To Davide,
to my Family,
to Anakin & Padme,
to Berenice & the C-Unit.

Assessment of Cerebral Hemodynamics by
Deconvolution with Dynamic Susceptibility
Contrast - Magnetic Resonance Imaging
Francesca Zanderigo
December, 2006

Sommario
Nel corso degli ultimi dieci anni, sono stati ottenuti importanti progressi nello
sviluppo di tecniche in grado di produrre immagini macroscopiche della attività cerebrale umana. In particolare, l’Imaging mediante Risonanza Magnetica (Magnetic Resonance Imaging, MRI), grazie all’alta risoluzione spaziale e
temporale e all’assenza di radiazioni ionizzanti, sta diventando uno strumento
di cosı̀ fondamentale importanza per lo studio dell’emodinamica cerebrale da essere considerato una valida alternativa alla Tomografia ad Emissione di Positroni
(Positron Emission Tomography, PET), che è attualmente la tecnica di imaging
quantitativo di riferimento. Attualmente, tra i vari metodi MRI, la Risonanza
Magnetica di Perfusione che utilizza un agente di contrasto esogeno, tipicamente
Gadolinio, è la tecnica di maggior interesse per lo studio quantitativo delle alterazioni fisiologiche dell’emodinamica cerebrale. Tale tecnica, denominata Dynamic Susceptibility Contrast - Magnetic Resonance Imaging (DSC-MRI), offre
la possibilità di ottenere, su più sezioni del cervello, informazioni relative alla
perfusione cerebrale, quantificando i parametri emodinamici e fornendo un contributo significativo allo studio dell’emodinamica cerebrale sia in stato normale
che patologico.
Il segnale DSC-MRI ottenuto utilizzando un agente di contrasto paramagnetico viene comunemente descritto mediante un modello basato sulla teoria dei
traccianti non diffusibili, con l’assunzione che il tracciante rimanga intravascolare in presenza di una barriera emato-encefalica intatta. Sotto queste ipotesi,
il modello consente di stimare il valore del flusso sanguigno cerebrale (Cerebral
Blood Flow, CBF), del volume sanguigno cerebrale (Cerebral Blood Volume,
CBV) e del tempo medio di transito (Mean Transit Time, MTT) a partire dalla
conoscenza della funzione Residuo tessutale (Residue function) R(t), cioè della
frazione di agente di contrasto che rimane nel tessuto al tempo t, e dalla misura
della concentrazione di agente di contrasto nel sangue. Tuttavia, questa tecnica
soffre di alcune limitazioni; più precisamente:
• la stima della funzione Residuo richiede l’utilizzo di tecniche di deconvoluzione, operazione di nota difficoltà a causa dei problemi legati sia
alla natura stessa della deconvoluzione (es. mal-posizionamento e malcondizionamento, scelta del parametro di regolarizzazione) sia alla natura
fisiologica dei sistemi considerati (es. non negatività);
• la necessità di ottenere la curva di concentrazione dell’agente di contrasto
nell’arteria, la cosiddetta funzione di ingresso arteriale (Arterial Input
Function, AIF).
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Oltre a questo, ci sono altre difficoltà che ostacolano un’accurata quantificazione
assoluta della perfusione e del volume sanguigno legate, per esempio, ai complessi meccanismi di contrasto basati sulla suscettibilità magnetica necessari per
la misura assoluta delle concentrazioni tessutali e arteriali del tracciante e alla
presenza di ritardo e dispersione del bolo di agente di contrasto.
In questo lavoro, vengono prese in considerazione le limitazioni nella stima
dei parametri emodinamici dovute alle caratteristiche del segnale DSC-MRI.
Particolare attenzione viene posta all’operazione di deconvoluzione nell’ottica
di superare i problemi degli:
• approcci di deconvoluzione non parametrica (es. non negatività);
• approcci di deconvoluzione parametrica (es. assenza di un modello ben
consolidato).
Sinora, sono stati proposti approcci di tipo sia parametrico che non parametrico
per la deconvoluzione nell’analisi DSC-MRI, ma tali approcci o introducono
pesanti assunzioni sulla forma della R(t) o mostrano una elevata sensibilità al
rumore sperimentale. Inoltre, essi devono prendere in considerazione il problema
delle intrinseche regolarità e non negatività della R(t) e della presenza di ritardo
e dispersione del bolo nella AIF.
Tra i vari metodi di deconvoluzione non parametrica proposti sinora nella
letteratura DSC-MRI, quello comunemente utilizzato è la Decomposizione a
Valori Singolari (Singular Value Decomposition, SVD), attualmente considerata
la tecnica di riferimento. Nel corso dell’ultimo decennio, le prestazioni di SVD
sono state attentamente analizzate dalla comunità MRI e le sue limitazioni,
dovute principalmente alla presenza di ritardo e dispersione nella curva arteriale, alla generazione di curve Residuo non fisiologiche e alla scelta del valore di
soglia, sono state largamente dibattute. Contemporaneamente a questo, altri
metodi di deconvoluzione sono stati proposti. In questo lavoro, viena posta attenzione a due di essi: la Decomposizione a Valori Singolari a blocchi-circolanti
(block-Circulant Singular Value Decomposition, cSVD) e la Regolarizzazione di
Tikhonov (Tikhonov regularization, TIKH). Oltre a questi, viene discusso un
nuovo metodo di deconvoluzione stocastica non lineare (Nonlinear Stochastic
Regularization, NSR) recentemente proposto per l’analisi di dati DSC-MRI.
Questo nuovo metodo, essendo in grado di tener conto del vincolo sia di regolarità che di non negatività della R(t), mostra notevoli vantaggi rispetto a
SVD, consentendo di ottenere valori più fisiologici della funzione Residuo senza
il bisogno di fissare alcuna soglia. Inoltre, essendo in grado di quantificare il
livello di dispersione presente nella curva stimata e di ricostruire la funzione
Residuo non dispersa, questo nuovo metodo permette di stimare il CBF originario non affetto da dispersione migliorando in questo modo l’informazione
clinica fornita dalle immagini DSC-MRI. In questo lavoro SVD, cSVD, TIKH
e NSR sono state validate e confrontate su dati simulati. NSR ha dimostrato
di saper caratterizzare la funzione Residuo e di saper stimare accuratamente il
CBF disperso e non disperso meglio delle altre tre tecniche sia in presenza che
in assenza di dispersione del bolo. SVD, cSVD, TIKH e NSR sono state inoltre
confrontate su dati clinici, con particolare riguardo alla generazione di mappe
di CBF, CBV e MTT. Le mappe di CBF e MTT ottenute con NSR sono paragonabili a quelle ottenute da SVD e cSVD, ma al tempo stesso mostrano aree
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cerebrali a maggior contrasto, migliorando in questo modo l’individuazione di
eventuali differenze nel flusso o nel tempo di transito da parte dell’analisi DSCMRI. Inoltre, NSR ha dimostrato di saper generare mappe di dispersione e di
CBF non disperso. Le mappe di dispersione, in particolare, identificano chiaramente le aree cerebrali con livelli di dispersione elevati, fornendo in questo modo
un’utile informazione per stabilire l’affidabilità delle stime di CBF e MTT ottenute in quelle aree e candidando l’utilizzo del parametro di dispersione quale
indice complementare di stato tessutale patologico.
Minor attenzione è stata dedicata in questi anni nella letteratura DSCMRI ai metodi di deconvoluzione parametrica: attualmente, i soli tentativi di
modellizzazione dell’eterogeneità di flusso in DSC-MRI sono rappresentati dal
modello a Singolo Esponenziale e dal modello Vascolare Eterogeneo. In questo
lavoro, altri modelli del trasporto del sangue e della distribuzione dei tempi
di transito nel cervello sono stati presi in considerazione: il modello di Dispersione della teoria di Diluizione degli Indicatori Multipli (Multiple Indicator
Dilution theory) e la distribuzione Log-normale (Log-normal distribution). Per
la prima volta, essi sono stati combinati in modo da fornire una caratterizzazione
alternativa e flessibile dell’eterogeneità del flusso sanguigno, denominata modello di Dispersione Log-normale (Log-normal Dispersion Model, LDM). LDM,
grazie al fatto di includere considerazioni di tipo fisiologico, costituisce un approccio più veloce e alternativo a NSR la quale, come tutte le metodologie di
deconvoluzione non parametrica, soffre dei problemi di mal-posizionamento e
mal-condizionamento. I risultati preliminari ottenuti su dati sia simulati che
reali sono alquanto promettenti, ma ulteriori approfondimenti sono necessari
per migliorare le prestazioni di LDM. In particolare, la precisione ottenuta nella
stima dei parametri è accettabile, ma può essere migliorata in quanto esiste
la possibilità di ridurre il numero dei parametri di LDM. Un confronto diretto
con altre tecniche di tipo parametrico, inoltre, potrebbe ulteriormente chiarire
l’affidabilità e l’applicabilità clinica di LDM.
Le difficoltà incontrate dall’analisi DSC-MRI nel raggiungere un’accurata
quantificazione assoluta dell’emodinamica cerebrale sono anche dovute ad un
ampio gruppo di problematiche aperte attualmente discusse dalla comunità MRI.
Alcune di queste problematiche sono state prese in considerazione nella parte
finale di questo studio, facendo particolare attenzione ai risultati più recenti e
promettenti pubblicati in letteratura.
In conclusione, nonostante rimangano parzialmente da risolvere alcune problematiche relative alla quantificazione assoluta, l’indagine DSC-MRI sta diventando uno strumento molto importante per la ricerca medica e il trattamento
clinico dei pazienti. Lo sviluppo di un nuovo metodo non parametrico di deconvoluzione stocastica non lineare, capace di tener conto sia della natura fisiologica
dei dati DSC-MRI che della presenza di dispersione, e la messa a punto di un
modello fisiologico di tipo parametrico in grado di descrivere l’eterogeneità del
flusso sanguigno nel cervello possono dare un grande contributo al miglioramento
dell’informazione clinica e scientifica fornita dall’analisi DSC-MRI.

Summary
During the last decade, important progresses have been made in the development of techniques to product macroscopic images of human brain activity. In
particular, Magnetic Resonance Imaging (MRI), thanks to the high levels of
spatial and temporal resolution and to the absence of ionizing radiations, is
becoming a tool so fundamental for the study of the cerebral hemodynamics
to be considered a valid alternative to Positron Emission Tomography (PET),
which is the gold-standard quantitative imaging technique. Currently, among all
the MRI methods, the perfusion Magnetic Resonance using an exogenous contrast agent (i.e. usually Gadolinium) is the most interesting technique for the
quantitative study of the physiological alterations of the brain hemodynamics.
This technique is called Dynamic Susceptibility Contrast - Magnetic Resonance
Imaging (DSC-MRI) and offers the possibility to obtain multi-slice information
on brain perfusion and to quantify cerebral hemodynamic parameters, thus providing a significant contribution in the study of cerebral hemodynamics both in
normal and pathological states.
DSC-MRI signal obtained by using a paramagnetic contrast agent is usually
described according to a model based on the tracer theory of non diffusible
agents, with the assumption that the tracer remains intravascular with intact
Blood-Brain-Barrier. Under these hypotheses, the model allows one to estimate
the value of the Cerebral Blood Flow (CBF), Cerebral Blood Volume (CBV)
and Mean Transit Time (MTT) starting from the knowledge of the Residue
function R(t), that is the fraction of contrast agent remaining inside tissue at
time t, and from the measurement of the contrast agent concentration in the
blood. However, this technique suffers from some limitations. More precisely:
• the estimation of the Residue function requires to use deconvolution technique which is a well-known difficult problem due to both intrinsic problems of deconvolution itself (i.e. ill-posedness and ill-conditioning, choice
of the regularization parameter) and specific problems of the physiological
systems (i.e. non negativity);
• the necessity to obtain the contrast agent concentration curve in the artery,
called Arterial Input Function (AIF).
Furthermore, there are some difficulties for an accurate absolute quantification
of perfusion and blood volume due, for example, to the complex mechanism of
susceptibility based contrast required for the determination of absolute tissue
and arterial concentrations of the agent and to the presence of bolus delay and
dispersion.
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In this study the limitations due to the DSC-MRI signal characteristics in
the hemodynamic parameters estimation are considered. Particular attention is
devoted to deconvolution in order to overcome the problems of:
• non-parametric deconvolution approaches (i.e. non negativity);
• parametric deconvolution approaches (i.e. absence of a well consolidated
model).
To date, both parametric and non-parametric approaches have been proposed
for deconvolution in DSC-MRI analysis, but they introduce heavy assumptions
about the shape of R(t) or show a high sensibility to experimental noise respectively. In particular, they have to handle the problem of intrinsic smoothness
and non negativity of R(t) and the presence of bolus delay and dispersion in
the AIF.
Among all the non-parametric deconvolution methods proposed in DSCMRI literature up to now, the most commonly used method is Singular Value
Decomposition (SVD), which is currently considered the gold-standard technique. During the last decade, SVD performance has been deeply analyzed by
the MRI community and its limitations, mainly due to the presence of delay and
dispersion in the arterial curve, to the generation of non physiological Residue
curves and to the choice of the threshold value, have been pointed out. At
the same time other methods have been proposed. In this work, the attention
is focused on two of them: the block-Circulant Singular Value Decomposition
(cSVD) and the Tikhonov regularization (TIKH). In addition, a recently proposed Nonlinear Stochastic Regularization (NSR) deconvolution method for the
analysis of DSC-MRI data is discussed. This new method, being able to account for both the smoothness and the non-negativity constraint of R(t), shows
advantages over SVD, allowing one to obtain more physiological values for the
Residue function without the need to fix any threshold. Furthermore, being
able to quantify the level of dispersion present in the estimated curve and to
reconstruct the non dispersed Residue function, this method allows one to quantify the CBF non affected by dispersion thus improving the clinical information
provided by DSC-MRI images. SVD, cSVD, TIKH and NSR have been here
assessed and compared on simulated data. NSR has been shown to well characterize the Residue function and to accurately estimate dispersed and non
dispersed CBF both in presence and absence of bolus dispersion better than the
other three methods. SVD, cSVD, TIKH and NSR have been also compared
on clinical data, with particular regard to the generation of CBF, CBV and
MTT maps. CBF and MTT maps obtained by NSR are comparable to those
obtained by SVD and cSVD, but show more contrasted areas, thus improving
the detection of flow and transit time differences provided by DSC-MRI analysis. NSR has been also shown to generate maps of dispersion and non-dispersed
CBF. Dispersion maps, in particular, clearly identify cerebral areas with enhanced level of dispersion thus providing information on the reliability of CBF
and MTT estimates in those areas and candidating the dispersion parameter as
a complementary indicator of pathological tissue state.
Less attention has been up to now devoted in DSC-MRI literature to parametric deconvolution methods: to date, the only flow heterogeneity modeling
attempts in DSC-MRI are represented by the Single Exponential model and
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the Vascular Heterogenous model. Other models for brain blood transport and
transit times distribution have been here considered: the Dispersion model of
the Multiple Indicator Dilution theory and the Log-normal distribution. For
the first time, they have been combined to provide an alternative and flexible
characterization of blood flow heterogeneity called Log-normal Dispersion Model
(LDM). LDM represents a faster approach, including physiological considerations, alternative to NSR which, as every nonparametric deconvolution method,
suffers for ill-posedness and ill-conditioning problem. Preliminary results on
synthetical and real data are promising, but further work is necessary to improve LDM performance. In particular, the precision obtained in the estimation
of the parameters is acceptable, but it can be improved since there is room for
model parameters reduction. A comparison to other parametric techniques may
further clarify the reliability and clinical applicability of LDM.
DSC-MRI difficulties for an accurate absolute quantification of brain hemodynamics is also due to a large number of open issues which are currently debated by MRI community. Some of these problems have been considered in
the final part of the study with particular attention to the most recent and
promising results published in literature.
In conclusion, although certain issues concerning absolute quantification remain to be fully addressed, DSC-MRI technique has evolved to be an important
tool in medical research and clinical patient management. The development of a
new non-parametric nonlinear stochastic deconvolution method able to account
for both the physiologic nature of DSC-MRI data and the presence of dispersion,
and of a parametric physiological model accounting for brain blood flow heterogeneity would greatly help in improving the clinical and scientific information
provided by DSC-MRI analysis.
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Chapter 1

Introduction
During the last decade, important progresses have been made in the development of techniques to product macroscopic images of human brain activity. In
particular, Magnetic Resonance Imaging (MRI) thanks to the high levels of
spatial and temporal resolution and to the absence of ionizing radiations, is becoming a tool so fundamental for the study of the cerebral hemodynamics to be
considered a valid alternative to Positron Emission Tomography (PET), which
is the gold-standard quantitative imaging technique. Thanks to modern Magnetic Resonance (MR) high fields devices together with hardware components
providing high intensity gradients and wide Radio Frequency band amplifiers,
sophisticated in vivo studies of the anatomical-functional structure of human
brain are possible. Advanced MR techniques allow to obtain microscopic scale
images describing the complex mechanisms of biochemical and biophysical cellular events.
Currently, among all the MRI methods, the perfusion Magnetic Resonance
using an exogenous contrast agent, usually Gadolinium, is the most interesting technique for the quantitative study of the physiological alterations of the
brain hemodynamics. This technique is called Dynamic Susceptibility Contrast
- Magnetic Resonance Imaging (DSC-MRI) and offers the possibility to quantify cerebral hemodynamic parameters, providing a significant contribution in
the study of cerebral hemodynamics both in pathological and normal states.
In fact, the injection of a paramagnetic contrast agent into the vascular bed
changes the transverse relaxation times within the blood and in surrounding
tissue. The passage of a bolus of contrast agent can then be traced by using T2 or T2∗ -sensitive imaging sequences. By analyzing the time course of the bolus
passage, one can derive information on the cerebral perfusion.
DSC-MRI signal obtained by using a paramagnetic contrast agent is usually
described according to a model based on the tracer theory of non diffusible
agents, with the assumption that the tracer remains intravascular with intact
Blood-Brain-Barrier. Under these hypotheses, the model allows one to estimate
the value of the Cerebral Blood Flow (CBF), Cerebral Blood Volume (CBV)
and Mean Transit Time (MTT) starting from the knowledge of the Residue
function R(t), that is the fraction of contrast agent remaining inside tissue at
time t, and from the measurement of the contrast agent concentration in the

2
blood. However, this technique suffers from some limitations. More precisely:
• the estimation of the Residue function requires to use deconvolution technique which is a well-known difficult problem due to both intrinsic problems of deconvolution itself (i.e. ill-posedness and ill-conditioning, choice
of the regularization parameter) and specific problems of the physiological systems (i.e. non negativity). Both parametric and non-parametric
approaches have been proposed.
• the necessity to obtain the contrast agent concentration curve in the artery,
called Arterial Input Function (AIF). The invasiveness of the arterial sampling has promoted the development of less invasive approaches, such as
the measurement of the MR signal reduction in some arterial pixels. The
arterial pixels selection can be made manually or by means of algorithms
for the direct localization of the arterial pixels in the DSC-MRI images.
During the last years, the need for a fully-automatic method has emerged
in order to eliminate the use of trained personal and avoid the presence of
subjectivity in AIF choice. In addition, some attempts have been made
to measure a local AIF, next to the tissue of interest, which can be used
as the input function alternatively to the standard method foreseeing the
use of a single AIF for all the brain.
In the present work the limitations due to the DSC-MRI signal characteristics in the hemodynamic parameters estimation are considered. In particular,
we will focus on deconvolution in order to overcome the problems of:
• non-parametric deconvolution approaches (i.e. non negativity);
• parametric deconvolution approaches (i.e. absence of a well-consolidated
model).
The outline of the thesis is as follows.
In Chapter 2 the DSC-MRI acquisition experiment using Gadolinium as
contrast agent is presented, with a particular attention to the experimental
protocol and the role of the acquisition sequence. Then, the modeling of the
DSC-MRI signal is explained by considering the problem of the recirculation
and the commonly accepted assumptions to translate the MR signal intensity
into the tracer concentration. Finally, the dilution theory to quantify CBF,
CBV and MTT is presented together with the DSC-MRI impact on clinical
applications.
In Chapter 3 the problem of deconvolution in DSC-MRI is discussed. After
a brief introduction on deconvolution and its importance in DSC-MRI, the role
of the Arterial Input Function and the effect of bolus delay and dispersion on
the Residue function are considered. The deconvolution methods proposed in
literature for DSC-MRI are briefly reviewed. Particular attention is devoted
to the most important non-parametric deconvolution methods. The Singular
Value Decomposition (SVD), currently considered the gold-standard technique,
is described with particular attention to its performance and limitation (i.e.
presence of delay and dispersion in the arterial curve, generation of non physiological Residue curves and choice of the threshold value). Subsequently, other
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methods proposed to overcome the deconvolution problems will be considered;
more precisely, the block-Circulant Singular Value Decomposition (cSVD) proposed to solve the problem of the delay in the tracer arrival and the Tikhonov
Regularization (TIKH) proposed to overcome the problem of spurious oscillations in the Residue function. Finally, a recently proposed nonlinear stochastic
deconvolution method called Nonlinear Stochastic Regularization (NSR) is presented. Without the need to fix any threshold, this new method is able to
account for both smoothness and non-negativity of the Residue function and to
quantify the level of dispersion present in the estimated curve thus reconstructing the true CBF non affected by dispersion.
In Chapter 4, SVD, cSVD, TIKH and NSR are assessed and compared on
simulated data. After the simulation set up description, the results obtained with
the four methods are considered with regard to the impact on reconstructing
dispersed and non dispersed Residue functions and on estimating Cerebral Blood
Flow and Mean Transit Time.
In Chapter 5, SVD, cSVD, TIKH and NSR are assessed and compared
on clinical data. After a description of the protocol and subjects, the results
obtained with the four methods are considered with regard to the generation of
CBF, CBV and MTT maps. Particular attention is devoted to the generation
of maps of dispersion and non-dispersed CBF by NSR.
Chapter 6 is dedicated to the parametric deconvolution methods for DSCMRI analysis. The most important parametric deconvolution methods are
briefly reviewed. In particular, the Single Exponential model and the Vascular Heterogenous model, which is the only one accounting for flow heterogeneity,
are discussed. Then, other available models for brain blood transport are considered. In particular, a combination of a classical model of Multiple Indicator
Dilution theory, the Dispersion model, with Log-normal distribution is proposed
and applied both on real and simulated data set described in Chapter 4 and 5
respectively.
Finally, Chapter 7 is dedicated to some important open issues in DSC-MRI
quantification. In particular, the problem of CBF, CBV and MTT absolute
quantification, the impact of the Arterial Input Function selection (i.e. local vs.
global, automatic vs. manual AIF detection) and the potential use of the White
Matter as a Reference Region. Potential methodological improvements as well
as White Matter DSC-MRI modeling are also discussed.

Chapter 2

Dynamic Susceptibility
Contrast - MRI: Image
Acquisition and Dilution
Theory
DSC-MRI protocol and acquisition sequences using Gadolinium as contrast
agent are here presented. Subsequently, the commonly accepted assumptions
to model DSC-MRI signal are considered devoting particular attention to the
recirculation problem. In the end, the dilution theory to quantify CBF, CBV
and MTT is presented together with DSC-MRI impact on clinical applications.

2.1
2.1.1

Image acquisition
Gadolinium as contrast agent

Tracer methods for studying brain functionality make it possible to obtain detailed maps of cerebral perfusion that have applications for both medical research and clinical patient management. In particular, injections of exogenous
tracers have been used for first-pass bolus tracking: typically, a bolus of highconcentrated contrast agent is given to the patient and the MR signal observed
as the bolus passes through the brain.
Figure 2.1 illustrates a typical acquisition setting. Paramagnetic tracers,
such as gadolinium chelate, generate on the atomic scale extremely strong local
magnetic fields and alter the intrinsic nuclear MR properties of tissues. When
tissue, such as the human brain, is placed within a magnet, it experiments
a magnetic field which depends on both the strength of the magnet and the
properties of the tissue itself. The internal magnetic field in the tissue Bint can
be described as
Bint = B0 (1 + χ)

(2.1)
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where B0 is the applied magnetic field and χ is the magnetic susceptibility
of the material. Paramagnetic materials have χ > 0, which means that the
internal field is enhanced because molecules tend to align with the field. The
magnetic susceptibility of the agent in solution is directly proportional to the
concentration of the agent and is characterized by the molar susceptibility χm ,
which is the magnetic susceptibility per unit concentration of agent.
Paramagnetic solutions alter the average tissue susceptibility in a measurable way: the injection of these agents into the vascular bed causes the loss of
signal in tissues proximal to the vascular bed thus changing the contrast in MR
images. This happens because the paramagnetic tracer causes the presence of
magnetic inhomogeneities thus de-phasing the transverse magnetization of the
surrounding tissues. In fact, when the magnetic field is perfectly uniform, all the
water protons radiate at the same radio frequency; if the paramagnetic agent
disturbs the field, water protons in the surrounding tissues experience slightly
different magnetic fields and radiate at different frequencies, thus de-phasing
the net nuclear MR signal.
A bolus of contrast agent (i.e. typically Gadolinium at 0.1 - 0.3 mmol per
kg body weight) is delivered to the patient by an MRI-compatible power injector
at a rate of 5 - 10 ml sec−1 via an antecubital vein. A saline flush of 0.2 - 0.3
ml kg−1 then follows the bolus injection. Since the transit time of the bolus
is only a few seconds, it is necessary to use rapid imaging techniques to obtain
sequential images in the wash-in and wash-out periods.

2.1.2

Protocol and acquisition sequence

Dynamic Susceptibility Contrast - Magnetic Resonance Imaging (DSC-MRI)
can be performed by using either Spin Echo (SE) or Gradient Echo (GE) sequences, which are fast imaging techniques able to track bolus injections, since
the passage of the bolus affects both T2 and T2∗ relaxation times.

Figure 2.1: A typical acquisition setting.
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It is important to remember that T1 and T2 are inherent properties of
tissues, thus fixed for a specific tissue at a given magnetic field strength. The
parameter T2∗ , however, also depends on inhomogeneities in the main magnetic
field, but again is fixed for a specific tissue within a given external magnetic
environment. T1 is called the longitudinal relaxation time because it refers to
the time it takes for the spins to realign along the longitudinal axis. Instead, T2
and T2∗ describe the transverse relaxation, which is the plane orthogonal to the
longitudinal axis. The difference is that T2 decay depends primarily on spinspin interactions, while T2∗ decay depends on both external magnetic field and
spin-spin interactions.
If we assume mono-exponential relaxation, the MR signal intensities in T2 and T2∗ -weighted sequences are given by
S = S0 (P D, T R, T1 )e−T E/T2
∗

S = S0 (P D, T R, T1 )e−T E/T2

(2.2)

(2.3)

where S0 (P D, T R, T 1) includes terms depending upon the longitudinal relaxation time T1 , the Repetition Time T R (i.e. the time interval between sequences applications) and the Proton Density P D. The exponential term describes the loss of transverse relaxation determined by Echo Time T E and
transverse relaxation time T2 and T2∗ . The dependency on T E is due to the
fact that, instead of making the MR measurement immediately after the sequence pulse, one usually waits a short period of time, which is referred to as
T E. Passing through the vascular bed the paramagnetic tracer generates a susceptibility difference between the intra- and the extra-vascular space, leading
to field distortions and de-phasing. This de-phasing increases the relaxation
rates R2 = 1/T2 and R2 ∗ = 1/T2∗ approximately linearly in proportion to the
intravascular blood concentration of the agent Cb
R2 = R20 + r2 Cb

(2.4)

∗
R2∗ = R20
+ r2∗ Cb

(2.5)

where r2 and r2∗ are the transverse relaxivities which depend on the blood
volume and vascular morphology [Boxerman J.L. et al., MRM 34, 1995] and R20
∗
and R20
are the intrinsic SE and GE relaxation rates without the agent. It has
been shown that T2∗ -weighted GE sequences are most sensitive to the passage
of agent. It has also been shown that GE relaxation is most sensitive to vessels
larger than ∼20 µm in diameter thus deriving the signal from tissue with both
larger vessels and microcirculatory contributions.
The relaxivity is crucial in order to quantitatively determine the tracer
concentration from the MR signal changes during the bolus passage. The exact
value of the relaxivity will depend on the morphology of the blood vessels and
the used pulse sequence. In the case of the intravascular signal decay in a SE
sequence, the relaxivity is approximately the mole relaxivity of the contrast
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agent. For GE sequences, it has been found a slight quadratic dependence of
relaxation rate on the blood concentration Cb of the gadolinium chelate.
Because of the higher sensitivity of T2∗ to DSC, the GE is often the sequence of choice, even if GE sequences mostly reflect signal changes from larger
vessels while SE sequences are mostly influenced by the capillary bed. In the
SE sequence the signal from larger vessels is effectively refocused thus obtaining
improved image quality in particular brain regions such as the temporal lobes
and frontal sinus. Commonly employed sequences include fast GE imaging, GEweighted Echo Planar Imaging (EPI), SE-weighted EPI and different forms of
fast SE imaging.
A typical protocol consists in a single shot GE sequence with T E varying
from 40 to 60 msec and T R from 800 to 1200 msec with magnetic field strength
of 1.5T. Flip angle of 60-80◦ are chosen to maximize signal to noise ratios and
minimize any T1 weighting. Other pulse sequences used in DSC-MRI include
spiral variants of EPI and three-dimensional volume acquisition.

2.2 Modeling the DSC-MRI signal

2.2
2.2.1
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Modeling the DSC-MRI signal
From signal to concentration

Assuming a linear relationship between paramagnetic tracer concentration and
the change in transverse relaxation rate, the kinetics of the tracer concentration
inside tissue can be related to the time course of the observed MR signal intensity. If S0 and S(t) are the SE signal intensities in the baseline state (i.e. before
the bolus arrival) and at a time t after the injection of the contrast agent, the
concentration Ct (t) can be derived from Eq.(2.4) thus obtaining


κV OI
S(t)
1
log
Ct (t) = [R2 (t) − R2 (0)] = −
r2
TE
S(0)

(2.6)

in which κV OI is an unknown proportionality constant of the Volume Of
Interest (VOI) depending on the tissue, the contrast agent, the field strength
and the pulse sequence. A similar equation for GE signals can be derived from
Eq.(2.5). Eq.(2.6) is used to convert both arterial as well as tissue DSC-MRI
measured signals. Because of the complexity of the relaxation mechanism underling the DSC-MRI signal generation and the consequent difficulty in retrieving the correct κV OI value for each VOI, the same proportionality constant
(κ = κV OI ) is usually assumed for both tissue and arterial concentration.

Figure 2.2: The effect of the passage of a paramagnetic contrast agent bolus on
MR signal: the agent perturbs the magnetic field thus making water molecules
radiate at different frequencies; this results in de-phasing and reduction of total
MR signal, whose entity is related to the increased tracer concentration inside
tissue.
The effects of the passage of a bolus of paramagnetic contrast agent are
schematically shown in Figure 2.2, where the agent entering the tissue results
in an increasing of the tracer concentration and a decreasing in MR signal for
DSC.
The model used for quantification of DSC-MRI images is based on the principles of tracer kinetics for non-diffusible agents called Dilution Theory [Zierler
K.L., CR 10, 1962; Zierler K.L., CR 16, 1965; Axel L. Radiology 137, 1980] and
relies on the following assumptions:
1. the contrast agent is completely non-diffusible;
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2. there is no recirculation of the contrast agent;
3. the contrast agent is confined to the intravascular space, which means that
the Blood-Brain Barrier (BBB) is assumed to be intact; otherwise, tracer
leakage can occur;
4. the system is in steady state during the experiment (i.e. the blood flow is
assumed to be constant); as a consequence, only a stationary flow can be
measured in a single experiment; however, flows that vary slowly compared
with the duration of the experiment are still quantifiable by a series of
consecutive experiments;
5. the contrast agent dose must not appreciably perturb the system.

Considering a bolus of contrast agent injected into the tissue, the concentration CV OI (t) of tracer within a given VOI at a time t after the injection can
be described using three functions:
• Transport function h(t): it is the probability density function of transit
time t through the VOI after an ideal instantaneous unitary bolus injection, reflecting the distribution of transit times through the tissue. h(t) is
a characteristic of the system and has the dimensions of time−1 . In particular, h(t) is dependent on the flow and vascular structure of the VOI.
When integrated over the interval from 0 to ∞, the area is unitary and
dimensionless. Therefore
Z

∞

h(τ )dτ = 1

(2.7)

0

• Residue function R(t): it is the fraction of contrast agent present in the
VOI at time t following an ideal instantaneous unitary bolus injection;
R(t) is defined as
Z
R(t) = 1 −

t

h(τ )dτ

(2.8)

0

where the integral term in Eq.(2.8) stands for the fraction of tracer that
has left the VOI; note that R(t) is a dimensionless, positive, decreasing
function of time for which R(0) = 1, which means that all the tracer is
ideally present at time t = 0. Once h(t) and, consequently, R(t) are known
for a given VOI, the concentration curve of the tracer at the exit and that
retained in the VOI can be predicted for any known input function.
• Arterial Input Function (AIF) CAIF (t): it is the concentration of contrast
agent in the vessel feeding the VOI at time t.
Considering these definitions, the concentration of tracer inside the VOI at
time t is given by the convolution of the Residue function and the AIF:

CV OI (t) =

ρ
ρ
· CBF · (CAIF (t) ⊗ R(t)) =
· CBF
kH
kH

Z

t

CAIF (t)R(t − τ )dτ
0

(2.9)
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where CBF is the blood flow entering the VOI, ρ is the density of the brain
tissue and kH = (1 − Hart )/(1 − Hcap ) accounts for the difference in hematocrit
between large and small vessels (i.e. only the plasma volume is accessible to
the tracer). The use of the convolution operator is justified by considering AIF
as a cumulative sum of consecutive ideal boluses CAIF (τ )dτ injected at time
τ : for each single bolus, the concentration still present in the tissue at time t
is proportional to CAIF (τ )R(t − τ )dτ and the total concentration CV OI (t) is
given by the integral (i.e. the sum) of all these contributions.

