, no T} mapping was used, and the resulting maps are therefore interpreted as
semi-quantitative indices. In the brain, the sensitivity of DCE-MRI to vascular and blood—
brain barrier alterations has motivated its application in oncology, cerebrovascular and
neurodegenerative disease, and, more recently, psychiatric research [4, 5].

The quantitative interpretation of DCE-MRI relies on a quantity that is external to the
tissue model itself: the arterial input function (AIF), defined as the concentration-time

curve of the contrast agent in the arterial blood that supplies the tissue under examination.
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In the convolution formulation common to tracer-kinetic and perfusion models, the AIF
is the forcing function, and the tissue curve is obtained as its convolution with a tissue-
specific response. The estimated physiological parameters are therefore determined by the
ATF as much as by the tissue data. A systematic error in the AIF, whether in its amplitude,
timing, or shape, propagates into the parameter estimates and cannot be compensated for
simply by refining the tissue model [6]. An accurate and reproducible estimation of the
AIF is therefore a central requirement for quantitative and semi-quantitative DCE-MRI

analysis.

1.2 The challenge of arterial input function estimation

Despite its central role, the AIF remains one of the principal sources of uncertainty in
quantitative DCE-MRI. The difficulty is both practical and physical, and the strategies
proposed in the literature reflect a trade-off between fidelity to the individual subject and
robustness of the estimate.

The most direct strategy is manual selection, in which an operator delineates a region
of interest over a visible artery and averages the corresponding time courses. Although
conceptually simple, this procedure depends on the experience of the operator, is subject
to appreciable intra- and inter-observer variability, and does not scale to large cohorts. At
the opposite end, the individual AIF can be replaced by a population-averaged function,
obtained by fitting a fixed analytical form to the AIFs measured in a reference cohort [7].
This eliminates the operator dependence and yields a smooth, noise-free curve, but it
imposes a single predetermined shape on every subject. It therefore cannot represent
inter-individual differences in cardiac output, injection protocol, or vascular state [6].

Estimating the AIF from the individual acquisition preserves the subject specificity,
but it must contend with several degrading factors. The caliber of the feeding arteries is
frequently comparable to, or smaller than, the voxel size, so that a voxel positioned over
a vessel mixes intravascular blood with the surrounding tissue. This partial volume effect
attenuates and distorts the measured arterial curve. Voxels dominated by arterial signal
are correspondingly scarce, and they are not straightforward to identify. The measurement
is further degraded by acquisition noise and, in vivo, by motion and inflow effects. As a
consequence, the automatic and reliable extraction of an individual AIF remains an open
methodological problem.

A substantial body of work has addressed this problem with data-driven techniques,
which aim to identify the arterial voxels automatically from the structure of the data rather
than through manual intervention. Clustering methods partition the voxels according

to the morphology of their time courses and designate the group whose representative
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curve is most consistent with arterial behavior [8, 9]. Independent component analysis
seeks to isolate the arterial contribution as a statistically independent source within the
mixed signals [10]. Principal component analysis (PCA) decomposes the ensemble of time
courses into orthogonal components ordered by explained variance, under the hypothesis
that the arterial dynamics are concentrated in one of the leading components [11]. These
methods are automatic and subject-specific, and under suitable conditions they have been
reported to improve robustness and reproducibility with respect to manual or population-
based approaches. They nonetheless share a common premise, namely that the arterial
signal forms a distinct and identifiable population within the data. This premise holds
when sufficiently pure arterial voxels are present, but it is precisely the condition that

partial-volume mixing undermines.

1.3 Aim and contributions

The aim of this thesis is the development and validation of an automatic pipeline for
the estimation of the AIF from cerebral DCE-MRI. The method extends a PCA-based
reference approach from the literature [11], retaining its data-driven core while adapting it
to the brain and equipping it with explicit physiological and quality-control mechanisms.
To the principal component decomposition, the pipeline adds an extended search over
candidate components, a set of plausibility constraints on the admissible arterial waveform,
a composite ranking score that down-weights components with non-arterial morphology,
and a fail-safe rule that suspends the extraction when no component satisfies the arterial
criteria. The intended outcome is a procedure that operates without user intervention
and that signals, rather than conceals, the cases in which a reliable arterial component

cannot be identified.

The pipeline is evaluated in two complementary settings. It is first assessed on syn-
thetic phantoms, for which a ground-truth AIF and a known arterial geometry are avail-
able. This setting allows the behavior of the method to be quantified under controlled
Rician noise and controlled partial-volume contamination, and its operating range and
failure modes to be delineated. The pipeline is then applied to a clinical cohort of brain
DCE-MRI examinations, where its response is documented on a per-subject basis, includ-
ing the case in which the fail-safe declines to return an estimate because no physiologically
plausible arterial component is identified. Finally, as an end-to-end demonstration of the
complete processing chain, cerebral blood flow, cerebral blood volume, and mean tran-
sit time are reconstructed from the extracted AIF by regularized deconvolution, and the

conditions that limit their absolute quantification are examined.

Two results recur throughout the analysis and frame the discussion. The method
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is comparatively robust to Rician noise, but markedly sensitive to the heterogeneity of
partial-volume mixing, which emerges as the factor that most strongly governs its behavior
on realistic data. In addition, a high correlation between the recovered AIF and a reference
waveform is shown not to guarantee, on its own, that the underlying voxel selection is
correct. This observation has direct implications for the validation of automatic AIF

methods and constitutes one of the central methodological contributions of this work.

1.4 Outline of the thesis

Chapter 2 reviews the principles of DCE-MRI, the role of the AIF in pharmacokinetic and
perfusion quantification, and the main families of AIF estimation methods. Chapter 3
describes the proposed pipeline in detail, together with its two versions, the synthetic
and clinical datasets, and the deconvolution procedure used to obtain the perfusion maps.
Chapter 4 reports the synthetic validation, examining the response of the method to noise
and to partial volume. Chapter 5 reports the application of the pipeline to the clinical
cohort and presents the resulting arterial input functions and perfusion maps. Chapter 6
discusses these results, relates them to previous work, and sets out the limitations of the

approach. Chapter 7 draws the conclusions and outlines directions for future work.



p)

Background: DCE-MRI and arterial input

function

This chapter introduces the methodological background required to follow the content
of the thesis. Section 2.1 describes the physical principles and the acquisition proto-
col adopted for dynamic contrast-enhanced magnetic resonance imaging (DCE-MRI), to-
gether with the relationship between the intensity of the MR signal and the concentration
of contrast agents. Section 2.2 introduces the arterial input function (AIF), discusses its
role in the quantitative analysis of DCE-MRI data, and reviews the practical difficulties
found in its estimation. Section 2.3 provides an overview of the two quantitative frame-
works used in the rest of this work, the Tofts pharmacokinetic model and deconvolution-
based perfusion quantification. Finally, Section 2.4 surveys the main approaches proposed
in the literature for AIF estimation, discusses their respective limitations, and identifies

the open challenges that motivate the methodological work presented in Chapter 3.

2.1 DCE-MRI: acquisition principles

Dynamic contrast-enhanced magnetic resonance imaging (DCE-MRI) is a non-invasive
imaging technique in which a time series of T}-weighted volumes is acquired before, dur-
ing, and after the intravenous administration of a paramagnetic contrast agent (CA). For
every voxel, the resulting four-dimensional dataset provides a time course of the MR
signal intensity. This reflects the local pharmacokinetics of the tracer as it enters, dis-
tributes within, and washes out of the tissue. Because the temporal evolution of the
signal is governed by the microvascular properties of the tissue, DCE-MRI is used mainly

to characterize vascular density, integrity and permeability, with applications in oncology,
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stroke and neurodegenerative diseases [4, 1, 5].

2.1.1 Physical principles of 7} and 7’ -weighted imaging

MR images derive their contrast from the nuclear magnetic resonance properties of the
hydrogen nuclei contained in tissue water. When placed in a strong static magnetic
field By, these nuclei develop a net macroscopic magnetization M, aligned with the field.
When a radio-frequency (RF) pulse is applied, the magnetization rotates away from its
equilibrium state. After the pulse, the longitudinal component M, recovers exponentially

to My with a tissue-specific time constant, the longitudinal relaxation time 77:
M,(t) = My[1—e"M]. (2.1)

Equation (2.1) describes the ideal recovery of longitudinal magnetization after an excita-
tion pulse and is introduced here to illustrate the physical meaning of 77. However, in a
real MR sequence, image contrast is determined not only by tissue relaxation times, but
also by the sequence parameters. Two parameters are particularly important: the repeti-
tion time TR, defined as the time interval between successive excitation pulses, and the

echo time T'F, defined as the time between the excitation pulse and the signal readout.

In T}-weighted imaging, T'R is chosen sufficiently short that the longitudinal magne-
tization does not fully recover before the next RF pulse. Under these conditions, tissues
with shorter T3 recover a larger fraction of their longitudinal magnetization between suc-
cessive excitations and therefore tend to produce a higher signal than tissues with longer
Ti. In contrast, if TR were much longer than the 77 values of the tissues of interest, the
longitudinal magnetization would almost completely recover in all tissues, and the image
contrast would depend mainly on proton density rather than on 77.

A short TFE is usually chosen together with a short TR to reduce the influence of
transverse relaxation, especially T decay, on the measured signal. 73 is the effective
transverse relaxation time and accounts for both intrinsic spin—spin relaxation and de-
phasing caused by local magnetic-field inhomogeneities. By minimizing 77 -related signal
loss, the image contrast remains dominated by differences in 77 [1, 3].

This principle is exploited in DCE-MRI using fast Ti-weighted spoiled gradient-echo
sequences. When a gadolinium-based contrast agent arrives in a voxel, it shortens the
local T1, allowing faster recovery of the longitudinal magnetization between RF pulses and
therefore increasing the measured signal intensity. Repeated acquisition of Tj-weighted
volumes makes it possible to follow the arrival, distribution and wash-out of the tracer as

a dynamic signal enhancement.
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2.1.2 Gadolinium-based contrast agents and their effect on 77

The CAs used in DCE-MRI are typically gadolinium-based chelates such as gadopente-
tate dimeglumine (Gd-DTPA) and gadoterate meglumine (Gd-DOTA) [2, 12]. They are
paramagnetic compounds, meaning that the gadolinium ion has seven unpaired electrons
whose magnetic moments generate local fluctuating fields, which efficiently shorten the
longitudinal relaxation time of nearby water protons [1]. To a first approximation, the re-
lationship between tissue CA concentration C'(t) and local T} is described by the relaxivity

equation
1 1

T(t) = m + r C(t), (2.2)
where T o is the pre-contrast longitudinal relaxation time and r; is the longitudinal re-
laxivity of the CA, which depends on the specific agent and on the static magnetic field
strength. The parameter T} o reflects the intrinsic recovery rate of the tissue before any
contrast agent is present [2, 3]. The consequence is that, as the CA arrives in a voxel, T}
decreases and the Tj-weighted signal intensity increases; as the CA washes out, T and
signal intensity tend to return towards their baseline values, although persistent enhance-
ment may be observed in tissues with substantial extravascular retention. The amplitude
and the temporal profile of the signal carry information on the underlying microvascular
dynamics.

After intravenous administration of the bolus, low-molecular weight gadolinium chelates
rapidly distribute within the blood pool and, in tissues whose vessels are permeable to
small molecules, leak into the extravascular extracellular space (EES) [2, 3]. In the healthy
brain, the intact blood—brain barrier strongly limits the extravasation of gadolinium-based
contrast agents, so that the agent remains predominantly intravascular. However, in
pathological conditions in which the barrier is disrupted, the agent leaks into the EES,
and the resulting signal-time curves carry quantitative information on barrier permeabil-
ity. This can be used to characterize diseases such as cerebral small vessel disease, vascular

dementia, and Alzheimer’s disease [5].

2.1.3 The DCE-MRI acquisition

A DCE-MRI acquisition consists of a dynamic series of three-dimensional T;-weighted vol-
umes covering the anatomical region of interest, acquired with a fast spoiled gradient-echo
sequence characterized by short T'R, short T'E, and a moderate flip angle [1, 3]. After a
few baseline volumes used to establish the pre-contrast signal level, the CA is adminis-
tered as an intravenous bolus through a power injector, and image acquisition continues
for several minutes so that both the wash-in and the (partial) wash-out of the tracer are

captured. As a result, the temporal sequence of each voxel intensity exhibits three distinct
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phases: a flat baseline, a rapid wash-in corresponding to the arrival of the bolus, and a
slower wash-out (or a near-plateau in tissues with significant CA retention) [1].

The design of a DCE-MRI protocol involves a fundamental trade-off between spatial
resolution, temporal resolution, and signal-to-noise ratio (SNR). A shorter TR improves
temporal sampling, which is essential to capture the sharp and narrow arterial peak that
follows bolus injection, but simultaneously reduces SNR and constrains achievable spatial
resolution [3]. In neuroimaging, typical acquisition parameters consist of a static field of
3 T, millimetric spatial resolution, whole-brain or near whole-brain coverage, and temporal
resolutions of the order of a few seconds per volume, sustained for a total acquisition time

of approximately five to ten minutes.

2.1.4 From signal intensity to pseudo-concentration

Although the quantity of physiological interest is the local CA concentration C(t), what is
ultimately measured is the signal intensity S(¢), obtained from the scanner output through
post-processing, and the conversion between the two is non-trivial. For a spoiled gradient-
echo sequence in the steady state, the signal is a non-linear function of 7. Combined with
the relaxivity equation (2.2), this relationship allows the explicit estimation of C(t) from
S(t), provided that the pre-contrast longitudinal relaxation time 77 and the relaxivity
ry are known [2, 3]. The most rigorous approach therefore requires an independent 7
mapping step to be performed before dynamic acquisition.

An alternative, the one adopted throughout this work, is the so-called semi-quantitative
analysis, in which a normalized signal-difference curve is used as a surrogate of concen-
tration:

S(t) — So

AS(H) = T, (2.3)

where Sy denotes the baseline signal averaged over the pre-contrast frames. Under the
standard assumptions of small flip angle and small CA-induced changes in 77, AS(t) is
approximately proportional to C(t) [2, 3]. This pseudo-concentration preserves the shape
of the underlying concentration-time curve and is therefore adequate for shape-based
analysis such as data-driven AIF extraction. However, since the proportionality constant
between AS(t) and C(t) is not recovered, parameters derived from these curves — in par-
ticular flow- and volume-related indices such as cerebral blood flow and cerebral blood
volume — are obtained on an arbitrary scale and must be interpreted as semi-quantitative.
When all subjects are acquired with the same protocol and processed with the same
normalization procedure, pseudo-concentration curves can still be used for relative and
shape-based comparisons across subjects. Nevertheless, they should not be interpreted

as absolute contrast-agent concentrations. Accordingly, the curves used in the follow-
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ing chapters should be interpreted as pseudo-concentration curves rather than absolute

contrast-agent concentrations.

2.2 The arterial input function

The signal-time curve measured in a DCE-MRI experiment reflects the joint contribution
of the tracer delivered to the tissue and of the tissue’s intrinsic vascular and exchange
properties. To recover the latter contribution, which represents the actual physiological
quantity of interest, one needs to account for the arterial input of the contrast agent into
the tissue, namely the arterial input function (AIF). The AIF is therefore fundamental
for any quantitative analysis of DCE-MRI data, and its accurate estimation is the central

methodological challenge addressed in this thesis.

2.2.1 Definition and physiological role

The arterial input function (AIF) describes the time course of the concentration of contrast
agents in the arterial blood that supplies the tissue of interest [6]. Depending on the
modeling context, this input function can be expressed either as the concentration in
whole blood Cy(t), or as the corresponding plasma concentration C,(¢). This distinction
is important because pharmacokinetic models are usually formulated in terms of plasma
concentration. If the measured AIF represents the whole-blood concentration, it can be

converted to plasma concentration as

Cp(t) = Co (t)

AN 2.4
1 — Het’ (2:4)

where Hct is the arterial hematocrit, which is the fraction of whole blood volume occupied
by red blood cells. However, in the present work, the dynamic curves are derived from
a relative signal enhancement rather than an absolute signal-to-concentration conversion.
Therefore, the estimated AIF should be interpreted as an arterial pseudo-concentration
curve.

In the indicator-dilution framework, the tissue concentration—time curve, or the cor-
responding pseudo-concentration curve in a semi-quantitative analysis, is related to the

arterial input through a convolution:
Cy(t) = F-[Car(t) ® R(t)], (2.5)

where Car(t) denotes the arterial input curve used in the analysis, F' is the blood flow per
unit mass of tissue, ® denotes the temporal convolution, and R(t) is the impulse residue

function, that is the dimensionless curve that describes the fraction of tracer still present
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in the voxel at time t after an instantaneous unit injection. The product I(t) = F R(t),
often called the flow-scaled impulse residue function, is the quantity directly recovered by
deconvolution and is discussed further in Section 2.3.

Equation (2.5) makes the importance of the AIF clear. First, it is the only term that
encodes the amount of tracer actually delivered to the tissue: any error in the AIF, whether
it is a bias in its amplitude or a distortion of its shape, propagates directly into () and
therefore into all derived parameters related to perfusion, such as CBF, CBV and MTT,
as well as into pharmacokinetic parameters such as K"#", v, and v,. Second, the AIF is
in principle a global quantity shared by all voxels perfused by the same arterial territory,
while R(t) is voxel-specific and reflects the local microvascular architecture. Separating the
tissue response from the arterial input is therefore essential to obtain perfusion estimates

that reflect intrinsic tissue properties rather than the particular shape of the input.

2.2.2 Practical challenges in AIF estimation

Although the AIF is conceptually well defined, its accurate measurement in vivo is noto-
riously difficult, and the literature has consistently identified it as the largest source of
variability in quantitative perfusion imaging [6]. The main practical difficulties relevant
to brain DCE-MRI are summarized below.

Partial volume effect. The intracerebral arteries that can be visualized in a typical
DCE-MRI acquisition have luminal diameters comparable to, or smaller than, the voxel
size of the dynamic sequence. The signal of an “arterial” voxel is therefore inevitably a
mixture of the intravascular blood signal and the contribution from the surrounding tissue.
Since the normalized signal enhancement AS(t) of pure arterial blood is much higher than
that of the parenchyma, partial-volume contamination systematically underestimates the
peak amplitude of the AIF [6].