2.2.2

Recirculation

The dilution theory assumes that no tracer recirculation occurs. In other words,
the model described for determining perfusion is only appropriate for the first
pass of the tracer. Unfortunately, this hypothesis cannot be regarded as true
in DSC-MRI experiments: experiment duration (∼1 min) is too short both for
contrast agent total amount to decrease, as Gadolinium is mainly eliminated
via the urinary system, and for dispersion phenomena to take place reducing
contrast agent concentration below detection threshold. This means that the
measured CV OI (t) can include contributions from recirculation, which can be
recognized as a second, smaller concentration peak or an incomplete return to
baseline after the first pass. Therefore, the problem is to separate the first-pass
tracer concentration profile from the recirculation peak before perfusion can be
calculated. This is accomplished either by (1) using data which only include
the initial peak up until the time of recirculation or the exceeding of a certain
amplitude threshold (i.e. arbitrary method ) or (2) by fitting a portion of the
data using an assumed bolus.
The first approach is usually not straightforward because often first pass
and recirculation profiles partially superimpose so that a bimodal pattern is not
evident. The techniques merely relying on using only concentration samples
that either have been measured before a chosen time instant tend or exceed
a chosen signal threshold value Smin are not sufficiently effective; in fact, the
pixel-by-pixel choice of both tend and Smin is rather arbitrary while having a
decisive impact on results. In the second approach, a Gamma-variate function
is typically used to fit the CV OI (t) data [Østergaard L. et al., MRM 36, 1996;
Benner T. et al., MRI 15, 1997; Porkka L. et al., Proc. of ISMRM 10th Annual
Meeting, 1991]. The Gamma-variate general form is
Γ(t; A, α, β, t0 ) = A(t − t0 )α e−

t−t0
β

(2.10)

where A, α, β and t0 are parameters to be estimated.
An example of Gamma-variate fit is presented in Figure 2.3 along with concentration samples from a typical tissue profile. Although the Gamma-variate
function is the most commonly used model for the first pass of the concentration time curve, it may not be valid in certain pathologies, such as severe stroke
lesions and tumors. In these cases, the use of Gamma-variate fit has to be
carefully considered, since it can potentially introduces errors due to poor data
fitting.
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Assumptions

An important assumption in the conversion of the MR signal time course to
a concentration time curve is that the relaxivity between the MR signal and
the agent concentration (see Eq.(2.4), (2.5) and (2.6)) is the same in different tissues. Theoretical models show that the coupling constant can depend
strongly on choice of pulse sequence and vascular morphology. For example,
the extravascular relaxivity in a GE sequence is relatively independent of vessel
size for vessels greater than 10-20 µm in diameter [Boxerman J.L. et al., MRM
34, 1995], giving equal weighting to venules and arterioles and less weighting
to capillaries. Thus tissue with different proportions of these vessels may have
different relaxivities.
The intravascular relaxivity is often taken to be the molar relaxivity of
the contrast agent, but this is not perfectly true in a GE sequence where the
relaxation is dependent on specific geometrical properties. Besides, using intravascular sources for the AIF, one has to wary that the relaxivity is not the
same as in the microvascular bed. Using SE sequences, the extravascular signal
is more sensitive to the non re-focusable signal from capillaries and has significantly reduced relaxivity for large vessels. In this situation, one has to use
intravascular arterial sources for the AIF and be sure to use the molar relaxivity
of the agent in order to convert the MR signal to concentration.
Another important assumption is the presence of an intact Blood-Brain
Barrier. The presence of a damaged BBB results in leakage of the tracer to the
extravascular space. This effect is often exploited to localize BBB breakdown in
some diseases. However, this leads to a great confound in vascular measurements
since the tracer, in this way, has more direct access to the tissue and exerts
stronger relaxation effects on T1 , T2 and T2∗ . The most direct consequence is a
decrease in T1 and T2∗ of the tissue thus altering the image contrast depending on
the degree of T1 and T2∗ weighting. This leads to a systematic error in DSC-MRI

Figure 2.3: A typical tissue concentration time course (dot curve) in presence
of tracer recirculation and the resulting gamma-variate fit (solid line).
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signal change.
In the end, one of the fundamental assumptions in the MR tracer model
is that the relaxation rate is linearly proportional to the intravascular concentration of the agent (see Eq.(2.4) and (2.5)). Some recent studies suggest that
in SE-based measurements this may not always be true: in the limit of high
agent concentrations, the relaxation rate varies with concentration raised to the
power of near 4/3, thus introducing systematic errors for absolute quantification
[Kiselev V.G. et al., MRM 46, 2001]. Theoretical models also suggest that the
extravascular relaxivity from capillaries in GE sequences may be nonlinear at
low agent concentrations.
A comprehensive theoretical model of intravascular tracers effect on tissue
relaxation has been proposed in [Kjølby B.F. et al., MRM 56, 2006] to describe
the transverse relaxation in perfused tissue caused by an intravascular tracer.
The reported results show that the relaxivity of intravascular tracer significantly
depends on the host tissue. In particular, a several-fold increase in the relaxivity
of Gadolinium in brain tissue compared with bulk blood has been pointed out,
probably due to the contrast in magnetic susceptibility between blood vessels
and parenchyma induced by the presence of paramagnetic tracer.

2.2.4

Cerebral Blood Flow, Cerebral Blood Volume and
Mean Transit Time quantification

Knowing the dynamics of the tracer as it enters the VOI and then passes through
it enables one to quantitatively measure three important brain hemodynamic
parameters:
• the Cerebral Blood Volume (CBV);
• the Mean Transit Time (MTT);
• the Cerebral Blood Flow (CBF).
CBV, MTT and CBF represent the most important and commonly used
parameters characterizing brain hemodynamics and can be rigorously defined
in terms of an elementary VOI of brain tissue perfused by blood, as intuitively
shown in Figure 2.4.
Considering an intact BBB, CBV is the ratio between the blood volume
contained in the VOI and the volume itself; in other words, CBV can be seen
as the amount of blood in a given VOI. From dynamic images acquired during
bolus injection of a contrast agent, CBV can be determined from the ratio of
the areas under the concentration time curve of the tracer within a given VOI,
CV OI (t), and under the concentration time curve of the tracer in the feeding
vessel to the VOI, CAIF (t), respectively. Normalizing CBV to the density ρ of
brain tissue, one has
R∞
kH 0 CV OI (τ )dτ
R
CBV =
ρ 0∞ CAIF (τ )dτ

(2.11)
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One can justify the presence of the factor kH considering that CBV may
be split into a Cerebral Plasma Volume (CPV) and Cerebral Red Cell Volume
(CRCV) [Barbier E.L. et al., JMRI 13, 2001] (i.e. CBV = CP V + CRCV );
defining hematocrit as the ratio H = 100 · (CRCV )/(CBV ), one has CBV =
CP V + H · CBV or, equivalently, CBV = (CP V )/(1 − H)

CBV =

area under blood VOI curve
ρ · area under blood input curve

(2.12)

being tracer in the plasma only and keeping in mind the definition of kH ,
one obtains

CBV =

area under plasma VOI curve
1 − HLV
ρ(1 − HSV )
area under plasma input curve

(2.13)

which leads to Eq.(2.11)

R∞
CV OI (τ )dτ
1 − HLV
kH 0 CV OI (τ )dτ
R
R
=
ρ(1 − HSV ) 0∞ CAIF (τ )dτ
ρ 0∞ CAIF (τ )dτ

R∞
CBV =

0

(2.14)

The commonly used units for CBV are milliliters per 100 grams of tissue
(ml/100g) and microliter per gram (µml/g).
Remark. Note that, in CBV definition, the effect of recirculation is not so
critical since the recirculation peak area, present in both CV OI (t) and CAIF (t),
is also likely to be proportional to CBV, just increasing at the same time the
concentration time integral for both the tissue and the arterial curve.
An additional parameter that characterizes the tissue perfusion is the MTT,
defined as the center of mass of the distribution h(t) or, in different words, the
average time required for any given particle of tracer to pass though the VOI.
The MTT is given by

Figure 2.4: The idea of CBV, MTT and CBF in a brain tissue volume.
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R∞
t × h(τ )dτ
M T T = 0R ∞
h(τ )dτ
0

(2.15)

and from Eq.(2.7) and (2.8), one has
Z

∞

Z
t × h(τ )dτ =

MTT =

∞

R(τ )dτ

(2.16)

0

0

MTT can also be calculated by using the Central Volume Theorem of the
indicator Dilution Theory [Axel L., Radiology 137, 1980; Stewart G.N. JP 15,
1984; Meier P. et al., JAP 6, 1954]. According to this theory, MTT is the ratio
between CBV and CBF in the VOI:
CBV
CBF

MTT =

(2.17)

MTT has dimension of time and it is usually expressed in seconds.
CBF is the net blood flow inflowing into an elementary brain VOI divided
by the volume itself. In case of an intact BBB, following the preceding definitions, CBF can be obtained by the convolution of R(t) and CAIF (t) considering
Eq.(2.9). That formulation can be derived by starting from Eq.(2.17)
R∞
CBV
kH 0 CV OI (τ )dτ
1
R∞
R∞
CBF =
=
MTT
ρ 0 CAIF (τ )dτ 0 R(τ )dτ

(2.18)

from which

Z
0

∞

ρ
CBF
CV OI (τ )dτ =
kH

∞

Z

Z
CAIF (τ )dτ ·

0

∞

R(τ )dτ

(2.19)

0

thus obtaining Eq.(2.9). To calculate CBF, one needs to deconvolve Eq.(2.9)
(see Chapter 3) in order to obtain the product function R∗ (t) = CBF ·R(t) and,
subsequently, the CBF from R∗ (t) value at time t = 0 (i.e. CBF = R∗ (0)).
The commonly used units for CBF are milliliters per 100 grams of tissue per
minute (ml/100g/min) and microliter per gram per second (µml/g/sec).
In conclusion, the algorithmic steps to quantify cerebral hemodynamics can
be summarized as follows: first, CBF is obtained by deconvolution of Eq.(2.9)
and CBV from Eq.(2.11), then MTT from Eq.(2.17) or from Eq.(2.16). The
fundamental steps to quantify CBF, CBV, and MTT starting from DSC-MRI
signal time curves of AIF and tissue are summarized in Figure 2.5. Sometimes
CAIF is not measured. In this case, one can only measure a relative CBV
(rCBV) from
Z
rCBV =

∞

CV OI (τ )dτ
0

but CBF and MTT cannot be estimated.

(2.20)
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As previously pointed out, in order to estimate CBF, CBV and MTT,
tracer concentration CAIF inflowing into the VOI must be known. A correct
measurement of the arterial signal and, consequently, of the arterial concentration time curve, CAIF , is one of the most delicate steps in the quantification of
DSC-MRI images. The Arterial Input Function depends not only on the shape
of the injected dose but also on the cardiac output, the vascular geometry and
the cerebral vascular resistance. Ideally, CAIF should be measured as closest as
possible to the VOI, thus representing its exact input concentration. Practically,
determining exactly where to measure it for each VOI is virtually impossible,
so a overall AIF is computed on the basis of signal contributions from volumes
of tissue containing a portion of a large vessel (i.e. usually the Middle Cerebral
Artery, MCA, or an Anterior Cerebral Artery, ACA [Østergaard L. et al.,MRM
36, 1996]) feeding the whole imaging slice. According to this latter approach,
any delay due to finite distance between AIF measurement site and tissue is
neglected, so MCA is usually the preferred choice for AIF detection because its
sagittal symmetric position reasonably guarantees delay minimization whenever
the whole slice is to be studied. In other words, CAIF (t) is usually estimated
from a large artery, with the assumption that this represents the exact input to
the VOI under examination [Østergaard L. et al.,MRM 36, 1996; Porkka L. et
al., Proc. of ISMRM 10th Annual Meeting, 1991; Calamante F. et al., JCBFM
19, 1999].
Since AIF determination is a crucial step in CBF estimation process, it is
usually carried out manually by physicians. However, several errors can affect
this measurement and, consequently, introduce a bias in CBF estimates. Thus,

Figure 2.5: The quantification process of DSC-MRI image: from signal acquisition (left) to parametric maps generation (right) of CBF, CBV, and MTT
[Bertoldo A. et al., in Advanced Image Processing in Magnetic Resonance Imaging, 2005].
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presence of partial-volume effect, delay and dispersion, sequence type used, and
wrong site of CAIF (t) measurement can concur, together or alone, to generate
inaccurate CBF, CBV and MTT maps. Because of the relatively low spatial
resolution of DSC-MRI images, it is possible that the tissue surrounding the
selected arterial vessel also contributes to arterial measured signal. In particular,
the partial-volume effect can be due to vessel size, location, and orientation, and
its presence introduces an overestimation of CBF. Recently proposed correction
methods are based on the use of an appropriate scaling factor [Lin W. et al.,
JMRI 14, 1991] or the use of ad hoc correction methods such as that developed in
[Van Osch M.J. et al.,MRM 45, 2001]. However, more work is needed to better
understand the effect of partial-volume presence in CAIF (t) in the quantification
of DSC-MRI images.
CAIF (t) is also dependent on the sequence type used. In [Boxerman J.L.
et al., MRM 34, 1995], the authors demonstrated that SE functional images
have great microvascular sensitivity resulting in images of good quality. But, as
noted in [Østergaard L. et al., MRM 36, 1996], in this case the obtained CAIF (t)
reflects more the situation of the small vessels and, consequently, could be an
underestimation of the true CAIF (t). On the other hand, GE sequence signal
arises from both large and small vessels, but resulting CAIF (t) are more affected
by errors due to partial-volume effects [Van Osch M.J. et al., MRM 50, 2003].
Of note, in a work by Simonsen and colleagues, GE and SE EPI sequences were
applied and compared in the estimation of CBF, CBV and MTT [Simonsen
C.Z. et al., JMRI 12, 2000]. After normalization of CBF and CBV values to the
area under the AIF, a linear relation between the two methods was found. The
ratio between CBV values measured with GE and SE (i.e. CBVGE /CBVSE )
was 2.96 and the corresponding ratio for CBF (i.e. CBFGE /CBFSE ) was 2.53.
There were no significant differences in these two ratios, suggesting that MTT
estimates derived from GE and SE EPI are comparable and that both GE and
SE are equally useful in clinical measurements of functional parameters in the
brain.

2.2.5

Summary parameters

Another possible approach to describe hemodynamics uses summary parameters.
The most commonly considered parameters are:
• Time-To-Peak (TTP): time at which the tracer concentration peak takes
place;
• Bolus-Arrival-Time (BAT): time at which the tracer arrives in the VOI;
• Maximum Peak Concentration (MPC): maximum value of the tracer concentration;
• Full-Width-at-Half Maximum (FWHM): width of the concentration curve
corresponding to half of the peak.
Summary parameters are calculated directly from the profile of the CV OI (t)
curve providing a fast and straightforward data analysis without the necessary
measurement of the AIF. However, as pointed out in [Perthen J.E. et al., MRM
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47, 2002], summary parameters can only provide indirect measure of perfusion.
Furthermore, the concentration time curve measured within the tissue depends
not only upon the CBF within that area, but also upon the particular AIF
and R(t) of the region. Variation in injection conditions and patient physiology
may produce AIF functions that differ between individuals and R(t) may also
vary between patients as well as within the brain. The calculation of summary
parameters, in contrast to the deconvolution approach, takes no account of the
variations in these two functions. So the use of summary parameters as measures
of perfusion should be taken with caution. Summary parameters can be effective
in the identification of abnormal regions, but their use in defining thresholds,
making within-subjects comparisons or comparing results in follow-up studies
can potentially lead to the incorrect classification of patients with respect to
their hemodynamic status. On the other hand, deconvolution approach can
potentially circumvent these limitations.

2.3 Impact of DSC-MRI on clinical applications
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Impact of DSC-MRI on clinical applications

Clinical applications of DSC-MRI are in a continuous evolution. They have a
role in the diagnosis and management of cerebrovascular diseases and seem to
be promising in dementia, epilepsy and trauma. This section just briefly reviews
some of the most important DSC-MRI clinical applications; for more detailed
results the reader is referred to more recent published studies in literature. In
particular, DSC-MRI can play a role in:
• acute stroke;
• chronic steno-occlusive disease of the extra- and intracranial arteries;
• vasospasm in Subarachnoid Haemorrhage;
• Moya Moya;
• cerebral nervous system vasculitis;
• arteriovenous malformations;
• brain tumors;
• dementia;
• trauma.
In acute embolic stroke the extent of microvascular perfusion abnormalities depends on the site of occlusion and the state of the collateral circulation.
Following acute arterial occlusion, DSC-MRI can provide an immediate picture of repercussions on tissue perfusion even when conventional and Diffusion
Weighted Imaging (DWI) may still be normal. Many investigations use maps
of summary parameters (i.e. BAT and TTP) to identify ischemic tissue. Of the
three parameters derived from Eq.(2.9), MTT and CBF were shown to be more
useful in acute stroke than CBV [Smith A.M. et al., JMRI 12, 2000; Sorensen A.
et al., Radiology 210, 1999]. In particular, MTT images were found to have the
highest sensitivity in predicting areas to undergo subsequent infarction, even if
MTT has been shown to overestimate final infarct. There is a great interest
in finding an imaging modality able to identify potentially salvageable tissue
(called ischaemic penumbra). To date, the combined use of DSC-MRI and DWI
has been proposed to identify the ischaemic penumbra: the method needs some
revision, but it provides physiological data which may improve patient selection
and expand the time window for thrombolytic therapy.
Hemodynamic disturbances in severe internal carotid artery stenosis or occlusion are variable and depend on the available collateral circulation and autoregulatory response. Occlusion of the internal carotid artery may not cause
significant alterations of hemodynamic parameters in presence of adequate collateral pathways; otherwise, an alteration of summary parameters or MTT is
the most consistently observed abnormality in DSC-MRI. A prolonged MTT can
be compensated by vasodilatation in the corresponding vascular territory, which
increases the CBV. A commonly used technique in Single Photon Emission Computed Tomography (SPECT) imaging uses a pharmacologically challenge with
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intravenous acetazolamide to assess the cerebrovascular reserve capacity. Patients who have already dilated their vascular bed to compensate for a proximal
stenosis or occlusion have a reduced cerebrovascular reserve and show an inadequate response to the pharmacological challenge. In [Kim S.G., MRM 34,
1995], DSC-MRI was compared to acetazolamide SPECT and cerebrovascular
reserve was found to correlate with measurements of MTT. It has also been
demonstrated [Kikuchi K. et al., AJR 79, 2002] that a quantitative evaluation
of the MTT may distinguish between patients with a severely decreased cerebrovascular reserve and those with normal or moderately decreased perfusion
reserve.
In patients with a subarachnoid haemorrhage, delayed ischaemic deficit due
to vasospasm is an important cause of morbidity and mortality. Early therapeutic intervention can lead to a significant reduction of morbidity. DSC-MRI
can be used for early detection of cerebral perfusion abnormalities secondary
to vasospam. Combined with DWI, it can identify areas of perfusion/diffusion
mismatch, as in acute embolic stroke [Rordorf R. et al., Stroke 30, 1999].
Moya Moya syndrome is defined via angiography by the presence of severe
stenoses or occlusions of the distal internal carotid arteries, often involving the
anterior and middle cerebral arteries and basal collateral vessels. Ischaemic
symptoms are thought to be hemodynamically mediated thus making DSCMRI an ideal modality to investigate these patients. Useful information can
be gained from analysis of summary parameters: typical findings are extensive
bilateral abnormalities in a border zone distribution, even if structural MRI is
normal [Calamante F. et al., Stroke 32, 2001].
Cerebral Nervous System vasculitis is an inflammatory disease involving
small blood vessels of the parenchyma and meninges, whose diagnosis often
requires brain biopsy. Intra-arterial angiography may not reveal any abnormality, because of the small size of the vessels involved, but DSC-MRI seems to
be promising for detecting microcirculatory hypo-perfusion which are the main
pathophysiological mechanism of Cerebral Nervous System vasculitis [Yuh W.
et al., JMRI 10, 1999].
Arteriovenous Malformations (AVM) are characterized by high density of
blood vessels and rapid arteriovenous shunting. The AVM focus is readily apparent on maps of rCBV and MTT, showing regional time-signal intensity curves
with prominent recirculation peak. DSC-MRI can be used to assess hemodynamic changes in the brain parenchyma adjacent to the AVM focus, due to
arterial steal or elevated venous pressure [Jäger H. et al., Radiology 213, 1999].
The biological behavior of brain tumors can be divide into two phases: a
pre-vascular phase, characterized by a limited tumor growth, and a vascular
phase, characterized by angiogenesis and a high rate of tumor growth. Microvascular density in glial tumors correlate with histological tumor grade and
can be used as a prognostic indicator. DSC-MRI is a non-invasive method of assessing tumor vascularity and can be used as an indirect marker of angiogenesis,
maybe revealing tumor heterogeneity not apparent on conventional MRI. Most
studies use rCBV as a measure of vascularization, but earlier investigations also
addressed CBF distributions [Østergaard L. et al., MRM 36, 1996; Sorensen
A.G. et al., JMRI 7, 1997]. SE and GE DSC-MRI differ in the sensitivity to
vessel size, being the first one less sensitive to larger vessels and more repre-
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sentative of the capillary microcirculation. Some investigations [Sugahara T.
et al., AJN 22, 2001] conclude that GE DSC-MRI imaging is better suited for
the discrimination of low-grade gliomas from high-grade gliomas, in which the
average vessels size exceeds that of capillaries. DSC-MRI is not only useful to
differentiate low-grade from high-grade gliomas: it can also improve the targeting of stereotactic biopsies by indicating areas of increased neo-vascularity [Cha
S. et al., Radiology 223, 2002] and monitor response to anti-angiogenic therapy
[Cha S. et al., JN 21, 2002]. DSC-MRI has also a potential role in the follow-up
of gliomas treated with radiotherapy, being evidence that DSC-MRI can distinguish radiation necrosis and tumor recurrence, having radiation necrosis a
low CBV on DSC-MRI images as opposed to a recurrent tumor, which has an
increased CBV [Cha S. et al., JN 21, 2002].
Patients with Alzheimer’s disease were shown to have a reduced blood flow
in the temporo-parietal regions. According to these findings, DSC-MRI shows
a reduction in rCBV in these areas. In [Bozzao A. et al., AJN 22, 2001], DSCMRI reaches a sensitivity and specificity of 90% in discriminating patients with
early Alzheimer’s disease from control volunteers.
Secondary ischaemic damage may play an important role in traumatic brain
injury. The perfusion abnormalities may persist for months after the trauma.
DSC-MRI perfusion imaging has the potential to contribute toward the understanding of the pathophysiological mechanism following trauma, maybe having
a role in predicting outcome following the injury. DSC-MRI has also been used
in a number of other conditions. Increases in rCBV have been observed in
patients with HIV, schizophrenia and epilepsy.

Chapter 3

Dynamic Susceptibility
Contrast - MRI and
Deconvolution
After a brief introduction on deconvolution and its importance in DSC-MRI,
the role of the Arterial Input Function and the effect of bolus delay and dispersion on the Residue function are here considered. Deconvolution methods
proposed in literature for DSC-MRI are briefly reviewed. Particular attention is
devoted to three important non-parametric deconvolution methods: the Singular Value Decomposition, currently considered the gold-standard technique; the
block-Circulant Singular Value Decomposition, proposed to solve the problem of
the delay in the tracer arrival; the Tikhonov Regularization, proposed to overcome the problem of spurious oscillations in the Residue function. In the end
of the Chapter, a recently proposed nonlinear stochastic deconvolution method
called Nonlinear Stochastic Regularization (NSR) is presented.

3.1

Introduction

Considering a linear system which describes the relation between an input function u(t) and an output function y(t), the operation of deconvolution enables
one to estimate the unknown non accessible function g(t) describing the system
starting from the accessible measurements of u(t) and y(t).
Z

t

g(t − τ )u(τ )dτ

y(t) =

(3.1)

−∞

Deconvolution suffers from different problems:
• inherent to the mathematical operation that deconvolution performs;
• specific to the nature of the physiological systems.
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When speaking about mathematical problems of deconvolution, one refers
to its ill-posedness and ill-conditioning. As formulated in Eq.(3.1), the estimation of g(t) is an ill-posed problem, which means that starting from the same
discrete samples of y(t) one can obtain via deconvolution different equivalent
solutions for g(t). On the other hand, ill-conditioning means that low noise
in y(t) measurements can lead to high errors in the determination of g(t) or,
equivalently, that low variations in the measured samples of y(t) can be amplified by deconvolution providing high variations in the solution. Furthermore,
the ill-conditioning increases as the data sampling frequency increases, which
means that having more information available to perform deconvolution does
not always mean obtaining more accurate estimates. Some characteristics of the
physiological systems further complicate the deconvolution operation. In physiological systems, experimental protocols necessarily have to be parsimonious
for ethical and economical reasons, so the signal sampling is as rare as possible
and often non uniform. Furthermore, frequently the experimental noise can not
be described by a stationary process and dynamics are time-variant. Another
problem is the fact that physiological signals are intrinsically positive so the
negative estimates which can be achieved because of the ill-conditioning have
no physiological meaning.
The deconvolution problem is commonly faced in different research fields
to eliminate the noise in the data or indirectly measure a signal; in particular, deconvolution problems are often present in the study of physiological and
pharmacokinetics systems. In general, no analytical solution to a deconvolution
problem is available, but several techniques allow one to compute an approximate numerical solution. Deconvolution methods can be simply but efficiently
classified into two main categories: parametric and non-parametric approaches
or, equivalently, model-dependent and model-independent methods.
In parametric methods, the unknown function to be deconvolved is described by a parametric function. In this way, deconvolution loses its ill-posedness and ill-conditioning by having to solve a parameters estimation problem,
but assumptions on the shape of the solution have to be formulated a priori. These methods eliminate the irregularities in the g(t) estimates due to
ill-conditioning by imposing for g(t) a known functional shape, g(t) = g(t, θ),
such as polynomial, sum of exponentials or gaussian and lagged-normal. In this
way, they transform the deconvolution problem into an estimation problem of θ,
which can be solved by means of least squares methods. Parametric methods are
commonly used in pharmacokinetics studies, although their use can arise questions about the model order choice, the estimation of the confidential intervals
and the presence of non negativity bond.
Non-parametric approaches owe their name to the fact that they virtually
make no assumptions on the description of the unknown function to be deconvolved. These methods are more powerful and less biased than the parametric
ones, but they have to deal with the ill-posedness and ill-conditioning of deconvolution. One of the most diffused non-parametric method is the Phillips-Tikhonov
Regularization. Other non-parametric deconvolution methods proposed in literature are the Truncated Singular Value Decomposition (TSVD), the Conjugate
Gradient Regularization and the Maximum Entropy; the last one can be considered a modified version of the Phillips-Tikhonov Regularization in which the
research of g(t) is bounded to positive solutions.
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Deconvolution is necessary for quantification

Figure 3.1: Deconvolution in DSC-MRI.
Figure 3.1 describes the idea of deconvolution when considering the DSCMRI case, in which CAIF (t) stands for the measured input function u(t) of
Eq.(3.1), CV OI (t) for the measured output function y(t) and g(t) is the unknown
system linking these two concentration time curves. To quantify CBF from
Eq.(2.9), one needs to perform deconvolution.

Figure 3.2: Ingredients of the deconvolution problem in DSC-MRI: Arterial
Input Function CAIF (t) and tissue concentration curve CV OI (t) are measured.
The product function R∗ (t) = CBF ·R(t) is calculated via deconvolution. R∗ (t)
value at time t = 0 represents CBF.
Figure 3.2 describes the ingredients of the problem: one measures the Arterial Input Function CAIF (t) and the tissue concentration curve CV OI (t) and has
to calculate the product function R∗ (t) = CBF ·R(t), whose value at time t = 0
represents CBF. The measurement of the AIF and the subsequent deconvolution
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of CV OI (t) can produce direct information about the physiological parameters
CBF, CBV and MTT, but involves very time-consuming postprocessing. As
pointed out in Chapter 2, the use of summary parameters for fast data analysis
without the AIF measurement can only provide indirect measure of perfusion
and should be taken with caution.

3.2.2

Arterial Input Function: effect of bolus delay and
dispersion on the Residue function

As pointed out at the beginning of the Chapter, one has to deal with problems specific to the physiological nature of the system to whom deconvolution
is applied. In the case of DSC-MRI, the unknown function to be reconstructed
is the product function R∗ (t) = CBF ·R(t) which has to have a non negative
and smooth shape according to its definition (see Eq.(2.8)). Any deconvolution
method applied to DSC-MRI data has to consider these features for its solution
in order to gain an acceptable characterization of the Residue function, especially if the actual shape of the R(t), and not just its initial value, is of interest
(i.e. the determination of flow heterogeneity and oxygen delivery).
Furthermore, the presence of bolus dispersion in DSC-MRI data has been
shown to be a significant source of error in hemodynamics quantification [Østergaard L. et al., JCBFM 19, 1999; Calamante F. et al., MRM 44, 2000]. In fact,
in addition to the presence of partial-volume effect, AIF may undergo dispersion
during its passage from the point of measurement to more peripheral tissues,
especially in presence of pathology. If d(t) denotes the Dispersion function, the
deconvolved R∗ (t) does not represent CBF multiplied by the true Residue function R(t), but represents CBF multiplied by the convolution between the true
Residue function and the Dispersion one
R∗ (t) = CBF · (R(t) ⊗ d(t))
with R∗ (0) = 0 and

R∞
0

(3.2)

R∗ (τ )dτ = CBF ·M T T .

Figure 3.3: Residue function R(t) in absence (solid) or presence (dashed line)
of arterial dispersion.
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Thus, in presence of dispersion, the actual Residue function has a different
shape and properties in comparison with the true one, as shown in Figure 3.3.
Dispersion presence modifies the shape of the deconvolved curve so that one has
to estimate CBF from the maximum of the deconvolved curve [Østergaard L.
et al., MRM 36, 1996; Calamante F. et al., MRM 44, 2000] instead of from the
deconvolved curve at time t = 0, which is zero in presence of dispersion.
The measured CAIF (t) may also be affected by delay. In this way, an error
in quantification of CBF may be introduced if an appropriate deconvolution
algorithm is not used. Recent studies have shown that delays of 1 to 2 seconds
can introduce a 40% underestimation of CBF and a 60% overestimation of MTT
[Calamante F. et al., MRM 44, 2000]. Of note is that these delays between the
measured and true AIF are common in cerebral regions affected by cerebrovascular disease. Consequently, the quality of information provided by quantification
of MRI images is reduced in important pathologies such as cerebral ischemia
and carotid stenosis. However, it should be pointed out that delay-induced CBF
underestimation is not an inherent problem in deconvolution, but the result of
algorithm inappropriateness: if an appropriate deconvolution algorithm is used,
delay effects can be avoided.
As suggested in [Calamante F. et al., Stroke 33, 2002; Alsop D.C. et al.,
JCBFM 16, 1996], CAIF (t) should be measured as close as possible to the true
feeding artery in order to minimize delay and dispersion effects on the CBF
estimate. Although the use of a local CAIF (t) instead of that coming from a
large vein such as the carotid artery can reduce delay and dispersion, it can
increase the presence of partial-volume effect. Thus, as pointed out in the previous Chapter, particular care is required in selecting the best place for CAIF (t)
measurement, by evaluating all technical limitations and physiopathological conditions. Of note is that the use of a local CAIF (t) could be important not only
to minimize delay and dispersion but also in studying patients with cerebral
ischemia or stenosis.

3.2.3

Deconvolution methods for Dynamic Susceptibility
Contrast - MRI: a brief Summary

During the last decade several deconvolution methods have been proposed in
literature in order to derive CBF from Eq.(2.9).
Parametric approaches
In parametric approaches, the function to be deconvolved is described by a
parametric function, which implies formulating a priori assumptions on the
shape of the solution.
• Larson et al. [Larson K.B. et al., JTB 170, 1994] suggested an Exponential Residue model, which implies that the microvasculature is like that of
a single, well-mixed compartment. This approach, by introducing heavy
assumptions on R(t) behavior, is likely to introduce a bias in CBF estimates.
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• Østergaard et al. [Østergaard L. et al., JCBFM 19, 1999] introduced a
more general model for the brain blood flow heterogeneity, based on the
description of macro-vascular transport and microvascular retention in
heart. The considered model consists in a modified version of the vascular
model described in [Kroll K. et al., AJP 271, 1996] and represents the first
attempt to apply in DSC-MRI analysis blood flow heterogeneity models
derived considering other organs, such as heart and kidney.

Non-parametric approaches
Non-parametric approaches virtually make no assumptions on the description
of the unknown function to be deconvolved.
• Fourier transform is one of the simplest methods to solve the inverse
problem of Eq.(2.9): Fourier transform convolution theorem states that
the transform of two convolved functions equals the product of their individual transforms, so that
F{CBF ·R(t)} · F{CAIF (t)} = F{CV OI (t)}

(3.3)

From Eq.(3.3) one obtains
CBF ·R(t) = F −1



F{CV OI (t)}
F{CAIF (t)}


(3.4)

where F −1 denotes the inverse of the Fourier transform F. The Fourier
transform approach has the attraction of being theoretically very easy to
implement and insensitive to delays between the AIF and the tissue. However, its use is not without problems, and discordant results have been
reported in literature. For instance, Østergaard and colleagues showed
that the Fourier transform approach biases CBF, in particular underestimating it in case of high flow [Østergaard L. et al., MRM 36, 1996]. They
also showed that Fourier transform approach has an inherent problem in
estimating the actual CBF when the Residue function has discontinuities.
However, other researchers found satisfactory estimates of CBF in comparison with other, more sophisticated deconvolution techniques [Smith
A.M. et al., MRM 43, 2000; Wirestam R. et al., MAGMA 18, 2005].
• Raw deconvolution represents another possibility to solve Eq.(2.9) resorting to linear algebra. More precisely, assuming that tissue and arterial
concentrations are measured at equidistant time points, ti = ti−1 + ∆t,
and choosing ∆t so that R∗ (t) = CBF ·R(t) is reasonably approximated
by a staircase function, a discrete version of Eq.(2.9) can be written as
j
X
ρ
· CBF ·∆t
CAIF (ti )R(tj − ti )
CV OI (tj )∼
=
kH
i=0

which is equivalent to the matrix form

(3.5)
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CVOI =

ρ
· CBF ·∆t·CAIF ·R
kH
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(3.6)

where CVOI is a N ×1 vector, CAIF is a N ×N matrix, R is a N ×1 vector
and ∆t is the length of the equally spaced sampling intervals. Eq.(3.6) is
a standard matrix equation that can be inverted to yield kρH · CBF ·R(t)
if det(CAIF ) = 0
ρ
· CBF ·∆t·R = CAIF −1 ·CVOI
kH

(3.7)

Albeit appealing in its simplicity, this approach is known to perform
poorly, being extremely sensitive to noise [De Nicolao G. et al., Automatica 33, 1997].
• Singular Value Decomposition (SVD) represents a widely used approach
to solve Eq.(2.9) that overcomes the limitations of the raw deconvolution.
SVD, introduced as a method to estimate R∗ (t) by Østergaard and colleagues [Østergaard L. et al., MRM 36, 1996], has been shown to be a
reliable technique for deconvolution because it reduces the effect of noise
on R∗ (t) estimation. However, in the last years its limitations have been
pointed out [Murase K. et al.,PMB 46, 2001; Liu H.L. et al., MRM 42,
1999; Wirestam R. et al., MRM 43, 2000; Sourbron S. et al., MRM 52,
2004; Wu O. et al., MRM 50, 2003; Smith M.R. et al., MRM 51, 2004].
In particular, it has been shown that CBF values obtained by SVD largely
depend on the threshold value selected to eliminate high frequency components
in the estimated R(t). In addition, SVD introduces undesirable oscillations and
negative values in the reconstructed CBF ·R(t), producing a nonphysiological
Residue function. This is far form ideal because there are situations in which the
actual shape of the Residue function, not just its maximum value, is of interest,
for example when there is presence of bolus delay and dispersion and only an
accurate determination of the shape of CBF ·R(t) can allow an assessment and a
correction of the estimation error. In such cases, the conventional SVD method
is not suitable. In order to overcome SVD limitations, several deconvolution
methods have been proposed during the last decade.
• Wu et al. [Wu O. et al., MRM 50, 2003] proposed the so-called blockCirculant SVD (cSVD). SVD applied to DSC-MRI data shows the tendency to underestimate the flow when the tissue tracer arrival is delayed
relative to the AIF. This problem has been circumvented by cSVD method,
which looks promising in providing tracer-arrival time-insensitive flow estimates and a more specific indicator of ischemic injury.
• Ibaraki et al. [Ibaraki M. et al., JCBFM 25, 2005] proposed a delay correction method alternative to cSVD: the tracer arrival delay is determined
pixel-by-pixel via least squares fit of the initial part of tissue concentration
samples and CBF is estimated using SVD after the translation in time of
the whole tissue concentration curve. Results obtained on real as well as
simulated data show CBF estimated values insensitive to tracer delay and
higher contrasts in CBF and MTT parametric maps.
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• Koh et al. [Koh T.S. et al., IEEE TMI 23(12), 2004] considered a regressive
approach to select a Regularization parameter to perform deconvolution
using SVD. The method has shown to be robust to the presence of different
noise levels, providing less noisy solutions without any a priori knowledge
of the noise conditions.
• Murase et al. [Murase K. et al., MRMS 3(4), 2004] presented an implementation of Generalized Cross Validation (GCV) (see following sections
for details about GCV) for automatically determining the threshold value
in deconvolution analysis based on SVD, investigating the usefulness of
this approach in comparison with SVD with a fixed threshold value of
20% . They found out that CBF estimation with GCV-selected threshold was substantially improved over a wide range of values for different
types of Residue functions at the cost of increased noise with respect to
traditional threshold-fixed SVD.
• Carpenter et al. [Carpenter T.K. et al., MRM 55, 2006] found out systematic errors in the measured perfusion parameters when SVD single
global threshold is applied. The authors proposed a method that partially
corrects for these systematic errors in presence of an exponential Residue
function by applying a linear fit, which removes underestimates of long
MTT and overestimates of short MTT. However, they concluded that the
proposed method, even if reducing systematic errors, can not correct them
exactly.
• Salluzzi et al. [Salluzzi M. et al., MRI 23, 2005] have pointed out the
presence of significative differences in the CBF estimates obtained by SVD
and Fourier transform. SVD shows CBF estimated values which vary with
the delay between artery and tissue, variations that are not present when
the Fourier transform approach is considered. On the other side, the
Fourier transform approach shows CBF estimated values whose accuracy
varies with the MTT thus justifying the different attempts of combining
SVD and the manipulation of the artery-tissue delay to compensate this
low accuracy.
• Andersen et al. [Andersen I.K. et al., MRI 48, 2002] proposed the use of a
Gaussian process to approximate the convolution kernel (i.e. the Residue
function). The method is called Gaussian Process Deconvolution (GPD)
and allows accounting for the smoothness, but not for non negativity, of
the Residue function by incorporating this constrain as a priori information.
• Calamante et al. [Calamante F. et al., MRM 50, 2003] improved upon
SVD by implementing the Tikhonov Regularization method in order to
overcome the presence of unwanted oscillations in the Residue function.
However, even if this new method was shown to provide an improved
characterization, as compared to SVD, of the R(t) shape, it does not
account for non negativity of R∗ (t).
• Vonken et al. [Vonken E.P.A. et al., MRM 41, 1999] proposed an iterative Maximum Likelihood - Expectation Maximization (ML-EM) algorithm
which automatically corrects for the presence of delay in tracer arrivals
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without any a priori assumption on the characteristics of the function to
be reconstructed, providing positive values in the Residue function.
• Willats et al. [Willats L. et al., MRM 56, 2006] have recently proposed
a modified version of ML-EM to improve the deconvolution of perfusion
DSC-MRI data in presence of bolus delay and dispersion. The proposed
modified ML-EM shows to improve the characterization of the effective
Residue function over a wide range of shapes. The key is a point-wise
termination approach for the iteration which, together with appropriate
integral approximations, minimizes the effects of noise and discretization
errors.
• Murase et al. [Murase K. et al., MRIMS 2(2), 2003] compared the use of
Auto-Regressive Moving Average (ARMA) models and SVD in the quantification of CBF. However, results obtained on simulated data show that
CBF values estimated by ARMA are more sensitive to experimental noise
and AIF delay than those obtained with SVD. Furthermore, ARMA seem
to deeply overestimate CBF when low values of the signal-to-noise ratio
are considered.
• Wirestam et al. [Wirestam R. et al., MAGMA 18, 2005] considered an
alternative approach in which the deconvolution of DSC-MRI data is obtained combining the Fourier transform with a wavelet-based transformation in order to eliminate the experimental noise. Traditional Fourier
transform approach needs a filter in the frequency domain to analyze the
noisy data, leading to an excessive Regularization of the signal. To avoid
this problem, Wirestam and colleagues used a low Regularization level
while the major part of the noise reduction was obtained through wavelet
transformation of the data and a Wiener filtering in the wavelet space. The
estimation of CBF ·R(t) obtained after inverse wavelet transformation has
provided accurate and delay-insensitive CBF values, suggesting that the
combined wavelet-FT deconvolution is robust and may be implemented in
commercial perfusion softwares.
This work focused on three non-parametric deconvolution methods, in particular:
• Singular Value Decomposition;
• block-Circulant Singular Value Decomposition;
• Tikhonov Regularization.
Singular Value Decomposition currently represents the gold-standard technique in perfusion analysis with DSC-MRI. Block-Circulant Singular Value Decomposition represents a logical improvement of the original SVD concept and,
together with SVD, is commonly implemented and used in commercial softwares
to perform DSC-MRI analysis in clinical practise. Tikhonov Regularization has
been chosen because it is a classical Regularization method and its application
to DSC-MRI data in [Calamante F. et al., MRM 50, 2003] represents the first attempt to overcome the problem of deconvolved R(t) oscillations by introducing
explicit Regularization, even if it is not particularly widespread in DSC-MRI.
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3.3
3.3.1

Non-parametric deconvolution methods
Singular Value Decomposition

In linear algebra, Singular Value Decomposition (SVD) is an important factorization of rectangular real or complex matrices, with several applications in
signal processing and statistics. SVD is used, for example, to compute the
pseudo-inverse of a matrix; another application is that SVD provides an explicit representation of the range and null space of a matrix thus being used
to determine the effective rank of a matrix. SVD is also applied extensively
to the study of linear inverse problems. It is widely used in statistics, where
it is related to Principal Component Analysis (PCA), in signal processing and
pattern recognition and in output-only modal analysis. A modified version of
SVD, called Truncated Singular Value Decomposition (TSVD), was introduced
for the first time in the DSC-MRI context in 1996 by Østergaard and colleagues,
becoming the gold-standard technique to quantify cerebral hemodynamics from
bolus tracking experiments [Østergaard L. et al., MRM 36, 1996].
Each algebraic approach to perform deconvolution is based on a algebraic
reformulation of the convolution integral in Eq.(2.9). Assuming that arterial
and cerebral concentrations are measured at a set of equally spaced time points,
t1 , t2 , ..., tN , and that, over small time intervals ∆t, the Residue function and
arterial input values are constant, convolution in Eq.(2.9) can be formulated as
a matrix equation

CV OI (tj ) = CBF ·

ρ
kH

Z

tj

CAIF (τ )R(t−τ )dτ ≈ ξ
0

where ξ = ∆t · CBF ·



j
X

CAIF (ti )R(tj −ti )

(3.8)

i=0
ρ
kH ,

CAIF (t1 )
0
 CAIF (t2 )
C
(t2 )
AIF
ξ

...
...
CAIF (tN ) CAIF (tN −1 )

or equivalently

...
...
...
...

 
R(t1 )
0
  R(t2 )
0
·
  ...
...
R(tN )
CAIF (t1 )






CV OI (t1 )
  CV OI (t2 ) 

=

 
...
CV OI (tN )

We can use the vector notation for Eq.(3.8)
A·b = c

(3.9)

where b contains the elements of R(ti ), i = 1, 2, ..., N multiplied for ξ,
and c are the measured tissue tracer concentrations. Eq.(3.9) can be solved
iteratively for the elements of b, but this approach is extremely sensitive to
noise, causing the presence of oscillations in R(t). In order to solve Eq.(3.9),
one has to minimize both the effects of noise and the distance between predicted
and measured data
kA·b − ck

(3.10)
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where k in Eq.(3.10) represents the vector norm. The algebraic approach
assumes that arterial and tissue concentrations are constant between measurements. In the context of CBF measurements using DSC-MRI, both the AIF
and the Residue function are expected to vary over small time scales compared
with the temporal resolution of the measurements. The constancy of these two
functions between consecutive measurements is a poor approximation so it can
be assumed that CAIF (t) and R(t) vary linearly with time. The elements aij of
the matrix A in Eq.(3.10) become


aij =

∆t[CAIF (ti−j−1 ) + 4·CAIF (ti−j ) + CAIF (ti−j+1 )]/6 0 ≤ j ≤ i
0
otherwise

Considering these elements for matrix A, SVD solves Eq.(3.10) constructing
matrices V, W and UT so that the inverse of A in Eq.(3.10), A−1 , can be
written as
A−1 = V·W·UT

(3.11)

where W is a diagonal matrix, with off-diagonal elements equal to zero,
and U and UT are orthogonal and transpose orthogonal matrices respectively.
Given this inverse matrix, b and consequently R(t) are calculated as
b = V·W·(UT ·c)

(3.12)

At this point, the main force of TSVD with respect to basic SVD is the
possibility to remove high frequency components in the estimated R(t) by setting to zero some of the diagonal elements in W. Diagonal elements in W are
zero or close to zero corresponding to linear equations in Eq.(3.8) that are close
to be linear combinations of each other. This fact allows one to identify elements in the matrix A that causes the solution b to oscillate or be meaningless
in a biomedical modeling context. In other words, the smaller eigenvalues of
W, linked to the slow modes of the system, are mainly responsible of the deconvolution ill-conditioning: the idea of TSVD is to eliminate these eigenvalues
thus controlling the regularity of the solution. In terms of sampling data from
bolus tracking experiments, the fact that equations in Eq.(3.8) are close to be
linear combinations of each other means that data are sampled at time points
where changes in concentration time curves are small relative to noise. By setting equal to zero diagonal elements below a certain threshold in W, one can
minimize these effects before calculating b. For the rest of the work, we will
refer to TSVD as simply SVD.
Remark. The problem of SVD threshold deserves further attention. The
commonly used threshold for the maximum singular value is 20%. This value
was selected on the basis of an optimization using numerical simulations and
the typical signal-to-noise of DSC-MRI data [Østergaard L. et al., MRM 36,
1996]. Although Liu et al. [Liu H.L. et al., MRM 42, 1999] have proposed an
adaptive threshold selection technique based on pixel concentration characteristics, suggesting to optimize the threshold for each Signal-to-Noise Ratio (SNR),
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the 20% value remains the most commonly used value. This is because the single threshold value offers simplicity and the noise dependence is not as simple
as previously suggested. In fact, Andersen and colleagues found out that the
empirical relationship between threshold value and noise proposed by Liu and
colleagues is not optimal for non-exponential Residue function models [Andersen I.K. et al., MRI 48, 2002]. The approach by Liu and colleagues is only
better than the fixed-threshold approach for the conditions of the proposed simulations, but the curve is better estimated by the fixed threshold method for other
tested circumstances. This suggests that, although the noise dependence for the
threshold level proposed in [Liu H.L. et al., MRM 42, 1999] is real, the actual
relationship is probably very complex and influenced by different factors.

3.3.2

Block-Circulant Singular Value Decomposition

In 2003, Wu and colleagues proposed a modified version of SVD to improve flow
estimates by performing deconvolution with a block-Circulant matrix, in order
to reduce sensitivity to tracer arrival differences between AIF and tissue signal
[Wu O. et al., MRM 50, 2003]. One of the assumptions built into Eq.(3.8) is
that the tissue signal cannot arrive before the AIF (i.e. causality). However, in
practise the AIF can lag CV OI (t) by a delay time td , since the measured AIF
∗
(t) is not necessarily the true AIF for that tissue CAIF (t), thus resulting
CAIF
∗
(t) = CAIF (t − td ). Therefore, the calculated R∗ (t) should be R(t + td )
in CAIF
for CV OI (t), but if causality is assumed, R∗ (t) cannot be correctly estimated by
inversion of Eq.(3.8) using SVD.
By means of circular deconvolution instead of linear deconvolution, R∗ (t)
can be represented with R(t) circularly time shifted by td . Circular deconvolution has been shown to be equivalent to linear deconvolution with time aliasing.
By zero-padding the N -point time series CAIF (t) and CV OI (t) to length L, with
L ≥ 2N , time aliasing can be avoided. Replacing matrix A in Eq.(3.10) with a
block-Circulant matrix D whose elements are

di,j =

ai,j
aL+i−j,0

for j ≤ i
otherwise

Eq.(3.9) can be reformulated as
g = D·b

(3.13)

where g is the zero-padded c. Making use of SVD, the inverse of D can be
decomposed to
D−1 = Vc ·Wc ·UTc

(3.14)

b = Vc ·Wc ·(UTc ·g)

(3.15)

and, solving for b

When using circular deconvolution, due to the discontinuities at t = 0 and
t = L, leakage frequencies may be amplified, giving rise to spurious oscillations
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dominating the deconvolved signal. Increasing the Preset SVD threshold PSV D
reduces these oscillations so that one can vary PSV D until the estimated Residue
function oscillations fall below a desired level. In [Wu O. et al., MRM 50,
2003], the optimal PSV D was determined by computer simulations as the value
that minimized the average CBF estimation error over all considered Residue
functions assuming zero time delay.
Remark: cSVD improvements on SVD and limitations. In [Wu O.
et al., MRM 50, 2003], SVD and cSVD have been compared. Results reported by
Wu and colleagues show that cSVD overcomes the limitation of SVD in providing
hemodynamic estimates not weighted by tracer arrival time. Furthermore, cSVD
also performs comparably to standard SVD when there are no differences between
the tracer arrival time of the AIF and the tissue signal. In particular, the effect of changing the sampling rate was investigated. As the T R increases, the
performance of SVD and cSVD degrades, due to insufficient temporal sampling
to properly characterize the hemodynamic properties of the tissue. In presence
of arrival time differences that are not multiples of T R, cSVD exhibits slight
oscillations, but these fluctuations are smaller in magnitude than those due to
noise or obtained with SVD. As for SVD, Wu and colleagues found out that
cSVD using a fixed global threshold performs worst than what they called oSVD,
a block-Circulant SVD technique using an adaptive local threshold varying on
an individual pixel basis. The delay-insensitive CBF estimates using oSVD may
provide results that are robust not only to differences in tracer arrival time, but
also to AIF selection, representing a more specific snapshot of the severity of ischemia in tissue at risk of infarction. Furthermore, td shift maps can contribute
in providing a sensitive reflection of disturbed hemodynamics.
In conclusion, block-Circulant SVD looks promising in providing tracerarrival flow estimates insensitive to time, but more work is necessary to better
define its domain of validity. Furthermore, it shows some limitations that may
be pointed out. First of all, cSVD and oSVD concentrate only in the estimation of CBF and uses these estimated values to discriminate among tissue types
and characteristics, while there are situations, in a clinical context, in which
the whole shape of the R(t) and not only the CBF is of interest. Besides, these
techniques do not consider the problem of bolus dispersion so that the characterization of the deconvolved R(t) is poor, also showing the presence of negative
values in the deconvolved curve. Furthermore, as for standard SVD, both cSVD
and oSVD need to fix a threshold to eliminate the spurious oscillation in the
deconvolved R(t). In the case of cSVD, the optimal threshold value was found
a posteriori by minimizing the average error in the flow estimation on a simulated data set. This approach cannot be applied working on clinical data. This
problem can be partly overcome in oSVD using an adaptive threshold selection
technique as that proposed in [Liu H.L. et al., MRM 42, 1999], but the presence
of oscillations in the estimated R(t) shape still remains.

3.3.3

Tikhonov Regularization

The Phillips-Tikhonov Regularization method represents one of the most widely
diffused methods in literature. The basic idea is that raw deconvolution seen
in previous sections provides a perfect agreement between measured and reconvolved data but, at the same time, an estimate of the unknown expected
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smooth function g(t) which suffers from wide oscillations. The idea is to find a
solution which provides even an unperfect fit to the experimental data but, at the
same time, a regular and smooth shape according to its expected physiological
nature.
As in the raw deconvolution, the estimate of g(t) is obtained as the solution
to an optimization problem (i.e. to search the minimum of a cost function). The
cost function considered in the Phillips-Tikhonov method coincides with that
of the raw deconvolution, except for a second term representing an indicator
of the energy of the m-derivatives of the estimate (i.e. indicator of estimate
irregularity). In this way, the cost function considers both the adherence to the
data and the smoothness of the solution. A scalar non negative parameter, say
γ, called the Regularization parameter makes the trade-off between adherence to
experimental data and regularity of solution, assigning different relative weights
to the two components of the cost function. High values of γ provide extremely
regular solutions; low values of γ provide a better adherence to data.
The key step in every Regularization method is the selection of the optimum
Regularization parameter γ. Several methods have been proposed in literature
to fix this value on the basis of different Regularization criteria, in particular:
• Discrepancy Criterion;
• Minimum Risk Criterion;
• Ordinary Cross-Validation Criterion;
• Generalized Cross-Validation Criterion;
• L-curve Criterion.
Remark.
Discrepancy and Minimum Risk Criterion are based on the
observation that residuals between measured and predicted data can be seen as
an estimate of the measurement error. They suggest to chose the γ value which
makes the energy of these two quantities equal. These two criteria need the a
priori knowledge of the measurement error variance to perform correctly. Other
criteria do not require this information. Ordinary Cross-Validation Criterion
is based on the idea that some regularity properties exist among the available
measurements which make each single measurement predictable starting from
the other ones. The best value for γ is that minimizing the average quadratic
error with which re-convolution predicts a sample using all the other samples in
the estimation. Generalized Cross-Validation Criterion (GCV) consists in an
approximated version of the ordinary one which reduces the computational time.
L-Curve Criterion (LCC) displays the trade-off between weighting the adherence
to experimental data and the Regularization constraint. When plotted on a loglog scale, the curve has a characteristic L-shaped appearance; the corner of the Lcurve gives a Regularization parameter that provides an acceptable compromise
between fit to data and Regularization term.
The Tikhonov Regularization method with the LCC criterion was firstly
applied in the DSC-MRI context in [Calamante F. et al., MRM 50, 2003] in
order to improve the characterization of the Residue function. As previously
explained, Tikhonov Regularization involves adding a side constraint to stabilize
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the solution to the ill-posed problem of Eq.(3.10). The side constraint is of the
form λ2 kL·bk2 , where L is a matrix and the vertical lines indicate the vector
norm. The matrix L has to be chosen based on a priori information about the
non-oscillating and smooth expected R(t) and the Regularization parameter λ
has to be optimized. In other words, instead of solving the original ill-posed
problem by minimizing the residual norm kA·b − ck, one solves an alternative
and more stable problem by minimizing a weighted combination of the residual
norm and the side constraint
bλ = minb [kA·b − ck2 + λ2 kL·bk2 ]

(3.16)

The effect of the side constraint on the solution can be explained comparing
the Tikhonov approach to conventional SVD. SVD addresses the problem of illconditioning by truncating SVD expansions for singular values smaller than a
given threshold ; Tikhonov Regularization introduces a smoother attenuation of
those terms through a set of filter factors. The matrix L introduces a penalty
if the solution b behaves differently from what has been a priori expected.
Working on simulated data in [Calamante F. et al., MRM 50, 2003], the firstorder difference operator L1 was chosen since it produced the closest solution
to the simulated non dispersed Residue functions:


−1 1
 0 −1
L1 = 
 ... ...
0
0


0
0
0
1
0
0 

... ... ... 
0 −1 1

where L1 is an (N − 1) × N matrix, with N number of tracer concentration
measured samples. L1 was found not to be appropriate to regularize R(t) in
presence of dispersion. In fact, in this case the initial increasing part of the
Residue function (see Figure 3.3) is considered as unwanted oscillations by L1
and the Regularization tends to over-smooth this part of the curve, distorting
the resulting R(t) shape. So, a modified version of L1 was used for the case of
dispersion: the modified square version of L1 has the top left block replaced by
the identity matrix

L1,mod =

Ip
O(N −p)×(p−1)

Op×(n−p)
L∗1



where L1,mod is an N × N matrix, Ip is the p × p identity matrix, Oj×k is
the j ×k matrix of zeros and L∗1 is the L1 matrix reduced to (N −p)×(N −p+1)
dimensions. For the matrix L1,mod , the side constraint λ2 kL·bk2 reduces the
oscillations except on the first p time points; for this part of the curve, the
constraint is imposed on the norm of the solution (L = Ip ) and not on its
derivative. For a typical repetition time of 1 sec, as well as for a much shorter
T R of 0.3 sec, and for various signal-to-noise ratios and MTT values, Calamante
and colleagues found out the best value of p = 2: p = 1 was not enough to avoid
the over-smoothing of the initial part of the solution, while p ≥ 3 resulted in an
undesirable level of oscillations.
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Remark: Tikhonov Regularization improvements on SVD and
limitations. The use of Tikhonov Regularization with the LCC on both simulated and clinical data [Calamante F. et al., MRM 50, 2003] showed to improve
the characterization of R(t) by reducing the unwanted oscillations introduced by
SVD. This is especially true for the simulated models in presence of dispersion,
where SVD fails to characterize the initial part of R(t). Furthermore, bolus dispersion has been shown to introduce significant errors in CBF quantification:
any correction method for these errors requires an accurate characterization of
the R(t), thus benefitting from the Regularization methodology described by Calamante et al. Since its good characterization of the R(t), an important application
of Tikhonov (and of any) Regularization method may be the attempt to correct
for the dispersion effect. If a model for the Vascular Transport Function (VTF)
were assumed [Calamante F. et al., MRM 44, 2000], the Residue function in
absence of dispersion could be calculated by applying the same methodology to
the equation Rdisp (t) = R(t) ⊗ V T F (t), where Rdisp (t) would play the role of
CV OI (t) and V T F (t) the role of the AIF. Of note is that, although both Tikhonov
and SVD methods provide a similar estimation for CBF, Tikhonov gives a more
accurate estimation of the flow in presence of dispersion, while SVD is less
sensitive to noise levels for the models without dispersion.
However, although results shows that the Regularization approach is preferable when a full characterization of the tissue Residue function is required, further work is necessary to determine the extent of the improvement if only an
estimation of CBF is required. The sensitivity of Tikhonov Regularization to
bolus delay remains to be investigated. Furthermore, the use of two different
matrices, depending on wether bolus dispersion is present, requires the assessment of the presence or absence of dispersion to enable one to chose the appropriate model, thus becoming unreliable for patients data, where this information
is not known a priori. Hence more, Tikhonov Regularization might not be ideal
in an acute-stroke setting because of time constraints: the Regularization must
be performed on a pixel-by-pixel basis thus being computationally demanding
compared to SVD approach. In the end, even if this new method was shown
to provide an improved characterization, as compared to SVD, of the shape of
R(t), oscillations remain in the solutions and the method does not account for
non negativity of the deconvolved R(t).

3.3.4

Nonlinear Stochastic Regularization

Tikhonov approach can be seen as a deterministic interpretation of the Regularization method. Considering the general system introduced in Eq.(3.1), and this
time assuming known y(t) and g(t) just for the sake of explanation, Tikhonov
approach obtains the estimate of the unknown function u(t) as the solution to
an optimization problem
b = minub (y − Gb
u
u)T B−1 (y − Gb
u) + γb
uT FT Fb
u

(3.17)

where y is the vector of the sampled data, G is a n × n matrix containing
the description of g(t), the matrix B represents the covariance matrix of the
experimental noise, γ is the Regularization parameter and F is the n×n penalty
matrix, chosen so that Fb
u represents the vector of the m-derivatives of u. The
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problem in Eq.(3.17) has an explicit solution, which depends linearly on the
data vector y
b = (GT B−1 G + γFT F)−1 GT B−1 y
u

(3.18)

The cost function in Eq.(3.17) coincides with that of the raw deconvolution
b which represents an indicator of the energy of the
b T FT FU,
plus the term u
b.
m-derivatives of the estimate u
Another approach is to consider the Regularization problem in a stochastic
context. In this case, u and v are zero mean vectors with covariance matrixes Σu
and Σv . The deconvolution problem can thus be solved by means of Bayesian
estimation. To solve the deconvolution problem in a stochastic framework, the
covariance matrix of u, Σu = λ2 (FT F)−1 , is needed. In practise, one knows
that u(t) is a regular function of time. A simple way to statistically a priori
describe a smooth signal is to consider u(t) as the realization of a stochastic
process obtained at the end of the series of m integrators driven by a white zero
mean noise {wk } with variance λ2 . For m = 1 this becomes the random-walk
model
uk = uk−1 + wk

(3.19)

with u0 = 0 and k = 1, 2, . . . , N . Both the Tikhonov deterministic Regularization and the linear stochastic approach obtain the estimation of u(t) by
using Eq.(3.18). To penalize the energy of the m-derivatives of the solution
in the Tikhonov method corresponds to the a priori modeling of the unknown
function as a random-walk (m − 1)-times integrated in the stochastic approach.
Considering physiological systems, often u(t) is intrinsically non negative.
The solution shown in Eq.(3.18) can assume negative values due to measurement
errors in y(t) or errors in g(t) modeling. The Regularization approach can be
modified in order to obtain non negative solutions by solving Eq.(3.17) in the
b ≥ 0. Once bonded, the problem in Eq.(3.17) does not present explicit
subspace u
solution and needs to be solved by means of iterative methods. Furthermore,
when ill-conditioning is high, the linear stochastic approach is not able to obtain
b . Even remaining in a stochastic framework, it
only non negative estimates for u
is possible to take into account the non negativity of the unknown function by a
priori describing it as a log-normal model. In particular, the components of the
unknown function u are the exponential of the corresponding components ulog ,
which are described as the m-times integration of a white noise gaussian process
{wk }. With this new description of the prior information on u, the γ parameter
becomes a regularity index for {log(uk )}. It is easy to demonstrates that, for
m = 1, these hypothesis correspond to the following stochastic formulation
uk − uk−1
= ewk − 1
uk−1

(3.20)

with u(0) = u0 and k = 1, 2, . . . , N . Eq.(3.20) implies that the sequence
of relative increments between consecutive samples of the unknown function is
considered as a zero mean stationary stochastic process, whit independent samples and finite variance. Given the prior on ulog and the statistical description
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of the noise present in the measurements, it is possible to determine the value
ulog by means of maximum likelihood strategy. Once obtained ud
log , one has the
b , which is automatically non negative.
estimate of u
The Nonlinear Stochastic Regularization (NSR) proposed in [Bell B.M. et
al., IP 20, 2004] works in this context. NSR is a nonlinear Bayesian deconvolution method for estimating an unknown function from a finite set of measurements by maximizing an approximation of the marginal likelihood where
the unknown function has been integrated out. Two fundamental characteristics of NSR are the ability to handle the non negativity bond for the unknown
function and the Bayesian framework in which the method works. The method
requires a model (i.e. in the stochastic sense) of the unknown function, in order
to prevent negative values and ensure smoothness of the estimated function.
In [Zanderigo F. et al., Proc. of ISMRM Workshop on Quantitative Cerebral
Perfusion Imaging using MRI: A Technical Perspective, 2004; Bertoldo A. et al.,
Proc. of MEDICON International Conference, 2004; Zanderigo F. et al., Proc.
of 13th ISMRM Scien. Meet. & Exhib., 2005] the use of NSR for quantification
of DSC-MRI images has been proposed by assuming the unknown CBF ·R(t)
as described by the convolution of the exponential of a Brownian motion with
a deterministic exponential function
CBF ·R(t) = d(t) ⊗ eR1 (t)

(3.21)

where
d(t) =

1 − θt
e 1
θ1

(3.22)

and
R1 (t) = α + θ2 β(t)

(3.23)

with β(t) Brownian motion and θ1 , θ2 and α unknown scalars. Let y be
the vector containing the measurements of tissue concentration CV OI (t) , G the
linear operator which models the relationship between CBF ·R(t) and tissue
concentration, Σν the covariance matrix of measurement noise with diagonal
elements equal to the inverse of the square of the tissue concentration at time
ti multiplied by an unknown scalar factor θ3 . Then, once determined θ1 , θ2 , θ3
and α by means of a maximum likelihood strategy as described in [Bell B.M. et
al., IP 20, 2004], the maximum a posteriori estimate of R1 is

c1 = argmin(y − G[d ⊗ eR1 ])T Σν −1 (y − G[d ⊗ eR1 ]) + γ −2
R

Z

(Ṙ1 )2 dt

(3.24)

where Ṙ1 denotes the first derivative of R1 with respect to time and γ is the
Regularization parameter chosen via maximum likelihood which makes a tradeoff between the adherence to the experimental data and the prior knowledge. In
the minimization process, tissue concentration samples are weighted according
to their Standard Deviation (SD) expressed as
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θ3
1 + CV OI (t)

(3.25)

SD(t) =

where CV OI (t) is the tissue concentration at time t and θ3 is one of the
parameters estimated by NSR. It can be shown that the estimate is efficiently
obtained by generating a sequence of finite-dimensional problems whose solutions rapidly converge to that of the correspondent infinite-dimensional problem
[Bell B.M. et al., IP 20, 2004].
Of note is that NSR performance is not influenced by the sampling frequency of tissue concentration because R(t) is reconstructed on a virtual grid
finer (i.e. 0.2 sec) than the sampling grid normally used in clinical acquisition
(T R of 2 or 1 sec). The virtual grid Ωv is totally arbitrary, but it is assumed
uniform and containing the sampling grid Ωs for algorithmic purposes. The time
points which are in Ωv but not in Ωs correspond to lacking tissue concentration
samples. However, even if the introduction of the virtual grid makes the vector
describing the unknown function be larger than the tissue concentration vector,
the solution given by Eq.(3.24) is still only one.
Remark. It is important to note that NSR, even requiring a model of
the unknown function to be reconstructed, is not a deterministic parametric
approach as those presented in Chapter 6. The model in Eq.(3.21), (3.22) and
(3.23) describes the stochastic process having the property of non negativity and
smoothness. NSR proposes a model of the unknown function excluding negative
values, embedded within a Bayesian estimation framework. NSR considers the
Residue function composed by the exponential of the components of a normal
random vector, modeled as the multiple integration of a white Gaussian noise.
The information on regularity of the Residue function is provided by imposing
that the percentage increment between two of its consecutive levels has a finite
variance and it is constituted by independent equally distributed random variables. This means that NSR method is not comparable to deterministic and
physiological parametric approaches. NSR can be seen as a nonlinear Tikhonov
estimator comparable to that using Eq.(3.16) as the cost function. NSR makes
a tradeoff between non-parametric SVD, which gives no a priori information
on the shape of the unknown function, and deterministic parametric approaches
which fully describe the shape of the expected Residue function. Furthermore,
NSR prior distribution should be robust for many classes of nonnegative signals
that are not necessarily similar to gamma or exponential functions.
NSR is intrinsically able to estimate with high accuracy exponential unknown function, even when dynamics are very fast. The introduction of an
explicit convolution with a deterministic component is necessary to make the
method more flexible, in order to be applied in the DSC-MRI context. The physiological justification for the convolution of a Brownian motion process with a
deterministic function can be explained in this way: the exponential component
of the deconvolution gives the information on the non negativity and regularity
of the unknown Residue function; the deterministic component describes, as a
first approximation, the Vascular Transport Function as pointed out in [Calamante F. et al., MRM 44, 2000] thus taking into account the potential presence
of dispersion in the Residue function.
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Of note is that NSR is able to reconstruct the original non dispersed Residue
function. This is possible because NSR considers the product function of CBF
and Rdisp (t) as the convolution of the exponential of a Brownian motion and a
deterministic exponential function: CBF ·Rdisp (t) = CBF ·d(t) ⊗ eR1 (t) , where
t
d(t) = θ11 e− θ1 and R1 (t) = α + θ2 β(t) with β(t) Brownian motion and θ1 , θ2
and α unknown scalars, together with a parameter θ3 describing the noise level
present in the data.
• θ1 accounts for the level of dispersion present in the data: when estimated
θ1 is very close to zero, NSR considers no dispersion in the Residue function; when θ1 increases, dispersion has occurred and its level is as high as
the parameter increases;
• θ2 describes the non dispersed and non negative R(t) from which maximum one can calculate the original non dispersed CBF;
• θ3 is an index of the noise level present in the data: it is substantially constant among tissue types, only depending on the noise level and increasing
as it increases.
However, NSR presents some limitations that can be summarized as:
• computational demands;
• reconstruction of the unknown Residue function at time t = 0;
• determination of the starting parameters vector value.
NSR, due to its non linearity, is computationally more expensive than SVD,
cSVD and Tikhonov Regularization which are all linear methods. For instance,
to generate CFB parametric maps of one slice in one subject 3 hours are needed
(Intel Pentium IV 3.2 GHz, 500 MB ram). There are margins of improvement
since currently NSR is developed in Matlab (The Math-Works Inc., Natick,
MA), which is extremely powerful but computationally expensive, and the exact
computational time is so strongly dependent on the used software optimizer
and implementation details that it gives poor information on the algorithm
performance. Secondly, NSR reconstructs R(t) on a virtual grid which is finer
than the sampling grid but does not accept the time t = 0 as the initial point.
This mean that using NSR one can estimate the Residue function very close
to time t = 0 (for example, by making the virtual grid much finer than the
sampling grid), but not at time t = 0 itself. Anyway, this limitation can be
easily circumvented by interpolating the estimate R(t) to the initial value by
means of spline regression, providing promising results as shown in Chapter 4.
Otherwise, one can more easily shift the time domain of the tissue concentration
samples before applying NSR analysis. In the end, like every method solving
a minimization problem, NSR needs the initial value of the parameters vector
[θ1 ; θ2 ; θ3 ] to be specified. This value cannot be known a priori in the analysis
of clinical DSC-MRI data. NSR is able to converge to the exact solution for the
Residue function even starting from bad initial values of these parameters (i.e.
θ1 , θ2 and θ3 very different from their final estimated values), but this requires
higher computational time demand and, sometimes, implies the reaching of local
instead of global minimum.