Inflow effects. In spoiled gradient-echo sequences, fresh inflowing blood, which has not
been fully saturated by the imaging RF pulses, can produce an inflow-enhanced signal
in proximal arterial voxels. This effect introduces a signal contribution that is not solely
determined by local 77 shortening. As a result, the arterial signal enhancement may be
biased, and the measured AIF may no longer be proportional to the actual contrast agent
concentration. The effect is particularly pronounced in 3D acquisitions with short T'R
and relatively thick slabs [6].

Signal non-linearity at the peak. At the bolus peak, the arterial concentration of

the contrast agent can be high enough for the simple linear relationship between relative
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signal enhancement and concentration to break down. In addition to the non-linear spoiled
gradient-echo signal equation, susceptibility-related 77 effects and saturation phenomena

may contribute to an underestimation or distortion of the arterial peak.

Inter-subject variability. Even when all the technical difficulties above are controlled,
significant variability in the AIF arises from patient-specific factors: cardiac output, in-
jection rate, vascular geometry, hematocrit. These factors influence both the amplitude
and the temporal profile (bolus arrival, peak width) of the AIF, and motivate the use of

individual ATFs whenever possible, versus population-averaged templates [6, 7].

Low signal-to-noise ratio. Arterial voxels are few in number relative to the total
brain volume, and their pre-contrast signal can be low (especially in low-flip-angle 3D
acquisitions). Estimating the AIF from such voxels leads to curves with a markedly lower
SNR than the tissue curves themselves, particularly in the early baseline phase that is

used for normalization.

Together, these difficulties motivate the development of automated and data-driven
methods for AIF estimation, which attempt to identify the most arterial voxels available
in a given dataset and combine them into a single representative curve. The main families

of such methods are reviewed in Section 2.4.

2.3 Pharmacokinetic and perfusion quantification

Once an arterial input curve Cap(t) and the corresponding tissue dynamic curves are
available, the quantitative or semi-quantitative analysis of DCE-MRI data can proceed
within two complementary frameworks: a model-based pharmacokinetic analysis, in which
a compartmental model of contrast agent exchange between blood and tissue is fitted to
the data, and a deconvolution-based analysis, which does not impose a specific compart-
mental exchange model but still relies on the assumptions of indicator-dilution theory.
The following sections describe both approaches in the form used in the rest of this
work [3].

2.3.1 Pharmacokinetic modelling: the Tofts model

The Tofts model [2, 12] describes how a low-molecular-weight contrast agent distributes
between the bloodstream and the tissue after injection. The model considers two com-
partments: the blood plasma and the extravascular extracellular space (EES), which is
the fluid-filled space between cells outside the vessels. Plasma occupies a fraction v, of

total tissue volume and EES occupies a fraction v.. Once the contrast agent reaches the
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tissue through the bloodstream, it crosses the vessel wall into the EES at a rate governed
by the wvolume transfer constant K2, Neglecting the intravascular plasma contribu-
tion to the measured tissue concentration, the standard Tofts model describes the tissue

concentration as follows:
t
Ci(t) = Ktrans/ Cp(7) exp|—kep (t — 7)] dT, (2.6)
0

where C)(t) is the arterial plasma concentration of the contrast agent, and k., = K" /v,
is the rate constant that describes the return of the tracer from the EES back to the
plasma. If the measured input function is expressed as a whole-blood concentration Cy(t),
the plasma concentration is obtained through Equation (2.4).

The physiological interpretation of K" depends on local tissue conditions [12].
When the vessel wall is highly permeable and exchange is flow-limited, K%' approxi-
mates the plasma flow per unit tissue volume. In contrast, when the barrier is mostly
intact and only slightly permeable, as in the healthy brain, K" approximates the
permeability—surface area product per unit of tissue volume and therefore reflects the
degree of disruption of the blood—brain barrier.

When the intravascular plasma contribution to the measured tissue concentration

cannot be neglected, the model is extended to include an explicit plasma-volume term:
t
Ci(t) = v, Cp(t) + Ktrans/ Cp(T) exp|—kep (t — 7)] dT. (2.7)
0

This extended Tofts model [3] is particularly relevant in the setting of cerebral small-vessel-
disease, where a further simplification (the Patlak model) is widely used to detect subtle
leakage of the blood—brain barrier [5].

In this thesis, equations (2.6)—(2.7) are presented as the standard quantitative frame-
work for the estimation of permeability with DCE-MRI. They are not the main subject of
the methodological work presented in this thesis; rather, they illustrate why an accurate
arterial input curve is essential: without a reliable estimate of C,(t), or of the correspond-
ing pseudo-concentration input curve in a semi-quantitative setting, none of the above

parameters can be robustly estimated.

2.3.2 Perfusion quantification: deconvolution-based approach

Cerebral perfusion refers to the delivery of blood to brain tissue per unit of time. It
is commonly described by three haemodynamic parameters: cerebral blood flow (CBF),
cerebral blood volume (CBV), and mean transit time (MTT). CBF is defined as the
volume of blood passing through a unit mass of tissue per unit of time, typically expressed

in mL/(100 g - min). CBV is the volume of blood contained within a unit mass of tissue,
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typically expressed in mL/100g. MTT is the average time required for blood to traverse
the microvascular bed and is expressed in seconds. These parameters are related by
the central volume theorem, MTT = CBV/CBF [13]. Spatial maps of CBF, CBV and
MTT are commonly referred to as perfusion parametric maps and provide voxel-wise
information on the haemodynamic status of the tissue.

Although DCE-MRI is most commonly associated with the estimation of permeability-
related parameters, the first-pass portion of the dynamic curve can also be interpreted
within the framework of indicator-dilution theory. In this setting, deconvolution-based
analysis does not provide fully quantitative perfusion measurements unless an accurate
conversion from signal intensity to contrast-agent concentration is available. However,
when relative signal-enhancement curves are used as pseudo-concentration curves, the
same framework can still provide semi-quantitative indices related to perfusion, provided
that the limitations imposed by temporal resolution, signal non-linearity, partial-volume
effects and AIF uncertainty are explicitly acknowledged.

Within this framework, the objective is to recover the flow-scaled residue function
I(t) = F R(t) by deconvolving the tissue pseudo-concentration curve with the estimated
AIF [14, 15]. Once I(t) is known, flow- and volume-related quantities follow from indicator-
dilution theory:

o V

F=maxI(t), V= /0 Itd,  MTT = - (2.8)
where F' and V are proportional to blood flow and blood volume, respectively. When
absolute concentration curves are available, these quantities can be converted, after ap-
propriate corrections for tissue density and haematocrit, into CBF and CBV with con-
ventional physiological units. However, in the semi-quantitative setting adopted in this
thesis the same expressions yield relative indices of flow and volume, whose scale depends
on the signal normalization and on the estimated AIF amplitude.

Recovering I(t) from Equation (2.5) is a mathematically ill-posed problem. In prac-
tice, the convolution integral is discretized into a matrix equation, and this matrix is
poorly conditioned: even small amounts of noise in the measured tissue dynamic curve,
or pseudo-concentration curve in the semi-quantitative setting, can be amplified into large
errors in the estimated I(t). The standard solution proposed by Ostergaard et al. [14]
relies on singular value decomposition (SVD) of the convolution matrix, together with a
regularization step that filters out the smallest singular values. In this work, we adopt the
Tikhonov-regularized variant of this scheme [16]. This approach, like the pharmacokinetic
one above, relies critically on the AIF: since it enters the deconvolution as the kernel, any
inaccuracy in its shape or amplitude directly biases the resulting perfusion-related indices
and, when absolute quantification is performed, the corresponding CBF, CBV and MTT

maps.
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2.4 Methods for AIF estimation: the state of the art

In view of the central role of the AIF and of the practical difficulties summarized in
Section 2.2.2, many studies have been devoted to its estimation. The proposed approaches

can be broadly grouped into four families, reviewed in the following subsections [6].

2.4.1 Population-averaged AIFs

One widely used strategy consists of replacing the individual AIF with a single parametric
curve derived from measurements across a reference population. The reference model
proposed by Parker et al. [7] describes the AIF as the sum of two Gaussian functions,
representing the first-pass bolus and a recirculation peak, plus a modulated sigmoid that

captures the slow wash-out (Figure 2.1).

Parker population AIF

6 first-pass peak
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T T T
1 1 1
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Figure 2.1: The population-averaged arterial input function of Parker et al. [7], used in
this work as the reference arterial shape. It displays the characteristic features of an
arterial input: a sharp, high first-pass peak, a lower recirculation peak, and a slow wash-
out. The amplitude is in arbitrary units.

The main advantage of population AIFs is practical convenience: no arterial voxel
needs to be identified in the image, the curve is smooth and noise-free by construction, and
the approach is immediately reproducible across studies. The principal limitation is that
a single average curve cannot capture the inter-subject variability arising from differences
in cardiac output, body weight, injection rate, hematocrit and vascular geometry. When

applied to an individual patient, a population AIF may be shifted in time, scaled in
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amplitude or differently shaped relative to the true input, introducing systematic errors
in all derived parameters [6]. For this reason, population AIFs are most useful as a
reference template against which patient-specific AIFs are quality-checked, a role they

also play in the validation framework of this thesis.

2.4.2 Manual and semi-automatic ROI-based AIFs

A second strategy is to place a manual region of interest (ROI) directly on a visible artery
and to use the average signal-time curve of the selected voxels as the AIF. This approach
is patient-specific and physiologically direct, and has therefore been widely used in clinical
and research settings.

Its main limitation is operator dependency: the choice of artery, imaging slice and
precise voxel set introduces inter- and intra-rater variability that is difficult to control.
A further source of error is partial-volume contamination: cerebral arteries are small
relative to the typical voxel size of a DCE-MRI acquisition, so the signal of an “arterial”
voxel almost inevitably includes contributions from surrounding tissue, causing the AIF
amplitude to be systematically underestimated. Finally, if the selected ROI includes
venous voxels, which can be hard to distinguish from arterial ones on magnitude images,
the estimated curve is delayed and widened relative to the true arterial input, biasing
the subsequent deconvolution. Semi-automatic variants, in which the user places a single
seed point and an algorithm selects the most arterial neighboring voxels, reduce operator

workload, but do not resolve these fundamental limitations [6].

2.4.3 Criteria-based automatic voxel selection

A natural evolution of the manual ROI approach is to scan the entire image volume
automatically and retain only those voxels whose signal-time curve satisfies a set of phys-
iological criteria characteristic of arterial blood [6]. Commonly adopted criteria include:
early bolus arrival time, since the contrast agent reaches the arteries before any tissue;
high peak signal enhancement; rapid upslope during wash-in; narrow bolus width; and
exclusion of curves that are too noisy or that arrive too late (which would suggest venous
rather than arterial origin). The AIF is then estimated as the average of all voxels that
pass the filters.

This approach removes the need for manual interaction and surveys the whole brain
rather than a single pre-selected location. However, the selection thresholds are heuristic
and typically dataset-specific: a threshold that works well for one acquisition protocol
or patient population may fail on another. Furthermore, satisfying these criteria does

not guarantee that a voxel is purely arterial; in fact, partial-volume mixing can still be



16 CHAPTER 2. BACKGROUND: DCE-MRI AND ARTERIAL INPUT FUNCTION

present. Despite these limitations, physiological criteria of this kind remain important in
practice, and are incorporated as plausibility filters in the automated pipeline developed

in this thesis, as described in Chapter 3.

2.4.4 Data-driven methods: clustering, ICA and PCA

Data-driven methods go one step further by exploiting the structure of the entire DCE-
MRI dataset to separate arterial-like signals from tissue signals, reducing the dependence
on manually defined ROIs and fixed selection thresholds. The three paradigms most
relevant to this work are clustering, independent component analysis (ICA) and principal

component analysis (PCA).

Clustering methods group all voxel time courses according to their mutual similarity
and then identify which cluster best represents arterial dynamics. Both k-means cluster-
ing [8] and hierarchical clustering [9] have been applied to this problem. These approaches
are conceptually simple and interpretable, but their result depends on the number of clus-
ters, the choice of similarity features and the algorithm initialization. They also assume
that arterial voxels form a well-separated group in the feature space, an assumption that

may not hold when partial-volume mixing is severe.

Independent component analysis (ICA) decomposes the dataset into statistically inde-
pendent temporal sources [10]. In principle, the arterial signal should emerge as one of
these sources, since it is driven by a physiological process different from the tissue curves.
ICA can be more flexible than clustering, but the decomposition is sensitive to initial-
ization, the number of components usually has to be set in advance, and an additional

selection step is still required to identify which component corresponds to the AIF.

Principal component analysis (PCA) [11] decomposes the data into orthogonal com-
ponents ordered by the amount of variance they explain. Because the arterial bolus
produces a sharp and high-amplitude temporal enhancement, it is expected to contribute
substantially to the variance of the DCE-MRI data set and therefore may be represented
within the first few principal components. The component most correlated with an ex-
pected arterial profile is then selected, and the voxels that project the most strongly onto
it are used to estimate the AIF. PCA is computationally simple and does not require
iterative optimization. Its main limitation is that the components maximize explained
variance rather than physiological arterial specificity. Additional selection criteria are
therefore needed both to choose the correct component and to identify the most repre-
sentative voxels among those that contribute to it. The PCA-based approach constitutes

the methodological foundation of this thesis and is described in detail in Chapter 3.
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2.4.5 Open challenges and motivation of this work

Despite the variety of approaches surveyed above, several unresolved issues remain. The
challenge is not simply to obtain some estimate of the AIF, but to do so in a way that
simultaneously satisfies several requirements that are difficult to satisfy in combination.
Specifically, AIF estimation should be automatic, without manual interaction; robust to
noise, given the inherently limited SNR of arterial voxels; robust to partial-volume effects,
since purely arterial voxels are rarely available at clinical resolution; physiologically plau-
sible, so that the estimated curve can be verified against known arterial characteristics;
and wvalidatable, even in the absence of a clinical ground truth.

Existing methods typically involve trade-offs among these requirements. In particular,
validation on data with known ground truth remains limited, because clinical DCE-MRI
data do not provide direct access to the true arterial input function. The work described
in the remainder of this thesis addresses these gaps by (i) implementing a PCA-based AIF
extraction pipeline augmented with explicit physiological plausibility filters, (ii) validating
the pipeline on synthetic digital reference objects with known ground truth before applying
it to clinical data, and (iii) investigating the specific impact of noise and partial-volume
effects on the quality of the estimated AIF.






3

Materials and methods

This chapter describes the data and the computational methods used in this work. Sec-
tion 3.1 introduces the clinical DCE-MRI dataset, including the acquisition protocol and
the patient population. Section 3.2 presents the PCA-based pipeline for the automatic ex-
traction of the arterial input function. Section 3.3 describes the voxel-wise deconvolution

procedure used to compute the cerebral perfusion maps.

3.1 Clinical dataset

The pipeline described in this chapter was applied to a clinical DCE-MRI dataset acquired
in the context of a study on first-episode psychosis. The dataset is used here solely to
evaluate the behavior of the proposed AlF-extraction method on real brain DCE-MRI
data; no clinical or group-level inference about the underlying condition is drawn in this

work.

3.1.1 Study population

The cohort consists of thirteen subjects, including both healthy controls and patients who
experienced a first psychotic episode. The inclusion criterion was an age greater than 18
years. The exclusion criteria were the presence of intellectual disability or of neurological
disease. The patients were recruited within six months of the onset of the first psychotic
episode. Because the methodological focus of this thesis is the extraction of arterial input
function rather than the characterization of the clinical condition, subjects are treated
jointly as a single set of brain DCE-MRI acquisitions, without distinction between the

two groups.
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3.1.2 Image acquisition

Imaging was performed on a 3T Philips Achieva scanner. The dynamic contrast-enhanced
acquisition used a three-dimensional Ti-weighted spoiled gradient-echo sequence with an
echo time T'E = 1.8 ms and a flip angle of 15°. Each volume was acquired with a matrix
of 112 x 112 over 44 slices, giving a reconstructed voxel size of 2.05 x 2.05 x 2.5 mm?, a
field of view of approximately 230 x 230 mm? and nearly whole-brain coverage of about
110 mm.

The dynamic series comprised 70 consecutive volumes acquired with a temporal res-
olution of approximately 4.9 s per volume, corresponding to a total acquisition time of

about 5.8 minutes (for one subject a shorter series of 23 volumes was available).

3.2 PCA-based AIF extraction pipeline

The core methodological contribution of this thesis is an automatic and data-driven
pipeline for the extraction of the arterial input function from DCE-MRI data, based
on principal component analysis (PCA). The pipeline takes as input a four-dimensional
DCE-MRI volume and a binary brain mask, and returns both an estimated AIF and a
mask of the voxels identified as arterial. Manual placement of regions of interest is not
required, and no assumption is made about the anatomical location of the feeding arteries
within the brain.

The method developed here builds on the PCA-based approach originally proposed
by Sanz-Requena et al. [11], which is described in Section 3.2.1. Based on that reference
framework, the present work introduces a number of modifications aimed at adapting
the method to brain DCE-MRI, at improving its robustness to artifacts, and at making
its output verifiable against known physiological characteristics of arterial curves. These
modifications were developed incrementally and led to two successive versions of the
pipeline, referred to as vl and v2, which are introduced in Section 3.2.2 and are described

in the remainder of this section.

3.2.1 Thereference method

The starting point of this work is the automatic AIF extraction method proposed by
Sanz-Requena et al. [11], who applied PCA to volumetric DCE-MRI data of the prostate
in order to identify, without user interaction, the voxels whose signal exhibits a purely
arterial behavior.

In their approach, the dynamic data set is reorganized as a two-dimensional matrix X

of size (voxels x time), in which each row is the time-course of the signal-intensity of one
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voxel. PCA decomposes this matrix as X = TP + E, where the loadings P are a set of
orthogonal temporal patterns ordered by the fraction of variance they explain, the scores T
describe how strongly each voxel projects onto each pattern, and E is a residual term. The
authors observed that, when PCA is applied to a whole DCE-MRI volume, the largest
sources of variance are typically associated with the arteries, with normally enhancing
tissue, and with highly vascularized regions. The arterial pattern, although it explains a
substantial fraction of the variance, does not occupy a fixed position in the ordering, but
in their experience it always appeared within the first three principal components. To
identify which component corresponds to the arterial dynamics, each loading is correlated
with a reference arterial curve (in their case a population-averaged AIF), after aligning the
two curves in time by matching their peaks; the component yielding the highest correlation
is selected as the arterial one. The purest arterial voxels are then defined as those whose
signal variance is explained for at least 95% by the selected component, and the final
AIF is obtained by averaging the time-courses of these voxels. Some practical choices of
that work are worth noting, because they are revisited in the present implementation: the
analysis is performed on signal-intensity curves converted to contrast-agent concentration
through a dedicated Ti-mapping acquisition, and the two outermost slices of the volume
are discarded, since in three-dimensional spoiled gradient-echo acquisitions they are the
most affected by inflow and edge artifacts.