3.4 Discussion

3.4
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Discussion

In order to derive CBF from Eq.(2.9), the function CBF · R(t) has to be determined by deconvolution. In general, no analytical solution is available, but several techniques allow one to compute an approximate numerical solution. These
deconvolution techniques can be classified into two main categories: parametric
and non-parametric approaches.
In parametric approaches, the function to be deconvolved is described by
a parametric function, so that deconvolution loses its ill-posedness and illconditioning by having to solve a parameters estimation problem. This approach
implies formulating a priori assumptions on the shape of the solution. Larson et
al. [Larson K.B. et al., JTB 170, 1994] suggested an Exponential Residue model
(i.e. microvasculature of a single, well-mixed compartment) but this approach,
by introducing heavy assumptions on R(t) behavior, is likely to introduce a bias
in CBF estimates. A more general model for R(t) was introduced by Ostergaard
et al. [Østergaard L. et al., JCBFM 19, 1999]. The Vascular model, originally
introduced to describe tracer transport and retention in the heart [Kroll K. et
al., AJP 271, 1996], allows to take into account delay and dispersion of the
arterial input, but it was found sensitive to data noise level.
Non-parametric approaches make no assumptions on the description of the
unknown function to be deconvolved. These methods are more powerful and less
biased than the parametric ones, but they have to deal with the ill-posedness
and ill-conditioning of the deconvolution problem. One of the simplest methods
to solve the inverse problem of Eq.(2.9) is to use the convolution theorem of
Fourier transform. This approach has the attraction of being theoretically very
easy to implement and insensitive to delays between AIF and tissue, but its use
is not without problems and discordant results have been reported in the literature [Østergaard L. et al., MRM 36, 1996; Smith A.M. et al., MRM 43, 2000;
Wirestam R. et al., MAGMA 18, 2005]. Another method to solve Eq.(2.9) is to
resort to a linear algebraic approach called raw deconvolution [De Nicolao G. et
al., Automatica 33, 1997]. Albeit appealing in its simplicity, it is known to perform poorly being extremely sensitive to noise. A widely used approach to solve
Eq.(2.9) that overcomes the limitations of the raw deconvolution is Singular
Value Decomposition (SVD). SVD has been shown to be a reliable technique for
deconvolution because it reduces the effect of noise on R(t) estimation by setting to zero the elements in the diagonal matrix obtained by SVD when they are
smaller than a threshold value given beforehand [Østergaard L. et al., MRM 36,
1996]. SVD represents the most used approach to quantify bolus-tracking MRI
data. However, in the last years its limitations have been pointed out [Murase
K. et al., PMB 46, 2001; Smith M.R. et al., MRM 51, 2004]. In particular, it has
been shown that CBF values obtained by SVD largely depend on the threshold
value selected to eliminate diagonal elements in W. In addition, SVD introduces
oscillations and negative values in the reconstructed CBF · R(t), producing a
nonphysiological R(t). This is far form ideal especially in presence of arterial
dispersion where only an accurate determination of the shape of CBF · R(t) can
allow an assessment and correction of the quantification error. In such cases,
the conventional SVD method is not suitable. Furthermore, SVD results are
highly influenced by the presence of delay in the bolus arrival time.
In order to overcome SVD limitations, several deconvolution methods have
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been proposed during the last decade. SVD tendency to underestimate the flow
when tissue tracer arrival is delayed relative to AIF has been circumvented by
a time-shift insensitive technique called block-Circulant SVD proposed by Wu
et al. [Wu O. et al., MRM 50, 2003]. Block-Circulant SVD looks promising
in providing tracer-arrival time-insensitive flow estimates and a more specific
indicator of ischemic injury, but more work is necessary to better define its
domain of validity. More recently, Calamante et al. [Calamante F. et al., MRM
50, 2003] improved upon SVD by implementing the Tikhonov Regularization
method in order to overcome the presence of unwanted oscillations in the Residue
function. However, even if this new method was shown to provide an improved
characterization of the shape of R(t), as compared to SVD, it does not account
for nonnegativity of R(t).
Along this line, the application of a Nonlinear Stochastic Regularization
(NSR) method has been proposed to account for the smoothness of the Residue
function and to handle possible violations of the nonnegativity constraint of
CBF · R(t). NSR is a Bayesian approach which shows advantages over SVD in
detecting only positive and smoothed (i.e. physiological) CBF · R(t) without
fixing any threshold value and requiring only the knowledge of AIF and tissue
data.

Chapter 4

Assessment of
Non-parametric
Deconvolution Methods on
Simulated Data
Singular Value Decomposition, block-Circulant SVD, Tikhonov regularization
and Nonlinear Stochastic Regularization are here assessed and compared on
simulated data. After the description of simulation set up and assessment criteria, results obtained with the four deconvolution methods are presented and discussed with regard to the reconstruction of dispersed and non dispersed Residue
functions and to the estimation of Cerebral Blood Flow and Mean Transit Time.

4.1

Simulation set up

The simulated data set was obtained starting from a known AIF of the form
suggested in [Østergaard L. et al., MRM 36, 1996; Wu O. et al., MRM 50, 2003;
Calamante F. et al., MRM 50, 2003]:

CAIF (t) =

0
t
(t − t0 )α e− β

t ≤ t0
t ≥ t0

where t0 = 10 sec, α = 3 and β = 1.5 sec. Four different Residue functions
were chosen, as suggested in [Calamante F. et al., MRM 50, 2003]:
t

1. Exponential function REXP (t) = e− M T T ;
2. Lorentzian function RL (t) =

1
t
2 ;
[1+(0.5π M T
T ) ]
−√

3. Gamma-variate function RGV (t) = te

t
MT T

;
t

4. Dispersed Exponential function RDEXP (t) =

t

e− 3 −e− M T T
3
M T T −1

.
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The Exponential and Lorentzian functions were selected to simulate the
absence of bolus dispersion; the Gamma-variate and the Dispersed Exponential
ones to simulate the presence of bolus dispersion in the arteries feeding the
tissue volumes.

Figure 4.1: Structural elements in the simulation set up.
Figure 4.1 shows the structural elements at the basis of the simulation set
up. Note
R ∞that, as required by the definition of the Residue function, R(t = 0) =
1 and 0 R(τ )dτ = M T T for the first two Residue function models. The other
two Residue Function models simulate the case of bolus dispersion. As written
in Chapter 3, dispersion can be described mathematically by convolution with
a Vascular Transport Function V T F (t) which, according to [Calamante F. et
al., MRM 44, 2000], gives
Rdisp (t) = R(t) ⊗ V T F (t)

(4.1)

thus satisfying the condition Rdisp (t = 0) = 0. The V T F (t) representing the probability Rdensity function of vascular transit times is normalized to
∞
one, and therefore 0 Rdisp (τ )dτ = M T T . In particular, the Gamma-variate
RGV (t) (i.e. n◦ 3) and Dispersed Exponential RDEXP (t) (i.e. n◦ 4) models proposed in [Calamante F. et al., MRM 50, 2003] and here assumed for the simulation set up can be expressed as:
"
RGV (t) = REXP (t) ⊗

−√

e

t
MT T

MTT



MTT − 1
1+t· √
MTT

#
(4.2)

and

RDEXP (t) = REXP (t) ⊗

1 −1
e 3
3


(4.3)
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where REXP (t) is the Exponential Residue function at n◦ 1. It is important
to note that REXP (t) and RDEXP (t) in Eq.(4.3) are directly linked by a V T F (t)
which is independent upon the simulated MTT value. On the contrary, Eq.(4.2)
shows a V T F (t) depending upon the selected MTT value, which may cause the
peak of the Gamma-variate Residue function to be higher than that of the
Exponential one in the pathological case.
Tissue concentration noise-free time curves CV OI (t) were obtained using
Eq.(2.9) considering the time range between 0 and 80 seconds, with CBF values
typical of the Gray Matter (GM) in normal (CBF = 60 ml/100gr/min, CBV =
4 ml/100gr, M T T = 4 sec) and pathological state (CBF = 20 ml/100gr/min,
CBV =3.3 ml/100gr, M T T = 9.9 sec). The corresponding MR tissue signals
were obtained starting from Eq.(2.6) as
SV OI (t) = S0 e−K·T E·CV OI (t)

(4.4)

with S0 = 100 [a.u.] and T E = 80 msec [Wu O. et al., MRM 50, 2003].
The proportionality factor k has been selected in order to obtain a drop of the
40% in tissues signals. The same procedure has been followed for the arterial
signal, with the exception of factor kAIF , which has been selected in order to
obtain a drop of the 60% as suggested in [Wu O. et al., MRM 50, 2003]. No
arterial signal saturation has been detected.
For each different SV OI (t) type, 100 runs of noisy curves were generated
adding a zero mean Gaussian noise with standard deviation SDnoise as proposed
in [Calamante F. et al., MRM 50, 2003] chosen to create signal-to-noise ratios
(i.e. SN R = S0 /SDnoise ) of 500, 50, 10, and 5, thus including the SN R
values typically found in DSC-MRI clinical practise (SN R ∼ 20). Note that,
as pointed out in [Mouridsen K. et al., NeuroImage 33, 2006], theoretically the
MR signal is not Gaussian since it is the magnitude of a complex signal and
can not be negative, leading to a so-called Rician distribution; however, this
distribution is approximately normal when the SNR is high. Anyway, the same
simulation procedures (i.e. including the adding of Gaussian noise) presented in
[Østergaard L. et al., MRM 36, 1996; Wu O. et al., MRM 50, 2003; Calamante
F. et al., MRM 50, 2003] have been followed in order to compare the four
deconvolution methods on a data set as similar as possible to that of the original
papers.
Finally, noisy CV OI (t) were obtained using Eq.(2.6). Three values were
chosen for T R: T R = 1 sec and T R = 0.3 sec in order to investigate the effects of different sampling rates, and T R = 2 sec to simulate a more realistic
DSC-MRI data acquisition [Calamante F. et al., MRM 50, 2003]. Note that
no recirculation effects have been introduced in order to separate the deconvolution algorithms difficulties from problems deriving by dilution theory model
inapplicability. Consequently, no gamma-variate fitting has been applied to
noisy concentration curves.
Remark. Note that the data set does not account for the presence of delay.
The main reason is to isolate the effect of dispersion and focus the attention on
its role, since the presence of dispersion requires the use of deconvolution as
well as the selection of a model in order to account for its effect on parameters
estimation. Secondly, the presence of delay and, in particular, its correction

48

4.1 Simulation set up

have been widely considered in literature, starting from the work of Wu and
colleagues cited in Chapter 3. Delay effect in SVD is an algorithm artefact, and
the corresponding error can indeed be corrected by using alternative algorithms.
Dispersion effects, on the other hand, are inherently more problematic since they
are related to the use of an inappropriate and incorrect AIF in the deconvolution
instead of the true one. Of note is that also Calamante and colleagues pointed
out the fact that, although methods to account for delay-related errors have been
proposed, the effect of dispersion is more difficult to deal with and is usually left
uncorrected [Calamante F. et al., MRM 55, 2006]. Furthermore, in their study
the assessment of the delay-dispersion relationship was presented in a group of
patients; the conclusion was that, although a significant correlation was observed
with one of the proposed bolus delay definition, the estimation of the dispersion
from the degree of delay was unreliable.
In order to analyze the presence of higher dispersion than that modeled with
the previous Residue functions, the simulation of different levels of dispersion
was included in the form
t

RDEXP plus (t) =

e−βt − e− M T T
1
β·M T T − 1

(4.5)

1
with increasing level of dispersion (i.e. decreasing levels of β: β = 13 ; 16 ; 19 ; 12
[sec] ) with CBF values typical of GM in normal and pathological state [Calamante F. et al., MRM 44, 2000]. Figure 4.2 shows the effect of increasing level
of dispersion on the effective Residue functions obtained starting from an ideal
exponential R(t), for both normal and pathological GM CBF values.
−1

Figure 4.2: Effect of increasing level of dispersion on the effective Residue functions obtained starting from an ideal exponential R(t) for both normal (black
line) and pathological (gray line) GM CBF values.
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Four different deconvolution methods were applied to the simulated data
set:
• Singular Value Decomposition (SVD) as in [Østergaard L. et al., MRM
36, 1996], with the single threshold value fixed to 20%, as commonly done
in literature;
• block-Circulant Singular Value Decomposition (cSVD) as in [Wu O. et
al., MRM 50, 2003]; note that Wu and colleagues found out the optimal
threshold values of 5% and 10% for T R = 1 sec and SN R = 100 and 20,
respectively, as the values that minimized simultaneously over all assumed
Residue functions and iterations the average estimation error (i.e. distance
between true and estimated flow), assuming zero time delays. In this
study, a linear interpolation of these two values was used to fix cSVD
threshold values when SN R = 500 - 50 - 10 - 5, resulting in percentages
of the maximal singular values in the range [4.5% - 11 %];
• Tikhonov Regularization (TIKH) as in [Calamante F. et al., MRM 50,
2003], with two different criteria for the choice of the Regularization parameter (i.e. L-Curve Criterion, not shown, and Generalized Cross Validation);
• Nonlinear Stochastic Regularization (NSR).
SVD, cSVD and TIKH were implemented as proposed in the original publications with the only exception of the choice of the Regularization parameter
in TIKH. Differently from Sourbron and colleagues [Sourbron S. et al., MRM
52, 2004], who found GCV and LCC performing equivalently, our TIKH results
with LCC were much more noisy and unstable than those obtained with GCV.
This agrees with Hanke and colleagues [Hanke M. et al., JOTA 98, 1998], where
LCC is shown to fail in reconstructing of smooth solutions.
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4.2

Assessment Criteria

The performance of the four methods in characterizing R(t) shape, reproducing the peak (i.e. CBF) and estimating MTT were assessed by measuring the
difference between true and estimation expressed as Root Mean Square Error
(RMSE). In particular, we considered:
• RM SEcurve index as
RM SEcurve =

P
P
1
∗
(tj )]2 ) 2 )
( i ( n1 j [Ri∗ (tj ) − Rtrue
N

(4.6)

where n is the number of the simulated measures (n = 81 for T R = 1 sec,
n = 267 for T R = 0.3 sec and n = 41 for T R = 2 sec) and N = 100 is the
number of simulations;
• RM SEpeak index as
RM SEpeak =

P
1
∗
(( i [max(Ri∗ (t)) − max(Rtrue
(t))]2 ) 2
1

N2

(4.7)

where N = 100 is the number of simulations;
• RM SEM T T index as
RM SEM T T =

P
1
(( i [M T Ti − M T Ttrue ]2 ) 2
1

N2

where N = 100 is the number of simulations.

(4.8)
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Results
Reconstruction of dispersed and non dispersed R(t)

The performance of SVD, cSVD, TIKH and NSR was considered in comparison
to two of the main problems one can meet in the deconvolution of DSC-MRI
data:
• the presence of unphysiological oscillations and negative values in deconvolved R(t);
• R(t) characterization in presence of dispersion.
SVD, as frequently reported in literature, is not able to face these problems
thus providing estimated Residue functions which are oscillating, negative and
biased in presence of delay and dispersion. cSVD achieves time-shift insensitive,
as seen in [Wu O. et al., MRM 50, 2003], but unphysiological oscillations and
negative values still remain in the estimated Residue functions. TIKH improves
the characterization of R(t) in presence of bolus dispersion, but oscillations
and negative values are still present. On the other side, NSR is able to handle all these three problems, providing deconvolved Residue functions which
are smooth, non negative and well characterized also in presence of dispersion,
according to the physiological nature of R(t).
In fact, RM SEcurve indexes of Eq.(4.6) show that NSR performs better
than the other three methods for all the considered Residue function models
and signal-to-noise levels. Figure 4.3 shows RM SEcurve indexes obtained by
the four deconvolution methods with normal (upper panel) and pathological
(lower panel) GM CBF, with T R = 1 sec. In particular, NSR shows lower
RM SEcurve in 100% of cases for normal CBF. For pathological CBF, NSR
shows lower RM SEcurve indexes in 75% and TIKH in 25% of the cases.
T R variation from 1 sec to 0.3 sec does not significantly change the above
observations even if T R value has an impact on the estimates. For instance,
Figure 4.4 illustrates the RM SEcurve indexes obtained by SVD, cSVD, TIKH
and NSR for the Exponential Residue function model, both for normal and
pathological GM CBF, with SN R = 50 and SN R = 10, T R = 1 sec (grey bars)
and T R = 0.3 sec (black bars). For normal CBF and SN R = 50, a lower T R
reduces RM SEcurve index, that is the quality of the estimation improves. For
pathological CBF, this is not so evident, and for cSVD and TIKH, an increase
of RM SEcurve can be noted. Also with T R = 0.3 sec and SN R in the range
typically found in clinical practice, NSR performs best in describing R∗ (t) shape
in 100% of cases with both normal and pathological CBF.
Even if we consider a more realistic DSC-MRI data acquisition value for T R
(i.e. 2 sec), the above consideration on RM SEcurve indexes do not change and
the NSR performance improves. Figure 4.5 shows RM SEcurve indexes for the
four deconvolution methods with normal (upper panel) and pathological (lower
panel) CBF, with T R = 2 sec. In this case, NSR shows lower RM SEcurve in
100% of cases for both normal and pathological CBF: due to the use of a virtual
grid to reconstruct the unknown Residue function, NSR is less sensitive to the
number of tissue concentration samples than the other methods. As expected, a
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Figure 4.3: RM SEcurve indexes for the four deconvolution methods with normal
(upper panel) and pathological (lower panel) GM CBF, with T R = 1 sec. The
shaded values are the minimum among the four methods.
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higher T R increases RM SEcurve indexes, that is the quality of the estimation is
reduced: this trend is evident nearly for all the four methods and the considered
R(t) models and CBF values if one compares the RM SEcurve indexes of Figure
4.3 and Figure 4.5.
To compare deconvolution methods performance in presence of low noise
and relatively fast dynamics, Figure 4.6 shows the mean R∗ (t) = CBF ·R(t) solutions and their Standard Deviation range (± SD) obtained using SVD, cSVD,
TIKH and NSR with T R = 1 sec, SN R = 50, normal GM CBF and R(t) described by Exponential (i.e. no dispersion) and Gamma-variate (i.e. dispersion
presence) models. For both R(t) models, as expected [Andersen I.K. et al., MRI
48, 2002; Wu O. et al., MRM 50, 2003; Calamante F. et al., MRM 50, 2003],
SVD introduces oscillations which are more pronounced in case of bolus dispersion. cSVD performs less satisfactory than SVD without and slightly better
with bolus dispersion, but non physiological oscillations and negative values are
still present. TIKH solutions are smoother, but exhibit oscillations and large
SD values. Finally, NSR performs outstandingly both in the Exponential as well
as the Dispersed case: R∗ (t) shows narrow confidence intervals and a smooth
nonnegative shape with no oscillations.
In the same noise condition of Figure 4.6, the pathophysiology simulations
show the same trend: in Figure 4.7, SVD and cSVD still exhibit negative values
and oscillations both for Exponential as well as Gamma-variate R∗ (t), while
TIKH solutions are smoother but with non physiological oscillations and negative values, particularly in the final part of R∗ (t). NSR perfectly reconstructs
the shape of the two R∗ (t) functions with very narrow confidence bands.

Figure 4.4: RM SEcurve indexes of SVD, cSVD, TIKH and NSR with T R = 1
sec and T R = 0.3 sec for the Exponential Residue function model. Two SN R
(SN R = 50, upper panel, and SN R = 10, lower panel) are considered and
results are shown for both normal and pathological GM CBF.
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Figure 4.5: RM SEcurve indexes for the four deconvolution methods with normal
(upper panel) and pathological (lower panel) GM CBF, with T R = 2 sec. The
shaded values are the minimum among the four methods.
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Figure 4.6: Residue functions reconstructed by SVD, cSVD, TIKH, and NSR.
Black solid lines indicate the true Residue function, grey solid lines the Residue
mean, and dashed lines ± SD. Results refer to 100 simulation, T R = 1 sec,
SN R = 50, normal GM CBF, Exponential and Gamma-variate R(t) model.
The horizontal axes are time [sec] in logarithmic scale; time scale was shifted
by 1 sec to improve visualization. The vertical axes are R∗ (t) = CBF ·R(t)
(dimensionless).
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Figure 4.7: Residue functions reconstructed by SVD, cSVD, TIKH, and NSR.
Black solid lines indicate the true Residue function, grey solid lines the Residue
mean, and dashed lines ± SD. Results refer to 100 simulation, T R = 1
sec, SN R = 50, pathological GM CBF, Exponential and Gamma-variate
R(t) model. The horizontal axes are time [sec] in logarithmic scale; time
scale was shifted by 1 sec to improve visualization. The vertical axes are
R∗ (t) = CBF ·R(t) (dimensionless).
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In addition, NSR is less sensitive to increasing noise levels than the other
three deconvolution methods, especially when the signal-to-noise ratio is in the
range typically found in clinical practice. For instance, Figure 4.8 shows the
mean solutions (± SD) for SN R = 10, Gamma-variate R(t), T R = 1 sec and
both normal and pathological GM CBF. In both cases, SVD and cSVD fail to
characterize R∗ (t) , particularly in its initial part, showing marked oscillations
and presence of negative values. For both normal and pathological CBF, TIKH
exhibits wide confidence intervals. NSR performs better than the other three
methods by accurately detecting R∗ (t) with only a slightly widened confidence
range.

Figure 4.8: Residue functions reconstructed by SVD, cSVD, TIKH, and NSR.
Black solid lines indicate the true Residue function, grey solid lines the Residue
mean, and dashed lines ± SD. Results refer to 100 simulation, T R = 1 sec,
SN R = 10, normal and pathological GM CBF, and Gamma-variate R(t) model.
The horizontal axes are time [sec] in logarithmic scale; time scale was shifted
by 1 sec to improve visualization. The vertical axes are R∗ (t) = CBF ·R(t)
(dimensionless).

58

4.3 Results

4.3.2

Estimation of dispersed and non dispersed Cerebral
Blood Flow

Figure 4.9: RM SEpeak indexes for the four deconvolution methods with normal
(upper panel) and pathological (lower panel) CBF in the GM, with T R = 1 sec.
The shaded values are the minimum among the four methods.
Figure 4.9 shows that when the signal-to-noise level is in the range typically found in clinical practice (i.e. SN R = 10 and 50), NSR is the best in
describing the peak in 100% and 63% of cases for normal and pathological GM
CBF respectively. When signal-to-noise level is very low (i.e. SN R = 5) NSR
fails to provide the best estimation of the peak in 100% of the cases for normal
CBF (upper panel) and 75% for pathological (lower panel) CBF. However, in
this case NSR performance is comparable to that of SVD, cSVD and TIKH.
Figure 4.10 shows the mean of the peak (i.e. the mean CBF) of the solutions
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obtained with T R = 1 sec by SVD, cSVD, TIKH and NSR compared to the
true peak for the four different SN R levels and R(t) models. True CBF (i.e.
peak) values illustrated in Figure 4.10 correspond to: normal GM CBF for
Exponential and Lorentzian R(t) models (0.2173 [a.u.]); normal GM CBF for
Gamma-variate R(t) (0.1599 [a.u.]); normal GM CBF for Dispersed Exponential
R(t) (0.0908 [a.u.]); pathological GM CBF for Exponential and Lorentzian R(t)
models (0.0724 [a.u.]); pathological GM CBF for Gamma-variate R(t) (0.0837
[a.u.]); pathological GM CBF for Dispersed Exponential R(t) (0.0431 [a.u.]).
Even when the noise is very low (SN R = 500), SVD and cSVD underestimate
high values of perfusion; when the noise increases, they tend to overestimate low
values of perfusion. TIKH is highly biased by the signal-to-noise level, while
NSR performs equally well for both low and high values of perfusion and is less
sensitive to noise level than the other three methods.
T R decrease from 1 to 0.3 sec does not significantly alter the above observations. Figure 4.11 illustrates RM SEpeak indexes of SVD, cSVD, TIKH
and NSR for the Exponential Residue function model, both for normal and
pathological GM CBF, with SN R = 50 and SN R = 10. For normal CBF and
SN R = 50, T R = 0.3 sec lowers RMSE indexes (i.e. the quality of the estimation improves). For pathological CBF, this is not so evident, and for TIKH
an increase of RM SEpeak can be noted. For SN R = 10, the trend is the same
as with SN R = 50 even if cSVD shows a larger index for normal CBF. In any
case, also with T R = 0.3 sec and SN R = 50 and SN R = 10, NSR has a better
performance in describing the peak in 100% of cases with normal CBF; when
T R = 0.3 sec and pathological CBF is considered, SVD, cSVD and TIKH have
better performance in describing peak and shape in 25% while NSR in 75% of

Figure 4.10: SVD, cSVD, TIKH and NSR estimates (vertical axis) vs. true peak
(horizontal axis) with T R = 1 sec for four different SNR, four R(t) models and
normal and pathological CBF in the GM.
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the cases.
Even if we consider a more realistic DSC-MRI data acquisition value for
T R (i.e. 2 sec), the above considerations on RM SEpeak indexes do not change
and the NSR performance is comparable to that with T R = 1 sec. Figure
4.12 shows RM SEpeak indexes for the four deconvolution methods with normal (upper) and pathological (lower panel) GM CBF, with T R = 2 sec. In
this case, NSR performs slightly worst for normal CBF values, showing lower
RM SEpeak in 56% of cases vs. 69% of cases with T R = 1 sec. However, NSR
improves its performance when considering pathological CBF values, providing
lower RM SEpeak in 56% of cases vs. the 50% of cases with T R = 1 sec. As
expected, a higher T R increases RM SEpeak indexes, that is the quality of the
estimation is reduced: this trend is evident nearly for all the four methods and
the considered R(t) models and CBF values if one compares the RM SEpeak
indexes of Figure 4.9 and Figure 4.12.
Considering all the simulated cases for both normal and pathological CBF
in the GM, Figure 4.13 shows the relative percentage of the four deconvolution
methods in providing the best CBF estimates in the normal and pathological
case with T R =1 sec (upper panel) and T R =2 sec (lower panel). For T R =1
sec, NSR shows the best estimates in 68.8% of cases for the normal and in 50%
for the pathological case. For T R =2 sec, NSR shows the best estimates in 56.2%
of cases for the normal and in 56.3% for the pathological case, thus confirming
the improvement in the pathological case and the comparable performance with
normal CBF values.
In conclusion, NSR has been shown to accurately estimate CBF, as the peak

Figure 4.11: RM SEpeak indexes of SVD, cSVD, TIKH and NSR with T R =
1 sec (gray bars) and T R = 0.3 sec (black bars) for the Exponential Residue
function model. Two SN R (SN R = 50, upper, and SN R = 10, lower panel)
are considered and results are shown for both normal and pathological CBF in
the GM.
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Figure 4.12: RM SEpeak indexes for the four deconvolution methods with normal (upper) and pathological (lower panel) CBF in the GM, with T R = 2 sec.
The shaded values are the minimum among the four methods.
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of R∗ (t) = CBF ·R(t), both in presence and absence of bolus dispersion better
than the other three methods. Of note is that also Figure 4.6 and 4.7 show that
SVD underestimates the peak of R∗ (t) both in presence and absence of bolus
dispersion. cSVD performs slightly better with bolus dispersion, but heavily
underestimates the peak when no dispersion occurs. TIKH estimates fairly well
the peak of R∗ (t). Finally, NSR shows accurately estimates of the true peak
in both normal and pathological conditions. When noise increases (Figure 4.8),
SVD and cSVD underestimate R∗ (t) peak with normal CBF, but their estimates
are more accurate with pathological CBF. For both normal and pathological
CBF, TIKH slightly underestimates the peak, while NSR accurately detects
R∗ (t) maximum with only a slightly widened confidence range.
As repeatedly remembered, CBF is usually estimated starting from DSCMRI data by deconvolution of Eq.(2.9). If dispersion occurs, instead R(t) in
Eq.(2.9) one has to consider Rdisp (t), which is the effective Residue function
affected by bolus dispersion. Rdisp (t) can be expressed as Rdisp (t) = R(t)⊗d(t),
where R(t) is the Residue function non affected by dispersion and d(t) is a
general term accounting for the vascular dispersion, also referred to as VTF. The
commonly used estimation of CBF as the maximum of the dispersed Residue
function Rdisp (t) leads to CBF underestimation [Calamante F. et al., MRM
44, 2000]. A deconvolution method able to reconstruct the non dispersed R(t)
would largely improve the CBF quantification.
NSR is able to reconstruct the non dispersed Residue function, as shown

Figure 4.13: Percentage for the four deconvolution methods with normal (left)
and pathological (right) CBF in the GM, with T R = 1 sec (upper panel) and
T R = 2 sec (lower panel), in providing the lowest RM SEpeak indexes.
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in a simulation study [Zanderigo F. et al., Proc. of ISMRM 14th Scien. Meet.
& Exhib., 2006]. This is possible because NSR considers the product function
CBF ·Rdisp (t) as the convolution of the exponential of a Brownian motion and a
deterministic exponential function (see Chapter 3 for details): CBF ·Rdisp (t) =
t
CBF ·d(t)⊗eR1 (t) , where d(t) = θ11 e− θ1 and R1 (t) = α +θ2 β(t) with β(t) Brownian motion and θ1 , θ2 and α unknown scalars, together with a parameter θ3
describing the noise level present in the data. In particular, θ1 accounts for the
level of dispersion present in the data. θ1 is very close to zero in absence of dispersion and increases when dispersion occurs. Given the role of this parameter,
the NSR ability in quantifying the level of dispersion present in DSC-MRI data
has been deeply analyzed in order to reconstruct the original CBF non affected
by dispersion.

Figure 4.14: θ1 estimates in the n = normal and p = pathological case, with
SN R = 50 (upper panel) and SN R =10 (lower panel) with Residue function
model Exponential, Gamma-variate and Dispersed Exponential with β = 19 .
The solid line is the identity line.
Figure 4.14 shows the estimates of θ1 vs. the true θ1 values obtained by
NSR, with two different signal-to-noise ratios, T R = 1 sec and both normal and
pathological CBF values in the GM. θ1 is substantially undistinguishable from
zero when an Exponential R(t) is considered (i.e. no dispersion); it increases
when dispersion increases, becoming significantly greater than zero when dispersion is high (i.e. Dispersed Exponential model for R(t), with β = 19 ). The
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proximity with the identity line (i.e. solid line in Figure 4.14) shows that NSR
well estimates the level of dispersion present in the data in both normal and
pathological case, even if the noise increases. Of note is that the ability of
NSR to accurately compensate for dispersion does not heavily depend on the
t
inclusion of the dispersive term d(t) = θ11 e− θ1 in the prior, since NSR correctly
quantifies the level of dispersion also when V T F (t) differs from the dispersive
prior, as in the Gamma-variate case (see Eq.(4.2)).
Correctly quantifying the level of dispersion, NSR is able to reconstruct
the original non dispersed Residue function thus estimating the CBF non affected by dispersion. This is clearly illustrates in Figure 4.15, which shows, as a
representative case, the non dispersed CBF estimates obtained by SVD, cSVD,
TIKH and NSR both in normal and pathological state, SN R = 50 and considering Exponential, Gamma-variate and Dispersed Exponential (with β = 19 )
Residue functions. When no dispersion occurs (i.e. Exponential R(t)), the performance of the four methods are similar, although NSR better estimates the
CBF as the peak of the curve. If dispersion increases (i.e. Gamma-variate and
Dispersed Exponential R(t)), SVD, cSVD and TIKH heavily underestimate the
true non dispersed CBF. Instead, NSR reconstructs the CBF non affected by
dispersion by explicitly accounting for it, thus improving the clinical information of DSC-MRI parametric analysis. Results obtained with other SN R and
dispersion level (not shown) values confirm NSR performance. In particular,
considering SN R = 50 and 10, Gamma-variate R(t) and Dispersed Exponential
R(t) with four different dispersion values, NSR provides lower RM SEpeak for
non dispersed CBF in 80% and cSVD in 20% of the cases in the normal GM
state; in the pathological situation, NSR provides lower indexes in 60%, SVD
in 20% and cSVD in 20% of the cases respectively.

Figure 4.15: Non dispersed CBF estimates obtained by SVD, cSVD, TIKH and
NSR in normal (upper panel) and pathological (lower panel) case in the GM,
T R = 1 sec, with SN R = 50 and Exponential, Gamma-variate and Dispersed
Exponential with β = 19 models for Residue function.
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Estimation of Cerebral Blood Volume and Mean
Transit Time

Relative CBV values were calculated according to Eq.(2.11) as
R∞
CV OI (τ )dτ
CBV = R0∞
CAIF (τ )dτ
0

(4.9)

In this way, CBV is a parameter independent upon the specific used deconvolution method, being only sensitive to the level of experimental noise present
in the tissue concentration time curves CV OI (t) and to the simulated tissue type.
Figure 4.16 illustrates the mean estimated CBV values, together with their SD,
obtained using Eq.(4.9) with the four simulated R(t) models (i.e. 1-Exponential,
2-Lorentzian, 3-Gamma-variate, 4-Dispersed Exponential with β = 31 ) in normal (n) and pathological (p) case in the GM, T R = 1 sec, with decreasing SN R
values (500-50-10-5). As shown in Figure 4.16, the true CBV values in normal
and pathological GM are well estimated using Eq.(4.9) when SN R ≥ 10, independently upon the considered Residue function model. When data are very
noisy (i.e. SN R = 5), for all the tissue types Eq.(4.9) provides overestimated
CBV values: this is probably due to the presence of large oscillations in the
tissue concentration time curves and to the fact that no Gamma-variate fitting
has been applied to noisy CV OI (t). In fact, CBV estimates are not influenced
by oscillations in the final part of the tissue concentration curves if these oscillations are also present in the AIF curve (see Eq.(4.9)) [Perkiö J. et al., MRM
47, 2002], but in the presented simulations AIF is noisy-free.

Figure 4.16: CBV mean estimates (+ SD) in normal (n) and pathological
(p) case in the GM, with the four simulated R(t) models (1-Exponential, 2Lorentzian, 3-Gamma-variate, 4-Dispersed Exponential with β = 13 )and decreasing SN R values (500-50-10-5).
MTT estimates have been obtained in two different ways:
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• by using Eq.(2.17) starting from the estimates of CBF and CBV (i.e.
Central Volume Theorem);
• by using Eq.(2.16) as the area under the estimated R(t).

The Central Volume Theorem provides MTT results depending upon the
estimated CBF values: MTT estimates are in this way sensitive to the ability
of the four deconvolution methods in calculating the CBF as peak of the deconvolved Residue function. MTT calculation by using Eq.(2.16) more heavily
relies on the performance of the deconvolution methods, being sensitive to the
presence of oscillations in the deconvolved Residue functions.

Figure 4.17: SVD, cSVD, TIKH and NSR estimates (vertical axis) vs. true
MTT (horizontal axis) for four different SNR, T R = 1sec, four R(t) models and
normal and pathological MTT in the GM. MTTs have been estimated according
to the Central Volume Theorem.
With regard to MTT calculated in according to the Central Volume Theorem, Figure 4.17 shows the mean MTT obtained by SVD, cSVD, TIKH and NSR
compared to true MTT for the four different SN R levels and R(t) models, and
T R = 1 sec. True MTT values illustrated in Figure 4.17 correspond to: normal
GM MTT for Exponential R(t) (4.03 [sec]); normal GM MTT for Lorentzian
R(t) (3.92 [sec]); normal GM MTT for Gamma-variate R(t) (5.32 [sec]); normal GM MTT for Dispersed Exponential R(t) (9.50 [sec]); pathological GM
MTT for Exponential R(t) (9.91 [sec]); pathological GM MTT for Lorentzian
R(t) (9.40 [sec]); pathological GM MTT for Gamma-variate R(t) (8.49 [sec]);
pathological GM MTT for Dispersed Exponential R(t) (16.59 [sec]). Independently on the noise level, SVD tends to overestimate the low MTT values and
underestimate the highest ones. cSVD performs similarly to SVD, but when the
signal-to-noise ratio falls under 50, cSVD tends to underestimate all the MTT
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values, except for the lower ones. TIKH estimates quiet well MTT values when
the signal-to-noise is high, but when SN R decreases (i.e. SN R = 10, SN R =
5), it seems to be very sensitive to experimental noise. NSR performs equally
well for both low and high MTT values and is less sensitive to noise level than
the other three methods.

Figure 4.18: RM SEM T T indexes for the four deconvolution methods with normal (upper) and pathological (lower panel) MTT in the GM, with T R = 1 sec.
MTTs have been estimated according to the Central Volume Theorem. The
shaded values are the minimum among the four methods.
Figure 4.18 shows that NSR is the best in estimating the MTT in 81%
and 56% of cases for normal and pathological MTT respectively. NSR seems to
perform very well when the Dispersed Exponential model for R(t) is considered.
The worst performance of NSR is that with the Lorentzian R(t) model, in
which NSR fails to provide the best estimation of MTT in 75% of cases: one
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explanation may be that the particular form of the Lorentzian function (i.e.
neither a pure Exponential, neither a properly dispersed function) makes NSR
not to correctly estimate CBF and thus MTT.

Figure 4.19: SVD, cSVD, TIKH and NSR estimates (vertical axis) vs. true
MTT (horizontal axis) for four different SNR, T R = 1 sec, four R(t) models
and normal and pathological MTT in the GM. MTTs have been estimated as
the area under the R(t).
Figure 4.19 shows the mean MTT values calculated as the area under the
deconvolved Residue function obtained by SVD, cSVD, TIKH and NSR compared to true MTT for the four different SN R levels and R(t) models, with
T R = 1 sec. True MTT values in Figure 4.19 correspond to those illustrated
in Figure 4.17. SVD still tends to overestimate low MTT values and underestimate the highest ones; when noise becomes high, SVD tends to underestimate
also middle MTT values. cSVD performs similarly to SVD, but with a more
accentuated underestimation, mainly when the signal-to-noise ratio is low (i.e.
SN R = 5). TIKH well estimates MTT values when the signal-to-noise is high,
but when SN R decreases (i.e. SN R = 5), it shows sensitivity to experimental noise. NSR performs equally well for both low and high MTT values for
SN R ≥ 10; when the noise is high, NSR overestimates all MTT values, probably because of the presence of a overestimated tail in the deconvolved Residue
function which increases the calculated area under the curve (i.e. the MTT).
Considering RM SEM T T indexes also for this second approach, Figure 4.20
shows that NSR is the best in estimating the MTT in 56% of cases for normal
values. NSR seems to perform worst when the pathological MTT is considered:
in this situation, NSR fails to provide the best estimation of MTT in 69%
of cases. Of note is that NSR never provides the best MTT estimation when
SN R = 5: again, one explanation may be that the presence of an overestimated

4.3 Results

69

Figure 4.20: RM SEM T T indexes for the four deconvolution methods with normal (upper) and pathological (lower panel) MTT in the GM, with T R = 1 sec.
MTTs have been estimated as the area under the R(t). The shaded values are
the minimum among the four methods.
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tail in the deconvolved Residue function increases the calculated area under the
curve.

Figure 4.21: Percentage for the four deconvolution methods with normal (left)
and pathological (right) MTT in the GM, with T R = 1 sec, in providing the
lowest RM SEM T T indexes by using the Central Volume Theorem (upper panel)
and the area under R(t) (lower panel).
In conclusion, considering all the simulated cases for both normal and
pathological MTT in the GM, Figure 4.21 shows the relative percentage of the
four deconvolution methods in providing the best MTT estimates in normal and
pathological case, with T R =1 sec, by using the Central Volume Theorem (upper panel) and the area under R(t) (lower panel). With this second approach,
NSR shows the best estimates in the 56.3% of cases for normal MTT, while in
the pathological case it is SVD that provides the best MTT estimates in 56.1%
of cases. Note that MTT estimates from different R(t) models have been here
compared; another interesting possibility is to compare different MTT values
given one specific R(t) model, but this investigation falls behind the aim of this
work, in which the estimates obtained by four different deconvolution methods
in a common set of hemodynamic parameters combinations have been assessed.
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Discussion

Nonlinear Stochastic Regularization (NSR), a recently proposed deconvolution
method, has been compared with three non-parametric methods, Singular Value
Decomposition (SVD), block-Circulant Singular Value Decomposition (cSVD)
and Tikhonov Regularization (TIKH), for quantification of DSC-MRI images.
The comparison has been made on a large data set including 168 different situations (7 models for R(t) x 2 CBF values x 4 SNR x 3 T R values). In particular,
the attention has been focused on two subsets: the first one includes 96 different
situations (4 models for R(t) x 2 CBF values x 4 SNR x 3 T R values) for the
methods comparison; the second one considers 32 different situations (4 models
for R(t) x 2 CBF values x 4 SNR x 1 T R values) to evaluate the reconstruction
of the dispersion level.
SVD and cSVD have been shown to underestimate the peak in a range
between 15% - 40% even in absence of dispersion and to fail in characterizing
the initial part of R(t) in presence of dispersion. SVD and cSVD present oscillations and negative values and are also much more sensitive to signal-to-noise
ratio value than NSR: Residue functions become more oscillating and confidence
bands get wider as noise increases. In addition, as reported in [Murase K. et al.,
PMB 46, 2001; Liu H.L. et al., MRM 42, 1999], the criticality of the choice of
a threshold value remains a problem: lowering threshold leads to good estimation of CBF but to extremely noisy R(t) functions, while increasing it provides
smoother R(t) but heavy underestimation of the peak, especially at high flow.
TIKH has been shown to characterize the Residue function quite smoothly
and to acceptably estimate the peak both in presence and absence of bolus dispersion. However, it shows negative values in the shape of the deconvolved R(t)
and large and oscillating SD ranges, probably due to the high sensitivity to the
choice of the Regularization parameter. TIKH also seems highly influenced by
the noise level as documented by the increased number of oscillations and noisy
and widened confidence intervals of reconstructed Residue functions obtained
when SN R gets below 50. Our results agree with those reported in [Calamante
F. et al., MRM 50, 2003], where TIKH shows to improve the characterization
of the initial part of the Residue function in presence of bolus dispersion, but
still presents oscillations in its final part. Also with regard to CBF, our results
agree with [Calamante F. et al., MRM 50, 2003] showing the tendency of TIKH
to underestimate CBF.
NSR has been shown to well characterize the Residue function and accurately estimate CBF, as the peak of the Residue function, both in presence and
absence of bolus dispersion better than the other three methods, thus improving the quality of information provided by bolus-tracking MRI. In addition, only
NSR has been shown to allow smooth and non negative estimate of the Residue
function. The superiority of NSR with respect to SVD, cSVD and TIKH is
particularly evident if bolus dispersion is considered and SN R values are in the
range typically found in clinical practice (i.e. SN R = 10 and 50).
Performance of SVD, cSVD, TIKH and NSR was also assessed by quantitative indexes of the quality of estimation expressed as Root Mean Square
Error (RMSE). When normal values for the hemodynamic parameters are considered, NSR provides a better estimation in 100% of the cases looking at the
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R(t) characterization index (i.e. RM SEcurve ), and in 75% when the peak estimation index is considered (i.e. RM SEpeak ). When pathological values for the
hemodynamic parameters are considered, NSR provides a better estimation in
92% of the cases looking at the RM SEcurve , and in 60% when RM SEpeak is
considered. The other methods show much lower percentages, especially when
the curve reconstruction is considered. NSR fails to perform at best only when
the signal-to-noise level is very low (SN R = 5), especially with pathological
CBF, but in these situations, its performance is comparable to that by SVD,
cSVD and TIKH.
The reduction of sampling frequency from 1 sec to 0.3 sec does not significantly alter the above comparison albeit it influences the reconstruction of
Residue function and the peak estimation. When T R is increased to 2 sec,
the above consideration on RM SEcurve indexes do not change and NSR performance improves. In this case, NSR shows lower RM SEcurve in 100% of
cases for both normal and pathological CBF: due to the use of a virtual grid
to reconstruct the unknown Residue function, NSR is less sensitive to the number of tissue concentration samples than the other methods. With regard to
RM SEpeak indexes, NSR performance obtained with T R = 2 sec are comparable to that with T R = 1 sec. In this case, NSR performs slightly worst for
normal CBF values, showing lower RM SEpeak in 56% of cases vs. 69% of cases
with T R = 1 sec. However, NSR improves its performance when pathological
CBF values are considered, providing lower RM SEpeak in 56% of cases vs. 50%
of cases with T R = 1 sec.
An interesting potentiality of NSR is the possibility of separating the true
Residue function from the bolus dispersion effect. Starting from tissue concentration data affected by dispersion (i.e. obtained with Gamma-variate and
Dispersed Exponential models), NSR estimates a set of parameters describing
the non dispersed component of the unknown Residue function thus allowing
to reconstruct the original non dispersed CBF ·R(t) product function. Results
show that NSR well estimates the level of dispersion present in the data in both
normal and pathological case, for noise levels typical of the clinical practise (i.e.
SN R = 50 - 10). Correctly quantifying the level of dispersion NSR, differently
from SVD, cSVD and TIKH, is able to reconstruct the original non dispersed
Residue function thus estimating the CBF non affected by dispersion, although
with larger SD ranges than that obtained for the dispersed one. Of note is that
the ability of NSR to accurately compensate for dispersion does not heavily
depend on the inclusion of the dispersive term in the prior, since NSR correctly
quantifies the level of dispersion also when V T F (t) differs from the assumed
dispersive prior. Anyway, further investigations on simulated data considering other proposed models for vascular transport may clarify NSR dispersioncorrection ability. Moreover, it has to be noted that in the considered simulation
set up, selected AIF represents a typical arterial function of normal tissue. If
one assumes that a dispersed AIF is actually measured in a pathological region
and then applied to normal tissue, deconvolution algorithms results may be influenced and NSR ability in correcting for dispersion may have to be further
analyzed.
True CBV values in normal and pathological GM are well estimated using
the area under the CV OI (t) time curves normalized to the area under the AIF,
independently upon the considered Residue function model. When data are
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very noisy (i.e. SN R = 5), this approach provides overestimated CBV values
for all the tissue types, probably due to the presence of large oscillations in the
tissue concentration time curves.
MTT has been here evaluated in two different ways: (1) by using the Central
Volume Theorem and (2) by calculating the area under the estimated R(t).
MTT estimates obtained with the first approach are sensitive to the ability of the
four deconvolution methods in calculating the CBF as peak of the deconvolved
Residue function. Instead, the second approach is sensitive to the presence of
oscillations or enhanced tails in the reconstructed R(t). For MTT calculated
with the Central Volume Theorem, NSR provides the best estimation in 81%
and 56% of cases for normal and pathological state respectively. NSR seems to
perform very well when the Dispersed Exponential model for R(t) is considered.
The worst performance is that with the Lorentzian R(t) model, in which NSR
fails to provide the best estimation of MTT in 75% of cases, probably due to
the fact that the particular form of the Lorentzian function (i.e. neither a pure
Exponential neither a properly dispersed function) makes NSR not to correctly
estimate CBF and thus MTT. When MTT is calculated as the area under the
R(t) curve, NSR shows the best estimates in 56.3% of cases for normal MTT,
while in the pathological case it is SVD that provides the best MTT estimates
in 56.1% of cases. One explanation may be that the presence of a overestimated
tail in the deconvolved Residue function increases the calculated area under the
curve (i.e. the MTT).
In conclusion, NSR estimates with good accuracy CBF and provides physiological positive shape of R(t) in both presence and absence of dispersion, with
normal and pathological CBF, different T R and SN R values. An appealing
feature of NSR is that it does not require any threshold which is known to affect
SVD, cSVD an TIKH estimates. The price to obtain all this information quality
is time, because NSR is computationally more expensive than SVD, cSVD and
TIKH which are all linear methods. There are margins of improvement since
currently NSR is developed in Matlab (The Math-Works Inc., Natick, MA),
which is extremely powerful but computationally expensive: its future implementation in C++ will surely speed up NSR performance. However, NSR has
demonstrates to be a robust method to quantify both CBF and MTT, while
the other three methods show a performance which is very sensitive to the noise
level, the tissue type and the hemodynamic considered parameter.

Chapter 5

Assessment of
Non-parametric
Deconvolution Methods on
Clinical Data
SVD, cSVD, TIKH and NSR are here assessed and compared on clinical data.
After a description of the protocol and subjects, results obtained with the four
methods are discussed with regard to the generation of CBF and MTT maps.
Particular attention is then devoted to the generation of maps of dispersion and
non-dispersed CBF by NSR.

5.1

Protocol and subjects

The clinical data set provided by Doctor Mirco Cosottini (Department of Neuroscience, University of Pisa, Italy) is composed by DSC-MRI data of 11 patients with severe atherosclerotic unilateral stenosis of internal carotid artery
revealed with color Doppler UltraSonography (US) examination. All subjects
were submitted to evaluation of intracranial circle with MR angiography with
3D Time-Of-Flight (TOF) technique. All subjects were also submitted to conventional angiography with digital subtraction technique to confirm the grading
of stenosis with North American Symptomatic Carotid Endarterectomy Trial
(NASCET) criteria and to depict the presence of collateral intracranial compensatory circles.
DSC-MRI examinations were executed with MR equipment Signa Horizon
CV 1.5 T GE Medical System, using a dedicated phased array neurovascular
coil. DSC-MRI imaging was performed with a single shot EPI GE sequence
along the bicommisural axis, with T E = 51 ms, T R = 1560 ms, Field Of
View (FOV) = 34 cm, slice thickness = 5 mm, spacing = 1 mm, matrix =
128 x 128, phases for slice location = 40 and slices number = 12. The bolus
injection of contrast agent was started after the 10th acquisition was completed,
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the injection rate was 5 ml/sec with a total amount of 14 ml, using a 18 gauge
intravenous access connected to an automated injector Spectris Medrad. In 8
of the considered subjects, DSC-MRI acquisition was repeated 6 months after
carotid artery stenting to completely or partially eliminate the stenosis. For
subject n◦ 10, only the acquisition after stenting was available. In total, 18
different clinical cases were considered (i.e. 10 pre-stenting and 8 post-stenting).
For simplicity and brevity of notation, in the rest of the Chapter carotid artery
stenting is referred to as surgery intervention.

Figure 5.1: Age, weight, gender, stenosis location and presence of post-surgery
acquisition of the eleven considered subjects.
Figure 5.1 reports age, weight, gender of the eleven subjects together with
the stenosis location (i.e. differently from the standard ”view from below”, right
corresponds to the right hemisphere, left corresponds to the left hemisphere in
the clinical images shown in this Chapter to facilitate the visualization) and the
presence of a second DSC-MRI acquisition after surgery. Note that subject n◦ 9
presents a double notation for stenosis location due to the fact that after the
surgery intervention to eliminate the stenosis in the right hemisphere, the subject has shown a similar problem in the opposite hemisphere. Keeping in mind
this fact, it has been however possible to individuate a pathological hemisphere
in the evaluation of CBF, CBV and MTT estimates presented in the rest of the
Chapter.
For each subject, a global AIF was automatically detected by means of Hierarchical Clustering applied dichotomously [Peruzzo D. et al., Proc. of ISMRM
14th Scien. Meet. & Exhib., 2006], a novel fully automatic method to select
the Arterial Input Function which has shown to be less influenced by partial
volume artifacts than other automatic methods. Briefly, this automatic method
selects from 3 to 5 pixels in the same slice which present a high, narrow and
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early-appeared shape for the concentration time curve and takes the mean concentration curve over these pixels as the global AIF. Pixels with saturated concentration time curves are automatically excluded by the algorithm. In this
way, the Hierarchical Clustering approach selects AIFs which are expected to
reflect primarily normal arteries. As a representative case, Figure 5.2 and 5.3
show the pixels location and the corresponding AIFs automatically selected by
the Hierarchical Clustering method in Subject 6 before (Figure 5.2) and after
(Figure 5.3) surgery.

Figure 5.2: Pixels location (white points in the left image) and corresponding
raw AIF data (cross points in the right image) and Gamma-fit AIF (solid line in
the right image) automatically selected by the Hierarchical Clustering method
in Subject 6 before surgery.

Figure 5.3: Pixels location (white points in the left image) and corresponding
raw AIF data (cross points in the right image) and Gamma-fit AIF (solid line in
the right image) automatically selected by the Hierarchical Clustering method
in Subject 6 after surgery.
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Materials and Methods

CBV. CBV was calculated pixel-by-pixel in each slice for the 18 clinical cases
according to Eq.(2.11), using for each subject the global automatically selected
AIF. The density of the brain tissue ρ and kH = (1−Hart )/(1−Hcap ) were fixed
to the commonly used vales of 1.04 g/ml and 0.73 respectively, as described in
Chapter 2. CV OI (t) and CAIF (t) time curves were used after Gamma-variate
fitting procedure to eliminate recirculation. 216 CBV maps were generated (i.e.
18 cases × 12 slices).
Four of the twelve slices in each subject were selected to represent the
central area of the brain (i.e. slices n◦ 5 - 6 - 7 - 8). In each one, a large Region
of Interest (ROI) including both GM and White Matter (WM) was manually
drawn on the right hemisphere and then mirrored on the left hemisphere by
specular symmetry. This was repeated for the post-surgery images in those
subjects for whom DSC-MRI acquisition had been repeated. In total, 144 ROIs
were generated (i.e. 18 cases × 4 slices × 2 hemisphere). In each slice, mean
CBV values were taken in the two ROIs and the ratio between normal and
pathological hemisphere was calculated to investigate the differences in blood
volume distribution. Then, for each subject (i.e. pre- and post-surgery), mean
values and SD of these ratios were considered among the four selected central
slices.
CBF. According to Eq.(2.9), CBF values were calculated pixel-by-pixel
as the maximum of the CBF · R(t) functions obtained via deconvolution by
SVD, cSVD, TIKH, NSR and corrected-for-dispersion NSR (cdNSR) (i.e. NSR
considering non dispersed R(t) and CBF) respectively, using as input of the
deconvolution algorithms in each clinical case the global automatically selected
AIF. None conversion factor was introduced to calculate absolute CBF values: relative CBFs were considered in order to compare the four deconvolution
methods performance. As previously said, CV OI (t) and CAIF (t) time curves
were used after Gamma-variate fitting procedure to eliminate the presence of
recirculation. 1080 CBF maps were generated (i.e. 18 cases × 12 slices × 5
deconvolution methods, considering dispersed and non dispersed CBF by NSR
and cdNSR, respectively).
In total, 432 large ROIs were generated (i.e. 18 cases × 12 slices × 2
hemisphere). In each slice, mean CBF values were taken in the two ROIs and the
ratio between normal and pathological hemisphere was calculated to investigate
the differences in blood flow calculated by SVD, cSVD, TIKH, NSR and cdNSR
respectively. Then, for each subject, mean values and SD of these ratios were
considered among all the twelve slices.
Also SDs of the CBF values in the considered ROIs were calculated to
investigate the confidence of the different methods in providing correct CBF estimates. More precisely, in each ROI (i.e. normal and pathological hemisphere)
of each slice, the percentage SD has been calculated as
SD%CBF = 100

SDCBF
meanCBF

(5.1)

where meanCBF and SDCBF are the mean and SD of CBF values in the
ROI respectively. This was done to compare the different methods performance
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in a normalized way, independently upon the highly different CBF values calculated in each single ROI.
MTT. According to the Central Volume theorem, absolute MTT values
were calculated pixel-by-pixel using Eq.(2.17) as the ratio between CBV and
CBF obtained by SVD, cSVD, TIKH, NSR and cdNSR respectively. Totally,
1080 MTT maps were generated (i.e. 18 cases × 12 slices × 5 deconvolution
methods, considering dispersed and non dispersed CBF by NSR and cdNSR,
respectively). In each slice, mean MTT values were taken in the two ROIs
and the ratio between normal and pathological hemisphere was calculated to
investigate the differences in blood transition time estimated by the different
deconvolution methods. Then, for each subject mean values and SD of these
ratios were considered among all the twelve slices.
Also SDs of MTT values in the considered ROIs were calculated to investigate the confidence of SVD, cSVD, TIKH, NSR and cdNSR in providing
correct MTT estimates and compare the considered methods performance independently upon the different MTT values calculated in each single ROI. More
precisely, in each ROI (i.e. normal and pathological hemisphere) of each slice,
the percentage SD has been calculated as
SD%M T T = 100

SDM T T
meanM T T

(5.2)

where meanM T T and SDM T T are the mean and SD of MTT values in the
ROI respectively.
θ1 . As pointed out in Chapter 3 and 4, an interesting potentiality of NSR
is the possibility to separate the true Residue function from the bolus dispersion effect. Starting from tissue concentration data affected by dispersion, NSR
estimates a set of parameters describing the dispersed and non dispersed components of the unknown Residue function thus allowing to reconstruct the original
non dispersed CBF ·R(t) product function and to estimate the CBF non affected
by dispersion. As explained in Chapter 3, NSR determines parameters θ1 , θ2
and θ3 by means of a maximum likelihood strategy as described in [Bell B.M. et
al., IP 20, 2004]. In particular, θ1 accounts for the level of dispersion present in
the data, being very close to zero in absence of dispersion and increasing when
dispersion occurs. Parameter θ1 was estimated pixel-by-pixel and 216 maps
were generated (i.e. 18 cases × 12 slices). A simple two-dimensional median
filter (The Math-Works Inc., Natick, MA, Image Processing Toolbox) was then
applied to each map in order to emphasize brain regions with altered θ1 values.
In fact, median filtering is often used in image processing to simultaneously
reduce salt and pepper noise and preserve edges.
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Figure 5.4: Mean CBV ratios and SD between normal and pathological hemisphere in four central slices before (left) and after (right) surgery. Mean CBV
values were calculated in manually drawn specular ROIs after the pixel-by-pixel
generation of CBV maps.
Figure 5.4 shows the mean CBV ratios and SD between normal and pathological hemisphere in four central slices for each subject before (left) and after
(right) surgery. The small SD values in Figure 5.4 indicate that CBV ratios
remain quiet constant among the central slices both considering the pre- and
post-surgery situation. In subjects n◦ 1 - 2 - 5 - 6 - 7 - 9 the pre-surgery ratio
is very close to unit, suggesting a not so evident difference in blood volume between normal and pathological hemisphere. The situation does not change after
surgery except for subjects n◦ 5 and 7, for whom the two hemispheres significantly change their role: CBV ratio of 0.99 before becomes 1.22 after surgery in
subject 5, while CBV ratio of 1.03 before becomes 0.9 after surgery in subject
7, suggesting that the introduction of the stent has modified the blood volume
distribution across the brain. On the other hand, subjects n◦ 3 - 4 - 8 - 11
present pre-surgery CBV ratios which are more heavily lower or higher than 1,
showing a more pronounced dissymmetry between the two hemispheres which
deteriorates after the surgery for subject n◦ 3. Subject 4 presents the highest
pre-surgery CBV ratio, suggesting the presence of a high impairment in the
pathological hemisphere, where CBV is nearly half that of the normal area due
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to the presence of the stenosis (see Figure 5.1). However, results from subject
n◦ 4 have to be taken with caution, since the high impairment in the pathological
hemisphere has probably lead to BBB disruption.

Figure 5.5: Absolute CBV maps obtained for subject n◦ 4 in slices 5 - 6 - 7 - 8
before surgery.
This is clearly visible in Figure 5.5, where the right hemisphere of subject
4 appears shadowed in all the four considered central slices. In Figure 5.6,
CBV maps obtained for subject n◦ 3 in slices 5 - 6 - 7 - 8 before and after
surgery are presented. Of note is that reported CBV values are expressed in
ml/g percentage as commonly done in literature; although comparable to the
values reported in other works, they are still far from ideal due to the problem
of DSC-MRI absolute quantification which will be discussed in Chapter 7.

Figure 5.6: Absolute CBV maps obtained for subject n◦ 3 in slices 5 - 6 - 7 - 8
before (upper panel) and after (lower panel) surgery.
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Figure 5.7: Mean CBF ratios and SD between normal and pathological hemisphere of 12 slices obtained by SVD, cSVD, TIKH, NSR and cdNSR in each
subject before surgery. Mean CBF values were calculated in manually drawn
specular ROIs after the pixel-by-pixel generation of the CBF maps. Dark gray
boxes indicate the highest ratios in agreement with the diagnosis (i.e. greater
than 1), light gray boxes the highest ratios in disagreement.
Figure 5.7 shows mean CBF ratios and SD between normal and pathological
hemisphere obtained by SVD, cSVD, TIKH, NSR and cdNSR among all the
twelve slices for each subject before surgery. In the normal hemisphere, CBF has
to be generally higher than that in the pathological one: the CBF ratio between
normal and pathological hemisphere has to be greater than 1 according to the
diagnosed presence of the stenosis. Dark gray boxes in Figure 5.7 indicate the
highest ratios among those calculated by SVD, cSVD, TIKH, NSR and cdNSR
which agree with the diagnosis; light gray boxes indicate the highest ratios when
the deconvolution methods fail to reveal the pathological hemisphere. Except
for subjects n◦ 1 - 8 - 9, NSR or cdNSR shows the highest CBF ratio values
thus providing a more clear identification of the pathological hemisphere. As
expected, in five cases (i.e. subjects n◦ 1 - 3 - 4 - 7 - 8), the ratio obtained by
cdNSR is slightly higher than that considering CBF simply as the maximum
of deconvolved CBF · R(t) functions; in the other cases, cdNSR shows ratio
equal to NSR or lower, probably due to the recovery of underestimated CBF
values in the pathological hemisphere. SVD and cSVD ratios are generally very
close to unit thus making the identification of pathological areas more difficult.
TIKH shows the highest ratio only in subject n◦ 9, where the other methods
fail to provide the right diagnosis or show ratio values very close to 1. SD
values in Figure 5.7 indicate that CBF ratios remain quiet constant across the
slices. Subject 6 shows the highest CBF ratio, suggesting the presence of a high
impairment in the pathological hemisphere.
Figure 5.8 shows mean CBF ratios and SD between normal and pathological hemisphere obtained by SVD, cSVD, TIKH, NSR and cdNSR among all
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the twelve slices for each subject after surgery. If a normal perfusion has been
recovered, CBF ratio between normal and pathological hemisphere has to be
closer to 1: dark gray boxes in Figure 5.8 are the highest ratios among those
calculated by SVD, cSVD, TIKH, NSR and cdNSR in agreement with the diagnosis made before surgery, while light gray boxes are the ratios closer to unit,
indicating the recovery of the stenosis occlusion. Subject 9, as pointed out at
the beginning of the Chapter, deserves particular attention in that it shows the
presence of a stenosis in the hemisphere opposite to that of the pre-surgery diagnosis. In general, all the deconvolution methods show CBF ratios close to 1,
suggesting the recovery of the perfusion after surgery. In particular, subject 6
seems to have fully recovered from the high impairment indicated by CBF ratios
in Figure 5.7.
Figure 5.9 shows mean percentage SD obtained by SVD, cSVD, TIKH, NSR
and cdNSR in normal and pathological hemisphere among all the slices in each
subject before surgery. TIKH shows the highest values in 8 cases according to its
extremely noisy characterization of CBF maps. As expected, SVD and cSVD
always present the lowest percentage SD values: this is a typical behavior of
SVD and cSVD methods due to the uniformity of their CBF maps. NSR shows
values higher than those by SVD and cSVD but lower than those by TIKH; as
expected, cdNSR generally presents slightly higher percentage SD values with
respect to normal NSR. However, its results are higher than those by TIKH
only in two cases.
Results do not change in the post-surgery situation. Figure 5.10 shows
mean percentage SD obtained by SVD, cSVD, TIKH, NSR and cdNSR in normal
and pathological hemisphere among all the slices in each subject after surgery.

Figure 5.8: Mean CBF ratios and SD between normal and pathological hemisphere of 12 slices obtained by SVD, cSVD, TIKH, NSR and cdNSR in each
subject after surgery. Mean CBF values were calculated in manually drawn
specular ROIs after the pixel-by-pixel generation of the CBF maps. Dark gray
boxes are the highest ratios in agreement with the diagnosis made before surgery,
light gray boxes the ratios closer to unit, indicating the recovery of the stenosis
occlusion.
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TIKH shows the highest values in all the considered subjects; NSR and cdNSR
present values higher than those by SVD and cSVD but lower than those by
TIKH.
Particular slices have been selected in each subject to further investigate
the behavior of the deconvolution methods in estimating normal to pathological
hemisphere CBF ratios. Figure 5.11 shows mean CBF ratios between normal
and pathological hemisphere obtained by SVD, cSVD, TIKH, NSR and cdNSR
in these selected slices. Considering the pre-surgery situation, NSR or cdNSR

Figure 5.9: Mean CBF percentage SD obtained by SVD, cSVD, TIKH, NSR
and cdNSR in normal and pathological hemisphere among all the 12 slices in
each subject before surgery. Dashed boxes indicate the highest percentage SD
values.

Figure 5.10: Mean CBF percentage SD obtained by SVD, cSVD, TIKH, NSR
and cdNSR in normal and pathological hemisphere among all the 12 slices in
each subject after surgery. Dashed boxes indicate the highest percentage SD
values.
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provides the highest ratios both when the calculated CBF values are in agreement (i.e. dark boxes in Figure 5.11) or not (i.e. light gray boxes in Figure
5.11) with the pre-surgery diagnosis, showing a good ability in detecting flow
impaired areas.

Figure 5.11: Mean CBF ratios between normal and pathological hemisphere
obtained by SVD, cSVD, TIKH, NSR and cdNSR in selected slices of each
subject before (i.e. PRE) and after (i.e. POST) surgery. For pre-surgery cases,
dark gray boxes indicate the highest ratios in agreement with the diagnosis (i.e.
greater than 1) and light gray boxes the highest ratios in disagreement.
Next pages are dedicated to CBF maps obtained by SVD, cSVD, TIKH,
NSR and cdNSR in some of the selected cases of Figure 5.11 both before and
after surgery. Relative CBF values are expressed in absolute units and maps
of the different deconvolution methods are normalized to the same pixel for
the sake of comparison. Pixels selection has been manually carried out by
considering those pixels which, for each method, minimize the distance between
real and estimated (i.e. by reconvolution) tissue curve. As expected, NSR and
cdNSR maps are comparable in terms of CBF values to those obtained by SVD
and cSVD, but show more contrasted areas, thus improving the flow differences
detection. In general, TIKH maps are extremely noisy and provide normalized

86

5.3 Results

CBF values which are not comparable to those obtained by SVD, cSVD, NSR
and cdNSR. Of note is that, even if the number of the selected slice in a subject
does not change in the post-surgery situation, brain structures may be differently
visualized due to slightly different subject orientation during acquisition.
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Figure 5.12: CBF maps obtained by SVD, cSVD, TIKH, NSR and cdNSR in
subject 1 before surgery. Relative CBF values are expressed in absolute units
and normalized to the same pixel in each map.

Figure 5.13: CBF maps obtained by SVD, cSVD, TIKH, NSR and cdNSR in
subject 1 after surgery. Relative CBF values are expressed in absolute units and
normalized to the same pixel in each map.
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Figure 5.14: CBF maps obtained by SVD, cSVD, TIKH, NSR and cdNSR in
subject 4 before surgery. Relative CBF values are expressed in absolute units
and normalized to the same pixel in each map.

Figure 5.15: CBF maps obtained by SVD, cSVD, TIKH, NSR and cdNSR in
subject 6 before surgery. Relative CBF values are expressed in absolute units
and normalized to the same pixel in each map.
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Figure 5.16: CBF maps obtained by SVD, cSVD, TIKH, NSR and cdNSR in
subject 6 after surgery. Relative CBF values are expressed in absolute units and
normalized to the same pixel in each map.