The method was validated on 65 prostate examinations and was shown to yield indi-
vidual AIFs with lower variability than manual selection and with better discriminative
power than a population-averaged curve, motivating its adoption as the methodological
backbone of this thesis.

3.2.2 Overview of the proposed pipeline

The pipeline developed in this thesis retains the PCA backbone of the reference method
but reorganizes it into two conceptually distinct macro-stages. In the first stage, PCA is
used to identify the principal component that best represents the arterial dynamics and,
through it, an initial set of candidate arterial voxels. In the second stage, this candidate
set is refined by a series of voxel-level physiological criteria, so that the final AIF is
computed only from voxels that are both statistically dominant in the arterial component
and consistent with the expected shape of an arterial curve. This separation reflects one
of the open challenges discussed in Chapter 2: PCA maximizes explained variance rather
than arterial specificity, and therefore benefits from being combined with criteria-based
filtering.

Compared to the reference method, the proposed pipeline introduces several adapta-

tions, motivated both by the different anatomical setting (brain rather than prostate) and
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by the absence of a T}-mapping acquisition in the available dataset:

 the analysis is performed on pseudo-concentration curves AS/Sy rather than on

absolute contrast-agent concentration, since no 7} map is available (Section 3.2.3);

e no slice exclusion is applied, so that the whole brain volume contributes to the

decomposition;

o the population AIF of Parker et al. [7] is used as the reference curve for component

identification;

 the single 95 % variance criterion is replaced by a two-stage percentile selection that

combines the arterial energy fraction with the spatial score (Section 3.2.6);

o an additional vozel-level physiological refinement is applied to the selected voxels,
and the final AIF is estimated only from the voxels that survive this refinement
(Sections 3.2.7 and 3.2.8).

The development of the pipeline proceeded incrementally. Version vl implements
the adapted PCA-based framework and identifies the arterial component using the same
basic criterion as the reference method, namely the highest correlation with the reference
ATF among the first few principal components. During preliminary testing on clinical
data, this criterion proved insufficient in some cases affected by strong artifacts, where a
non-arterial component could obtain a high correlation and be incorrectly selected.

The second version, v2, was therefore developed to make the identification of the
arterial component more robust. It searches over a larger number of components, applies a
set of component-level physiological plausibility constraints, ranks the candidates through
a composite score, and includes an explicit fail-safe mechanism for cases in which no
plausible arterial component is found. The two versions differ only in the identification
of the arterial component (Section 3.2.5); all subsequent steps, including voxel selection,
physiological refinement and final AIF estimation, are identical. Version v2 is the one
used for the clinical analysis presented in Chapter 5. The two versions are compared
both on synthetic data, where they prove equivalent (Chapter 4), and on the clinical
dataset, where the modifications introduced in v2 make a difference on specific patients
(Chapter 5).

The individual steps of the pipeline are described in detail in the following subsections:
signal pre-processing and construction of the PCA model (Sections 3.2.3-3.2.4), identifi-
cation of the arterial component (Section 3.2.5), arterial voxel selection (Section 3.2.6),
physiological refinement of the selected set (Section 3.2.7), and final AIF estimation (Sec-
tion 3.2.8).
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3.2.3 Signal pre-processing

As anticipated in Section 3.2.2, the analysis is not performed on the raw signal but on
a pseudo-concentration time-course. One reason is that the reference method of Sanz-
Requena et al. converts the signal intensity into an absolute contrast-agent concentration
through a dedicated T}-mapping acquisition. In its absence, the relative signal enhance-
ment is used as a surrogate of the concentration, following the semi-quantitative approach
introduced in Chapter 2. Consequently, the raw DCE-MRI signal S(v,t) in voxel v and
time frame ¢ is converted to a pseudo-concentration time-course by normalizing it to the

pre-contrast baseline signal:

C(u,t) = -1 = —== (3.1)

where Sp(v) = NLbl Nt S(v,t) is the mean signal over the Ny = 10 pre-contrast baseline
frames. This normalization removes voxel-to-voxel differences in baseline signal intensity,
which are not related to the contrast dynamics, and produces a dimensionless quantity
that is approximately proportional to the local contrast-agent concentration under the
linear approximation AS/Sy oc C(t). Since the subsequent AIF extraction is based on
positive enhancement patterns, the residual negative values are set to zero. These values
mainly reflect fluctuations around the baseline, noise or preprocessing imperfections. The

implementation of this pre-processing step is reported in Listing A.1 of Appendix A.

The pre-processed time-courses of all the voxels within the mask are then stacked into
a data matrix X € RM >N where N, is the number of brain voxels and NN, is the number
of time frames, so that each row of X is the pseudo-concentration curve of one voxel.
This is the same arrangement adopted in the reference method, with the only difference
that the entries are pseudo-concentration values rather than signal intensities, and that
no slice is excluded from the volume. Before decomposition, the matrix is mean-centered

column-wise:

X, = X—1x', (3.2)

where X € R™M is the mean pseudo-concentration curve averaged over all voxels and 1
is a column vector of ones. Subtracting the mean curve leaves, for each voxel, only
its deviation from the average dynamics. The decomposition therefore operates on the
variance structure of the dataset rather than on the signal level common to all voxels.
This step is important because arterial voxels are expected to differ from tissue voxels

mainly in the temporal shape, amplitude and timing of their enhancement.
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3.2.4 PCA decomposition

The purpose of the PCA decomposition is to re-express the NV, individual voxel curves,
which are highly redundant because many voxels share similar dynamics, in terms of a
small number of representative temporal patterns. Formally, the centered data matrix is

written, as already introduced for the reference method in Section 3.2.1, as
X. = TP' +E, (3.3)

where the columns of P are the loadings, the columns of T are the scores, and E is the
residual left unexplained when only a subset of components is retained. KEach loading
p; € RM is a temporal pattern, that is a characteristic time-course shared by a group
of voxels, while the corresponding score t; € R is a spatial map that quantifies how
strongly, and with which sign, each voxel follows that pattern. A single voxel curve is
thus approximated as a weighted sum of the loadings, the weights being the scores of that
voxel.
In practice, the decomposition is computed through the singular value decomposition
(SVD) of the centered matrix,
X. = USPT, (3.4)

where P holds the loadings as its columns, S is the diagonal matrix of the singular val-
ues o;, and the scores are recovered as T = US. The SVD orders the components by
decreasing singular value, and the fraction of the total variance explained by the i-th
component is a7/ Y. 07.
most coherent sources of temporal variation in the dataset, while the trailing ones account

The leading components therefore describe the dominant and

for progressively smaller and noisier contributions.

This ordering is what makes the arterial signal identifiable. The arrival of the contrast
bolus produces a sharp, high-amplitude enhancement that is temporally coherent across
all the arterial voxels (Figure 3.1), and therefore contributes a large amount of variance
to the dataset; as a result, the arterial dynamics are expected to be represented by one
of the first components.

However, as noted in the reference method, the exact position of the arterial compo-
nent in the ordering is not fixed, because it depends on the relative amount of arterial,
tissue and artefactual variance in each specific acquisition. The number of leading com-
ponents retained as candidates for the subsequent identification step is the first point at
which the two versions of the pipeline differ. Version v1 follows the reference method
and considers only the first three components, whereas version v2 extends the search to
the first Npc = 8 components. The motivation for this extension is that, while Sanz-
Requena et al. reported that the arterial component always appeared within the first

three components in their prostate data, brain acquisitions are more affected by motion
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Figure 3.1: Schematic comparison of a typical arterial signal-time curve (sharp, early
and high-amplitude) and a typical tissue curve (delayed, lower and broader). The strong
and temporally coherent arterial enhancement contributes a large share of the dataset
variance, which is what makes the arterial dynamics identifiable by PCA. The curves are
illustrative and the amplitudes are in arbitrary units.

and inflow artifacts, which can introduce additional high-variance components and push
the arterial one further down the ordering. Retaining eight candidates provides a safety
margin against this effect at no practical cost, since the identification step described next

discards the non-arterial candidates.

3.2.5 Identification of the arterial component

Among the candidate components retained by the PCA decomposition, the one that
best represents the arterial dynamics is identified by comparing each loading p; with a
population reference AIF. As in the reference method, the comparison uses a curve of
known arterial shape as a priori knowledge; here this role is played by the population-
averaged AIF proposed by Parker et al. [7] (Figure 2.1), evaluated on the acquisition time
grid with an assumed bolus arrival time of 10 s. The analytical form used to evaluate
this reference curve is reported in Listing A.2 of Appendix A. Both the candidate loading
and the reference AIF are z-score normalized before the comparison, so that the criterion
measures the similarity of the shape of the two curves and is insensitive to their amplitude.

The comparison must resolve two ambiguities that are intrinsic to PCA. First, the

sign of a principal component is arbitrary, because p; and —p; describe the same axis
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of variance. Therefore, each component is tested at both polarities, and the polarity
matching the positive enhancement of the reference is retained. Second, the bolus arrival
time of the data differs substantially from the nominal timing of the reference curve: the
Parker template has its first-pass peak at about 10 s, whereas in the clinical acquisitions
the contrast agent is injected only after the pre-contrast baseline (the first Ny, = 10
frames, of the order of 50 s), so that the measured arterial enhancement peaks several tens
of seconds later than the template. Therefore, each candidate loading is shifted in time by
the lag k* that aligns its peak with that of the reference. The search for k* is restricted to
a window of £15% of IV; (of the order of £50 s for the present acquisitions), wide enough
to bridge this baseline-induced offset while still excluding non-physical alignments to the
late wash-out. After sign selection and peak alignment, the Pearson correlation coefficient
r; between the shifted loading and the reference is computed and used as the primary
measure of arterial similarity. This framework is shared by both versions of the pipeline.

In version v1, the identification ends at this point: the candidate with the highest
correlation r; is selected as the arterial component, exactly as in the reference method.
This criterion is simple and performs well on good-quality data. However, because it relies
on correlation alone, a non-arterial component can occasionally obtain a high correlation
and therefore be incorrectly selected by v1; an example of this failure on clinical data is
shown in Chapter 5 (Section 5.1.3).

Version v2 was introduced specifically to reduce this risk by augmenting the component-
selection step with a measure of physiological specificity, a set of component-level plau-
sibility constraints, and a fail-safe mechanism. First, a tail penalty is computed on the
sign-corrected and peak-normalized candidate loading. This quantity is designed to pe-
nalize components that remain elevated in the late part of the acquisition, as expected

for tissue-like or artifactual curves, rather than returning towards baseline after the first

1
tail
7 = t>0.7 N¢ ’ (35)

maxXy ﬁz(t)

pass:

where p;(t) denotes the sign-corrected candidate loading after peak normalization, and
Niain is the number of frames in the late window, taken here as the last 30% of the
acquisition. A component with a high and sustained plateau has 7; close to one, whereas
a component that washes out has 7; close to zero. The correlation and the tail penalty

are then combined into a single composite score,
S; = Ty (1—7'1'), (36)

which rewards components that are simultaneously well correlated with the reference

and characterized by a clean wash-out. In v2, this composite score replaces the simple
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correlation as the ranking criterion.
Second, a candidate is admitted as a plausible arterial component only if it simulta-

neously satisfies three physiological constraints:

1. r; > Ruim = 0.6, to discard components that are too weakly correlated with the

reference shape;

2. k* > 0, so that the components that peak before the reference curve are discarded.
This constraint was introduced as a conservative rule to avoid selecting early arti-

factual components whose peak precedes the expected arterial enhancement.

3. the peak of p; must fall within the interval [10%, 70%] of N;, so that components

peaking in the very first or in the last frames of the acquisition are rejected.

Rather than being adopted from a specific published method, these constraints translate
to the component level the physiological principles common to the criteria-based AIF-
selection family reviewed in Section 2.4.3: plausible bolus timing, similarity to a known
arterial shape, and a clean first pass [6]. The threshold values themselves (R, = 0.6,
the sign of the lag, and the [10%, 70%| peak window) were not taken from the literature
but were set conservatively on the present data. Therefore, a candidate component is not
selected solely because it explains the variance or correlates with the reference AIF, but
also because its timing and shape are compatible with an arterial first-pass curve.
Finally, among the components that satisfy all three constraints, the one with the
highest composite score s; is selected as the arterial component. If no candidate is plausi-
ble, v2 does not force a choice: it flags the dataset as a fail-safe case and returns no AIF
estimate. This behavior, which has no counterpart in v1, prevents the pipeline from pro-
ducing a spurious AIF on datasets in which none of the components genuinely corresponds

to arterial dynamics, typically due to severe artifacts.

3.2.6 Arterial voxel selection

Once the arterial component has been identified, the voxels that best represent the arterial
dynamics are localized. This step follows the same idea as the reference method, in which
the purest arterial voxels are those whose signal variance is largely explained by the
selected component, but it replaces the single fixed threshold of that work with a two-
stage percentile selection. The procedure is identical in both versions of the pipeline.
Let p* denote the loading of the selected arterial component and t* its spatial score
map (the corresponding column of T). For each voxel v, the part of its time-course

attributable to the arterial component is the rank-one reconstruction

x.(v) = - (p*)7, (3.7)
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and the arterial energy fraction is the proportion of the total variance of the voxel that

this term explains,
EACI

fev) = =3 (3.8)

 xe(o)]?
where x.(v) is the mean-centered time-course of voxel v. The quantity fi(v) is the same
measure used by the reference method: it equals one for a voxel whose dynamics are
entirely described by the arterial component, and approaches zero for a voxel dominated
by other sources of variance.
Whereas Sanz-Requena et al. retain every voxel whose energy fraction exceeds an ab-
solute value of 95 %, the present pipeline uses a two-stage relative selection that combines

a relative and an absolute criterion:

1. Stage 1 — energy-fraction threshold. Only the voxels with fi(v) > mos5(fx)
are retained, where g5 is the 95th percentile of f; over all brain voxels; this keeps
the top 5% of voxels by arterial energy dominance. This stage identifies voxels
whose dynamics are predominantly arterial, but f; is a purely relative measure: it
is insensitive both to the polarity of the projection and to the absolute strength of

the arterial signal.

2. Stage 2 — spatial-score threshold. The score t; of the selected component
(the corresponding entry of T, introduced in Section 3.2.4) measures how strongly
and with which sign voxel v expresses the arterial temporal pattern p*. Among the
stage-1 voxels, only those with a positive score (¢} > 0) — i.e. voxels that enhance
in phase with the arterial pattern rather than against it — are kept, and among
these only the 10 % with the highest score (¢} > mgo(t*)) are retained.

The choice of percentiles rather than an absolute cut-off is dictated by the semi-quantitative
setting: in brain DCE-MRI without T} mapping, the energy fraction of the candidate vox-
els rarely reaches the 95 % level reported for prostate arteries, so a relative threshold is
needed to adapt to the actual distribution of each dataset. The second stage, acting on
the signed spatial score, therefore selects — among the predominantly-arterial voxels of
stage 1 — those that express the arterial dynamics most strongly and with the correct
polarity, removing voxels that match the arterial shape but with the opposite polarity or
a weak amplitude, and thus further increasing the purity of the retained set.

The voxels surviving both stages form the candidate arterial mask. From this set, the
PCA stage also produces a first estimate of the AIF, computed as the weighted mean
of the candidate time-courses with the energy fractions fi(v) used as weights, so that
the most arterial voxels contribute the most. The complete implementation of this first

stage — PCA decomposition, identification of the arterial component and two-stage voxel
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selection — is reported in Listing A.3 of Appendix A. This weighted estimate is the AIF
used directly when the pipeline is run without the physiological refinement described
below, as is the case in the synthetic validation of Chapter 4. In the clinical pipeline,
instead, the candidate mask is passed to the refinement stage of Section 3.2.7, and the
final AIF is estimated from the refined voxels (Section 3.2.8).

3.2.7 Physiological refinement of the selected voxels

In the clinical pipeline, the candidate arterial mask produced by the PCA stage is passed
to a voxel-level refinement stage based on explicit physiological criteria. The rationale,
anticipated in Section 3.2.2; is that belonging to the arterial principal component guar-
antees temporal similarity to an arterial curve, but does not guarantee by itself that the
individual voxel curve has the characteristic shape of an arterial first pass. This voxel-
level refinement stage is common to both versions of the pipeline and is therefore distinct
from the component-level plausibility constraints introduced in v2.

For each candidate voxel, the baseline-subtracted enhancement AS(v,t) = S(v,t) —

So(v) is computed, and four descriptors of its first-pass shape are extracted:

the peak amplitude and the time-to-peak (TTP), the frame at which the enhancement

is maximal;

o the arrival time, defined as the first frame in which AS exceeds 5% of its peak

value;
o the upslope, the mean rate of increase of the enhancement between arrival and peak;

o the tail ratio, the ratio between the area under the curve after the peak and the
area under the curve before the peak, both evaluated over a first-pass window; a

low value denotes a curve that washes out quickly rather than remaining elevated.

A candidate voxel is retained as arterial only if it satisfies, at the same time, all the
following conditions: a positive peak amplitude; a time-to-peak no later than the median
TTP of the candidates plus three frames, since the bolus reaches all arterial voxels almost
simultaneously; an upslope of at least 0.1 enhancement units per frame, denoting a steep
wash-in; and a tail ratio below 0.25, denoting a clean wash-out. These criteria translate,
at the individual voxel level, the same arterial features used as criteria-based heuristics
in the literature reviewed in Chapter 2.

A fall-back rule completes the procedure: if fewer than three voxels satisfy all the
criteria, the refinement instead retains the five candidates with the highest peak amplitude.

The implementation of the physiological refinement and of the final AIF estimation is
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reported in Listing A.4 of Appendix A. In the clinical data analyzed in this work, this
fall-back rule was triggered for almost all patients: the candidate sets produced by the
PCA stage rarely contained three voxels satisfying all physiological criteria simultaneously.
This behavior is expected rather than anomalous and is a direct consequence of the partial-
volume problem discussed in Chapters 2 and 4: at clinical spatial resolution, the brain
contains few purely arterial voxels. The refinement therefore reduces, in practice, to
selecting the few voxels with the strongest enhancement among the PCA candidates. The
consequences of this observation on the quality of the estimated AIF are discussed together

with the clinical results in Chapter 5.