Figure 5.17: CBF maps obtained by SVD, cSVD, TIKH, NSR and cdNSR in
subject 9 after surgery. Relative CBF values are expressed in absolute units and
normalized to the same pixel in each map.
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5.3.3

MTT map

Figure 5.18: Mean MTT ratios and SD between normal and pathological hemisphere of 12 slices obtained by SVD, cSVD, TIKH, NSR and cdNSR in each
subject before surgery. Mean MTT values were calculated in manually drawn
specular ROIs after the pixel-by-pixel generation of the MTT maps. Dark gray
boxes indicate the lowest ratios in agreement with the diagnosis (i.e. lower than
1), light gray boxes the lowest ratios in disagreement.
Figure 5.18 shows mean MTT ratios and SD between normal and pathological hemisphere obtained by SVD, cSVD, TIKH, NSR and cdNSR among
all the twelve slices for each subject before surgery. In the normal hemisphere,
MTT has to be generally lower than that in the pathological one: the MTT
ratio between normal and pathological hemisphere has to be lower than 1 according to the diagnosed presence of the stenosis. Dark gray boxes in Figure
5.18 indicate the lowest ratios among those calculated by SVD, cSVD, TIKH,
NSR and cdNSR in agreement with the diagnosis; light gray boxes indicate
the lowest ratios when the considered deconvolution methods fail to reveal the
pathological hemisphere. Only for three subjects (i.e. n◦ 5 - 6 - 11) the considered deconvolution methods provide MTT ratios in agreement with pre-surgery
diagnosis (i.e. lower than 1); in these cases, NSR and cdNSR show the lowest
ratio values providing a more precise identification of pathological hemisphere.
In the remaining cases, all the methods show ratio slightly or quite a lot higher
than 1. This is not unexpected because of the behavior of MTT as hemodynamic parameter: MTT values are expected to be substantially constant across
brain regions, significantly varying only in those areas which are peripheral or
heavily impaired by stenosis; calculating mean MTT values among large ROIs
across the hemisphere, high valued differences cannot be found. As expected,
often ratios obtained considering non dispersed CBF in the calculation of MTT
(i.e. cdNSR) are slightly higher than those considering simple NSR (i.e. see
subjects n◦ 5 - 6 - 7 - 8 - 9), due to the ability of recovering overestimated MTT
in presence of dispersion in the pathological hemisphere.
SD values in Figure 5.18 indicate that MTT ratios remain quiet constant
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among the slices. Subject 6 presents the lowest MTT ratios, confirming the
presence of the high impairment in the pathological hemisphere revealed by the
corresponding CBF ratios of Figure 5.7. Subject 4 deserves particular attention
in that it shows a great asymmetry between hemispheres in CBV and MTT
values which are not revealed by CBF ratios (see Figure 5.5).

Figure 5.19: Mean MTT ratios and SD between normal and pathological hemisphere of 12 slices obtained by SVD, cSVD, TIKH, NSR and cdNSR in each
subject after surgery. Mean MTT values were calculated in manually drawn
specular ROIs after the pixel-by-pixel generation of the MTT maps. Dark gray
boxes are the lowest ratios in agreement with the diagnosis made before surgery,
light gray boxes the ratios closer to unit, indicating the recovery of the stenosis
occlusion.
Figure 5.19 shows mean MTT ratios and SD between normal and pathological hemisphere obtained by SVD, cSVD, TIKH, NSR and cdNSR among all
the twelve slices for each subject after surgery. If a normal perfusion has been
recovered, the MTT ratio between normal and pathological hemisphere has to
be closer to 1: dark gray boxes in Figure 5.19 are the lowest ratios among those
calculated by SVD, cSVD, TIKH, NSR and cdNSR which agree with the diagnosis made before surgery, while light gray boxes are the ratios closer to unit,
indicating the recovery from the stenosis occlusion. Subject 9, as pointed out
at the beginning of the Chapter, deserves particular attention in that it shows
the presence of a stenosis in the hemisphere opposite to that of the pre-surgery
diagnosis. Also considering MTT values, subject 6 seems to have fully recovered
the high impairment indicated by MTT ratios in Figure 5.18.
Figure 5.20 shows mean percentage SD obtained by SVD, cSVD, TIKH,
NSR and cdNSR in normal and pathological hemisphere among 12 slices in
each subject before surgery. TIKH shows the highest values in all the cases
except for subject 11, according to its extremely noisy characterization of MTT
maps. SVD and cSVD always present the lowest percentage SD values due
to the uniformity of their MTT maps and to the usual behavior of MTT as
hemodynamic parameter. NSR shows values higher than those by SVD and
cSVD but lower than those by TIKH; as expected, cdNSR generally presents
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slightly higher percentage SD values with respect to normal NSR. However, its
results are higher than those by TIKH only for subject 11.

Figure 5.20: Mean MTT percentage SD obtained by SVD, cSVD, TIKH, NSR
and cdNSR in normal and pathological hemisphere among 12 slices in each
subject before surgery. Dashed boxes indicate the highest percentage SD values.
Results do not change in the post-surgery situation. Figure 5.21 shows
mean percentage SD obtained by SVD, cSVD, TIKH, NSR and cdNSR in normal and pathological hemisphere among 12 slices in each subject after surgery.
TIKH shows the highest values in all the considered subjects; NSR and cdNSR
present values higher than those by SVD and cSVD but lower than those by
TIKH.

Figure 5.21: Mean MTT percentage SD obtained by SVD, cSVD, TIKH, NSR
and cdNSR in normal and pathological hemisphere among 12 slices in each
subject after surgery. Dashed boxes indicate the highest percentage SD values.
The same particular slices selected to investigate the estimation of CBF ra-
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tios have been considered to further analyze MTT calculation by the considered
deconvolution methods. Figure 5.22 shows mean MTT ratios between normal
and pathological hemisphere obtained by SVD, cSVD, TIKH, NSR and cdNSR
in these selected slices. Considering the pre-surgery situation, in 8 cases NSR
or cdNSR provides the lowest ratios both when the calculated MTT values are
in agreement (i.e. dark gray boxes in Figure 5.22) or not (i.e. light gray boxes
in Figure 5.22) with the pre-surgery diagnosis, showing a sufficient ability in
detecting flow transit time impaired areas. In the other cases, NSR and cdNSR
performance is comparable to that by SVD and cSVD.

Figure 5.22: Mean MTT ratios between normal and pathological hemisphere
obtained by SVD, cSVD, TIKH, NSR and cdNSR in selected slices of each
subject before (i.e. PRE) and after (i.e. POST) surgery. For pre-surgery cases,
dark gray boxes indicate the lowest ratios in agreement with the diagnosis (i.e.
lower than 1) and light gray boxes the lowest ratios in disagreement.
Next pages are dedicated to MTT maps obtained by SVD, cSVD, TIKH,
NSR and cdNSR in some of the selected slices of Figure 5.11 and 5.22 both
before and after surgery. Absolute MTT values are expressed in seconds. As
for CBF results, MTT maps obtained by NSR and cdNSR are comparable to
those by SVD and cSVD, but show more contrasted areas improving the flow
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transit time differences detection. As expected, cdNSR maps are more noisy
than those by NSR. In general, MTT maps obtained by TIKH are extremely
noisy and provide absolute MTT values which are not comparable to those by
SVD, cSVD, NSR and cdNSR. Of note is that MTT values provided by SVD,
cSVD, NSR and cdNSR are generally comparable to those proposed in literature
and to PET results.
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Figure 5.23: MTT maps obtained by SVD, cSVD, TIKH, NSR and cdNSR in
subject 1 before surgery. Absolute MTT values are expressed in seconds.

Figure 5.24: MTT maps obtained by SVD, cSVD, TIKH, NSR and cdNSR in
subject 1 after surgery. Absolute MTT values are expressed in seconds.
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Figure 5.25: MTT maps obtained by SVD, cSVD, TIKH, NSR and cdNSR in
subject 4 before surgery. Absolute MTT values are expressed in seconds.

Figure 5.26: MTT maps obtained by SVD, cSVD, TIKH, NSR and cdNSR in
subject 6 before surgery. Absolute MTT values are expressed in seconds.
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Figure 5.27: MTT maps obtained by SVD, cSVD, TIKH, NSR and cdNSR in
subject 6 after surgery. Absolute MTT values are expressed in seconds.

Figure 5.28: MTT maps obtained by SVD, cSVD, TIKH, NSR and cdNSR in
subject 9 after surgery. Absolute MTT values are expressed in seconds.
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Dispersion map

Particular attention has been devoted to θ1 maps and to the correlation with
CBF and non dispersed CBF maps obtained by NSR and cdNSR. Next pages
are dedicated to some of θ1 , CBF and non dispersed CBF maps obtained in the
selected slices of Figure 5.11 and 5.22 both before and after surgery. Of note is
that relative CBF and non dispersed CBF maps are expressed in absolute units:
they have been normalized to the same pixel for the comparison with SVD,
cSVD and TIKH so their values have not to be intended as absolute values.
In general, θ1 maps identify cerebral areas with enhanced level of dispersion,
thus providing information about the reliability of CBF and MTT estimates obtained in those areas. Of note is that in those pixels in which θ1 is close or equal
to zero (i.e. absence of dispersion), there is no significant difference between
CBF estimated by simple NSR or cdNSR. This is particularly evident in Subjects 6 (Figure 5.31 and 5.32), 7 (Figure 5.33) and 9 (Figure 5.34). Furthermore,
in the majority of the considered cases, brain areas with altered θ1 values are
less frequent in the post-surgery situation. These considerations, together with
the high correlation between dispersion parameter and CBF and MTT values,
suggest the potential use of θ1 parameter as an indicator of pathological tissue
complementary to CBF, CBV and MTT.
Once applied to the simulated data set of Chapter 4, NSR has demonstrated
to well characterize the Residue function both in presence and absence of bolus
dispersion. In addition, differently from SVD, cSVD and TIKH, NSR has been
shown to allow smooth and non negative estimate of the Residue function.
This fact is confirmed also when NSR is applied to clinical data. In particular,
cerebral areas with high θ1 values are expected to be characterized by dispersed
R(t); not surprisingly, in those areas Residue functions obtained by SVD, cSVD
and TIKH present oscillations and negative values; TIKH in particular shows
very negative estimations of the initial part of R(t) dynamics. On the contrary,
NSR estimates Residue functions which are positive and smooth even when
dispersion is very high.
As a representative case, Figure 5.35 shows results obtained by SVD, cSVD,
TIKH and NSR in two pixels selected in subject n◦ 6 before surgery in a specific
area with altered θ1 values. Figure 5.35 illustrates the comparison between
Residue functions reconstructed by the four deconvolution methods; horizontal
axes are expressed in logarithmic scale and time scale is shifted by 1 sec to
improve visualization. Vertical axes are CBF · R(t) (dimensionless). Selected
pixels are indicated by white arrows in the altered area shown in corresponding
θ1 map. Similar results can be found in the post-surgery situation. Figure 5.36
shows the results obtained by SVD, cSVD, TIKH and NSR in two pixels selected
in subject n◦ 6 after surgery in a specific area with altered θ1 values. Selected
pixels are indicated by white arrows in the altered area shown in corresponding
θ1 map. For comparison, Figure 5.37 shows the results obtained by SVD, cSVD,
TIKH and NSR in a pixel selected in subject n◦ 6 after surgery in a specific area
with θ1 values close to zero (i.e. without dispersion). Selected pixel is indicated
by white arrow in the area with θ1 close to zero shown in corresponding θ1 map.
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Figure 5.29: θ1 , CBF and non dispersed CBF maps obtained by NSR and cdNSR
in subject 1 before surgery.

Figure 5.30: θ1 , CBF and non dispersed CBF maps obtained by NSR and cdNSR
in subject 1 after surgery.

Figure 5.31: θ1 , CBF and non dispersed CBF maps obtained by NSR and cdNSR
in subject 6 before surgery.
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Figure 5.32: θ1 , CBF and non dispersed CBF maps obtained by NSR and cdNSR
in subject 6 after surgery.

Figure 5.33: θ1 , CBF and non dispersed CBF maps obtained by NSR and cdNSR
in subject 7 after surgery.

Figure 5.34: θ1 , CBF and non dispersed CBF maps obtained by NSR and cdNSR
in subject 9 after surgery.
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Figure 5.35: Comparison between Residue functions reconstructed by NSR
(black line) and SVD (gray line, upper panel), cSVD (gray line, central panel)
and TIKH (gray line, lower panel) respectively in two selected pixels of subject
6 before surgery. The horizontal axes are time [sec] in logarithmic scale and
time scale is shifted by 1 sec to improve visualization. The vertical axes are
CBF · R(t) (dimensionless). Selected pixels are indicated by white arrows in
the altered area of θ1 map shown at the top.
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Figure 5.36: Comparison between Residue functions reconstructed by NSR
(black line) and SVD (gray line, upper panel), cSVD (gray line, central panel)
and TIKH (gray line, lower panel) respectively in two selected pixels of subject 6 after surgery. The horizontal axes are time [sec] in logarithmic scale and
time scale is shifted by 1 sec to improve visualization. The vertical axes are
CBF · R(t) (dimensionless). Selected pixels are indicated by white arrows in
the altered area of θ1 map shown at the top.
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Figure 5.37: Comparison between Residue functions reconstructed by NSR
(black line) and SVD (gray line, upper panel), cSVD (gray line, central panel)
and TIKH (gray line, lower panel) respectively in a selected pixel of subject
6 after surgery. The horizontal axes are time [sec] in logarithmic scale and
time scale is shifted by 1 sec to improve visualization. The vertical axes are
CBF · R(t) (dimensionless). Selected pixel is indicated by white arrow in the
area with θ1 close to zero in the map shown at the top.
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Discussion

SVD, cSVD, TIKH and NSR have been applied to a clinical data set containing
DSC-MRI data of 11 patients with severe atherosclerotic unilateral stenosis of
internal carotid artery. For 8 of the considered subjects, DSC-MRI acquisition
was repeated 6 months after carotid artery stenting intervention to completely
or partially remove the stenosis. In each subject, a global AIF was automatically
detected by means of Hierarchical Clustering applied dichotomously [Peruzzo
D. et al., Proc. of ISMRM 14th Scien. Meet. & Exhib., 2006]. In each slice, two
large ROIs containing both GM and WM were drawn on normal and pathological hemisphere.
216 CBV maps were generated according to [Rempp K.A. et al., Radiology
193, 1994], after Gamma-variate fitting of CV OI (t) and CAIF (t) time curves to
eliminate recirculation. ROIs belonging to four central slices in each subject
were selected and the ratios between normal and pathological hemisphere were
calculated to investigate the differences in blood volume distribution. Reported
CBV estimates are expressed in ml/g percentage as commonly done in literature;
although comparable to the values reported in other works, they are still far from
ideal due to the problem of DSC-MRI absolute quantification (see Chapter 7).
1080 relative CBF maps were obtained by applying SVD, cSVD, TIKH,
NSR and cdNSR. The ratios between normal and pathological hemisphere were
calculated (i.e. ROI analysis) to investigate the differences in the blood flow
estimated by SVD, cSVD, TIKH, NSR and cdNSR respectively. In general, NSR
and cdNSR show the highest normal to pathological CBF ratios thus providing
a more clear identification of the pathological hemisphere. SVD and cSVD
ratios are very close to unit thus making the identification of pathological areas
more difficult, while TIKH shows the highest ratio value only in one case (i.e.
Subject n◦ 9). In the post-surgery situation, all the four deconvolution methods
show CBF ratios closer to unit, suggesting that perfusion has been recovered.
Of note is that normalized relative CBF maps obtained by NSR and cdNSR
are comparable in terms of values to those by SVD and cSVD, but show more
contrasted areas improving the flow differences detection provided by DSC-MRI
analysis. TIKH maps are extremely noisy and provide normalized CBF values
which are often not comparable to those obtained by SVD, cSVD, NSR and
cdNSR.
Corresponding absolute MTT maps were generated as the ratio between
CBV and CBF. As for CBV and CBF, the ratios between normal and pathological hemisphere were calculated to investigate the differences in the blood
transition time estimated by SVD, cSVD, TIKH, NSR and cdNSR respectively.
Only for 3 subjects (i.e. Subjects n◦ 5 - 6 - 11) the considered deconvolution
methods provide MTT ratios in agreement with pre-surgery diagnosis; in these
cases, NSR and cdNSR show the lowest ratio values providing a more clear
identification of the pathological hemisphere. In the remaining cases, all the
methods show ratios slightly higher than 1, especially if one considers SVD and
cSVD results. As expected, the ratios obtained by cdNSR are slightly higher
or comparable to those considering simple NSR, due to the ability to recover
overestimated MTT in presence of dispersion. As for CBF results, MTT maps
obtained by NSR and cdNSR are comparable to those by SVD and cSVD, but
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show more contrasted areas thus improving the flow transit time differences
detection provided by DSC-MRI maps.
Parametric θ1 , θ2 and θ3 maps were generated by NSR. In particular, θ1
maps clearly identified cerebral areas with enhanced level of dispersion thus
providing information about the reliability of CBF and MTT estimates in those
areas and suggesting the potential use of θ1 parameter as an indicator of pathological tissue complementary to CBF, CBV and MTT.
It is important to note that results obtained in the estimation of CBV
and CBF strongly depend on the AIF that has been used; on the contrary,
MTT is expected to be independent on the AIF area. In this work, global
AIFs (i.e. one for each subject) has been automatically detected by means
of Hierarchical Clustering applied dichotomously [Peruzzo D. et al., Proc. of
ISMRM 14th Scien. Meet. & Exhib., 2006], which selects from 3 to 5 pixels
in the same slice presenting a high, narrow and early-appeared shape in the
concentration time curve and takes the mean concentration curve over these
pixels as the global AIF. The presence of stenosis may cause arterial delay and
dispersion which may influence the experimentally employed AIF. As pointed
out in Chapter 3 and 4, SVD algorithm is sensitive to arterial delay, which
may have had an effect on SVD estimates obtained on the considered data
set. However, the method by Peruzzo and colleagues selects AIFs which are
expected to reflect primarily normal arteries, partially avoiding arterial delay
and dispersion influence. Furthermore, NSR has been shown to be able to
correct for arterial dispersion. Anyway, the limits due to the use of a single AIF
representing the entire brain (i.e. underestimation of rCBF due to dispersion
or delay) are known; the performance of NSR in particular, as well as of every
deconvolution algorithm applied to DSC-MRI data, would certainly improve by
using a specific AIF as close as possible to the tissue of interest as suggested,
for example, in [Knutsson L. et al., JMRI 23, 2006]. In the case of Hierarchical
Clustering, one possibility may be to calculate for each voxel the percentage
of arterial characteristics in the concentration time curve in order to obtain an
approximation of the local AIF.
Cerebral auto-regulation and compensation mechanisms also play an important role in the evaluation of the hemodynamic parameters estimates obtained
in clinical data. These mechanisms sometimes lead to increased CBV and MTT
in order to maintain a constant value for CBF so that under- or over-regulation
can not be identified by simply considering CBF ratios between normal and
pathological hemisphere. In these cases, parameter θ1 , which has shown to be
highly correlated especially to CBF and MTT, may provide important physiological information less affected by cerebral auto-regulation and compensation
mechanisms than that by CBF, CBV and MTT. It is also important to note
that reported CBV, CBF and MTT results have been obtained on large ROIs
containing both GM, WM and, probably, part of large vessels which may have
influenced the average values of estimated hemodynamic parameters. Furthermore, mean CBV, CBF and MTT ratios obtained considering all the slices in
a subject may have included cerebral areas non directly affected by the pathology thus partially confounding results. Estimations would probably improve
in further investigations considering small specific ROIs in the GM as well in
the WM. However, the aim of the present work was to compare the considered
deconvolution methods on a common clinical data set.

Chapter 6

Parametric Deconvolution
Methods
The most important parametric deconvolution methods are here briefly reviewed: the Single Exponential model and the Vascular Heterogenous model.
Then, other available models for brain blood transport are considered. In particular, a combination of a classical model of Multiple Indicator Dilution theory,
the Dispersion model, with Log-normal distribution is proposed and applied both
on real and simulated DSC-MRI data set.
Differently from the non-parametric methods considered in Chapter 3, 4
and 5, in parametric approaches the unknown function to be reconstructed is
described by a parametric function, so that deconvolution loses its ill-posedness
and ill-conditioning by having to solve a parameters estimation problem. In
DSC-MRI, one reason for describing the unknown Residue function R(t) with
an analytical function is that it makes the deconvolution of Eq.(2.9) more stable,
reducing the degrees of freedom for the resulting shape. This approach implies
formulating a priori assumptions on the shape of the solution; in other words,
this approach introduces the assumption that the actual vascular structure can
be described by a particular function. Furthermore, non-parametric deconvolution approaches do not allow one to separate macrovascular transport and
microvascular retention. The advantage of including vascular transport in the
kinetic modeling lays in the fact that tracer arriving earlier in tissue with high
flow rate because of a faster feeding vessel transit is accounted for by the model
approach. The difficulty in introducing this operator consists mainly in the fact
that the transfer functions of the major vessels and the microvascular network
may be very similar, leading to difficulties in separating feeding vascular volume
and tissue flow.

6.1

The Single Exponential model

The first parametric attempt by Larson and colleagues suggested an Exponential
Residue model for R(t), which implies that the microvasculature is like that of
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a single, well-mixed compartment [Larson K.B. et al., JTB 170, 1994]. More
precisely, the following analytical expression is assumed for R(t) for t = 0
t

R(t) = e− M T T

(6.1)

Note that R(t) given by Eq.(6.1) satisfies the Residue function properties
(i.e. R(0) = 1 and R(t) ∈ [0; 1]). Substituting Eq.(6.1) in Eq.(2.9), one has
ρ
CV OI (t) =
· CBF
kH

Z

t

t−τ

CAIF (t)e− M T T dτ

(6.2)

0

and deconvolution is reduced to CBF and MTT parametric estimation from
arterial and tissue concentration time curves usually by nonlinear least squared
fitting. Taking into account more complicated models of capillaries including the
effect of plug-flow (i.e. red blood cells fill the capillary lumen completely thus
preventing to some extent mixing), it has been argued that a linear combination
of a finite number of exponentials still may be an appropriate model for the
Residue function.
However this approach, by introducing heavy assumptions on R(t) behavior, is likely to introduce a bias in CBF estimates. The results obtained in
[Østergaard L. et al., MRM 36, 1996] indicate that this model-dependent approach predicts correct absolute CBF values only if the actual Residue function
is sufficiently described by the assumed model. It also can yield a reasonable
estimate of relative flow when the shape of R(t) is relatively uniform across
the brain. However, this is not likely to be the case in pathologic tissue or in
tissue with altered hemodynamics. In comparing regions with different Residue
functions, however, even relative flow values obtained with this approach could
be in substantial error. The introduction of extra-parameters with a multiexponential Residue model do not change this general conclusion. This result
is a drawback to the choice of the Exponential as a first approximation to the
Residue function in the model-dependent approach, encouraging the use of models including details of vascular transport and exchange to characterize R(t).

6.2

The Vascular Heterogenous model

A more general description for R(t) was introduced by Østergaard and colleagues
based on the model of macrovascular transport and microvascular retention in
the brain shown in Figure 6.1 [Østergaard L. et al., JCBFM 19, 1999].
The model was originally introduced to describe tracer transport and retention in the heart [Kroll K. et al., AJP 271, 1996] in the form shown in Figure
6.2. It describes the vasculature as a major feeding artery in series with twenty
small vessels in parallel (i.e. capillary bed ) and allows to take into account delay
and dispersion of the AIF. Each short vessel path consists in a series of a small
vessel and a capillary, with transfer function hSV and hCAP respectively. The
major feeding artery is described by a fixed dispersion term (i.e. RDart = 0.48)
and a fixed delay term determined by its volume fraction Vart . The twenty
small vessels are modeled as simple delay lines with fixed volume Vp and length
(i.e. 100 µm). The observed signal changes arise mainly from capillaries in a SE
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sequence. Therefore total measured tissue tracer concentration is assumed to
arise from the small, parallel vessels of the model, not from the feeding artery.
The model accounts for the heterogeneity of the transit times distribution
in the capillary bed by assigning to each capillary path a fraction fi of the total
blood flow and a corresponding probability wi . The distribution of transit times
in the capillary bed is incorporated by an algorithm assigning appropriate flows
and weights to the parallel vascular paths. This flow heterogeneity is described
by a Probability Density Function (P DF ), assigning a probability w(f ) to a
given relative flow f , which is a flow relative to the mean flow Fp .
Remark. The model presented by Østergaard and colleagues slightly differs
from that described in [Kroll K. et al., AJP 271, 1996] for the heart. In that
work, the arteriolar and capillary compartments were described separately, as-

Figure 6.1: Vascular model proposed in [Østergaard L. et al., JCBFM 19, 1999].

Figure 6.2: Multiple-pathway model of myocardial tissue region of interest proposed in [Kroll K. et al., AJP 271, 1996].

110

6.2 The Vascular Heterogenous model

signing fixed relative dispersion and variable volumes to the arteriolar vascular
paths and a fixed volume to the capillary bed. In the brain, capillary density
greatly varies among different tissue types so one has to keep microvascular volume as a free parameter in order to obtain a robust model for all types of brain
tissue. In terms of vascular transport, the two models are similar, except that
in the one by Østergaard, dispersion takes place only in the large vessel, whereas
small vessel dispersion is accounted for by the flow heterogeneity P DF . Finally,
the assumption made by Kroll and colleagues about the fact that only small vessel tracer levels are observed by the Residue detection is further justified by the
inherent sensitivity of susceptibility contrast to micro-vessels.
One can summarize the idea of the physiological model shown in Figure 6.2
with the following equation

COU T (t) = CIN (t) ⊗ hLV (t) ⊗

N
X

wi fi ∆fi ·hSVi (t) ⊗ hCAPi (t)

(6.3)

i=1

where hLV (t), hSV (t) and hCAP (t) are the transfer functions of large, small
and capillary vessel respectively, for whom one has to find an appropriate description. The weights fi s have to be fixed or estimated based on an certain
probability distribution. Østergaard and colleagues obtained an estimate of flow
heterogeneity in humans DSC-MRI data, using the tissue Residue function obtained by SVD. Starting from this information, they derived the distribution of
plasma transit times thus obtaining, under certain assumptions regarding the
distribution of capillary lengths, the distribution of flows in the region. Having
the R(t) estimated via SVD, according to the Dilution Theory, the distribution
of transit times h(t) can be found from the definition
t

Z
R(t) = 1 −

h(τ )dτ

(6.4)

0

obtaining h(t) as the derivative of the Residue function
dR
dt

(6.5)

1 R(ti+1 ) − R(ti−1 )
·(
)
2
∆t

(6.6)

h(t) = −
and thus, at a given time point ti
h(ti ) =

h(t) is turned into a distribution of relative flow rates f , w(f ) by requiring
w(f )df = h(t)dt

(6.7)

and, by the Central Volume Theorem
f ·F =

V
t

(6.8)

6.2 The Vascular Heterogenous model

111

where V is the vascular volume. Assuming all the vascular paths have equal
volume, the distribution of flow rates can be obtained by combining Eq.(6.7)
and (6.8)
t
w(f ) = − ·h(t)
f

(6.9)

In the end, the distribution is normalized to have unit mean flow and area
by imposing
Z

∞

Z
f ·w(f )df =

0

∞

w(f )df = 1

(6.10)

0

This experimentally determined flow heterogeneity P DF was found in six
healthy volunteers (i.e. 3 ROIs for each volunteer) and then entered into the
vascular model in Figure 6.1. For 16 GM and WM regions, three parameters
(i.e. Fp , Vp and Vart ) were adjusted until optimal fits to the corresponding tissue
concentration time curves were obtained by nonlinear regression analysis [Chan
I.S. ABE 21, 1993], having all the remaining model parameters fixed. Østergaard
and colleagues found out that the transit time and derived flow heterogeneity
P DF functions were very similar among regions and volunteers. Because of this
constancy across regions and subjects, the (f, w(f )) points were averaged into
30 points and used as a global expression for flow heterogeneity in normal tissue.
The derived flow distribution was markedly right-skewed, with the majority of
capillaries having flow rates less than the mean flow. The maximum probability
was reached at roughly two thirds of the mean flow. This finding agreed with
reports of cerebral flow heterogeneity based on invasive measurements of plasma
or red blood cell velocities in rats. In fact, in those studies the distribution of
blood elements was found to be very heterogenous, with a right-skewed shape.
The assumption made by Østergaard and colleagues about the equal capillary lengths deserves some attention. Although the relationship between capillary plasma flow and flow velocity is a complex function of capillary length and
architecture, a finite distribution of capillary lengths is likely to result in blood
velocities being more dispersed than relative capillary flows. In altered physiological states or diseases, the flow heterogeneity may not be as constant among
tissue types as found in [Østergaard L. et al., JCBFM 19, 1999]. Anyway, the
results reported show, for the model approach, flow estimates remarkably independent of delay: the model interprets increasing delays as increased feeding
vessel volume in accordance with the definition of the vascular operator.
The authors also investigated the dependence of model fits on initial conditions as well as the tendency of parameters to co-vary. The fraction of fits
where initial conditions were found to significantly affect the fitted flow rates
was found to be negligible for signal-to-noise ratios above 20. They also found
out that varying flow and feeding artery volume in proportion leads to only small
changes in the shape of the resulting concentration curve, so that the presence
of modest experimental noise leads to relatively large uncertainties in fitted flow
rates. Anyway, the vascular model, incorporated by the experimentally determined heterogeneity P DF , seemed to provide excellent fits of the experimental
data, independently on vascular delay. However, the vascular model was found
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sensitive to data noise level, although it showed far less dependence on vascular
delay and dispersion than the model-free SVD approach. Furthermore, in cerebrovascular diseases blood may pass through stenoses with marked turbulence,
or through irregular collateral paths upstream of the arterial sampling site. In
these cases, the vascular operator introduced in [Østergaard L. et al., JCBFM
19, 1999] may not be adequate.

6.3

Other models

Although CBF itself is an important index of brain function, the heterogeneity
of microvascular flow and transit times may be a more important determinant
of cerebral metabolism. The degree of heterogeneity among capillary paths
determines the net capillary-to-tissue concentration gradients necessary to drive
delivery of nutrients. Indeed, regulation of capillary flow heterogeneity may
play a major role in the ability of the brain to increase oxygen delivery to meet
cellular metabolic demands.
Looking at Eq.(6.3) one can note that all the structural elements of the
physiological model considered in [Østergaard L. et al., JCBFM 19, 1999] still
remain to be fully characterized, such as the precise mathematical description of
hLV (t), hSV (t) and hCAP (t), respectively, and the choice of the wi probability
distribution. To characterize the model in a mathematical form one has to
define several variables. These fall into two main groups:
• the descriptions of transport through the large and medium-sized vessels
(i.e. hLV (t), hSV (t) and hCAP (t));
• the description of the Probability Density Function of regional flows w(f ).
With regard to the transport functions, in [King R.B. et al., AJP 265, 1993;
Kroll K. et al., AJP 271, 1996] it is suggested to consider the capillary bed
and the large vessels as a pure delay and a dispersive component respectively
but, according to different patho-physiological considerations, these roles can be
interchanged. Furthermore, the experimentally determined P DF found in vivo
in [Østergaard L. et al., JCBFM 19, 1999] may have a more detailed and general
description, providing information of hemodynamic parameters alternative to
CBF, CBV and MTT.
In literature, the dispersion in vascular beds has been attributed to different physical phenomena. The most prominent phenomena are flow-related,
exemplified by varying velocities and path lengths across the cross-sections of
capillaries and mixing of blood at the junctions of capillary. Diffusive effects
such as longitudinal or transversal diffusion within the vascular lumen or within
and between parenchymal cells may also play a role. Inspired by earlier experiments on movement of a dye in a glass capillary, the concept of dispersion
was introduced to describe the behavior of a bolus of a dissolved substance
flowing slowly through a tube. The open boundaries at the entrance as well
as at the exit side of the system would yield symmetrical impulse responses.
Stemming from this, dispersion models in its closed- or mixed-boundary forms
which are able to account for the asymmetric distribution of tracers in vascular
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beds of whole organs were subsequently developed. Several mathematical descriptions of indicator dispersion within vascular beds such as multi-exponential
[Schwab A.J., MB 71, 1984] and multi-compartment [Cobelli C. et al., AJP 257,
1989] models, and models using log-normal [Wise M.E., APPN 14, 1966], lagged
normal density [Bassingthwaighte J.B. et al., CR 18, 1966] or Gamma-variate
functions have been proposed during the last forty years.
Given these considerations, the following section describes two potential
alternative characterizations of dispersion and transit times distribution which
have been proposed in literature and are here preliminary applied to both simulated and real DSC-MRI data. The combination of the model proposed in
[Kroll K. et al., AJP 271, 1996; Østergaard L. et al., JCBFM 19, 1999] with
these two newly considered dispersion and transit times distribution descriptions is then proposed as a model accounting for blood flow heterogeneity in
DSC-MRI analysis.
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6.4 The Log-normal Dispersion Model

The Log-normal Dispersion Model
Multiple Indicator Dilution theory: the Dispersion
model

The Multiple-Indicator Dilution (MID) theory, also referred to as the Indicator
Diffusion method, is a technique often used to explore the kinetics and disposition of substances within intact organs. It entails the injection of a mixture
of labeled indicators into the blood vessel immediately at the entrance of an
organ and the characterization of outflow dilution profiles from timed venous
samples [Schwab A. et al., EHP 108(5), 2000]. The classical MID approach
does not make specific assumptions on the details of heterogeneous perfusion of
capillaries but uses indicators for the assessment of transit time distributions.
Within MID experiments, a mixture of labeled substances are injected rapidly
into the inlet blood vessel of the test organ. Timed samples are then collected
at the outflow and analyzed for the non eliminated indicators and its potential
metabolites. The method was introduced by Goresky and colleagues for dog
liver in vivo [Goresky C.A. et al., ANYAS 170, 1970].
The mathematical basis of the method encompasses linear systems of partial
differential equations that are formulated for flow- or barrier-limited transport
combined with intracellular metabolism and excretion. MID experiments are
useful for determining tissue partition coefficients as well as kinetic parameters
such as membrane permeability or metabolic and excretory intrinsic clearances,
factors that affect the mean residence times or exposure of solutes to the organ. However, the main utility of MID lies in its role in identifying the basic
mechanisms of the interaction of organs with vascular components. Within
the organ, blood flow generates convection of plasma and movement of formed
blood elements, resulting in the convective movement of indicators. Diffusion,
carrier-mediated transport for cellular influx and efflux, binding to plasma proteins or tissue constituents and structural modifications via biochemical means
further shape the distribution and tissue transit of the solutes. A comprehensive analysis of the complex interplay between these factors needs an elaborate
mathematical description. Usually this involves partial differential equations in
time and space. The complexity can be simplified by subdividing the space into
a finite number of discrete compartments with uniform concentrations in each of
the compartments, calling for ordinary instead of partial differential equations
(i.e. Compartmental System Analysis). This concept is adequate whenever the
events under study are considerably slower than convection or diffusion within
compartments. In many cases, however, the influence of membrane permeation,
metabolism, and blood flow on the overall disposition of solute cannot be readily
separated. More specifically, removal of substances because of metabolism or
excretion pursuant to entry gives rise to concentration gradients along the capillary flow path. Under such circumstances, the classic form of Compartmental
System Analysis would fail.
An alternative to providing transit time distributions by using reference
indicators is to apply a physical model for tracer distribution within the microvasculature. A popular model using this idea is the Dispersion Model (DM),
a stochastic model based on assumptions of concurrent convective and randomwalk movements in the direction of flow [Schwab A.J. et al., JPB 26, 1998;
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Roberts M.S. et al., JPB 14, 1986; Harris T.R. et al., JAP 28, 1970]. DM is a
stochastic model describing the distribution of blood-borne substances within
organ vascular beds. As previously pointed out, it is based on assumptions of
concurrent convective and random-walk (i.e. pseudo-diffusive) movements in
the direction of flow, and characterized by the mean transit time (t) and the
dispersion number DN (i.e. inverse Peclet number ). The model is used with
either Danckwerts conditions (i.e. closed or reflective boundary conditions at
the inflow and the outflow point) or mixed conditions (i.e. closed condition at
the inflow and open or transparent condition at the outflow).
The appropriateness of DM was assessed with outflow data from singlepass perfused rat liver MID experiments. In such experiments, a bolus of a
non eliminated tracer (i.e. one that is not metabolized or excreted by the liver
such that the entire dose returns to the venous blood) is introduced into the
inflow of the organ, and its emergence at the outflow is immediately followed as
a function of time. The outflow profile, when expressed as the fraction of the
injected tracer per unit time, represents the distribution of transit times or the
residence time distribution through the organ. DM is the most popular, since it
was shown to adequately predict the asymmetrical (i.e. skewed ) outflow profile
of tracer solutes in dilution studies. The essence of DM is to replace the varying
flow velocities within the branches of the capillary bed with a single average
velocity, modified by a diffusion-like process that is meant to add randomness
to the movement of the blood elements. The differential equation describing DM
is formally equivalent to a convection-diffusion equation if one uses normalized
dimensionless quantities
δC
δ2 C
δC
+
− DN
=0
δT
δX
δX 2

(6.11)

where the dimensionless concentration C is the tracer concentration c, divided by the ratio of injected amount q to distribution volume V , i.e. c·(V /q);
T is dimensionless time or time after the injection time t divided by the t, the
mean transit time; X is dimensionless distance or position along the flow path
(i.e. where X = 0 represents the point of inflow and X = 1 the point of outflow).
DN is the dispersion number, which has been a major issue in the DM with either closed- or mixed-boundary conditions. Results reported in [Schwab A.J. et
al., JPB 26, 1998] suggest a flow-independence of the dispersion number, and
indicate that dispersion is mainly determined by the geometry of the capillary
bed.
DM is used in two variants which depend on the boundary conditions of
Eq.(6.11). Either closed (i.e. reflective) conditions are used both at the inflow
and the outflow point (i.e. Danckwerts conditions), or a closed condition is
used at the inflow and an open (i.e. transparent) condition at the outflow (i.e.
mixed conditions). The mixed-boundary conditions are predominantly used,
presumably because of the ease in calculation. The solution to the mixedboundary variant, considering an ideal impulsive unitary input, is

C=

1
√

2 · V · T πT DN



(T − 1)2
exp −
4DN T

(6.12)
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Formulation in Eq.(6.12) represents the inverse Gaussian or random walk
distribution and has a dimensionless variance CV 2 of 2DN . DM has been found
to be a reasonable description of the transport function of the liver, even though
it ignores the reality that the organ consists of a network of flow paths with
different flows in each path. However, a portion of the indicators stay within
the liver for a longer time than that predicted by DM, leading to a tailing of
the experimental data and an increased variance which constitutes the major
inadequacy of the dispersion model.
DM is particularly suitable, for a first investigation, for substances that do
not leave the vasculature. So the DM theory may be applied to DSC-MRI data
by interpreting C(t) in Eq.(6.12) as the Transport Function hLV (t) and hCAP (t)
of the arterial and capillary components of the model in Figure 6.1, which were
not explicitly described by Østergaard and colleagues). Next sections clarify
how DM, together with Log-normal distribution, can be combined and used in
DSC-MRI analysis so that deconvolution operation becomes the estimation of
parameters by means of nonlinear least-squares.