3.2.8 Final AIF estimation

The first AIF representation is computed as the simple average of the baseline-subtracted
enhancement curves of the voxels retained by the physiological refinement. This curve is
referred to as the raw AIF estimate:

(1) = ﬁZAsw, (3.9)

veY

~

where V is the set of refined arterial voxels. Averaging over a small set of strongly en-
hancing voxels suppresses the voxel-wise noise while preserving the shape of the arterial
curve.

Two additional representations of the AIF are derived from this raw estimate. The
first is a lightly smoothed curve, obtained with a three-point moving average, which
removes the residual high-frequency noise without altering the position or the width of

the first-pass peak. The second is a gamma-variate model fitted to the first pass,

g(t) = At —to)® exp (—t _ﬁt0> Lt >, (3.10)

where A is an amplitude factor, ¢y the bolus arrival time, and o and 3 are shape parameters
governing the rise and the decay of the curve; g(¢) = 0 for ¢ < t5. These four parameters
are estimated by non-linear least squares on the first-pass portion of the raw AIF, and the
smoothed curve is used as a fall-back when the fit does not converge. The gamma-variate
provides a noise-free, analytically smooth description of the first pass, but by construction
it decays to zero and therefore does not reproduce the recirculation and the slow wash-out
present in the measured curve.

For the computation of the perfusion maps described in Section 3.3, the smoothed AIF
is adopted, as it offers the best compromise between noise reduction and fidelity to the
measured dynamics: unlike the raw curve, it is not affected by single-frame noise spikes,
and unlike the gamma-variate, it retains the recirculation tail, whose omission would oth-

erwise introduce a systematic mismatch with the tissue curves during the deconvolution.
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3.2.9 Summary of the two pipeline versions

As discussed throughout this section, the two versions of the pipeline share the entire
processing chain and differ only in the way the arterial principal component is identified
(Section 3.2.5). The purpose of v2 is therefore not to modify the downstream AIF esti-
mation strategy, but to make the upstream identification of the arterial component more
conservative and less dependent on correlation alone. Table 3.1 collects these differences
in a single view. All the remaining steps, namely the signal pre-processing, the PCA
decomposition, the two-stage voxel selection, the physiological refinement and the final

ATF estimation, are identical in the two versions.

Table 3.1: Differences between the two versions of the AIF extraction pipeline. All steps
not listed here are identical.

Aspect vl v2

Candidate components first 3 first 8

Ranking criterion correlation r; composite score r;(1 — 7;)
Component-level constraints none r; > 0.6, k* > 0, peak in [10%, 7T0%]
Fail-safe absent present

Thus, the comparison between v1 and v2 isolates the effect of the arterial-component
identification strategy, while keeping the subsequent voxel selection and AIF estimation

unchanged.

3.3 Computation of cerebral perfusion maps

Cerebral perfusion maps are computed from the estimated AIF and the voxel-wise tissue
pseudo-concentration time-courses using the indicator-dilution framework of Meier and
Zierler [13], as described in Section 2.3. The specific implementation follows the SVD-
based deconvolution approach of Ostergaard et al. [14], with Tikhonov regularization of
Calamante et al. [16] and a first-pass integration window for the CBV estimate. The im-

plementation of the perfusion-map computation is reported in Listing A.5 of Appendix A.

3.3.1 AIF pre-processing

The AIF produced by the extraction pipeline is expressed in units of raw signal enhance-
ment AS = S(t) — Sy, because the physiological refinement of Section 3.2.7 operates
on baseline-subtracted curves rather than on the normalized pseudo-concentration used

inside the PCA stage. In contrast, tissue curves are expressed as pseudo-concentration
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AS/Sy (Section 3.2.3). To bring the arterial input and the tissue curves onto the same
scale, which is a prerequisite for an internally consistent deconvolution, the AIF is divided

by the mean pre-contrast baseline signal of the arterial mask voxels:

norm Araw(t)
CAIF () = —§;F ) (311)
,art

where Sp ..t is the mean of Sy(v) over the voxels of the arterial mask. After this step, the
ATF is expressed in the same AS/Sy units as the tissue pseudo-concentration curves.

Because partial-volume contamination causes the pipeline to underestimate the AIF
peak [6] (even the most arterial voxels contain some tissue contribution, as confirmed by
the synthetic validation of Chapter 4), the normalized AIF is additionally rescaled so that
its peak equals a target value:

Ctarget
Amnorm eak
Crip(t) = R () x > rorm oy (3.12)
max; C AR (1)

with C’;i;iet 5.0 in AS/Sy units. Correcting the AIF for partial-volume-induced am-
plitude distortion is an established step in quantitative perfusion MRI [17]: the most
common variants rescale the measured AIF against a partial-volume-free reference, typi-
cally a venous output function from the sagittal sinus matched in area under the curve,
or a reference arterial curve [18, 19]. However, in the present semi-quantitative setting,
neither an absolute concentration calibration (no 7} mapping) nor a venous reference is
available, so the AIF amplitude is pragmatically fixed to a single empirical target peak,
chosen to bring the extracted amplitude into the range expected for strong arterial en-
hancement. This is a simplified, target-based form of the peak-scaling approach [19], and
only partially compensates for the systematic amplitude underestimation; its consequence

for the absolute scale of the perfusion maps is addressed in Section 3.3.4.

3.3.2 SVD deconvolution with Tikhonov regularization

Under the linear indicator-dilution model, the tissue pseudo-concentration in voxel v is

related to the AIF through a convolution:

where I(v,t) = F(v) R(v,t) is the flow-scaled residue function, F'(v) is the blood flow
and R(v,t) is the dimensionless impulse residue function. The tissue density and the
haematocrit correction are applied later, at the unit-conversion step (Section 3.3.4). In

discretized form, this becomes a matrix equation:

c(v) = Hi(v), (3.14)
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where i(v) is the discretized flow-scaled residue function and H is the lower triangular
Toeplitz convolution matrix:
Cpli—j+1)- At ifi > g,

H;j = (3.15)
0 otherwise.

Recovering the flow-scaled residue function by directly inverting H is an ill-posed
problem: the convolution matrix is severely ill-conditioned, so the noise present in the
measured tissue curve c¢;(v) would be strongly amplified by a naive inversion, produc-
ing oscillatory and non-physical residue functions. For this reason, H is inverted using
a Tikhonov-regularized SVD pseudo-inverse: the SVD deconvolution framework was in-
troduced for perfusion by Ostergaard et al. [14], and the Tikhonov-regularized variant
adopted here follows Calamante et al. [16]. Decomposing H = Uy Sy V};, the regularized

pseudo-inverse is:

. Sj
H — VHdlag(Sz_:)\z) LU (3.16)
J

where s; are the singular values of H and A = \ej Smax is the regularization threshold,
with A, = 0.05. This corresponds to a light regularization (5% of the largest singular
value), empirically set as a fixed value that suppressed the noise-driven oscillations of the
estimated residue functions while preserving the first-pass shape, rather than selected by
a data-adaptive criterion such as the L-curve or generalized cross-validation [16]. A more
principled, voxel-wise choice of the regularization strength is left to future work. This
form of Tikhonov regularization damps the contribution of small singular values, which
would otherwise amplify noise in the deconvolution. The pseudo-inverse H* is computed

once and applied in parallel to all brain voxels.

3.3.3 Derivation of CBF, CBV, and MTT

The discretized flow-scaled residue function at each voxel is obtained as:

i(v) = Hte,(v). (3.17)

A non-negativity constraint is applied by setting any negative values to zero: %(U, t)
max(i(v, ), 0).
The three perfusion parameters are then extracted according to the Meier-Zierler

indicator-dilution relations [13, 14]:

« Cerebral blood flow (CBF) is proportional to the peak of the flow-scaled residue

function:

F(v) = max i(v,t). (3.18)
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« Cerebral blood volume (CBV) is proportional to the integral of the flow-scaled
residue function over an early first-pass interval, here defined from the beginning of
the curve to Ty, = 30 s after the residue-function peak:

V(v) = i(o,7)dr = At Y i(v,t), (3.19)

/tpeak(v) + Tfp R tpcak (’U) + pr R
0 t=1

where Ny, = |Tip/At] and tpear(v) is the frame index of the peak of i(v,t). The
first-pass window suppresses the contribution of the regularization tail, which would
otherwise inflate the CBV estimate.

e Mean transit time (MTT) follows from the central volume theorem:

MTT(v) = o< (3.20)

3.3.4 Conversion to physiological units

The quantities F'(v) and V(v) derived from the deconvolution are converted to conven-
tional perfusion-map units for visualization and comparison. However, because both the
tissue curves and the AIF are pseudo-concentration curves, this conversion should be in-
terpreted as a scaling convention rather than as a fully quantitative calibration. Following
the convention adopted in perfusion MRI [15], a scaling factor was included to account

for brain tissue density and the plasma fraction of blood:
1- Hct

ko= : 3.21
Phrain ( )

where H. = 0.45 is the large-vessel haematocrit and pyp.m = 1.04 gmL™! is the brain

tissue density. The resulting maps are reported in conventional CBF and CBV units:

CBF = £ % 60 x 100 [mL/(100g - min)], (3.22)
K
v
CBV = - x 100 [mL/100g], (3.23)
CBV
MIT = e 5]. (3.24)

Voxels with non-physical values (negative or non-finite CBF, CBV, or MTT) are excluded
and set to NaN in the output maps. Although these expressions report the maps in con-
ventional perfusion units, the resulting values should be interpreted as semi-quantitative.
Because no 77 mapping is available, the linear approximation AS/Sy o< C(t) replaces the
true contrast-agent concentration both in the AIF and in the tissue curves. Moreover, the

empirical peak rescaling of Equation (3.12) fixes the AIF amplitude only up to a target
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value chosen a priori. As a consequence, the absolute scale of CBF, CBV and MTT may
be systematically biased, and the maps should be interpreted as relative, intra-subject
indices rather than as absolute physiological measurements. This limitation is reflected in

the clinical perfusion maps of Chapter 5 and its implications are discussed in Chapter 6.






4

Synthetic validation

This chapter reports on the validation of the PCA-based AIF extraction pipeline on
synthetic data. The purpose of this validation is not to reproduce the full complexity
of clinical DCE-MRI acquisitions, but to evaluate the behavior of the pipeline under
controlled conditions in which the true arterial input and the true arterial voxel locations
are known. Section 4.1 describes the digital reference object (DRO) used as a controlled
test environment, together with its ground-truth arterial input function. Section 4.2
defines the performance metrics adopted to quantify the fidelity of the AIF shape and
the accuracy of the selection of voxels. Section 4.3 presents the noise robustness study,
in which Rician noise of increasing intensity is added to the clean DRO to assess how the
pipeline behaves under degraded signal quality. Section 4.4 presents the partial-volume
(PV) study. In this experiment, arterial voxel curves are progressively mixed with a
representative tissue curve by assigning a different arterial fraction to each voxel. This
allows the simulation to reproduce the heterogeneous artery—tissue signal mixing that
is expected in clinical acquisitions. Section 4.5 discusses the results of both studies and

draws the main conclusions about the strengths and limitations of the proposed approach.

4.1 The QIBA digital reference object

A digital reference object (DRO) is a synthetic dataset for which the ground truth is known
exactly by construction. In the context of DCE-MRI, a DRO provides ideal conditions for
the validation of the method: noise can be controlled, the arterial input function is known,
and the spatial location of every tissue type is explicit. In this work, we used the open-
source DCE-MRI DRO developed by Gill et al. [20], which implements a configurable
DCE-MRI simulator in MATLAB and is distributed together with the arterial input
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function defined by the Quantitative Imaging Biomarkers Alliance (QIBA).

4.1.1 Phantom structure

The phantom consists of a three-dimensional volume divided into three tissue compart-
ments and a dedicated arterial band. The tissue compartments differ in their pharmacoki-
netic properties, defined by the plasma volume fraction vy, the extravascular extracellular
volume fraction ., and the volume transfer constant K% The arterial band occupies
the outer rows of the image and represents a region of pure intravascular contrast: its
signal time-course corresponds to the uncontaminated arterial input function. Therefore,
it provides the ground-truth arterial signal used to validate the AIF extracted by the
pipeline.

Figure 4.1 summarizes the two elements of the DRO that are used as ground truth in

this validation: the spatial arterial mask and the corresponding QIBA AIF.

Phantom structure
(red: arterial band; blue: tissue)
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Figure 4.1: Ground-truth information provided by the QIBA DRO. (a) Spatial layout of
the phantom on a representative slice. The tissue compartments are shown in blue, while
the red strip corresponds to the arterial band used as the ground-truth arterial mask.

(b) Time course of the QIBA ground-truth AIF, characterized by a sharp first-pass peak
followed by a recirculation shoulder and a slow washout.

After conversion from the original DICOM series to the NIfTI format used by the
pipeline, the phantom has spatial dimensions 40 x 93 x 6 voxels with an in-plane resolution
of 1 x 1 mm? and a slice thickness of 10 mm. The time series comprises N, = 650 frames

acquired at a temporal resolution of At = 0.5 s, for a total acquisition time of 325 s. The
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arterial band spans the last three rows of the image (y = 91...93), giving a ground-truth
arterial mask of exactly 40 x 3 x 6 = 720 voxels.

4.1.2 Ground-truth arterial input function

The reference AIF used in the simulator is the QIBA AIF, distributed as a tabulated curve
with 0.5 s temporal resolution. It is characterized by a sharp first-pass peak followed by a
lower and broader recirculation peak and a slow washout, a morphology broadly consistent
with the population AIF proposed by Parker et al. [7], although the timing is adapted
to the simulator timeline. In this work, the QIBA AIF is used as ground-truth against
which the shape of the PCA-estimated AIF is compared.

4.2 Performance metrics

Two complementary aspects of performance are evaluated for each experiment: (i) the
accuracy of the extracted AIF shape, and (ii) the spatial accuracy of the arterial voxel

selection.

4.2.1 AIF shape fidelity

The estimated AIF and the QIBA reference AIF are both transformed to z-scores prior
to comparison, so that the metric captures shape rather than amplitude. The primary

reference is the Pearson correlation coefficient computed after temporal peak alignment:

Taligned = COI‘I‘(@XCI_k*), CGT) ) (41)

where éXCI_Fk*) denotes the estimated AIF shifted by k* frames so that its peak aligns
with the peak of the ground-truth curve cgr. Peak alignment is necessary because the
absolute timing of the bolus arrival differs between the QIBA AIF (constructed on the
simulator timeline) and the Parker reference AIF used internally by the pipeline to rank
the principal components. Because peak alignment removes the temporal delay between
the two curves, rajignea should be interpreted as a measure of shape similarity rather than
as a complete measure of AIF accuracy. For this reason, the temporal lag required for

alignment is reported separately.

4.2.2 Voxel-selection accuracy

The binary mask composed of arterial voxels returned by the pipeline is compared with
the ground-truth arterial mask using the standard confusion-matrix quantities: true pos-

itives (TP), false positives (FP), and false negatives (FN). From these, the following
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metrics are derived:

- TP TP
Precision = m, Recall = m, (42)

2TP
Dice — . 4
T STPFFP + FN (4.3)

Precision measures the purity of selection, i.e. the fraction of selected voxels that are
genuinely arterial, while recall measures completeness, i.e. the fraction of the true arterial
region that is recovered. The Dice coefficient provides a single summary measure that

combines both precision and recall.

4.3 Noise robustness study

4.3.1 Experimental setup

Additive zero-mean Rician noise was added independently to each voxel and each time
frame of the clean DRO to produce three noisy datasets of increasing intensity. The noise
standard deviation o was set according to the signal-to-noise ratio (SNR) defined with

respect to the mean baseline signal of the phantom:

gbaseline
= 4.4

where Spaseline is the mean signal intensity over the first ten frames (pre-bolus) averaged
across all phantom voxels. This convention provides an interpretable noise level refer-
enced to the pre-contrast signal and independent of the contrast-enhancement magnitude.
Three SNR levels were tested: SNR € {50, 20, 10}, corresponding, respectively, to mild,
moderate, and severe noise. The original noise-free dataset (SNR — 00) served as base-
line.

Both pipeline variants considered in this validation, denoted as v1 and v2, were eval-
uated using the same synthetic datasets. Their algorithmic differences are described in
detail in Chapter 3.

For each noise level, the entire PCA pipeline was executed with the parameters frozen
at the values used for the clinical dataset (Chapter 3): Npc = 8, Ruin = 0.6, spatial-score
percentile = 90, energy-fraction percentile = 95. Because the DRO has shorter acquisition
than the clinical scans, the peak-location acceptance window for component selection was
extended to [2%, 95%)] of the total number of frames to avoid spurious rejections due to

the different bolus timing.
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4.3.2 Results

Table 4.1 summarizes the performance of the pipeline in the four noise levels.

Table 4.1: Noise robustness study results. The ground-truth arterial mask contains 720
voxels. SNR is defined relative to the mean pre-bolus signal (Eq. 4.4).

Level SNR 7w 7Talignea Lag (s) TP FP FN Precision Recall Dice

0 oo 0.746 0.977 2.5 720 0 0 1.000 1.000 1.000
1 50  0.746 0.977 2.5 72 0 648 1.000 0.100 0.182
2 20 0.746 0977 2.5 72 0 648 1.000 0.100 0.182
3 10 0.746 0.977 2.5 72 0 648 1.000 0.100 0.182

The most striking observation from Table 4.1 is the near-perfect stability of 7aligned
across all noise levels: the correlation between the extracted AIF and the QIBA reference
AIF remains 0.977 even at SNR = 10, where the noise standard deviation equals one
tenth of the mean pre-bolus signal used for normalization. This indicates that, in this
controlled DRO setting, the shape of the estimated AIF is highly robust to the tested
levels of additive Rician noise.

In contrast, the voxel classification metrics change markedly after the introduction of
noise. With SNR = oo the method selects all 720 ground-truth arterial voxels with no
false positives, obtaining Dice = 1. From SNR = 50 onward, only 72 out of 720 arterial
voxels are retained (Dice = 0.18, Recall = 0.10), and no further change occurs as the
noise increases to SNR = 10. Essentially, precision remains 1 at all noise levels: every
selected voxel is genuinely arterial.

Figure 4.2 shows the two key metrics as a function of the noise level. The left panel
confirms the negligible variation in AIF correlation; the right panel illustrates the sharp

drop in Dice that occurs between the noise-free and the mildest noisy condition.

4.4 Partial volume effect study

4.4.1 Partial volume mixing model

In real DCE-MRI acquisitions, the voxels at the boundary of a blood vessel contain a
mixture of arterial blood and surrounding tissue. The measured signal is a weighted

average of the two contributions, governed by the arterial volume fraction f, € [0, 1]:

Spe (v, £) = fa(v) Sart (v, £) + (1 = £a(v)) Stisene(t), (4.5)

where S, (v, t) is the pure arterial signal in voxel v and time ¢, and Sissue(t) is a tissue

reference time-course. This linear mixing model is a simplified approximation of the
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Figure 4.2: Noise robustness study. Left: aligned correlation r,jignea between the extracted
ATF and the QIBA reference as a function of noise level. Right: Dice coefficient of the
arterial voxel mask relative to the ground truth. For both metrics, the results of the two
pipeline variants (v1, blue circles; v2, red squares) overlap exactly at all noise levels.

partial volume effect at the signal-intensity level. It does not explicitly model within-voxel
magnetization physics, but provides a controlled way to attenuate the arterial contribution
while preserving a known ground-truth arterial region. The tissue reference curve Siissue (%)
was taken as the mean raw signal across all non-arterial phantom voxels, computed from
the noise-free DRO and applied consistently in units of raw signal intensity.

A key feature of clinical partial volume contamination is that it is heterogeneous:
within the same image, voxels close to a vessel carry different proportions of arterial and
tissue signal depending on their position relative to the vessel lumen. To reproduce this,
and unlike a single spatially uniform contamination level, each arterial voxel was assigned
an independent arterial fraction f,(v) drawn at random, so that within an image the
arterial band spans a continuous range of contamination from heavily mixed to nearly
pure. The mixing was applied only within the arterial band: no arterial or partially
arterial signal was introduced into the tissue voxels, so that the spatial location of the
ground-truth arterial region was preserved exactly. The relevant question then becomes
not whether the pipeline recovers the entire arterial band — which would be undesirable,
since the heavily contaminated voxels should not be labeled as arterial — but whether it
selects the least contaminated voxels (highest f,) and rejects the most contaminated ones.

Two contamination regimes were constructed, both with f, € [0.2,1.0], but differing

in the shape of the per-voxel distribution:

« High-heterogeneity regime: f, drawn from a uniform distribution, f,(v) ~
U(0.2, 1.0). Arterial voxels are spread evenly across the entire contamination range,

with as many heavily mixed voxels as nearly pure ones (a stress test of the selection).

« Low-heterogeneity regime: f, skewed toward purity, f,(v) = fomax — (fa.max —
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famin) u? with u ~ U(0,1) and p = 2.5. Most arterial voxels are nearly pure, with
only a minority strongly contaminated: a coherent cluster of near-arterial voxels

accompanied by a tail of mixed ones.

The two regimes are not claimed to bracket the true clinical contamination, which is
unknown; they probe the two qualitatively different situations the selection can face — a
population dominated by a coherent pure cluster, and one in which contamination is so

dispersed that no such cluster stands out.

4.4.2 Experimental setup

For each regime, a single mixed-PV dataset was generated (fixed random seed for repro-
ducibility) and processed with the same frozen PCA pipeline parameters used in the noise
robustness study, so that any performance change could be attributed to the imposed con-
tamination.

Because the goal is no longer to reproduce the entire arterial band, the evaluation is
based on quantities that capture the purity of the selection rather than its completeness:
the number of selected voxels Ng; how many of them are truly arterial (TP) or tissue
(FP); the mean arterial fraction f! of the selected arterial voxels; and the aligned AIF
correlation rajigned.- The Dice and recall metrics used in the noise study are not reported
for the partial-volume experiment. In this setting, recovering voxels with a low arterial
fraction would increase Dice and recall, but would not represent a desirable outcome for
the AIF estimation, since such voxels are strongly contaminated by tissue signal.

Finally, to characterize the realistic clinical condition in which noise and partial volume
act together, noise was added on top of each PV dataset using the same noise model and
levels as the noise robustness study (Eq. 4.4; SNR € {50, 20, 10}, plus the noise-free case
SNR — o00), for both regimes. This combined experiment is the synthetic counterpart of

the conditions met in the clinical data of Chapter 5.

4.4.3 Results

Table 4.2 reports the combined noise-and-PV results for both regimes; the noise-free rows

(SNR = o) correspond to the pure partial-volume case.

Partial volume alone (SNR = o0). In the low-heterogeneity regime, the pipeline
behaves exactly as intended. Of 720 arterial voxels spanning f, € [0.2,1.0], 52 are selected,
all of them are arterial (FP = 0) and all essentially pure: the selected voxels have a
mean arterial fraction of 0.999 (minimum 0.998). Figure 4.3(a) shows that the selected

voxels fall entirely into the purest bin of the arterial-fraction distribution. Therefore, the
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Table 4.2: Combined partial-volume and noise study; results are identical for the two
pipeline variants vl and v2. The ground-truth arterial band contains 720 voxels, and
the noise-free rows (SNR = 00) correspond to the pure partial-volume case. PC: index
of the selected principal component; Ng,: number of selected voxels; TP/FP: selected
voxels that are arterial / tissue; f5°': mean arterial fraction of the selected arterial voxels
(undefined when TP = 0); 7aignea: peak-aligned correlation between the extracted AIF
and the QIBA reference.

Regime SNR PC Nyg TP FP  f5  riigned
High heterogeneity oo 2 100 0 100 — 0.865
50 2 17 0 17 — 0.869
20 2 14 0 14 — 0.935
10 2 10 0 10 — 0.934
Low heterogeneity oo 1 52 52 0 0999 0971
50 1 50 50 0 0.998 0.971
20 1 58 58 0  0.993 0.971
10 1 68 68 0 0991 0.971

algorithm isolates the least contaminated voxels and discards the rest, and the resulting
AIF correlates well with the QIBA reference (rajignea = 0.971).

In the high-heterogeneity regime, the outcome is the opposite: none of the arterial
voxels is selected (TP = 0) and the 100 selected voxels are all tissue (FP = 100; Fig-
ure 4.3(b)). This failure is not caused by a lack of pure voxels — 98 arterial voxels still
have f, > 0.9 — but by the way the relative energy-fraction metric behaves when the

arterial population is dispersed, as analyzed in Section 4.5.2.

Combined noise and partial volume. Noise addition does not change the qualitative
picture (Table 4.2, Figure 4.4). In the low-heterogeneity regime, the selection remains
fully arterial (FP = 0) for every SNR, with selected voxels remaining nearly pure (f
from 0.999 at SNR = oo to 0.991 at SNR = 10) and the AIF correlation unchanged at
Taligned = 0.971. The method is thus robust to the simultaneous presence of noise and

partial volume, provided that a coherent cluster of near-pure voxels exists.

In the high-heterogeneity regime, the selection remains entirely wrong (TP = 0) at
every SNR: noise does not rescue a case that already fails without it. A counter-intuitive
observation is that the AIF correlation is nonetheless moderate and even increases with
noise (Taligned from 0.865 at SNR = oo to 0.93 at SNR = 10), despite the selection being
composed of 100% false positives. This point is discussed in Section 4.5.2, as it carries a

methodological warning about validating AIF extraction by shape correlation alone.
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Figure 4.3: Distribution of the arterial fraction f, over all arterial voxels (gray) and over
the voxels selected by the pipeline (red), for the two contamination regimes (pure partial
volume, SNR = o0). (a) Low heterogeneity: the selection falls entirely in the purest bin
(fo = 1). (b) High heterogeneity: no arterial voxel is selected — the 100 selected voxels
are all tissue.
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Figure 4.4: Combined noise and partial-volume study, for both contamination regimes
(red: high heterogeneity; blue: low heterogeneity) as a function of SNR (co = pure partial
volume). Left: aligned AIF correlation with the QIBA reference. Right: number of false
positives (solid markers, left axis) and mean arterial fraction of the selected voxels (open
markers, right axis). In the low-heterogeneity regime the selection stays purely arterial
at all SNR; in the high-heterogeneity regime it is entirely tissue, yet the AIF correlation
remains misleadingly high.



46 CHAPTER 4. SYNTHETIC VALIDATION

4.5 Discussion

4.5.1 Noise robustness

The noise study demonstrates that the shape of the AIF estimated by PCA is remarkably
stable under Rician noise perturbations. The aligned correlation r,jigneq remains essentially
unchanged in all SNR levels tested, a result that can be understood from the structure
of the PCA decomposition. The arterial band contributes 720 voxels to the data matrix,
all of which share the same underlying arterial time-course. In this idealized setting,
the principal component that captures this common variance behaves similarly to an
average over many realizations of the arterial signal. Under the simplifying assumption
of independent zero-mean noise, the noise contribution would be expected to decrease
approximately as 1/v/Nu.. With N, = 720, this averaging effect helps explain why even
the SNR = 10 dataset shows negligible degradation in AIF shape correlation.

The reduction in Dice from 1.00 to 0.18 that occurs between the noise-free and the
first noisy condition (SNR = 50) has a different explanation. In the noise-free DRO,
all 720 arterial voxels have nearly identical energy-fraction values because they share
the same arterial time-course. As a result, the percentile threshold is not selective and
the entire arterial band is retained. Once noise is added, the energy-fraction distribu-
tion becomes heterogeneous: small voxel-wise differences are introduced in the estimated
energy-fraction values, causing only the upper tail of the arterial distribution to survive
the 95th-percentile threshold. The result is a conservative selection of the 72 most unam-
biguously arterial voxels, all genuine (precision = 1). The invariance of both the selected
voxel count and the AIF correlation across noise levels 1-3 indicates that the thresholding
behavior stabilizes after the transition from the noise-free to the noisy case: within the

tested range, additional Rician noise does not further alter which voxels are selected.

4.5.2 Partial volume effect

The partial-volume study indicates that the outcome of the voxel selection is determined
by the structure of the contamination: the pipeline correctly retains the least contami-
nated voxels when a coherent cluster of near-pure voxels is present and fails to identify
any arterial voxel when the contamination is heterogeneously distributed. Retaining only
the least contaminated voxels and discarding the heavily mixed ones is in fact the desired
behavior, since highly contaminated voxels should not be labeled arterial. What the two
regimes reveal is the condition under which this behavior holds. That condition, and the
difference between the two regimes, is explained by the relative energy-fraction quantity
fr(v) used by the double-threshold voxel selection.
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The quantity fx(v) is the fraction of a voxel’s centered temporal variance that is cap-
tured by the selected principal component; it is therefore a relative measure, normalized
to each voxel’s own energy, and is maximized when a voxel’s time-course is well aligned
with that single component.

In the low-heterogeneity regime most arterial voxels are nearly pure and thus share
essentially the same arterial waveform. They collapse into a single dominant principal
component, in which each of them has a high f. They consequently dominate the energy-
fraction ranking and are the ones selected, while the minority of contaminated voxels,
whose mixed waveforms are mutually dissimilar, scatter across components and fall be-
low the threshold. This is why the selection rate is non-zero only for f, € [0.9,1.0]
(Figure 4.3(a)): the method isolates the coherent cluster of pure voxels.

In the high-heterogeneity regime no such cluster exists. Because f, is distributed
throughout the range, in fact every arterial voxel is a different mixture, and the common
arterial dynamics is split into several components — the first two principal components
carry 80.3% and 13.4% of the variance, respectively. The component eventually selected
(the second, r = 0.857 with the Parker reference) accounts for only about 9.5% of each
arterial voxel’s own energy, so the arterial voxels all have a low and nearly identical
fr = 0.095. Meanwhile the untouched tissue voxels carry far less temporal energy (their
median centered energy is roughly two orders of magnitude smaller than that of the
arterial voxels): a low-energy voxel whose small fluctuation happens to align with the
selected component reaches fj values up to 0.94. Since f; is relative, these degenerate
tissue voxels — not the arterial ones — occupy the top of the ranking and are selected.

This also explains why the algorithm still returns 100 voxels instead of declaring failure.
The double-threshold selection is purely percentile-based (top 5% of fi, then top 10% of
the spatial score): it has no absolute cutoff and therefore always returns a non-empty
set, regardless of whether any selected voxel is genuinely arterial. The pipeline’s only
fail-safe acts earlier, at the component-identification stage — if none of the candidate
components satisfies the plausibility constraints, the method returns no AIF — but here
a plausible arterial-like component does exist, so the fail-safe is not triggered and the
relative threshold proceeds to select the highest f; voxels, which in this regime are tissue.
The absence of an absolute criterion that can reject an implausible vozxel selection is thus
a limitation of the current approach.

A particularly instructive observation concerns the AIF correlation in the high-heterogeneity
regime. Although the selection is entirely made up of tissue voxels (TP = 0), the extracted
ATF still correlates moderately with the QIBA reference, and the correlation even increases
with noise (from 0.865 to 0.93). The reason is that the AIF is a weighted average over
the selected voxels, which reproduces the shape of the selected component irrespective

of which voxels carry it. Adding noise makes the relative threshold even more selective,
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retaining the few voxels most tightly aligned with that component and pushing the av-
eraged waveform closer to the arterial shape. This residual — and partly spurious —
correlation must not be read as evidence of correct arterial identification. The lesson is
methodological: a good AIF shape correlation does not guarantee a correct voxel selection,
and an automated AIF method cannot be validated by waveform similarity alone; spatial

selection metrics and physiological plausibility checks are indispensable.

4.5.3 Implications for clinical application

The synthetic validation defines a clear performance envelope for the proposed pipeline.
The noise robustness study demonstrates that, within the tested SNR range, additive
Rician noise has a negligible impact on AIF shape accuracy, confirming that PCA-based
averaging is an effective denoising strategy. The partial-volume study, in turn, shows that
contamination is not in itself a source of error: the pipeline correctly selects the least
contaminated voxels and discards the rest. What it requires in order to succeed is the
coexistence, in the image, of a coherent cluster of near-pure voxels; when such a cluster
is present the pipeline isolates it even under noise (low-heterogeneity regime, and the
combined experiment of Table 4.2), whereas when contamination is so dispersed that no
cluster stands out, the relative energy-fraction metric is captured by spurious low-energy
voxels (high-heterogeneity regime). The decisive factor is therefore not the average level
of partial volume, but the heterogeneity of the contamination and the existence of a pure
sub-population.

Finally, the two pipeline variants v1 and v2 produced identical voxel selections and AIF
correlations under every synthetic condition tested, all noise levels, both contamination
regimes, and their combination. The synthetic validation therefore cannot discriminate
between the two variants: the behavior reported in this chapter is a property of the shared
PCA-based selection strategy, rather than of a specific implementation. The plausibility
filters and fail-safe introduced in v2 remain inactive here, because the selected component
in the DRO is already plausible; their effect emerges only on clinical data, where the two
variants are compared directly in Chapter 5.

In the conditions tested, the pipeline reliably retains only voxels with f, = 0.9 and
rejects everything below, which is an appropriate operating point: a voxel that is 90%
arterial is a reasonable practical definition of a usable arterial voxel. The open question
for real data is whether voxels of such purity exist at all at clinical resolution.

This is precisely where the synthetic envelope meets the clinical reality. In clinical
DCE-MRI data, purely arterial voxels are expected to be rare, especially at typical clinical
spatial resolutions: even when a major artery is visible, its apparent signal is affected

by vessel diameter, voxel size, slice thickness, vessel orientation and motion, leading to
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variable degrees of partial-volume contamination. Whether a coherent cluster of near-pure
voxels survives these effects — the condition that the present study identifies as necessary
for success — is examined directly on the patient data in Chapter 5.

It should be noted that the DRO remains an idealized scenario in several respects.
The arterial band has a regular rectangular geometry, and the tissue partner curve is a
single averaged time-course rather than the spatially varying parenchymal dynamics of
real brain imaging. The heterogeneity of the contamination, although now reproduced
within a single image, is modeled by an independent random arterial fraction per voxel
rather than by realistic vascular geometry.

A further limitation concerns the evaluation metric itself. Because the AIF curves
were compared after z-score normalization and, for r,jgned, after peak alignment, the
correlation metric primarily assesses waveform similarity. It does not quantify absolute
amplitude errors and only indirectly reflects temporal delay, which is reported separately
through the alignment lag. As the partial-volume study made explicit, this shape-only
correlation can remain high even when the underlying voxel selection is entirely wrong.
Future work should therefore complement correlation-based metrics with amplitude- and
timing-sensitive measures, such as peak-amplitude error, time-to-peak error, area-under-

the-curve error or normalized root mean square error.
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Clinical results

This chapter presents the application of the PCA-based pipeline to the clinical DCE-MRI
dataset described in Chapter 3. It is organized into two parts. Section 5.1 compares
the two versions of the pipeline, vl and v2, directly on the clinical data: the synthetic
validation of Chapter 4 showed that the two versions are equivalent in the absence of
artifacts, and the purpose here is to examine where and why they differ in real subjects,
thereby assessing whether the additional mechanisms introduced in v2 are useful in the
clinical setting for which they were designed. Section 5.2 then presents the clinical re-
sults obtained with version v2, which is the configuration adopted for the analysis: the
extracted arterial input functions, the spatial selection of the arterial voxels, and the

cerebral perfusion maps. The limitations of the approach are discussed in Chapter 6.

5.1 Comparison of the two pipeline versions

5.1.1 Component selection across the cohort

Both versions of the pipeline were applied to the thirteen subjects of the dataset. The two
versions share the entire processing chain and differ only in the way the arterial principal
component is selected (Section 3.2.5): version v1 examines the first three components and
selects the one with the highest correlation with the Parker reference AIF, without further
constraint, while version v2 extends the search to the first eight components, ranks them
through the composite score 7;(1 — 7;) subject to a set of physiological plausibility con-
straints, and declares a fail-safe case when none of the components is plausible. Because
the component selection of v1 can be reconstructed exactly from the per-component quan-

tities computed by v2, the two versions can be compared without re-running the pipeline.
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Table 5.1 reports, for each subject, the component selected by the two versions and

the corresponding correlation with the reference AIF.

Table 5.1: Component selected by the two versions of the pipeline for each subject, with
the correlation r with the Parker reference AIF. “Identical” denotes subjects for which
the two versions select the same component; for PO06, version v2 returns a fail-safe and
produces no AIF.