6.4.2

Log-normal distribution

In [Bassingthwaighte J.B. et al., in Myocardial Blood Flow in Man: Methods
and Significance in Coronary Disease, Minerva Medica, 1972], Bassingthwaighte
and colleagues described the heterogeneity of myocardial blood flow stressing
the fact that heterogeneity of transit times from inflow to outflow is dependent
on a multitude of factors which, for an intravascular tracer, can be summarized
as
• velocity profile in vessels;
• intravascular turbulence or mixing with pulsation flow;
• varied path lengths;
• attachment to red cells versus retention in plasma;
• diffusion along or across the flow streams;
• variations in velocity along parallel paths.
In that work, the authors explored the adequacy of two different tracer techniques in providing estimates of the heterogeneity of flow. The considered techniques, which use both intravascular indicators and tracers which permeate so
rapidly throughout their volume of distribution that their transit is primarily
limited by flow, demonstrated to be of some value in estimating the statistical
distribution (i.e. the Probability Density Function) of flows. Considering just
the intravascular indicators use (i.e. for the purpose of the application in brain
DSC-MRI analysis), the technique developed in [Greenleaf J.F. et al., BJ 10,
1970; Dobbs W.A. et al., FP 29, 1970] for the determination of the transport
function h(t) (i.e. the density function of transit times) was turned to give
estimates of flow heterogeneity. The technique was essentially a deconvolution
procedure designed to provide h(t) from a paired indicator dilution curves obtained simultaneously from inflow and outflow. A family of models for hi (t) of
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individual regional pathways was chosen arbitrary and the relative utilization
fi of these pathways was calculated so that to express h(t) as the weighted sum
of the individual hi (t)
h(t) =

X

fi ·hi (t)

(6.13)

i

The adequacy of the estimated h(t) was tested by performing the convolution of h(t) with the input curve Ci (t) to obtain a theoretical output curve
∗
Cout
(t) which should possibly have been the same as the measured output curve
Cout (t)
The shapes of h(t) are commonly found to be independent of their mean
transit times in a variety of organ. By analogy, it seems reasonable to Bassingthwaighte and colleagues that the individual regions have hi (t)s whose shape
is not much changed by the flow, and therefore changes in the hi (t) are functions of their mean transit times ti . If all the regions have similarly shaped
hi (t)s, then the family is characterized by this shape and the ti s. Then the fi s
of (6.13) represent the relative occurrence of the various ti s. If the volume of
blood per unit volume is roughly constant throughout the whole region, then the
fi s represent the distribution of flows plotted against ti s which is the reciprocal
of Fi /Vi , the flow per unit volume of blood in each region. A suitable expression
for hi (t)s was found to be
hi (t) =

1 −ki ln2
e
Ka

t
tpi

(6.14)

As a first investigation, the model described in Eq.(6.14) can be applied
to DSC-MRI data by interpreting hi (t) in Eq.(6.14) as the global empirically
determined Probability Density Function P DF introduced in [Østergaard L. et
al., JCBFM 19, 1999]. In other words
h(t) = P DF (t) =

1 −K ln2
e
KA

t
TP

(6.15)

for which one has to obtain the estimation of parameters KA, K, and T P .

6.4.3

Model structure derived from Dispersion model and
Log-normal distribution

The combination of MID Dispersion model and Log-normal distribution can be
considered to describe blood flow heterogeneity thus resulting in a novel Lognormal Dispersion Model (LDM). In particular, the model proposed in [Kroll K.
et al., AJP 271, 1996] and its modification by [Østergaard L. et al., JCBFM 19,
1999] can be considered and three of its structural components can be differently
characterized:
• feeding artery transport function;
• capillary transport function;
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• flow Probability Density Function.
Feeding artery transport function. DM is applied by interpreting the
feeding artery transport (i.e transfer) function as
(

1

hART (t) =
2·α·

t
M T TART

( M T TtART − 1)2

)

q
exp −
4DN,ART M T TtART
π M T TtART DN,ART
(6.16)

which is formally equivalent to Eq.(6.12), where the distribution volume
V has been replaced by the parameter α. This description of hART (t), once
integrated by means of digital filtering, can be used as the expression of the
Residue function RART (t) of the feeding artery in a parametric approach to
deconvolve Eq.(2.9). The deconvolution operation becomes the estimation of
parameters α, M T TART and DN,ART by means of nonlinear least-squares. For
high level of dispersion, it is possible to add the convolution with a dispersive
term as done for NSR in Chapter 3. In particular, one obtains the description
of the Residue function by integrating Eq.(6.16) as
t

Z
RART (t) = 1 −

hART (τ )dτ

(6.17)

0

and then considers the convolution of RART (t) with a deterministic dispersive term in the form
RART,f inal (t) =

1
θART

−θ

e

t
ART

⊗ RART (t)

(6.18)

This implies adding a parameter θART to those estimated by means of
nonlinear least-squares approach.
Capillary transport function. Each one of the 20 capillary paths considered in [Østergaard L. et al., JCBFM 19, 1999] was modeled using a similar
version of Eq.(6.16) in the form

1

hCAP (t) =
2·β·

t
M T TCAP

q

π M T TtCAP DN,CAP

(
exp −

( M T TtCAP − 1)2

)

4DN,CAP M T TtCAP
(6.19)

Common M T TCAP , DN,CAP and β were estimated for all the capillaries
by means of nonlinear least-squares approach.
Flow Probability Density Function. Instead of the experimentally obtained PDF proposed in [Østergaard L. et al., JCBFM 19, 1999], Eq.(6.15) can
be applied to DSC-MRI data as the global PDF assigning appropriate flows and
weights to the 20 parallel vascular paths. Of note is that Eq.(6.15) does not
properly represent a canonic log-normal distribution. Preliminary application
of canonic log-normal distribution to DSC-MRI simulated data showed its inadequacy due to the presence of unreal estimated parameters. We considered a
modified version of Eq.(6.15) thus describing PDF as
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P DF (t) =

1 −K ln2
e
t
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t
TP

(6.20)

and estimating K and T P by means of nonlinear least-squares. Of note is
that the parameter Ka of Eq.(6.15), which has shown to be estimated with low
accuracy in a preliminary application of the model, is not present in Eq.(6.20)
because PDF is normalized in order to have unitary area under the curve. The
transport function hCAP (t) of each capillary path was weighted by the corresponding PDF and summed to obtain hCAP,global (t). After integration by means
of digital filtering, the obtained RCAP,global (t) was convolved with RART,f inal (t)
thus giving the final RLDM (t). By substituting R(t) in Eq.(2.9) with RLDM (t)
model, deconvolution becomes the estimation of 10 parameters:
• α, M T TART , DN,ART and θART for feeding artery;
• β, M T TCAP , DN,CAP for capillary bed;
• K and T P for PDF;
• CBF .
Simulated Data
LDM was applied to the simulated data set described in Chapter 4 considering
normal and pathological CBF, MTT and CBV values in the GM, SN R = 500,
50, 10 and 5, T R = 1 sec and the four Residue function models describing both
presence (i.e. Gamma-variate and Dispersed Exponential) and absence (i.e.
Exponential and Lorentzian) of bolus dispersion. As for the non-parametric
methods, LDM performance in characterizing R(t) shape and reproducing the
peak (i.e. CBF) was assessed by measuring the difference between true and estimation expressed as the Root Mean Square Error RM SEcurve and RM SEpeak
indexes of Eq.(4.6) and (4.7).
Figure 6.3 shows RM SEcurve indexes obtained using LDM with normal
(upper) and pathological (lower panel) CBF in the GM, with T R = 1 sec and
four values for the SN R, with the four simulated Residue function models.
When normal CBF values are considered, LDM shows to be quiet sensitive to
noise level but presents good results especially for dispersed R(t) model (i.e.
Dispersed Exponential). Pathological indexes are significantly lower (i.e. better
estimation) and show to be sensitive to the noise presence only when SN R is
very low (i.e. SN R = 5). Also with pathological CBF values, LDM shows the
best performance when the Dispersed Exponential R(t) is considered.
This trend is confirmed by RM SEpeak indexes shown in Figure 6.4. Estimation improves (i.e. RM SEpeak indexes decrease) as the dispersion of simulated R(t) increases and pathological indexes are significantly lower than those
obtained in normal state.
A comparison based on RM SEcurve and RM SEpeak indexes of Eq.(4.6)
and (4.7) between LDM and three of the non-parametric deconvolution methods
considered in Chapter 3, 4 and 5 (i.e. SVD, cSVD and TIKH) shows promising
results, as graphically illustrated in Figure 6.5. In particular, LDM provides
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Figure 6.3: RM SEcurve indexes obtained using LDM with normal (upper) and
pathological (lower panel) CBF in the GM, with T R = 1 sec and four values
for the SN R with the four simulated Residue function models.

Figure 6.4: RM SEpeak indexes obtained using LDM with normal (upper) and
pathological (lower panel) CBF in the GM, with T R = 1 sec and four values
for the SN R with the four simulated Residue function models.
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lower RM SEcurve indexes in 56.25%(68.75%), TIKH in 18.75%(25%), cSVD in
12.5%(6.25%) and SVD in 12.5%(0%) of the cases for normal (pathological) state
respectively. Considering RM SEpeak , LDM shows lower values in 50%(37.5%),
TIKH in 18.75%(31.25%), cSVD in 18.75%(18.75%) and SVD in 12.5%(12.5%)
of the cases for normal (pathological) state respectively.
Figure 6.6 and 6.7 show all the RM SEcurve and RM SEpeak indexes obtained by SVD, cSVD, TIKH and LDM with normal and pathological GM CBF
and T R = 1 sec. Shaded boxes represent the minimum values among those
obtained by the four methods.
LDM seems to be particularly promising when SNR falls in the range typically found in clinical practise (∼20) and dispersion R(t) models are considered,
especially in the pathological case. This is clearly visible in Figure 6.8, where
RM SEcurve and RM SEpeak indexes obtained by SVD, cSVD, TIKH and LDM
with pathological GM CBF and T R = 1 sec for Gamma-variate and Dispersed
Exponential R(t) models are illustrated.
Percentage Coefficients of Variation (CV) have been calculated to analyze
the accuracy with which the 10 parameters are estimated by LDM as the noise
level increases. Figure 6.9 shows mean percentage CV obtained for M T TART , α,
DN,ART and θART (upper panel), M T TCAP , β and DN,CAP (central panel), K,
T P and CBF (lower panel) as the data noise level increases. Mean percentage
CV have been calculated considering all the four simulated R(t) for both normal
and pathological state. Results are encouraging considering the fact that esti-

Figure 6.5: Percentage for SVD, cSVD, TIKH and LDM in providing lowest
RM SEcurve (left) and RM SEpeak (right) indexes considering normal (upper)
and pathological (lower) state.
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Figure 6.6: RM SEcurve indexes obtained by SVD, cSVD, TIKH and LDM with
normal (upper) and pathological (lower panel) GM CBF and T R = 1 sec. The
shaded values are the minimum among the four methods.
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Figure 6.7: RM SEpeak indexes obtained by SVD, cSVD, TIKH and LDM with
normal (upper) and pathological (lower panel) GM CBF and T R = 1 sec. The
shaded values are the minimum among the four methods.
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mation is made on a pixel-by-pixel basis. Anyway, accuracy can be improved
by decreasing the number of parameters to be estimated thus decreasing, at
the same time, the computational time demand. We observed that estimates
of M T TART , α and DN,ART are substantially undistinguishable by corresponding M T TCAP , β and DN,CAP estimates. This is not totally unexpected, since,
as pointed out at the beginning of the Chapter, the transfer functions of the
major vessels and the microvascular network may be very similar, leading to
difficulties in separating feeding vascular volume and tissue flow. By fixing
M T TART = M T TCAP = M T T , α = β = δ and DN,ART = DN,CAP = DN one
reduces the number of parameters to 7 without loosing the good performance of
LDM and the description of blood flow heterogeneity, which is still accounted
for by P DF . Also LDM with 7 parameters has been applied to the simulated
data set of Chapter 4 and RM SEcurve and RM SEpeak indexes of Eq.(4.6) and
(4.7) have been calculated.
Figure 6.10 shows RM SEcurve indexes obtained using LDM with 7 parameters with normal (upper) and pathological (lower panel) CBF in the GM, with
T R = 1 sec and four values for the SN R ,with the four simulated Residue function models. As expected, results do not substantially change with respect to
the 10 parameters LDM (i.e. see Figure 6.3 for comparison) due to the fact that
M T TCAP , β and DN,CAP probably provide redundant information. For both
normal and pathological CBF values, LDM presents good results especially for
Dispersed Exponential R(t) model. Pathological indexes are significantly lower
and particularly sensitive to the noise presence only for SN R = 5.

Figure 6.8: RM SEcurve (upper panel) and RM SEpeak (lower panel) indexes
obtained by SVD, cSVD, TIKH and LDM with pathological GM CBF and
T R = 1 sec for Gamma-variate (left) and Dispersed Exponential (right) R(t)
models.
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Figure 6.9: Mean Percentage CV obtained by LDM in the estimation of
M T TART , α, DN,ART and θART (upper panel), M T TCAP , β and DN,CAP (central panel), K, T P and CBF (lower panel) as the data noise level increases.
Mean Percentage CV have been calculated considering all the four simulated
R(t) for both normal and pathological state.
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Figure 6.10: RM SEcurve indexes obtained using LDM with 7 parameters with
normal (upper) and pathological (lower panel) CBF in the GM, with T R = 1 sec
and four values for the SN R with the four simulated Residue function models.

Figure 6.11: RM SEpeak indexes obtained using LDM with 7 parameters with
normal (upper) and pathological (lower panel) CBF in the GM, with T R = 1 sec
and four values for the SN R with the four simulated Residue function models.
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This trend is confirmed by RM SEpeak indexes shown in Figure 6.11: estimation improves as the dispersion of simulated R(t) increases and pathological
indexes are significantly lower than those obtained in normal state.

Figure 6.12: Percentage for SVD, cSVD, TIKH and LDM with 7 parameters in
providing lowest RM SEcurve (left) and RM SEpeak (right) indexes considering
normal (upper) and pathological (lower) state.
The comparison between LDM with 7 parameters and SVD, cSVD and
TIKH is still promising: the performance of LDM improves if RM SEcurve indexes with normal CBF and RM SEpeak indexes with pathological CBF are considered, while remaining comparable in the other cases, as illustrated in Figure
6.12. More precisely, LDM provides lower RM SEcurve indexes in 62.5%(68.75%),
TIKH in 18.75%(25%), cSVD in 6.25%(6.25%) and SVD in 12.5%(0%) of the
cases for normal (pathological) state respectively. Considering RM SEpeak ,
LDM shows lower values in 43.75%(43.75%), TIKH in 18.75%(25%), cSVD in
25%(18.75%) and SVD in 12.5%(12.5%) of the cases for normal (pathological)
state respectively.
Figure 6.13 and 6.14 show all the RM SEcurve and RM SEpeak indexes
obtained by SVD, cSVD, TIKH and LDM considering 7 parameters with normal and pathological GM CBF and T R = 1 sec. Shaded boxes represent the
minimum values among those obtained by the four methods.
As for the 10 parameters LDM, LDM considering 7 parameters provides
good results in the noise range typically found in clinical practise and when
dispersion R(t) models are considered. Figure 6.15 shows RM SEcurve and
RM SEpeak indexes obtained by SVD, cSVD, TIKH and LDM with 7 parameters
with pathological GM CBF and T R = 1 sec for Gamma-variate and Dispersed
Exponential R(t) models.
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Figure 6.13: RM SEcurve indexes obtained by SVD, cSVD, TIKH and LDM with
7 parameters with normal (upper) and pathological (lower panel) GM CBF and
T R = 1 sec. The shaded values are the minimum among the four methods.
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Figure 6.14: RM SEpeak indexes obtained by SVD, cSVD, TIKH and LDM with
7 parameters with normal (upper) and pathological (lower panel) GM CBF and
T R = 1 sec. The shaded values are the minimum among the four methods.
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Figure 6.15: RM SEcurve (upper panel) and RM SEpeak (lower panel) indexes
obtained by SVD, cSVD, TIKH and LDM considering 7 parameters with pathological GM CBF and T R = 1 sec for Gamma-variate (left) and Dispersed Exponential (right) R(t) models.

Figure 6.16: Mean Percentage CV obtained by LDM with 7 parameters in the
estimation of M T T , δ, DN and θART (left), K, T P and CBF (right) as the
data noise level increases (SN R = 500 - 50, upper panel, SN R = 10 - 5, lower
panel). Mean Percentage CV have been calculated considering all the four
simulated R(t) for both normal and pathological state.

6.4 The Log-normal Dispersion Model

131

Percentage CV have been calculated also with LDM considering 7 parameters. Figure 6.16 shows mean percentage CV obtained for M T T , δ, DN and
θART (left), K, T P and CBF (right) as the data noise level increases. CV
obtained with SN R = 500 - 50 and SN R = 10 - 5 have been separated to
enhance the visualization of the results. Mean percentage CV have been calculated considering all the four simulated R(t) for both normal and pathological
state. As expected, CV of Figure 6.16 are lower than those of Figure 6.9, due
to the diminished number of parameters. Working on a pixel-by-pixel basis,
results are good even when the lowest SN R value is considered.
Clinical Data: preliminary results
LDM has been also applied to subject 6 of the clinical data set described in
Chapter 5 in the pre-surgery situation. In particular, parametric maps have been
generated together with RM SEtissue maps in order to analyze pixel-by-pixel
ability of LDM in fitting the CV OI time curves. RM SEtissue were expressed as
RM SEtissue = (

X 1X
1
[Ci (tj ) − CV OI (tj )]2 ) 2 )
(
n
j
i

(6.21)

where Ci (t) are the estimated tissue concentration time curve obtained by
reconvolution, CV OI (t) is the pixel-by-pixel true tissue concentration time curve
and n is the number of tissue concentration samples for each pixel.
Figure 6.17 shows M T TART , α, DN,ART and θART parametric maps obtained in subject 6 before surgery. A region with enhanced dispersion in the
pathological hemisphere (i.e. left bottom) is clearly identified by θART map;
similarly, M T TART , α and DN,ART map underline significantly modified values
in that particular area.
This area is partially visible also in the parametric maps concerning capillary transport function: Figure 6.18 shows M T TCAP , β and DN,CAP maps
obtained in subject 6 before surgery.
Figure 6.19 shows K and T P parametric maps obtained in subject 6 before
surgery. T P in particular seems to have a high relation to flow physiology,
identifying the area of enhanced dispersion in the left hemisphere.
Figure 6.20 shows parameter CBF directly estimated by LDM (left) and
CBF as the maximum of deconvolved R(t) (right) parametric maps. They
provide a similar flow distribution information, underlying the presence of a flow
impairment in the left hemisphere, but the former shows more contrasted area.
In DSC-MRI analysis, CBF is commonly calculated as the peak of the estimated
R(t), but the model assumes a series of condition which are not always satisfied,
especially in presence of pathology. The apparent disagreement between these
two maps may be due to these assumptions and suggests further analysis in order
to understand the level of blood flow information provided by each parameter.
In the end, RM SEtissue map of Figure 6.21 provides the information on
how the quality of the fit varies through different brain regions. Of note is that
RM SEtissue indexes are very similar across the brain, suggesting a good fit to
tissue data and some difficulty only in reconstructing tissue data in peripheral
areas.
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Figure 6.17: M T TART , α, DN,ART and θART parametric maps for feeding artery
obtained by LDM in subject 6 before surgery.

Figure 6.18: M T TCAP , β and DN,v parametric maps for feeding artery obtained
by LDM in subject 6 before surgery.
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Figure 6.19: K and T P parametric maps for feeding artery obtained by LDM
in subject 6 before surgery.

Figure 6.20: CBF (left) and CBF as the maximum of deconvolved R(t) (right)
parametric maps obtained by LDM in subject 6 before surgery.
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Figure 6.21: RM SEtissue parametric map obtained by LDM in subject 6 before
surgery.

Figure 6.22: M T T , δ, DN and θART parametric maps for feeding artery obtained by LDM with 7 parameters in subject 6 before surgery.
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Also LDM with 7 parameters has been applied to subject 6 in the presurgery situation. Figure 6.22 shows M T T , δ, DN and θART parametric maps
obtained in subject 6 before surgery. The region with enhanced dispersion in
the pathological hemisphere of Figure 6.17 is still visible and parameters values
are comparable to those obtained with the 10 parameters LDM.

Figure 6.23: K and T P parametric maps for feeding artery obtained by LDM
with 7 parameters in subject 6 before surgery.
Figure 6.23 shows K and T P parametric maps obtained in subject 6 before
surgery. K map is comparable to that of Figure 6.19, while T P map provides
contrasting information with regard to the dispersed region in the left hemisphere.

Figure 6.24: CBF (left) and CBF as the maximum of deconvolved R(t) (right)
parametric maps obtained by LDM considering 7 parameters in subject 6 before
surgery.
As for the 10 parameters LDM, CBF and CBF as the maximum of de-
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convolved R(t) maps of Figure 6.24 provide comparable flow distribution information, underlying the presence of a flow impairment in the left hemisphere,
but the former shows more contrasted area. Values are comparable to those
of Figure 6.20. In the end, RM SEtissue map obtained by LDM considering 7
parameters (not shown) is totally comparable to that in Figure 6.21, suggesting
a good fit to tissue data even if the number of parameters to be estimated has
been decreased.
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Discussion

To date, the most important parametric deconvolution methods proposed for
DSC-MRI analysis are the Single Exponential model and the Vascular Heterogenous model. They represent the only flow heterogeneity modeling attempt in
DSC-MRI context, even if the hypotheses on which they are based come from
results on the flow heterogeneity in the heart and in the skeletal muscle rather
than in the brain. The Single Exponential approach, due to its heavy assumptions on R(t) behavior, predicts correct absolute CBF values only if the actual
Residue function is sufficiently described by the assumed model. On the other
hand, the structural elements of the Vascular Heterogenous model still remain
to be fully characterized, even if this approach, incorporated by the experimentally determined Probability Density Function, seems to provide excellent fits of
the experimental DSC-MRI data, independently on vascular delay.
Here, other models for brain blood transport and transit times distribution have been considered, in particular the Dispersion model of the Multiple
Indicator Dilution theory and the Log-normal distribution. These two alternative characterizations of dispersion and transit time distribution have been
yet proposed in literature, but are here preliminary applied to both simulated
and real DSC-MRI data. For the first time, they have been combined to describe feeding artery and capillary h(t), and Probability Density Function of the
model by [Kroll K. et al., AJP 271, 1996] to provide an alternative and flexible
characterization of blood flow heterogeneity called Log-normal Dispersion Model
(LDM). Preliminary results on synthetical and real data are promising. Furthermore, LDM may be a potential tool accounting for blood flow heterogeneity
in DSC-MRI analysis which avoids the choice of any fixed Dispersion term and
chooses a Log-normal distribution for P DF instead of experimentally determining it. The accuracy with which the 10 parameters of LDM are estimated
is encouraging considering the fact that estimation is made on a pixel-by-pixel
basis. Anyway, accuracy can be improved (i.e. and the computational time
demand decreased) by fixing M T TART = M T TCAP = M T T , α = β = δ and
DN,ART = DN,CAP = DN thus reducing the number of parameters to 7 without loosing the good performance of LDM and the description of blood flow
heterogeneity, which is still accounted for by P DF .
A comparison with other parametric methods would clarify the reliability
and clinical applicability of LDM, which may be further improved by fixing
some parameters according to physiological considerations in order to further
decrease computational time demands. However, even the 10-parameters LDM
represents a deconvolution approach faster than NSR: for instance, to generate the 10 displayed parametric maps for 1 slice in one subject, less than 1
hour is needed (Intel Pentium IV 3.2 GHz, 500 MB ram). As for the NSR
method described in Chapter 3, there are margins of improvement since currently LDM parameters estimation is implemented in Matlab (The Math-Works
Inc., Natick, MA), which is extremely powerful but computationally expensive.
Furthermore, LDM may be improved by accounting for arterial delay in order
to become insensible to both bolus delay and dispersion. One possibility may
be to incorporate the estimation of arterial delay ∆ inside LDM as suggested in
[Mouridsen K. et al., NeuroImage 33, 2006].

Chapter 7

Dynamic Susceptibility
Contrast - MRI
Quantification: Some Open
Issues
Some important open issues in DSC-MRI quantification are here discussed. The
problem of CBF, CBV and MTT absolute quantification, the impact of the
Arterial Input Function selection (i.e. local vs. global, automatic vs. manual
detection) and the potential use of the White Matter as a Reference Region are
considered. Also discussed are possible methodological improvements as well as
White Matter DSC-MRI modeling.

7.1

Absolute quantification

Absolute quantification of perfusion (i.e. CBF) and blood volume (i.e. CBV)
is currently unreliable with DSC-MRI due to all the model and experimental
assumptions pointed out in Chapter 2; in particular, the AIF is not enough well
characterized and the tissue and arterial relaxivities are unknown [Kennan et
al., in Quantitative MRI of the Brain, John Wiley and Sons, 2003]. Absolute
quantification of MTT is less subject to model assumptions and therefore more
robust.
A fundamental step in quantitatively estimating CBF and CBV values via
DSC-MRI relies in the ability to convert the MR signal intensity change into
relative tracer concentration as in Eq.(2.6). While the relationship of Eq.(2.6)
has been largely used, it is important to note that it represents an extreme simplification of the complex set of relaxation processes occurring in tissue during
agent administration. At most clinical field strengths, the true MR signal consists of both intra and extravascular contributions from a wide range of vessel
types, including arteries, veins, arterioles and capillaries: the actual relaxation
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process can be very different as a function of vascular morphology. It is implicitly assumed that the coupling between tissue relaxation rate and tracer
concentration (i.e. the relaxivity) is the same for all these vascular sources.
But, for example, the relaxivity of agent within the intravascular space will be
much greater than its relaxivity for water in the surrounding tissues, because
water in the plasma has much better access to the paramagnetic agent, being
in this way more strongly affected. Furthermore, κV OI used in Eq.(2.6) is an
unknown proportionality constant depending on the tissue, the contrast agent,
the field strength, and the pulse sequence. The same proportionality constant
(κ = κV OI = κAIF ) is usually assumed for both tissue and arterial concentration, but this assumption can affect a correct quantification of CBF, CBV, and
MTT [Kiselev V.G., MRM 46, 2001; Kiselev V.G., Proc. of ISMRM Workshop
on Quantitative Cerebral Perfusion Imaging Using MRI: A Technical Perspective, 2004]. In order to truly account for these effects, it may be necessary to
use more sophisticated mathematical approaches to fully quantify these effects.
Furthermore, the accuracy of CBF measures is strongly dependent on the
values of the density of brain tissue ρ, and of the hematocrit in capillaries (i.e.
Small Vessels, SV) and Large Vessels (LV), HSV and HLV , respectively. In
particular, the frequently used values ρ = 1.04 g/ml, HLV =0.45, and HSV =
0.25 [Rempp K.A. et al., Radiology 193, 1994] have been shown to generate in
normal subjects CBF values that are in agreement with the flow values obtained
with other techniques such as PET [Rempp K.A. et al., Radiology 193, 1994;
Schreiber W.G. et al., JCBFM 18, 1998], but, for instance, in healthy smoker
subjects, the same values of ρ, HLV and HSV have been unable to provide
reliable quantitative perfusion measurements [Carroll T.J. et al., JCBFM 22,
2002]. In addition, nobody has tested the validity of the use of these values in
pathologic conditions.
To overcome these limitations, several approaches have been proposed. In
[Østergaard L. et al., MRM 36, 1996], the authors obtained absolute CBF values
by assuming the microvascular hematocrit to be constant across the brain and
by assigning the mean relative CBF value in White Matter to a standard value
of 22 ml/100 ml/min. The relative CBF values from each of the tissue GM regions were then multiplied by this individualized scaling factor to yield absolute
CBF. The rationale for using normal cerebral WM as an internal reference standard for generating absolute MRI CBF values is based on PET measurements
that showed that in normal adult volunteers, WM has a relatively uniform ageindependent blood flow of 22 ml/100 ml/min. In [Østergaard L. et al., JCBFM
18, 1998], a conversion factor derived by studies comparing relative DSC-MRI
and absolute PET CBF measurements was proposed to convert relative DSCMRI CBF values to absolute ones. A similar approach has been proposed in
[Mukherjee P. et al., AJNR 24, 2003], where CBF values were converted to absolute values by calculating the ratio of the CBF value measured by PET to
the mean relative CBF measured by DSC-MRI in three subcortical WM regions
and multiplying by this scaling factor the relative CBF from each gray tissue to
yield absolute MRI CBF values. However, even if this approach can provide a
good qualitative index of CBF for patients with chronic carotid occlusion, these
absolute CBF values are not accurate. Another possibility is that proposed in
[Østergaard L. et al., JCBFM 19, 1999] regarding the use of standardized CBV
values. In that work, feeding arterial branches were identified in the image slice
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of six healthy volunteers as pixels displaying early concentration increase after
the contrast injection, according to [Porkka L. et al., Proc. of ISMRM 10th Annual Meeting, 1991]. This approach provides only the shape of the AIF, which is
therefore scaled to yield a mean CBV of 3%, thus standardizing the subsequent
CBF and MTT analysis among the considered subjects. In summary, there is no
gold-standard method to use in order to obtain accurate absolute CBF values in
normal as well as in pathological subjects, and additional studies are needed in
order to address the problem concerning the correct absolute quantification of
CFB by DSC-MRI [Calamante F. et al., MRM 44, 2000; Sorensen A.G., AJNR
22, 2001], especially in presence of pathologies such as chronic carotid occlusive
diseases, tumors and strokes.
Also MTT is commonly used as a valuable indicator of the cerebral circulation. Both PET and DSC-MRI are useful for the quantitative determination
of MTT in clinical practise. In [Ibaraki M. et al., JCBFM, 2006], the authors
designed a study to establish a normal value set of MTT as determined by PET
and DSC-MRI and to identify differences between these methods. Comparison
of Gray-to-White Matter ratios showed fairly good agreement between PET and
DSC-MRI for relative CBF, CBV and MTT, confirming the validity of relative
measurements with DSC-MRI. However, quantitative MTT measured by DSCMRI has been proved to be significantly shorter than that measured by PET
in cerebral cortical regions. These discrepancies may be due to the differences
in the intrinsic sensitivity of each imaging modality to vascular components.
Whereas measurements obtained by PET are equally sensitive to all vascular
components, measurements with DSC-MRI originate from the microvasculature
in the vicinity of the brain parenchyma. This underlying difference may influence the calculation and interpretation of MTT when obtained as the ratio of
CBV and CBF for patients with cerebrovascular disease.
Also CBV covers an important role as an indicator of hemodynamic impairment. Endo and colleagues considered both the CBV obtained by DSC-MRI
and the CerebroVascular Reactivity (CVR) to acetazolamide measured by PET,
which is considered a key parameter in determining the severity of hemodynamic
impairment in patients with major cerebral artery occlusive disease [Endo H.
et al., Stroke 37, 2006]. They found out in 29 case studies that, assuming the
PET CVR as the true determinant of hemodynamic impairment, DSC-MRI
CBV provided 80% sensitivity and 91.7% specificity for detecting patients with
reduced CVR, suggesting that CBV by DSC-MRI can simply and accurately
identify patients with hemodynamic impairment without exposure to ionizing
radiation. Of note is that CBV is usually calculated according to Eq.(2.11) as
area under the tissue concentration time curve normalized to the area under
the AIF. However, some alternative approaches are possible. In [Perkiö J. et
al., MRM 47, 2002] four different postprocessing methods to determine CBV
and thus MTT by DSC-MRI were compared. CBV was determined by two different methods that integrate tissue concentration time curves numerically and
by other two that take recirculation into account. For the two methods using
numerical integration, one method cuts the integration after the first pass while
the other integrates over the whole time curves. For the two methods accounting
for recirculation, one uses a Gamma-variate fit, whereas the other uses tissue
impulse response according to [Vonken E.P.A. et al., JMRI 10,1999]. Perkiö and
colleagues found out that for relative CBV measurements, as would typically be
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used in clinical assessment of stroke and cerebral neoplasm, simple numerical
integration over the whole image range has clear advantages in terms of high
signal-to-noise ratio and modest computational requirements. On the other side,
for absolute CBV (i.e. and thus MTT, having CBF by deconvolution), the two
methods minimizing recirculation effects (i.e. integration over a Gamma-variate
fit and tissue impulse response) were found to most accurately reproduce true
underlying CBV and MTT values for all tissue types in a simulation study.
To validate DSC-MRI technique, in [Grandin C.B. et al., NeuroImage 26,
2005] absolute CBF and CBV values in healthy humans obtained by echo-planar
11
GE MRI were compared to H15
CO PET before and after acetazolamide
2 O and
or saline administration. They found out that, at rest, the mean CBF values
were similar with both techniques except in the cortex, where they were moderately higher with DSC-MRI. They also found out that CBV was higher with
DSC-MRI than with PET in all areas, possibly reflecting an underestimation
of the AIF. The authors concluded that physiologic CBF values and systematically overestimated CBV values may be obtained with DSC-MRI in healthy
humans, but that an individual scale factor should be applied to DSC-MRI
measurements to improve the agreement with PET. On the contrary, Kaneko
and colleagues [Kaneko K. et al., Acad Radiol 11, 2004] evaluated the reliability
of CBF, CBV and MTT values obtained by DSC-MRI comparing these estimates with those obtained by 15 O-PET. Results were obtained in six healthy
volunteers and eleven patients with chronic occlusive cerebrovascular disease
(i.e. ROI analysis). Normalization factors for CBF and CBV values obtained
by DSC-MRI were determined as the mean values of 15 O-PET divided by those
of DSC-MRI in healthy volunteers. They found out that MTT values obtained
by DSC-MRI were significantly correlated with those obtained by 15 O-PET, but
that CBF and CBV values did not correlate with those by 15 O-PET, suggesting
that MTT values by DSC-MRI were reliable parameters of cerebral hemodynamics, but CBF and CBV values were not always reliable.
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Arterial Input Function

In order to absolutely or relatively estimate CBF and MTT, tracer concentration
CAIF inflowing into tissue must be known. A correct measurement of the arterial
signal and, consequently, of the arterial concentration time curve, CAIF , is one of
the most delicate steps in the quantification of DSC-MRI images. As frequently
pointed out, AIF depends not only on the shape of the injected bolus but also on
the cardiac output, the vascular geometry and the cerebral vascular resistance.