Subject v1: PC (r) v2: PC(r) Outcome

PO01  PC2 (0.759) PC2 (0.759) identical
P002  PC2 (0.804) PC2 (0.804) identical
P003  PC2 (0.810) PC2 (0.810) identical
P004 PC2(0.791) PC2 (0.791) identical
P005 PC3(0.632) PC3 (0.632) identical
P006  PC1 (0.339) — fail-safe
P007  PC1 (0.502) PC4 (0.749) v2 differs
P008  PC2 (0.764) PC2 (0.764) identical
PO09  PC2 (0.768) PC7 (0.794) v2 differs
P010  PC2 (0.838) PC2 (0.838) identical
P01l  PC1 (0.827) PC2 (0.736) v2 differs
P012  PC2 (0.819) PC2 (0.819) identical
P013  PC2 (0.804) PC2 (0.804) identical

The comparison shows that the two versions select the same component in nine of the
twelve participants for which v2 produces an AIF. In these cases, the arterial component
is already the most correlated among the first three, and the additional machinery of v2
leaves the result unchanged. The two versions diverge in three subjects (P007, P009 and
P011), in addition to the fail-safe case PO06. However, in P009, the difference has limited
practical impact: both versions select an arterial-like component (PC2 for v1 and PC7 for
v2), with similar correlation values and no evident failure of the AIF extraction. For this
reason, the following subsections focus on P007, PO11 and P006, which each illustrate a

distinct mechanism introduced in v2.

5.1.2 A case of agreement

In the majority of subjects the two versions coincide. Subject P010 is a representative
example: both versions select the second principal component as the arterial one, with
the same correlation (r = 0.838, the highest in the cohort), and therefore produce the
same AIF. Figure 5.1 shows the selected component against Parker reference AIF: the
component reproduces the characteristic arterial profile, with a steep first-pass peak, a

lower recirculation peak and a slow wash-out toward the baseline. For subjects of this
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kind, in which the arterial dynamics dominate the initial principal components, the ex-
tension of the search and the plausibility constraints of v2 are not necessary, and the two
versions are interchangeable, consistently with the equivalence observed on synthetic data
in Chapter 4.
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Figure 5.1: Case of agreement (P010): the principal component selected by both versions
(PC2, r = 0.838) compared with the Parker reference AIF, after sign correction and peak
alignment. Both curves are shown as z-scores.

5.1.3 Cases where version v2 changes the outcome

Among the cases of disagreement, P0O07, PO11 and P006 are the most informative because

they illustrate three distinct mechanisms introduced in v2.

Extended search and plausibility filtering (P007). In P007 the arterial dynamics
are captured by the fourth principal component, beyond the first three examined by v1.
Among the first three components, the most correlated is the first, but it is not arterial: its
correlation is low (r = 0.502) and its peak precedes the reference (a negative alignment
lag), so it represents a slow baseline trend rather than a bolus passage. Version vl,
which simply selects the most correlated of the first three components, would therefore
choose this non-arterial component (Figure 5.2, left). Version v2 instead rejects the first
three components, because none of them satisfies the plausibility constraints, and selects

the fourth component, which has a clear arterial profile (r = 0.749, Figure 5.2, right).
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This case shows the combined effect of the extended search and of the component-level

plausibility constraints introduced in v2.
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Figure 5.2: Subject P007. (a) Version v1 selects the first component (r = 0.502, negative
lag), a non-arterial slow trend. (b) Version v2 rejects the first three components and
selects the fourth (r = 0.749), which has a clear arterial first-pass profile. Curves are
z-scores, aligned to the Parker reference.

Composite score and tail penalty (P011). In P01l both versions find an arterial-
like component among the first three, but select different ones. The first component
is the most correlated (r = 0.827), and version v1 selects it; however, its curve does
not return to the baseline after the first pass but maintains an elevated tail, quantified
by a tail penalty 7 = 0.20 (Figure 5.3, left). Version v2 ranks the components by the
composite score (1 — 7), which penalizes this sustained tail, and therefore selects the
second component instead: although slightly less correlated (r = 0.736), its curve washes
out completely (7 = 0.00, Figure 5.3, right). This case isolates the effect of the composite
score: v2 prefers a component with a cleaner wash-out over a more correlated one with a

venous-like tail.

Fail-safe (P006). Subject P006 is the only case in which version v2 does not produce
an AIF. None of the first eight components satisfies the three plausibility constraints si-
multaneously, and the fail-safe mechanism flags the dataset without forcing a selection.
Version v1, which does not have such a mechanism, would instead select the most corre-
lated of the first three components (Figure 5.4): a component with a very low correlation
(r = 0.339) and a plateau shape that does not correspond to an arterial passage. This
case illustrates the value of the fail-safe: where v1 would silently return an implausible
ATF, v2 reports the failure explicitly. Subject P006 is therefore excluded from the analysis
of Section 5.2.
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Figure 5.3: Subject P011. (a) Version v1 selects the most correlated component (PC1,
r = 0.827), whose curve keeps an elevated tail. (b) Version v2, ranking by the composite
score r(1 — 7), selects the second component (r = 0.736), which washes out completely.
Curves are z-scores, aligned to the Parker reference.
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Figure 5.4: Fail-safe case (P006): the component that version vl would select (PC1,
r = 0.339), a plateau-shaped, non-arterial pattern. Version v2 rejects all components and
returns no AIF.
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5.1.4 Summary of the comparison

In clinical data, the two versions of the pipeline agree in nine of the twelve successful
participants and differ in three. In one of these cases (P009), the difference has limited
practical impact, since both versions select an arterial-like component. The remaining
disagreements, together with the fail-safe case P006, highlight the role of the additional
mechanisms introduced in v2.

The extended search and the component-level plausibility constraints recover the arte-
rial component when it lies beyond the first three positions or when the early components
are not physiologically valid (P007); the composite score discards a highly correlated
but tail-heavy component in favour of one with a cleaner wash-out (P011); and the fail-
safe mechanism prevents the selection of an implausible component when none is reliable
(P006). These observations confirm, on the real data, the behaviour anticipated in the
description of the method (Section 3.2.5) and complement the synthetic comparison of

Chapter 4, in which the two versions were indistinguishable.

5.2 Clinical results of the proposed pipeline

This section presents the results obtained with version v2 in the twelve subjects for which

an AIF was extracted.

5.2.1 Arterial input function extraction

For all twelve subjects the selected component reproduces the arterial profile, with corre-
lations with the Parker reference AIF ranging from 0.632 to 0.838 (Table 5.1). The lowest
value, found in P005, lies just above the acceptance threshold R, = 0.6 and corresponds
to a component that is only weakly arterial-like; all other participants exceed 0.73. The
number of candidate voxels returned by the two-stage percentile selection (Section 3.2.6)
varies substantially throughout the cohort, from 188 in P012 to 907 in P007, and is not
associated with a higher correlation: the subject with the most candidates does not have
the highest r.

The final AIF of the representative subject P010 is shown in Figure 5.5, together with
its smoothed and gamma-variate representations (Section 3.2.8). The figure illustrates a
point already anticipated in the description of the method: the gamma-variate fit repro-
duces the first pass accurately but, decaying to zero by construction, does not capture
the recirculation and the slow wash-out that are clearly visible in the measured curve.

For this reason, the smoothed curve, which preserves these features while suppressing the
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frame-to-frame noise, is the representation used for the subsequent computation of the

perfusion maps.

108 AIF - 010, oco

] —&— Raw
= Smooth

Gamma-vanae

AS

Frame

Figure 5.5: Representative case (P010): final extracted AIF. The raw curve (blue) is the
average of the enhancement time-courses of the selected arterial voxels; the smoothed
curve (red) is a three-point moving average; the gamma-variate (black) is the model
fitted to the first pass. The gamma-variate decays to zero and does not reproduce the
recirculation and wash-out retained by the smoothed curve.

5.2.2 Spatial localization and the scarcity of identifiable pure arterial vox-

els

The spatial distribution of the selected voxels is visualized through maximum intensity
projections (MIPs). A MIP is a two-dimensional image obtained by projecting a three-
dimensional volume onto a plane and assigning to each pixel the maximum value encoun-
tered along the corresponding projection ray; it makes it possible to display, in a single
image, all the selected voxels contained in the volume, regardless of the slice in which
they lie. Figure 5.6 shows the axial, the coronal and the sagittal MIPs of the candidate
arterial voxels for the representative subject, overlaid in red on the anatomical image.
The candidate voxels concentrate around the major intracranial arteries, but they
are accompanied by a substantial number of isolated voxels scattered throughout the
parenchyma and near the skull, which do not correspond to arterial structures. This

spatial heterogeneity is reflected in the voxel-level physiological refinement applied after
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Figure 5.6: Representative case (P010): maximum intensity projections of the candidate
arterial voxels, overlaid in red on the first dynamic frame. The voxels concentrate around
the central arteries but also include scattered peripheral candidates.

the PCA selection. In almost every subject, fewer than three voxels satisfy all the arterial
criteria, so that the fall-back rule is triggered. In these cases, the final AIF is computed
from the five candidate voxels with the strongest enhancement. This indicates that the
method does not identify a sufficiently large and stable set of voxels meeting all the criteria
of a pure arterial curve.

This finding is consistent with the partial-volume effect characterized in synthetic data
in Chapter 4: at the spatial resolution of the acquisition, intracranial arterial voxels are
likely to contain a variable degree of tissue contribution, so that even the best candidates

cannot be assumed to represent purely arterial signal.

5.2.3 Anintermediate case

Not all successful subjects produce an AIF of the quality shown for P010. Subject P005
is reported here as an intermediate-quality case: the pipeline produces an AIF, unlike the
fail-safe case P006, but the result is less stable and less physiologically plausible than the
representative case P010. For this subject, the arterial component is the third principal
component and its correlation with the Parker reference, r = 0.632, is the lowest of the
cohort, just above the acceptance threshold. Its extracted AIF, shown in Figure 5.7,
exhibits a first pass dominated by a single narrow spike, followed by oscillations and by a

pronounced rising trend in the second half of the acquisition, instead of a return toward
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the baseline. The spatial selection reflects the same behavior: the candidate voxels of P005
are markedly more numerous and more diffusely scattered than those of P010 (581 versus
248 candidates, respectively), with a large fraction spread throughout the parenchyma

rather than confined to the major arteries (Figure 5.8).
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Figure 5.7: Intermediate case (P005): final extracted AIF (raw, smoothed and gamma-
variate). The first pass is a single narrow spike; the curve then oscillates and rises markedly
in the second half of the acquisition, instead of returning to the baseline.
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Figure 5.8: Intermediate case (P005): maximum intensity projections of the candidate
arterial voxels, overlaid in red on the first dynamic frame. Compared with the representa-
tive case (Figure 5.6), the candidate voxels are more numerous and more widely scattered
across the parenchyma.

5.2.4 Cerebral perfusion maps

The cerebral perfusion maps were computed for the twelve subjects with a valid AIF,
following the deconvolution procedure of Section 3.3. Table 5.2 reports, for each subject,
the median values of CBF, CBV and MTT over the valid brain voxels, together with the

cohort median.

Several observations can be drawn from Table 5.2. The cohort median CBF is approx-
imately 35 mL/(100 g - min). This value is lower than the gray-matter values of roughly
70 mL/(100g - min) reported for DCE-MRI perfusion by Larsson et al. [15]. However,
this comparison should be interpreted cautiously, because the values reported here are
semi-quantitative medians over valid brain voxels rather than fully quantitative measure-
ments restricted to gray matter. The cohort median CBV (9 mL/100g) and MTT (14 s)
are of the same order as the corresponding reference values, although they tend to be
higher. In all subjects, CBV is relatively uniform (from 7.8 to 11.2 mL/100 g), while CBF
and MTT vary more widely; POO1 has the highest CBF and the shortest MTT, and P005
and P007 the lowest CBF and the longest MTT. Within each subject, the spread of the
values is large, with interquartile ranges of the same order as the median itself, reflecting

a strong spatial heterogeneity of the maps.

Figure 5.9 shows the CBF, CBV and MTT maps of the representative subject P010
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Table 5.2: Median values of the perfusion parameters over the valid brain voxels of each
subject, and cohort median. CBF in mL/(100 g - min), CBV in mL/100g, MTT in s. The
values are semi-quantitative (Section 3.3.4).

Subject CBF CBV MTT

P001 62.6 105 9.3
P002 46.2 103 129
P003 36.5 7.8 11.8
P004 441 9.7 129
P005 275 11.2 169
P007 286 8.6 17.1
P008 320 8.6 13.8
P009 38.0 8.4 13.6
P010 329 89 14.5
P0O11 414 11.0 15.0
P012 31.0 79 13.4
P013 329 9.7 16.8

Cohort median 34.7 9.3 13.7

on a central axial slice. The maps show low values throughout most of the parenchyma
and high values along the cortical surface and, in particular, in a band in the posterior
part of the brain. This posterior band, which is visible in all subjects in the cohort,
is consistent with the location of the superior sagittal sinus and other posterior venous
structures. Since these structures are not explicitly excluded from the brain mask used

for deconvolution, they appear as regions of apparently very high blood flow and volume.

Mappe di perfusione cerebrale (deconvoluzione SVD)

CBF (slice z=5) CBYV (slice z=5) MTT (slice z=5)

Figure 5.9: Representative case (P010): cerebral blood flow (CBF), cerebral blood volume
(CBV) and mean transit time (MTT) maps on a central axial slice, obtained by SVD
deconvolution with Tikhonov regularization. High CBF and CBYV values are visible along
the cortical surface and in the posterior venous structures.

The same spatial features are present, with greater spatial noise and heterogeneity, in

the intermediate case P005, whose maps are shown in Figure 5.10: the parenchymal values
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are more heterogeneous and patchy than those of P010, in line with the lower quality of
the extracted AIF reported above.

Mappe di perfusione cerebrale (deconvoluzione SVD)

CBF (slice z=6) CBYV (slice z=6) MTT (slice z=6)

Figure 5.10: Intermediate case (P005): CBF, CBV and MTT maps on a central axial
slice. Compared with the representative case (Figure 5.9), the parenchymal values are
more heterogeneous and patchy.

As discussed in Section 3.3.4, these maps are semi-quantitative: the absolute scale of
CBF, CBV and MTT depends on the empirical rescaling of the AIF amplitude and on
the pseudo-concentration approximation. The values should therefore be interpreted as
relative, intra-subject indices rather than as absolute physiological measurements. The
implications of this limitation, together with the posterior venous contamination and the

relationship between AIF quality and map quality, are discussed in Chapter 6.
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Discussion

The synthetic validation and the clinical application together provide a coherent account of
the proposed pipeline: a reliable recovery of the AIF waveform under controlled conditions,
and a performance bounded by the partial-volume effect on clinical data, in agreement
with the long-standing identification of partial volume as a principal source of error in
arterial input estimation [6]. This chapter interprets that contrast: it reads the results
of Chapters 4 and 5 against the method of Chapter 3, relates them to the approaches
surveyed in Section 2.4, and isolates the limitations that Chapter 7 considers as directions

for future work.

6.1 Robustness to noise

The noise study (Section 4.3) indicates that the shape of the estimated AIF is largely
insensitive to additive noise: the peak-aligned correlation with the reference remained at
Taligned ~ 0.98 down to the lowest signal-to-noise ratio examined. This behavior is a direct
consequence of the structure of the estimator. Because the arterial component is a tem-
poral pattern shared by a large set of voxels, its estimation aggregates their contributions;
under the assumption of independent, zero-mean noise, the residual fluctuation decreases

approximately as N~!/2

in the number of contributing voxels. The decomposition there-
fore performs an implicit denoising, which is particularly valuable given the intrinsically
low signal-to-noise ratio of arterial voxels noted in the literature [6].

The voxel-selection step shows a different behavior. The introduction of noise expands
the energy-fraction distribution, so that the relative threshold retains only the most un-
ambiguously arterial voxels (72 of 720). The selection becomes stricter, but it does not

introduce false positives: precision remains equal to one, meaning that every retained
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voxel is genuinely arterial. For the fidelity of the estimated waveform this is a favorable
regime; it also shows that the absolute number of retained voxels is not, on its own, an

informative quantity.

6.2 Partial volume and the heterogeneity of contamination

The partial-volume study (Section 4.4) provides the central methodological result of this
work. Because both simulated regimes span the same range of arterial fractions, the
determinant of success is not the nominal contamination range, but the way contamination
is distributed across the arterial population.

When the arterial voxels are predominantly pure, they are described by a single dom-
inant temporal pattern; the selection isolates them, and the recovered input function
closely matches the reference (7a1ignea = 0.971). When the arterial fraction is spread over
a wide range, the arterial signal is instead divided among several principal components
— in the tested configuration, the first two components carried roughly 80% and 13% of
the total variance — so that the component eventually selected accounts for only a small
share (fr = 0.1) of each genuine arterial voxel’s own temporal variance. Low-energy tis-
sue voxels, whose minor fluctuations happen to project onto the chosen component, then
attain comparable or higher f; values and dominate the relative ranking; as a result, the
selected set is composed of tissue voxels rather than arterial ones.

The fail-safe of v2 does not intervene in this case. It acts only at the component level,
declining an estimate when no principal component is plausible (Section 3.2.5). When
a plausible arterial-like component does exist, as in this regime, the voxel selection still
proceeds, and the relative threshold returns the top-ranked voxels even when they are
tissue. There is therefore no equivalent safeguard at the voxel level capable of declaring
that the selected voxel set is not physiologically credible, a point taken up among the
limitations (Section 6.6).

This outcome reveals a structural property of the selection rule. The energy fraction
fr (Section 3.2.6) is a relative quantity: it measures the proportion of the voxel’s own
variance explained by the component, not the absolute strength with which the voxel
expresses the arterial dynamics. A flat, low-energy voxel may therefore rank as highly as
a strongly enhancing arterial one, and the double-percentile threshold, lacking an absolute
cut-off, always returns a non-empty set. The criterion is well posed only when a coherent
sub-population of near-pure voxels is present to dominate the ranking.

The two regimes were also examined with noise added on top of the partial-volume
mixing, approximating the condition expected in the clinical acquisitions. The combined

experiment reinforces this picture rather than altering it. When a coherent cluster of
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near-pure voxels is present, the selection remains entirely arterial and the AIF correlation
is unchanged across all noise levels tested (7alignea = 0.971). When such a cluster is absent,
the selection already fails in the noise-free case, and adding noise does not recover it: it
remains dominated by tissue voxels at every level. Noise and partial volume thus act on
different aspects of the problem: noise affects the precision of the voxel selection, whereas

partial volume governs whether a correct selection is possible at all.

A final observation carries methodological weight. In the failure regime the extracted
AIF still correlated moderately with the reference, and, counter-intuitively, this correla-
tion even rose as the noise increased. The reason lies in the relative nature of the selection.
Adding noise makes the energy-fraction threshold more selective, so that the number of
retained voxels falls sharply (from one hundred to about ten), and only the voxels most
tightly aligned with the chosen component survive. Their weighted average is therefore
a cleaner rendering of that component’s arterial-like shape, and its correlation with the
reference improves, even though the retained voxels remain entirely tissue. The waveform
is reproduced by the projection onto the component, irrespective of the spatial origin of
the voxels that carry it; the rise in correlation is an artifact of the selection narrowing,
not a genuine improvement. It follows that waveform similarity is, by itself, an insuffi-
cient criterion for validating an automatic AIF method, and that spatial localization and
physiological plausibility are an integral part of the validation rather than an optional

refinement.

6.3 From synthetic to clinical data

Applied to the clinical cohort, the pipeline produced a plausible arterial input function
in almost every subject, and the fail-safe intervened where the arterial dynamics could
not be recovered. What it did not do was isolate a coherent cluster of near-pure arterial
voxels of the kind seen in the synthetic data: the voxel-level physiological refinement
(Section 3.2.7) retained fewer than three valid voxels in almost every subject, so that
the fall-back rule governed the estimate, which was then computed from the five most
strongly enhancing candidates. This observation must be interpreted with care. It does
not, by itself, prove that pure arterial voxels are absent, nor does it measure the degree
of partial-volume contamination, which cannot be assessed directly in vivo due to the
lack of a ground truth. What it does show is that no voxel met the operating criteria
at the available resolution. Given the voxel size relative to the caliber of the intracranial
arteries, widespread partial-volume contamination among the candidate voxels is the most
plausible explanation, and it matches the behavior that the synthetic study associated

with the heterogeneous contamination regime.



66 CHAPTER 6. DISCUSSION

The spatial distribution of the selected voxels reflects the same difficulty. As shown
in Chapter 5, the candidate voxels concentrate around the major intracranial arteries but
also include scattered voxels in the parenchyma and near the skull that do not correspond
to arterial structures. Two factors contribute to this: the brain mask is not conservative
enough to exclude peri-cerebral tissue and large venous structures, so that non-arterial
voxels can enter the analysis. In addition, the fall-back rule, which keeps the most strongly
enhancing candidates, offers no protection against venous voxels, whose enhancement is
itself strong. Therefore, the final estimate is not guaranteed to originate from purely
arterial locations, a concern that the same mask limitation raises for the perfusion maps
(Section 6.4).

The comparison between the two versions of the pipeline is informative in this context.
In synthetic data the two are indistinguishable, since the arterial component is unambigu-
ous and the modifications introduced in v2 never come into play. In clinical data, they
act in specific, interpretable cases: the extended search and the plausibility constraints
recover an arterial component lying beyond the first three (P007); the composite score dis-
cards a more correlated but tail-heavy component in favor of one with a cleaner wash-out
(P011); and the fail-safe withholds an estimate when no component is plausible (P006).
The intermediate case (P005), with a weakly arterial component (r = 0.632) and a diffuse
selection spread throughout the parenchyma, marks the lower end of the quality range
still admitted by the method.

For the clinical context in which the data were acquired, a study on first-episode psy-
chosis, these observations bear on feasibility rather than on group-level inference, which
was not the object of this work. A semi-quantitative, automatically extracted AIF of
the quality reported here may support exploratory relative, intra-subject comparisons,
but the partial-volume limitation would have to be resolved before such estimates could

support quantitative between-subject conclusions.

6.4 Semi-quantitative perfusion maps

The perfusion maps must be read as relative, intra-subject indices rather than absolute
measurements. Because the analysis is semi-quantitative — no T} mapping, and an AIF
amplitude fixed by empirical rescaling — the conversion factor x (Section 3.3.4) is a scaling
convention rather than a calibration.

Within these constraints, the maps are internally consistent in their relative patterns
and in the order of magnitude of the cohort-level summary values. The cohort medians
(CBF ~ 35 mL/(100g - min), CBV ~ 9 mL/100g, MTT =~ 14 s) are of the same order as
the DCE-MRI values reported by Larsson et al. [15], although the cohort CBF is lower and
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the MTT longer; the two are not directly comparable, since our value is a whole-brain
median over all valid voxels rather than a gray-matter estimate. The recurrent region
of apparently very high flow and volume along the posterior midline coincides with the
superior sagittal sinus, which is not excluded from the brain mask and therefore enters the
maps as a venous, rather than arterial or parenchymal, contribution. The deconvolution
itself follows the SVD framework of Ostergaard et al. [14] with the Tikhonov regularization
of Calamante et al. [16].

6.5 Relation to previous work

These findings can be located within the methods surveyed in Section 2.4. The reference
method of Sanz-Requena et al. [11], from which the present pipeline was derived, retained
voxels whose variance was explained for at least 95% by the arterial component in prostate
imaging. In the current brain dataset, the candidate voxels do not approach that level of
component-specific variance explained, and the absolute criterion had to be replaced by
a relative one. The discrepancy is attributable to the anatomical setting: the intracranial
arteries are small relative to the voxel size, so that genuinely pure arterial voxels are far

rarer than in the comparatively large prostatic vasculature sampled in the reference study.

The same consideration applies to the other data-driven families. Clustering-based
selection [8, 9], including hierarchical schemes, and independent component analysis [10]
share the objective that also motivates the present work: extracting the AIF automatically,
without operator-dependent steps such as manual region-of-interest placement. Where
they differ is in the assumption made about the data. Clustering partitions the voxels into
groups and selects the one whose representative curve is most arterial; this presupposes
that arterial voxels form a compact, well-separated group in the chosen feature space, and
it rests on a few design choices, namely the feature representation, the number of clusters
and the rule that labels one cluster as arterial. Independent component analysis makes
the related assumption that the arterial signal is a statistically independent source that
can be unmixed from the others.

The present pipeline is based on a weaker assumption. It does not require arterial
voxels to be separable as a group: it treats the arterial dynamics as a dominant axis
of variance and ranks the voxels continuously by their projection onto that axis, rather
than assigning them to discrete clusters. When partial-volume mixing blurs the boundary
between arterial and tissue voxels, which is the regime most consistent with the present
clinical data, a clean separation into groups is exactly what becomes difficult to obtain,
whereas a continuous ranking degrades more gracefully. On top of this, the explicit

physiological plausibility constraints and the component-level fail-safe let the pipeline
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reach a decision on its own, including the decision to withhold an estimate when no
component is admissible. The contribution is therefore not the PCA decomposition in
itself, but its combination with these constraints into a fully automatic procedure, aimed
at removing operator dependence while remaining robust when variance maximization
does not coincide with arterial specificity. In this sense, the present work continues,
rather than supersedes, the line of automatic AIF-selection methods that these studies
established.

6.6 Limitations

The preceding analysis identifies a set of limitations that are, for the most part, specific

and addressable. Each is taken up as a direction for future work in Section 7.2.

1. Relative selection criterion. The energy-fraction criterion fi(v) has no absolute
threshold. This is the root cause of the failure under heterogeneous contamination,
because the selection cannot declare that no sufficiently arterial voxel is present and

always returns a non-empty set.

2. ATF amplitude not referenced to a partial-volume-free signal. The AIF
amplitude is fixed to an empirical target rather than scaled against a partial-volume-
free venous output function [17, 18], leaving the peak only approximately corrected

for partial-volume underestimation.

3. Empirically set parameters. In the current implementation, the regularization
strength, the component- and voxel-level plausibility thresholds, and the peak target
were tuned on the data rather than derived from an independent criterion or chosen

by a data-adaptive procedure.

4. Semi-quantitative scale. The absence of T} mapping confines the analysis to

pseudo-concentration, so that the perfusion maps carry an arbitrary absolute scale.

5. Idealized synthetic model. The digital reference object uses a regular arterial
band, a single tissue partner curve, and a per-voxel arterial fraction assigned at
random, and therefore does not reproduce realistic vascular geometry, spatially co-

herent partial-volume patterns or motion-related artifacts.

6. Temporal resolution. The clinical sampling interval (= 5 s per volume) is coarse
relative to the width of the arterial first pass, which limits the precision of the

recovered timing.
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7. Non-conservative brain mask. Large venous structures, notably the superior
sagittal sinus, and peri-cerebral tissue are not excluded from the analysis mask.
They can therefore enter both the voxel selection and the perfusion maps, where

they appear as spurious high-perfusion regions.

None of these limitations undermines the conclusions of the validation. Together,
they delimit the regime within which the method is reliable and define the concrete steps

required to improve its robustness, which are addressed in the next chapter.
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Conclusions and Future Work

7.1 Conclusions

This thesis developed and tested an automatic, data-driven method for estimating the ar-
terial input function from a DCE-MRI dataset. The pipeline applies principal component
analysis to the voxel-wise time courses, identifies the component that best matches the ex-
pected arterial dynamics, and averages a small set of high-scoring voxels into a single AIF.
A second version of the pipeline adds physiologically motivated plausibility constraints
and a component-level fail-safe. On the synthetic data, the two versions showed equiva-
lent behaviour in the tested conditions, indicating that the additional logic acts primarily
as a safeguard rather than as a modification of the pipeline in cases where the arterial
component is already unambiguous.

The method was first validated on a digital reference object, where a known ground
truth allows a direct comparison. Under additive Rician noise, the arterial component
was identified consistently and the recovered AIF remained close to the reference across
the signal-to-noise levels examined. Noise mainly affected the voxel selection, making it
more conservative, but without introducing false positives in the tested conditions. The
partial-volume experiments drew a sharper line. When the arterial fraction was skewed
towards nearly pure voxels, corresponding to the low-heterogeneity regime, the selection
remained accurate. When the arterial fraction was spread uniformly across the arterial
band, corresponding to the high-heterogeneity regime, the selection failed, returning non-
arterial voxels even though the averaged curve could still correlate well with the reference.
This last point is the central methodological finding: a high correlation of the recovered
AIF shape does not certify, by itself, that the correct voxels were selected.

In the clinical data the pipeline produced a plausible AIF in almost every subject

and the fail-safe intervened where the arterial dynamics were not recoverable. The semi-
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quantitative perfusion maps were anatomically coherent, and the analysis did not isolate
a coherent cluster of near-pure arterial voxels of the kind identified on the synthetic data.
One possible interpretation is that the data appear closer to the heterogeneous partial-
volume regime than to the more favorable one.

Taken together, the results suggest that the PCA-based approach can reliably recover
the AIF waveform when a coherent set of near-pure arterial voxels is present, and that
the practical limit in the clinical setting is the apparent scarcity of such voxels. The
contribution of this work is therefore a complete and reproducible pipeline, together with
a controlled characterization of where it succeeds and where it fails. The limitations
collected in Section 6.6 are, for the most part, specific and addressable, and the next

section outlines concrete directions for future work.

7.2 Future Work

The following directions address the limitations enumerated in Section 6.6. For each,
the literature cited is meant as an example of a plausible route rather than as a settled
solution; the aim is to indicate that the limitation is addressable, not to prescribe a single
method.

Absolute voxel-selection criterion. One of the most important limitations is that
the energy-fraction criterion fi(v) is purely relative and, in its current percentile-based
implementation, always returns a non-empty set, so the selection cannot conclude that no
sufficiently arterial voxel is present. A natural next step is to add an absolute admissibility
test that a candidate voxel must pass before it is accepted, for instance a minimum
agreement with an expected arterial morphology or a model-based fit to a population
ATIF such as the Parker form [7]. Goodness-of-fit gating of this kind is already used in
cluster-based AIF selection [8], and adapting it to the present framework would allow the

pipeline to abstain rather than report a spurious AIF when the data do not support one.

Amplitude scaling against a venous reference. The AIF amplitude is currently
fixed to an empirical target. A more principled correction would scale the peak against
a less partial-volume-affected venous output function, as is done in perfusion studies
through tail scaling or related approaches [17, 18, 19]. Estimating a venous reference
from a large draining vessel and using it to rescale the arterial peak is one example of how

the amplitude could be tied to a measurable quantity rather than to a chosen constant.

Data-adaptive parameter selection. Several quantities — the regularization strength,

the plausibility thresholds and the AIF peak target — were tuned on the data. In future
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implementations, these quantities should be replaced by data-adaptive or independently
justified choices. For the deconvolution step, the regularization weight could be selected
per voxel using an L-curve or generalized-cross-validation criterion [16]. In parallel, delay-
insensitive deconvolution schemes such as block-circulant SVD [21] could be explored to
reduce sensitivity to bolus arrival delays. For the AIF extraction itself, fixed component-
and voxel-level thresholds could be replaced by adaptive criteria derived from the empirical

distribution of the candidate curves or from an independent validation cohort.

Absolute concentration through 7} mapping. The analysis is confined to pseudo-
concentration because no pre-contrast 77 map was used. Acquiring or estimating the
T information needed for that conversion — for example, through a multiple-flip-angle
acquisition, which has been used to estimate the contrast-agent concentration directly
from the DCE signal [22] — would put both the AIF and the perfusion maps on a physical
scale and remove the arbitrary amplitude that the semi-quantitative analysis currently

carries.

More realistic synthetic models. The digital reference object used here is idealized,
with a regular arterial band, a single tissue partner curve and an arterial fraction assigned
at random. Validation would be strengthened by a phantom that reproduces realistic vas-
cular geometry and spatially coherent partial-volume patterns. In silico frameworks that
build a dynamic digital phantom from a detailed vascular model and a flow simulation [23]
are an example of how spatially structured contamination could be generated, addressing

a regime that the present synthetic model does not capture.

Higher temporal resolution. The deconvolution step is sensitive to how finely the
arterial first pass is sampled, and a coarse sampling interval limits the precision of the
recovered timing. In settings where the protocol can be adjusted, accelerated dynamic
acquisitions offer a way to shorten the interval without sacrificing spatial coverage; golden-
angle radial sparse-parallel imaging combined with compressed sensing [24] is one example
of such a scheme. A finer sampling of the first pass would improve the timing estimates

on which the deconvolution depends.

A more conservative analysis mask. Large venous structures and peri-cerebral tis-
sue are not fully excluded from the current mask and can enter both the voxel selection
and the perfusion maps. Two complementary routes could make the analysis mask more
specific. The first is a vessel-aware preprocessing step designed to distinguish the arte-
rial search region from venous and extra-cerebral structures. Multiscale vesselness filter-

ing [25], possibly combined with anatomical constraints, could be used to identify large
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vascular structures and exclude those that are incompatible with the expected arterial
location, rather than indiscriminately removing all vessels.

The second route takes advantage of an observation made in clinical data, namely that
the voxels retained after the PCA step tend to concentrate around the major intracranial
arteries of the circle of Willis. This suggests restricting the analysis a prior: to a coarse
arterial region of interest, for instance through a loosely defined anatomical mask or
an arterial atlas registered to the subject. Even a rough delineation would confine the
search to the area where arterial voxels are expected and discard scattered, clearly extra-
arterial candidates before they can be selected. Combined with the absolute selection
criterion discussed above, either route would reduce the chance that non-arterial voxels

are mistaken for arterial ones.

The recurring theme is that the method becomes more trustworthy as the selection is given
an absolute notion of what an arterial voxel should look like and as the measurements
are tied to physical, partial-volume-aware references. Pursuing these directions would
move the pipeline from a semi-quantitative proof of concept towards a more robust and

potentially quantitative tool for clinical DCE-MRI analysis.



A

MATLAB Implementation of the Pipeline

The complete AIF extraction pipeline and the subsequent computation of the cerebral
perfusion maps were implemented in MATLAB (The MathWorks, Natick, MA, USA),
using the routines of the Tools for NIfTI and ANALYZE image toolbox for reading
and writing the imaging volumes. The listings collected in this appendix report the
methodological core of each processing stage, in the order in which the data flow through
the pipeline. Only the algorithmic content is reported. The listings are referenced from

the corresponding sections of Chapter 3.

A.1 Signal pre-processing

The function in Listing A.1 converts the raw DCE-MRI signal into the tissue pseudo-
concentration AS/Sy used throughout the pipeline. The scanner scaling is applied, the
baseline signal 5 is estimated as the mean of the first Nbaseline frames, and the resulting
curves are restricted to the brain mask. The same routine is reused, with the appropriate

baseline, both in the AIF extraction and in the perfusion-map computation.

Listing A.1: Computation of the tissue pseudo-concentration AS/Sj.

1 function C_pseudo_masked = preprocess_DCE(fileDCE, fileMask, Nbaseline,

doNotClampNeg)

3 if nargin < 3 || isempty(Nbaseline), Nbaseline = 10; end

4 if nargin < 4, doNotClampNeg = true; end

load_untouch_nii(fileDCE);

6 nii

7 raw = double(nii.img);
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9 % Apply the scanner scaling (slope/intercept), with a safe fallback
10 slope = nii.hdr.dime.scl_slope;

11 inter = nii.hdr.dime.scl_inter;

12 if slope = 0, slope = 1; end

13 DCE = raw * slope + inter;

15 % Baseline signal SO = mean of the first Nbaseline frames
16 SO = mean(DCE(:,:,:,1:Nbaseline), 4);
17 SO(S0=0) = eps;

19 % Pseudo-concentration: S/S0 - 1
20 C_pseudo = (DCE ./ SO) - 1;

22 % Binarise and apply the brain mask
23 nii_mask = load_untouch_nii(fileMask);
24 mask = double(nii_mask.img) > 0O;

25 C_pseudo_masked = C_pseudo .* mask;

27 % Optional clipping of negative values

28 if ~doNotClampNeg

29 C_pseudo_masked(C_pseudo_masked < 0) = 0;
30 end

31 end

A.2 Reference arterial input function

Listing A.2 evaluates the population AIF model of Parker et al., used as the reference
arterial shape against which the principal components are compared during the identifi-
cation step. The model is the sum of two Gaussians, describing the first pass and the
recirculation, and an exponential decay modulated by a sigmoid, describing the wash-out.

Listing A.2: Parker population AIF model.

1 function Cp = parkerAIF_seconds(tSec, Nbaseline)
2 % Parker population AIF (Parker et al., 2006)

4 tMin = tSec(:) / 60; % the Parker model is defined in minutes
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6 % Model parameters (Parker et al., 2006)
7 Al = 0.809; A2 = 0.330;

8 T1 = 0.17046; T2 = 0.365;

9 sigl = 0.0563; sig2 = 0.132;

10 alpha = 1.050; beta = 0.1685;

11 s = 38.078; tau = 0.483;

13 % Two Gaussians (first pass + recirculation)
14 gaussl = (Al/(siglxsqrt(2*xpi))) * exp(-(tMin - T1).72 / (2*%sigl”2));
15 gauss2 = (A2/(sig2*sqrt(2*pi))) * exp(-(tMin - T2).72 / (2%sig2”2));

17 % Sigmoid-modulated exponential decay (wash-out)
18 sigmoid = 1 ./ (1 + exp(-s*x(tMin - tau)));
19 tail = alpha * exp(-beta * tMin) .* sigmoid;

21 Cp = gaussl + gauss2 + tail;

23 % Optional baseline subtraction

24 if nargin = 2 8&& ~isempty(Nbaseline) && isfinite(Nbaseline) && Nbaseline
=21

25 nb = min(round(Nbaseline), numel(Cp));

26 Cp = Cp - mean(Cp(1:nb));

27 end

28 end

A.3 PCA-based AIF extraction (stage 1)

Listing A.3 contains the core of the first stage of the pipeline. The pseudo-concentration
curves of the brain voxels are arranged in a data matrix and decomposed by principal
component analysis through a singular value decomposition. The arterial component is
then identified through the robust selection of version v2. Finally, the purest voxels are
localized by the two-stage percentile selection on the arterial energy fraction and on the
spatial score, and the candidate AIF is obtained as their energy-weighted average.

Listing A.3: Core of the PCA-based AIF extraction (stage 1, version v2).

1 % The DCE-MRI 4D volume and the brain mask are assumed already loaded:
2% [Nx,Ny,Nz,Nt] = size(DCE), dt = frame interval in seconds,
3% fileDCE, fileMask = NIfTI paths, brain_mask = 3D logical mask.
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5
6
7
8

10
11
12
13
14

16
17
18
19
20

22
23
24
25
26

28
29
30
31
32

34
35
36
37
38
39
40

%% 1) Pseudo-concentration (S/S0 - 1) with a 10-frame baseline
Nbaseline = 10;

C4 = preprocess_DCE(fileDCE, fileMask, Nbaseline, true);

C4D = C4 .* double(brain_mask);

%% 2) Data matrix [Nvox x Nt] and mean-centering

X = reshape(C4D(repmat(brain_mask,[1 1 1 Nt1)), []1, Nt);
X(~isfinite(X)) = 0;

[Nvox, Nt] = size(X);

Xc = X - mean(X,1); % center each temporal variable

%% 3) PCA via SVD: Xc = UxS%P'
[U,S,P] = svd(Xc, 'econ');

Tscore
lambda

U *S; % voxel scores in the PC coordinate system
diag(S).”2;

explainedVar = lambda / sum(lambda);

%% 4) Reference AIF: Parker model (z-scored)
t_sec = (O:Nt-1)*dt;

parker® = parkerAIF_seconds(t_sec, 10);
aif_ref = zscore(parker0);

maxLagFrames = round(0.15 * Nt); % max acceptable PC/reference peak lag

%% 5) Robust arterial-component selection (v2)

% Extended search (8 PCs), plausibility constraints, composite score
% r«(1-tail), and a fail-safe if no component qualifies.

nPC = min(8, size(P, 2));

R_MIN = 0.60;

bestCorr = -inf(nPC, 1);

bestLagFrames = zeros(nPC, 1);

PC_aligned = zeros(Nt, nPC);

PC_sign = ones(nPC, 1);

tail_PC ones(nPC, 1); % tail/peak ratio of each PC

score_PC -inf(nPC, 1); % composite score

plausible_PC = false(nPC, 1); % plausibility flag
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42 [~, refPeak] = max(aif_ref);

44 for 1 = 1:nPC

45
46
47

49
50
51
52
53

55
56
57
58
59
60
61
62
63
64
65
66
67
68
69
70
71
72
73
74
75
76
77

pc_raw = P(:, i);

% the PCA sign is arbitrary: test both polarities

pc_candidates = [zscore(pc_raw(:)), zscore(-pc_raw(:))];

r_best_i = -Inf;
lag_best_i = 0;

sign_best_i = +1;
pc_best_shifted = nan(Nt, 1);
pc_best_raw = nan(Nt, 1);

for sgn = 1:2
pc = pc_candidates(:, sgn);
[~, pcPeak] = max(pc);
lag_try = pcPeak - refPeak;
if abs(lag_try) > maxLagFrames
continue;
end
pc_shifted = shift_with_nan(pc, -lag_try);
valid = isfinite(pc_shifted) & isfinite(aif_ref);
if nnz(valid) = 2

R = corrcoef(pc_shifted(valid), aif_ref(valid));

r_try = R(1,2);
else

r_try = -Inf;
end

if r_try > r_best_i

r_best_i = r_try;

lag_best_i = lag_try;

pc_best_shifted = pc_shifted;

pc_best_raw = pc;

if sgn = 1, sign_best_i = +1; else, sign_best_i
end

end

-1; end
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79
80
81
82

84
85
86
87
88
89
90
91
92
93
94
95

97

98

99
100
101
102
103
104
1605
106
107

109
110
111
112
113
114

bestCorr(i) = r_best_i;
bestLagFrames(i) = lag_best_i;
PC_aligned(:, i) = pc_best_shifted;

PC_sign(i) = sign_best_i;

% tail of the PC (sign-corrected shape): mean of the last 30% of the
% curve normalized to its peak; penalizes venous/tissue-like plateaus
pc_form = pc_best_raw(:);
pc_form(~isfinite(pc_form)) = 0O;
[pk, ~] = max(pc_form);
if pk > 0
tail_start_idx = max(2, round(0.7 * Nt));
tail_PC(i) = mean(pc_form(tail_start_idx:end)) / pk;
else
tail_PC(i)

1;
end
tail_PC(i) = max(0, min(1, tail_PC(i)));

% physiological plausibility constraints
[~, peakIdxPC] = max(pc_best_raw);
is_plausible = true;
if r_best_i < R_MIN
is_plausible = false; % too weakly correlated

elseif lag_best_i < 0O

is_plausible = false; % PC peaks before the reference
elseif peakIdxPC < round(0.10 * Nt) || peakIdxPC > round(0.78 * Nt)
is_plausible = false; % peak outside the [10%, 70%] window

end

plausible_PC(1)

is_plausible;

% composite score: correlation weighted by a clean wash-out
if is_plausible

score_PC(i) = r_best_i * (1 - tail_PC(i));
else

score_PC(i) = -inf; % rejected PCs cannot win

end
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end
% fail-safe: abstain if no component is physiologically plausible

117
118
119
120

121

122
123

125

127
128
129

131
132

134
135

137
138
139

141
142
143

145
146
147
148
149

if ~any(plausible_PC)
error(['No principal component among the first %d satisfies the '

'plausibility constraints (r = %.2f, lag > 0, peak in window). '

"No reliable arterial component is identified for this subject.'],

nPC, R_MIN);

end

[~, bestPC] = max(score_PC);

%% 6) Double PCA-based selection of the purest voxels
% (1) high arterial energy fraction frac_k;

% (2) high positive spatial score on the selected component.

% arterial rank-one reconstruction of every voxel

xk = Tscore(:,bestPC) * (PC_sign(bestPC) * P(:,bestPC))'; % [Nvox x Nt]

E_tot = sum(Xc.”2, 2); % total voxel energy
E_k = sum(xk.”2, 2); % energy explained by the selected PC

frac_k = zeros(size(E_tot));
valid = E_tot > 0;
frac_k(valid) = E_k(valid) ./ E_tot(valid);

% spatial score of the selected PC for each voxel (sign-corrected)
selectedSpatialMap = Tscore(:,bestPC) * PC_sign(bestPC);
posSpatial = selectedSpatialMap > 0;

% Stage 1: relative threshold on frac_k (top 5%)
fracPrctile = 95;

thr_frac = prctile(frac_k(valid), fracPrctile);
mask_frac = false(size(frac_k));

mask_frac(valid) = frac_k(valid) = (thr_frac - 1e-12);
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151
152
153
154
155
156
157

158
159
160
161

163
164
165
166
167
168
169
170
171

173
174
175
176
177
178
179
180
181
182
183
184
185

% Stage 2: relative threshold on the spatial score (top 10%),
% applied only to stage-1 voxels with a positive score
spatialPrctile = 90;
candidateStage2 = mask_frac & posSpatial;
mask_spatial = false(size(selectedSpatialMap));
if any(candidateStage?2)
thr_spatial = prctile(selectedSpatialMap(candidateStage?2),
spatialPrctile);
mask_spatial(candidateStage2) =
selectedSpatialMap(candidateStage2) = (thr_spatial - le-12);
end

pureMask = mask_spatial;

%% 7) Candidate AIF: frac_k-weighted average of the selected voxels
if any(pureMask)

Xpure = X(pureMask, :);

wpure = frac_k(pureMask);

wpure = wpure(:) / sum(wpure);

AIF_final = wpure' * Xpure;
else

error('No voxels selected by the double PCA-based threshold.');
end
%% Local function: shift a vector by k frames, padding with NaN

function y = shift_with_nan(x, k)
x(:);

numel(x);

X

n

y = nan(size(x));
ifk =0
y = Xj
elseif k > 0
if k < n, y((k+1):end) = x(1:end-k); end
else
k = abs(k);
if k < n, y(1:end-k) = x((k+1):end); end

end
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186 end

A.4 Physiological refinement and final AIF (stage 2)

Listing A.4 reports the second stage, which refines the candidate arterial mask produced
by stage 1 on the basis of the first-pass shape of the individual voxel curves. The retained
voxels are then averaged into the final AIF, together with a lightly smoothed version and

a gamma-variate fit of the first pass.

Listing A.4: Core of the physiological refinement and final AIF estimation (stage 2).

1 % Inputs assumed loaded: D = 4D DCE volume, M = candidate arterial mask

2 % (3D logical, output of stage 1), with [X,Y,Z,T] = size(D).

%% Parameters
Nbaseline = 7;
max_tail_ratio = 0.25;

max_TTP = 3; % frames beyond the median time-to-peak

o 9 o g N

min_upslope = 0.1;

10 %% Baseline subtraction on the candidate voxels
11 D_resh = reshape(D, [], T);

12 mask_vec = M(:);

13 vox_curves = D_resh(mask_vec, :);

14 baseline = mean(vox_curves(:,1:Nbaseline), 2);
15 delta$S

bsxfun(@minus, vox_curves, baseline);
size(deltaS, 1);

16 nvox

18 %% First-pass shape descriptors for each voxel

19 [peak_val, peak_idx] = max(deltaS, []1, 2);

21 % arrival time = first frame exceeding 5% of the peak
22 arrival = zeros(nvox,1);

23 for v = 1l:nvox

24 thr = 0.05 * peak_val(v);
25 idx = find(deltaS(v,:) > thr, 1, 'first');
26 if isempty(idx), arrival(v) = NaN; else, arrival(v) = idx; end

27 end
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29 % upslope = mean rate of increase between arrival and peak
30 TTP = peak_idx;

31 upslope = zeros(nvox,1);

32 for v = 1l:nvox

33 a = arrival(v); p = TTP(v);

34 if isnan(a) || p < a

35 upslope(v) = 0;

36 else

37 upslope(v) = (deltaS(v,p) - deltaS(v,a)) / max(1,(p-a));
38 end

39 end

41 % tail ratio = area after the peak / darea before the peak
42 tail_ratio = zeros(nvox,1);

43 for v = 1l:nvox

44 p = TTP(v);

45 if p = 0 || isnan(p), tail_ratio(v) = Inf; continue; end
46 a = arrival(v); if isnan(a), a = 1; end

47 area_before = sum(deltaS(v,a:p));

48 n_after = min(T, p + round(2x(p-a)));

49 area_after = sum(deltaS(v,p+l:n_after));

50 tail_ratio(v) = area_after / (area_before + eps);

51 end

53 %% Physiological selection of arterial voxels
54 median_peak = round(median(TTP(~isnan(TTP))));
55 sel = (TTP < median_peak + max_TTP) & ...

56 (upslope = min_upslope) &
57 (tail_ratio < max_tail_ratio) & ...
58 (peak_val > 0);

60 % fall-back: if fewer than 3 voxels survive, keep the 5 strongest by peak
61 if sum(sel) < 3

62 [~, ord] = sort(peak_val, 'descend');

63 sel = false(nvox,1);

b4 sel(ord(1:min(5,nvox))) = true;

65 end
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66 sel_curves = deltaS(sel, :);

68 %% Final AIF: raw average, light smoothing, gamma-variate fit
69 AIF_raw = mean(sel_curves, 1);
70 AIF_smooth = smooth(AIF_raw, 3);

72 [~, peak_framel = max(AIF_raw);

73 fp_start = max(1, peak_frame - 3);

74 fp_end = min(T, peak_frame + round((peak_frame - fp_start)*2));
75 t = (fp_start:fp_end)';

76 y = AIF_raw(fp_start:fp_end)';

78 gamma_fun = @(p,x) p(1)*((x-p(2)).7p(3)) .* exp(-(x-p(2))/p(4)) .* (x>p(2));
79 p@ = [max(y), fp_start, 2, 21;

80 b = [0, 0, 8.1, 0.1]; ub = [inf, fp_start+5, 10, 20];

81 try

82 opts = optimset('Display', 'off');

83 p_est = lsgcurvefit(gamma_fun, pO, t, y, lb, ub, opts);

84 AIF_gamma

gamma_fun(p_est, (1:T)');

85 catch

86 AIF_gamma = AIF_smooth; % fall back to the smoothed curve
87 end

A.5 Cerebral perfusion maps

Listing A.5 computes the cerebral perfusion maps from the estimated AIF and the tissue
pseudo-concentration curves, through a Tikhonov-regularized SVD deconvolution. The
flow-scaled residue function recovered for each voxel is converted into cerebral blood flow,

cerebral blood volume and mean transit time, expressed in clinical units.

Listing A.5: Core of the perfusion-map computation by SVD deconvolution.

1 % Inputs assumed available: DCE = 4D volume, AIF = stage-2 smoothed AIF,
2 % brain_mask and art_mask (3D), and the NIfTI paths fileDCE, fileMask.

4 %% Parameters

5 TR = 4.94681; % repetition time [s]

6 Nbaseline =7; % baseline frames before bolus arrival
7 Hct = 0.45; % arterial hematocrit
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8 density_brain = 1.04; % brain tissuve density [g/mL]
9 svd_thresh_rel = 0.05; % Tikhonov threshold relative to sigma_max
10 target_peak = 5.0; % AIF peak target in delta S/SO units

11 firstpass_window_s = 30; % post-peak integration window for CBV [s]

13 %% AIF normalisation and amplitude rescaling

14 SO_per_voxel = mean(DCE(:,:,:,1:Nbaseline), 4);

15 SO_arterial = mean(SO_per_voxel(art_mask), 'omitnan');

16 AIF = AIF / SO_arterial; % normalise to delta S/SO

17 AIF = AIF % (target_peak / max(AIF)); % rescale peak to target

19 %% Tissue pseudo-concentration and tissue voxels (brain minus arteries)
20 C_pseudo = preprocess_DCE(fileDCE, fileMask);

21 [X, Y, Z, T] = size(C_pseudo);

22 DCE_2D = reshape(C_pseudo, [], T);

find(brain_mask > 0 & ~art_mask);
DCE_2D(brain_idx, :)';

23 brain_idx

24 Ct_voxels
25 Ct_voxels

Ct_voxels - mean(Ct_voxels(1:Nbaseline, :), 1, 'omitnan');

26 Nvox = numel(brain_idx);

28 %% Causal Toeplitz convolution matrix from the AIF
29 H = zeros(T);

30 for 1 = 1:T

31 H(i, 1:1) = AIF(i:-1:1)' * TR;

32 end

34 %% SVD deconvolution with Tikhonov regularisation
35 [U, S, V] = svd(H, 'econ');

36 s = diag(S);

37 s_inv = s ./ (s.72 + (svd_thresh_rel * max(s))"2);

38 H_pinv = V % diag(s_inv) % U';

40 %% Voxel-wise Meier-Zierler triad

41 N_window = max(1, round(firstpass_window_s / TR));
42 F_vec = zeros(Nvox, 1);

43 CBV_vec
44 MTT_vec

zeros(Nvox, 1);

zeros(Nvox, 1);
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45 for v = 1:Nvox

46 I_curve = H_pinv * Ct_voxels(:, v);

47 I_curve(I_curve < 0) = 0; % non-negativity constraint

48 [F_v, peak_idx] = max(I_curve); % CBF ~ peak of the residue function
49 end_idx = min(T, peak_idx + N_window);

50 CBV_v = sum(I_curve(l:end_idx)) * TR; % first-pass integral

51 if F_v > 0 & CBV_v > 0

52 MTT_v = CBV_v / F_v;
53 else

54 MTT_v = NaN;

55 end

56 F_vec(v) F_v; CBV_vec(v) = CBV_v; MTT_vec(v) = MTT_v;

57 end

59 %% Conversion to clinical units (hematocrit and tissue density)

60 kappa = (1 - Hct) / density_brain;

61 CBF_vec = (F_vec / kappa) * 60 % 100; % mL/(100g*min)
62 CBV_vec = (CBV_vec / kappa) * 100; % mL/100g

63 % MTT is unaffected by the conversion and is already expressed in seconds

65 %% Mask non-physical values and reconstruct the 3D maps

66 invalid = ~isfinite(CBF_vec) | CBF_vec < 0 |

67 ~isfinite(CBV_vec) | CBV_vec < 0 |

68 ~isfinite(MTT_vec) | MTT_vec < 0;

69 CBF_vec(invalid) = NaN; CBV_vec(invalid) = NaN; MTT_vec(invalid) = NaN;

71 CBF_map
72 CBV_map

nan(X, Y, Z); CBF_map(brain_idx) CBF_vec;
nan(X, Y, Z); CBV_map(brain_idx) CBV_vec;
nan(X, Y, Z); MTT_map(brain_idx) = MTT_vec;

73 MTT_map
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