7.2.1

Local vs. global Arterial Input Function

AIF is usually directly estimated by measuring the signal loss in a ROI positioned around a feeding cerebral artery, such as the carotid artery or the Middle
Cerebral Artery (MCA). The AIF generated in this way has been shown to be
proportional to measurements obtained invasively by arterial blood sampling
in animal [Porkka L. et al., Proc. of ISMRM 10th Annual Meeting, 1991], but
due to partial volume effects with surrounding tissues, this AIF may be underestimated thus overestimating the CBF. To overcome this problem, one can
achieve higher sensitivity by increasing the injected contrast agent dose or using a longer T E. However, in this way a larger arterial signal drop is observed
which may fall below the background noise level thus again underestimating the
AIF. To reduce this source of error, two different echo times can be used, with
a shorter T E for the determination of the AIF [Rempp K.A. et al., Radiology
193, 1994], or only those measurements that fall above the background noise
can be considered in the estimation [Østergaard L. et al., JCBFM 18, 1998].
However estimated, this AIF is used as global AIF for the whole slice. As
pointed out in Chapter 3 and 4, the presence of bolus delay between the artery
and the tissue has been shown to provide uncorrect CBF estimations when SVD
is considered. More problematic, it has been shown that also the presence of
arterial dispersion can be a significant source of error in CBF quantification
[Calamante F. et al., MRM 44, 2000; Calamante F. et al., NeuroImage 19,
2003; Wu O. et al., MRM 50, 2003], particularly in presence of cerebrovascular
abnormalities such as in patients with severe carotid stenosis and Moya Moya
syndrome. The presence of a steno-occlusive disease in the artery may cause
distortion of the concentration time curve as a result of the abnormal flow
pattern. Equivalently to what has been done for the Residue function, this
distortion can be described mathematically by a convolution with a Vascular
Transport Function V T F (t) representing the probability density function of
vascular transit time t:
AIFOU T (t) = AIFIN (t) ⊗ V T F (t)

(7.1)

where AIFIN (t) and AIFOU T (t) are the Arterial Input Functions measured
before and after the dispersion source respectively. The vascular operator that
properly characterizes the bolus dispersion is unknown and different vascular
models have been assumed [Calamante F. et al., MRM 44, 2000; Kroll K. et
al., AJP 271, 1996; Østergaard L. et al., JCBFM 19, 1999], but the accuracy of
the different vascular operators remains to be shown and the use of an incorrect
model can potentially lead to erroneous corrections of the dispersion errors.
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Calamante and colleagues proposed a method to investigate the dispersion effects of a bolus of contrast agent combining finite elements analysis and
models of the arterial blood flow from anatomical and physiologic MRI data
[Calamante F. et al., NeuroImage 19, 2003]. The proposed method is applied to
obtain a better understanding of dispersion through stenosed arteries, which is
one of the commonest source of dispersion. This novel patient-specific method
numerically models the dispersion of the bolus from anatomical and physiologic
data from MRI images in each subjects. The blood flow pattern and the transport of the bolus are computed using finite element analysis with the advantage
of making no assumption about the vascular bed. Preliminarily, Calamante
and colleagues found out that, among the three investigated vascular transport
functions (i.e. Single Exponential model, Gaussian transport model and Gaussian Residue model ), the Single Exponential model [Calamante F. et al., MRM
44, 2000] was the only one able to properly characterize the dispersion in the
considered cases. However, further studies including cases with various degrees
of stenosis are needed to confirm these suggestions.
Alternatively, the effects due to bolus delay and dispersion could be minimized if a local AIF estimated from a smaller vessel closer to the tissue of
interest were used [Alsop D.C. et al., Proc. of ISMRM 10th Annual Meeting,
2002]. Measurements of a local AIF can be problematic due to partial volume
effects [Van Osch M.J. et al., MRM 45, 2001; Lin W. et al., JMRI 14, 2001].
Along this line, in [Calamante F. et al., MRM 52, 2004] the use of Independent
Component Analysis (ICA) is proposed as a tool to define a local AIF. ICA identifies temporal and spatial independent patterns based on the assumption that
the signals of interest can be decomposed into a linear combination of statistical
independent components. In the case of DSC-MRI, the aim is to separate the
contribution of several signal sources: vascular components, tissue components
and a number of confounding sources such as movements and scanner drift (i.e.
parameter non stationarity). These sources are characterized by being spatially
segregated : vascular components are spatially localized to vessels, while tissue
components are located in GM and WM respectively. Movements lead to signals predominantly in high contrast regions typically orthogonal to the motion
direction, while scanner drift can lead to signals at image edges in general locations. Hence, the so-called spatial ICA is proposed, in which the sources are
spatially independent stochastic processes sampled in unknown mixtures at different points in time. The methodology proposed by Calamante and colleagues
is based on the decomposition of the concentration time data on linearly spatially independent components and on the use of thresholds on these components
to identify arterial contributions, which are then combined to define a local AIF.
The local AIF generated in the considered cases was found to display regional
heterogeneity, with areas with bolus arrival delay and wider peaks consistent
with the patients vascular abnormalities. Furthermore, the new methodology
was found to produce higher CBF and shorter MTT compared to the global AIF
case in the regions where the local AIF was distorted, suggesting that the CBF
underestimation and MTT overestimation due to bolus delay and dispersion can
be significantly minimized. A further advantage of the proposed methodology
is the improved signal-to-noise ratio due to the de-noising capability of the ICA.
In [Knutsson L. et al., JMRI 23, 2006], the authors identify a number of
AIFs using Factor Analysis of Dynamic Studies (FADS), and perform cerebral
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perfusion estimation pixel by pixel by using the AIF that is located geometrically
closest to a certain voxel. Results obtained on simulated images, in which
dispersion or delay was added in some arteries and in the corresponding GM,
WM and ischemic tissue, as well as on clinical data from both normal volunteers
and patients, show that FADS method reduces the underestimation of rCBF due
to dispersion or delay that often occurs when only one AIF represents the entire
brain. In [Lorenz C. et al., JMRI 24, 2006], the importance of using a local
rather than a global AIF is stressed by using local input functions in stroke
patients with the aim of correcting delay and dispersion errors. Their results
confirm earlier work describing the local AIF approach [Alsop D.C. et al., Proc.
of ISMRM 10th Annual Meeting, 2002] and previous findings that delay and
dispersion of the contrast bolus can lead to flow underestimation [Calamante F.
et al., MRM 44, 2000; Wu O. et al., MRM 50, 2003]. The authors use FWHM
and TTP of every pixel in the brain to estimate the delay and dispersion. Their
results demonstrate that, when used in a population of stroke patients who are
likely to have delay or dispersion, the local AIF method is capable of increasing
flow estimates, as compared to the global AIF method, in pixels with underlying
FWHM or TTP values that are delayed or dispersed. Their work suggests
that the main practical benefit of using localized AIF is consistent with their
theoretical benefit: the local AIF approach implicitly accounts for delay and
dispersion of the contrast bolus.
However, one of the main limitations of any method that defines a local AIF
is its validation: in the general case it is not possible to validate the accuracy
of the defined local AIF directly due to the lack of a gold-standard. Simulation
studies may be useful, but they have to be carefully designed in order to reflect a
realistic representation of the partial volume effects and signal changes present in
real cases. Alternatively, the local AIF can be validated indirectly by assessing
the accuracy of the perfusion maps, keeping attention in distinguishing errors
due to deconvolution process from those associated with the AIF itself.

7.2.2

Automatic vs. manual Arterial Input Function detection

The determination of the AIF describing the delivery of intravascular tracer to
the tissue is currently accomplished by visual inspection of concentration time
curves in regions containing the Internal Carotid Artery (ICA) or the MCA.
This procedure is cumbersome and prone to errors: visually inspecting regions
containing arteries in several slices is hence time consuming and requires the
presence of specially trained operators. Furthermore, the current manual procedure depends on the particular operator experience and subjective judgements,
which may render it non reproducible. Finally, due to finite spatial resolution
and large statistical noise, manual analysis may lead to serious inconsistencies in
the definition of the arterial pixels. Robust algorithms for automated AIF search
are an important first step toward developing local or global AIF algorithms for
use with DSC-MRI especially in cerebrovascular disease.
Traditional methods for the extraction of arterial pixels require the manual
drawing of a ROI: in [Vonken E.P. et al., JMRI 10, 1999] the authors obtained
the AIF by segmenting the arterial pixels manually from a slice through the neck
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with the internal carotid arteries. Rempp and colleagues [Rempp K.A. et al.,
Radiology 193, 1994] developed an interactive computer program to determine
AIF automatically. In the first phase, parameters describing the concentration
time curves (i.e. FWHM, MPC and TTP) are calculated for the whole brain
and pixels with FWHM and MPC less than automatically determined thresholds
are selected. In the second step, only those pixels from the preselected group
that have a maximum concentration of at least 75% of the highest value are
considered.
In [Mouridsen K. et al., MRM 55, 2006], an automatic procedure for determination of the AIF is proposed based on an off-the-shelf cluster analysis
technique. Because only a small fraction of the entire set of concentration time
curves represents arteries, the authors calculated the area under the concentration curve for each pixel and discarded the percent of the curves with the
smallest area. Furthermore, in order to exclude curves with highly fluctuating
time-courses, due to various scanning artifacts like partial volume, shifts and
physiologic pulsations, the concentration curves which appeared rough and erratic were excluded using the energy of the second-derivatives as a standard
measure of roughness. The authors suggest the use of k-means Cluster Analysis
(kCA) for partitioning the concentration curves into k groups based on shape
characteristics reflecting early tracer arrival, high peak height and quick washout. kCA iteratively regroups vectors in order to minimize the intra cluster
variation and maximize the inter cluster variation. The final AIF estimate is
the mean curve with the lowest first moment as suggested in [Alsop D.C. et al.,
Proc. of ISMRM 10th Annual Meeting, 2002].
Other techniques for automatic establishment of the AIF have been suggested in literature. In [Murase K. et al., JMRI 13, 2001], the use of c-means
fuzzy clustering is proposed to extract arterial pixels inside a manually drawn
mask around the ICA. Carroll and colleagues [Carroll T.J. et al., Radiology
227, 2003] find a single pixel representing the arterial input to tissue based on a
measure of optimal blood volume: first an estimate of bolus arrival is calculated
and then the pixel with the highest integrated signal change is selected to represent the AIF in a set of pixels demonstrating early tracer arrival. Rausch and
colleagues [Rausch M. et al., MRM 18, 2000] fit the concentration time curves
using Gamma-variate functions. Cluster analysis is then applied to the set of
parameters to group curves with similar values of the Gamma-variate parameters. Recently, another parametric approach has been suggested in which the
AIF is assumed to be a Gaussian density function [Mlynash M. et al., AJN
26, 2005]. Only a single pixel is chosen for representation of the AIF based on
optimality of goodness of fit to the Gaussian function and amplitude. Grüner
and colleagues [Grüner R. et al., JMRI 23, 2006] have proposed a pixel-specific
AIF determination based on the blind use of the theory of homomorphic transformations.
Of note is that Duhamel and colleagues [Duhamel G. et al., MRM 55, 2006]
pointed out how input functions derived from the echo-planar signal intensity
within or near arteries are highly nonlinear, yet such input functions are widely
used. The authors employed a physical model for the echo-planar signal intensity
from an artery as a function of contrast agent concentration, artery size and
angle to the magnetic field to test approaches for the measurement of the AIF.
Among the considered input function measurement methods (i.e. (1) a minimum
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threshold on the integral of the SV OI (t) curve with subsequent selection of a
certain number of curves with the shortest first moment; (2) the quality of a
Gamma-variate fit to the SV OI (t) curve; (3) early enhancement of apparent R2
or R2∗ ; (4) a large blood volume criterion; (5) anatomic criterion), the simulations
suggest that measurement of signal near but not within a large vessel is most
accurate.
In [Peruzzo D. et al., Proc. of ISMRM 14th Scien. Meet. & Exhib., 2006]
five methods of AIF automatic selection were compared to each other and to
AIF selection by manual inspection. The considered methods are:
1. method A using information regarding the peak value, the MMC and the
FWHM based on [Rempp K.A. et al., Radiology 193, 1994];
2. method B using a K-Means Clustering based on [Ashburner J. et al., San
Diego Academic Press, 1996];
3. Method C selecting AIF pixels on the basis of the ratio between the peak
and the TTP [Ibaraki M. et al., JCBFM 25, 2005];
4. Method D assuming that standard deviation maps of concentration data
reliably emphasize vasculature over other tissue classes [Butman J.A. et
al., Proc. of ISMRM 13th Scien. Meet. & Exhib., 2005];
5. Method E (novel one) based on Hierarchical Clustering applied dichotomously (i.e. at each step one of the two clusters is chosen to be reclusterized on the basis of the peak height or the TTP).
Results on simulated data demonstrate that Hierarchical Clustering is less influenced by partial volume artifacts. Furthermore, considering a clinical stenosis
data set, Hierarchical Clustering appears to be superior due to slice-by-slice
coherence and physiological behavior of AIF, even if further work is needed to
improve its performance by exploiting anatomical information.
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Potential use of the White Matter as a Reference Region

Given the problematic identification of the AIF pointed out in the previous section, one may guess about the possibility to quantify hemodynamic parameters
without the knowledge of the AIF. A method derived from the PET literature
[Lammertsma A.A. et al., JCBFM 16, 1995] allows for quantitative pharmacokinetic analysis of data without knowledge of the AIF. The PET literature refers
to this formalism as the Reference Region (RR) model because it relies on finding a well-characterized RR from which to calibrate the signal intensity changes
in a ROI.
The use of a similar Reference Region approach in DSC-MRI analysis may
involve the White Matter as an internal reference standard for generating absolute MRI hemodynamic parameters values. As already pointed out, PET measurements showed that in normal adult subjects, WM has a relatively uniform
age-independent blood flow of 22 ml/100 ml/min. One can consider the concentration time curves in GM and WM as the convolution of different Residue
functions (i.e. RGM (t) and RW M (t) respectively) with the same global AIF, as
commonly done in DSC-MRI data analysis.
CGM (t) = CBFGM · (AIF (t) ⊗ RGM (t))

(7.2)

CW M (t) = CBFW M · (AIF (t) ⊗ RW M (t))

(7.3)

Eq.(7.2) and (7.3) can be seen in the Laplace Transform domain as
CGM (s) = CBFGM · AIF (s) · RGM (s)

(7.4)

CW M (s) = CBFW M · AIF (s) · RW M (s)

(7.5)

where the symbol ⊗ in Eq.(7.2) and (7.3) has been substituted with the
simple multiplication operator · thanks to the Laplace Transform properties (i.e.
a convolution in the time domain correspond to a simple multiplication in the
Laplace domain and viceversa). Given the same AIF (s) in Eq. (7.4) and (7.5),
one has
AIF (s) =

CW M (s)
CGM (s)
=
RGM · CBFGM
RW M · CBFW M

(7.6)

Substituting the AIF (s) of Eq.(7.6) in Eq. (7.4), the expression of the
concentration curve in the GM in the Laplace domain becomes

CGM (s) =

CBFGM
RGM (s)
CBFGM
· CW M (s) ·
=
· CW M (s) · R∗ (s)
CBFW M
RW M (s)
CBFW M

and, coming back to the time domain

(7.7)
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CGM (t) =

CBFGM
(CW M (t) ⊗ R∗ (t))
CBFW M
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(7.8)

One may speculate that the problem of AIF identification becomes the
problem of CW M (t) identification in Eq.(7.8), but probably the selection of a
WM Reference Region is easier to be accounted for, especially if robust segmentation algorithms between GM and WM are considered. Anyway, the use of RR
represents an alternative approach which deserves attention to obtain quantitative assessment of tissue properties without having to obtain high temporal
resolution images to characterize an AIF. It may allow for acquiring images with
higher spatial resolution and signal-to-noise ratios, thus increasing the ability
to probe tissue heterogeneity.
Furthermore, the RR approach has been already proposed in MRI analysis.
In fact, Yankeelov and colleagues presented a method that compares the tissues
of interest curve shape to that of a RR in Dynamic Contrast Enhanced - MRI
(DCE-MRI) data, thereby eliminating the need for direct AIF measurement
[Yankeelov T.E. et al., MRI 23, 2005]. DCE-MRI involves the serial acquisition
of MR images of a ROI before, during and after an intravenous injection of contrast agent. As the contrast agent perfuses into the tissue, both the T1 and T2
values of tissue water decrease to an extent which is determined by the concentration of the agent. By considering a set of images acquired before, during and
after the infusion, individual pixels display a characteristic signal intensity time
course that can be related to the contrast agent concentration. This time course
can be analyzed with an appropriate mathematical pharmaco-kinetic model: by
fitting DCE-MRI data to such model, physiological parameters can be extracted
that relate to tissue perfusion, microvascular vessel wall permeability and extracellular volume fraction [Parker G.J.M. et al., in Quantitative MRI of the Brain,
Paul Tofts, 2003]. As for DSC-MRI, analysis of DCE-MRI data is usually based
on Indicator Dilution Theory [Zierler K.L., CR 10, 1962; Zierler K.L., CR 16,
1965; Axel L. Radiology 137, 1980] and requires knowledge of the concentration
of the contrast agent in the blood plasma (i.e. Cp ). Also for DCE-MRI studies
this is a difficult problem and three main approaches have been developed to
estimate Cp :
• introduction of an arterial catheter into the subject and sampling blood
during the imaging processing for later analysis;
• assumption that Cp is similar for all subjects (i.e. Cp is first measured via
blood samples in a small group of subjects and the resulting average Cp
is assumed valid for following studies);
• simultaneously measurement of signal intensity changes in both the blood
and tissue, as in DSC-MRI.
Yankeelov and colleagues presented a different method which allows for the
development of an operational equation that is independent of Cp thus entirely
eliminating the requirement for Cp estimation. This allows for the application
of a simple curve-fitting algorithm to obtain estimates of the pharmaco-kinetic
parameters.
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Methodological Advances
Accurate models of susceptibility-induced relaxation

As already pointed out, to estimate hemodynamic parameters starting from
DSC-MRI acquisitions, one has to be able to convert the MR signal intensity
changes into relative tracer concentration as pointed out in Eq.(2.6). It is important to remember that even being widely used, the relationship of Eq.(2.6) is
a simplification of the complex set of relaxation processes occurring inside tissue
during agent administration. The true MR signal consists of both intravascular
and extravascular contributions from a wide range of vessel types (i.e. arteries, veins, arterioles and capillaries) and the actual relaxation process can be
very different as a function of vascular morphology, including reversible and
non-reversible relaxation processes differently affecting SE and GE sequences.
Furthermore, it is commonly assumed that the coupling between tissue relaxation rate and tracer concentration (i.e. the relaxivity) is the same for all these
vascular sources, while the relaxivity of agent within the intravascular space
may be much greater than that for water in the surrounding tissue. The use of
more sophisticated mathematical approaches may be necessary to account for
and quantify these many effects.
A theoretical model of intravascular tracers effect on tissue relaxation has
been proposed in [Kjølby B.F. et al., MRM 56, 2006]. Given the fact that
concentration of a tracer in DSC-MRI analysis is evaluated indirectly by using
its relaxation effect, the authors present a comprehensive theoretical model to
describe the transverse relaxation in perfused tissue caused by an intravascular
tracer. They used a model accounting for a number of individual compartments
and Monte Carlo simulations to describe the signal de-phasing, yielding a tool
for fast and realistic simulations of the changes in the transverse relaxation.
Reported results show that the relaxivity of intravascular tracer significantly
depends on the host tissue. In particular, a several-fold increase in the relaxivity
of Gadolinium in brain tissue compared with bulk blood has been pointed out:
this enhancement of relaxation in tissue is probably due to the contrast in
magnetic susceptibility between blood vessels and parenchyma induced by the
presence of paramagnetic tracer.
The common assumption that the proportionality constants kV OI and kAIF
in Eq.(2.6) relating MR signal intensity change to tracer concentration are equal
in tissue and artery has been considered in [Newman G.C. et al., JCBFM 26,
2006]. The authors pointed out how estimates of CBV obtained from T2∗ weighted MRI tend to be significantly higher than values obtained by other
methods and how this can be related to the assumption about kV OI and kAIF .
They compared measurements of CBV by both DSC-MRI and Computed Tomography (CT) scans obtained using identical kinetic paradigms for the two
imaging modalities. They found that CBV values obtained by CT were generally lower than those by DSC-MRI. They also found out that the calculated
values of the ratios kV OI /kAIF of proportionality constants relating MR signal
change to concentration in tissue and artery after bolus injections (i.e. expected
to be unitary according to the kV OI = kAIF assumption) were significantly less
than 1 in cortex (i.e. 0.69) and WM (i.e. 0.76), although not in deep GM
structures (i.e. 0.87). Reported results are preliminary although important,
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suggesting that additional studies of kV OI /kAIF are necessary under conditions
of altered BBB, especially in the brainstem and cerebellum.

7.4.2

Improving signal-to-noise ratio by filtering

Noise plays an important role in DSC-MRI perfusion studies. The signal-tonoise ratio SN RCV OI and SN RCAIF , of the tissue and arterial concentration
signals respectively, directly affect the stability of the deconvolution algorithms
used to quantify the hemodynamic parameters, since deconvolution inherently
amplifies high frequency noise and signal components. The nonlinear relationship of Eq.(2.6) between the MR signal intensity and the contrast agent concentration implies that the assumed Gaussian experimental noise on the intensity
curves will be transformed to a non stationary noise signal on the contrast concentration curve. This concentration dependence of the noise intensity implies
that simply maximizing the contrast agent concentration in the tissue or artery
may not necessarily provide the optimum signal-to-noise ratio or lead to the
best deconvolution results.
In [Smith M.R. et al., MRM 49, 2003] theoretical and simulation evidence
has been presented to demonstrate that the signal-to-noise ratio of the contrast
concentration curves for a given noise level in the acquired image depends on
the product of the echo time T E and the maximum value of the concentration curve. The authors argued that the optimal manner of determining blood
flow from DSC-MRI studies is not necessarily obtained by setting experimental conditions to maximize either the AIF or the measured tissue concentration
level for a particular T E. Smith and colleagues concluded by affirming that the
optimum signal-to-noise ratio for a particular contrast concentration curve can
be obtained when the experimental concentration level and T E are adjusted to
produce an MR intensity curve S(t) whose signal loss is 63% of the pre-contrast
MR signal intensity S0 . In fact, the maximum SN Rc for the contrast concentration curves for a given SN R of the pre-contrast MR baseline is obtained when
the minimum MR signal is 37% of the pre-contrast baseline; this corresponds
to the relationship
CM AX · T E =

1
k

(7.9)

where CM AX is the maximum of the concentration curve and k is the proportionality factor of Eq.(2.6), and leads to the target 63% signal loss. This
optimum T E is different for the CAIF (t) and CV OI (t) curves unless they have
the same maximum amplitude and k value. As an example of how noise influences the deconvolution operation, they demonstrated that the stability of SVD
approach in determining CBF and MTT is increased when the tissue curve maximum signal loss is in the range of 40-80%. They also recommended that the
experimental T E value be set so that neither the tissue nor the arterial curves
are placed in a region of rapidly deteriorating signal-to-noise ratio.
Instead of intervening on the experimental protocol parameters, one may reduce or modify the level of noise in the DSC-MRI data by way of post-processing
intervention. To date, a few work has been done in this direction. A filtering on
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the AIF is commonly used in SVD [Østergaard L. et al., MRM 36, 1996] that
constructs the elements of the AIF matrix as


aij =

∆t[CAIF (ti−j−1 ) + 4·CAIF (ti−j ) + CAIF (ti−j+1 )]/6 0 ≤ j ≤ i
0
otherwise

even if, as pointed out in [Salluzzi M. et al., MRI 23, 2005], applying these
time-domain weighting coefficients is equivalent, in the frequency domain, to
multiplying the spectral coefficients of the AIF by an additional filter which decreases the high-frequency noise components of the arterial function, but boosts
the high-frequency signal and noise components of the Residue function. As
demonstrated by Salluzzi and colleagues through frequency-domain analysis,
this introduces distortions into the R(t): the relative effect of averaging AIF is
thus an overall increase of the CBF estimate. In addition, before analysis a 3 by
3 uniform smoothing kernel is often applied in actual image analysis. Furthermore, the Gamma-variate fitting used to eliminate the recirculation presence can
also play a role in the elimination of part of the noise present in the concentration time curves, without any assumption about the nature of the experimental
disturbance.
However, a lot of work remains to do in this direction. Of note is that in
[Wirestam R. et al., MAGMA 18, 2005] the use of wavelet-based noise reduction
has been applied for the first time in DSC-MRI analysis. To retrieve the tissue Residue function and the CBF, deconvolution of DSC-MRI data has been
performed by wavelet-transform-based de-noising combined with the Fourier
Transform (FT) of Eq.(3.4). Differently from traditional FT-based deconvolution methods requiring filtering in the frequency domain, the approach by
Wirestam and colleagues employs only a low degree of Regularization whereas
obtaining the major noise reduction by wavelet transformation of tissue concentration data and Wiener -like filtering in the wavelet space. Reported results on
simulated and real data set show CBF estimates with acceptable accuracy and
precision which are independent of any delay between AIF and tissue concentration curves, thus suggesting the combined wavelet-FT deconvolution approach
as a robust method implementable into perfusion analysis software.

7.4.3

Data analysis

For determination of the AIF, pixels located completely within a feeding artery
can be selected as an intravascular source. However, some confounding effects
can occur by using a ROI-based selection, especially if single shot EPI with
low spatial resolution is used. This can result in great heterogeneity in the
amplitudes of AIF. For example, it has been shown that AIF derived from
the MCA were smaller by a factor of 3 as compared with those of the ICA.
Simulations reveal that these effects can be attributed to a spatial shift of the
vessel along the phase-encoding direction during the passage of the bolus. To
overcome this difficulties, fully- or semi-automatic AIF selection methods based,
for example, on cluster analysis have to be developed and assessed as explained
in previous sections.
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Furthermore, the signal loss in an arterial pixel can be very large compared
to surrounding tissue since the concentration of agent is much larger in blood
than in whole tissue; if the arterial signal drops below the noise levels, there
will appear an artificial saturation in the AIF. It has been shown that in this
situation it is better to implement a noise cutoff in the evaluation of the AIF
such that only time points above noise levels are included for subsequent analysis
[Ellinger R. et al., JCAT 24, 2000]; furthermore, the interventions described in
the previous section may help to correct the AIF determination also in this case.
Finally, new post-processing methods can be applied toward DSC-MRI
perfusion measurements. In this direction, alternative quantification parameters
may be considered together with absolute and relative CBF, CBV and MTT.
Further work is needed to develop other standardized quantities which can be
used to characterize cerebral hemodynamics and quantify risk factors [Cha S.
et al., JMRI 11, 2000]. The use of standardized summary parameters may also
have a great clinical utility, but further studies are required to show wether any
other newly derived parameter is a robust measure of physiology.
Undoubtedly, the choice of one method to analyze DSC-MRI data over the
others leads to considerations about computational time and clinical applicability. NSR results in Chapter 4 and 5 show promising features, especially if
we consider the ability of NSR to reconstruct the true CBF non affected by
dispersion, but every nonlinear technique needs more computational time than
linear ones. To overcome this problem, deconvolution methods simpler than the
nonlinear ones can be considered, maybe after a logarithmic transformation of
the temporal axis has been applied to slow down the fastest kinetics not correctly managed by simple linear methods. Furthermore, the development of a
deconvolution method can be considered by means of regression to spline functions based on the results presented in [Verotta D., ABE 21, 1993; Verotta D.,
JPB 21, 1993].
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White vs. Gray Matter

WM may play a particular role in the analysis of cerebral hemodynamics by
means of DSC-MRI. Probably due to low perfusion level, magnetized water of
the extra- and intra-vascular spaces could have a major role in the MR intensity
signal originated from the WM during a DSC-MRI acquisition. In fact, taken
inspiration from what has been investigated in the heart [Dash R.K. et al., Ann.
Biom. Eng. 34, 2006], even if the BBB is totally intact, the water molecules can
cross the cells membrane, thus providing a wide contribute to the final registered
MR signal, especially in areas where the perfusion is very poor and less contrast
agent arrives.
In T1 -weighted DCE-MRI, low-molecular-weight contrast media diffuse from
the blood pool into the Extravascular Extracellular Space (EES) of the brain at
a rate determined by the blood flow to the tissue, the permeability of the BBB
and the surface area of the perfusing vessels. The contrast agent does not cross
cell membranes and its volume of distribution is therefore effectively the EES.
On T1 -weighted images, T1 relaxation time shortening caused by the contrast
agent in the interstitial space is the dominant mechanism of seen enhancement.
The use of T1 agents for bolus tracking is discussed in [Landis C.S. et al., MRM
44, 2000], where it is shown that it is important to consider multi-compartment
water exchange effects for flow quantification. This is because an intravascular agent concentrations it is not valid to treat the system under fast water
exchange. T1 -based methods for blood volume determination rely on the fact
that T1 -weighted signal changes occur within the vasculature and can influence
surrounding tissue via permeability-mediated exchange across the endothelium.
This analysis can therefore be treated by two-compartment exchange models
easier to handle than the myriad of factors influencing DSC-MRI.
Furthermore, in the absence of an intact BBB, contrast medium immediately begins to diffuse into tissue compartments, with well-vascularized pathology exhibiting earliest signal increase, followed by areas of gliosis and necrosis.
In this case, MRI contrast agent crosses the capillary barrier entering the interstitial space, complicating the modeling used to estimate regional perfusion
compared to that used for a purely intravascular agent. The contrast agent
contact with water induces the spin labeling, a process which is saturable in the
sense that its maximum is limited by the amount of water present, the rate of
spin-induction and the rate of spin-relaxation. MRI image analysis is based on
the intensity of the water spins in the ROI; intracellular water contributes to the
signal even though it is out of contact with the contrast agent because the water
spin relaxation time is slow, about 1 second. Further complicating the analysis
is the rapid exchange of the spin-labeled water itself, for it crosses capillary
and cell membranes at such a high rate that tracer-labeled water is flow-limited
in its passage through an organ. The result of such rapid exchange is that
there is no stable calibration curve for the intensity of the MR signal versus the
concentration of the agent, but instead a dynamically changing relationship.
Anyway, agent leakage can be accounted for in more sophisticated models
of first pass kinetics, thus correcting hemodynamic measurements and also calculating the extravascular volume and the exchange coefficient (i.e. a measure
of leakage) from the intra- to extra-vascular space [Tofts P.S., JMRI 7, 1997]. In
other words, when the BBB is damaged, contrast agent can be used to extract
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information about BBB permeability by modeling the leakage of the tracer out
of the intra-vascular space. This has been an area of great interest in the study
of brain tumors and multiple sclerosis. For example, in [Vonken E.P.A. et al.,
MRM 43, 2000] a method to correct the tissue response function in presence of
disrupted BBB is proposed, thus allowing perfusion studies in high-grade brain
tumors. The correction method, based on a two-compartment kinetic model,
is able to separate the intravascular hemodynamic response and the extravascular component thus returning the corrected tissue response function as well
as the extravasation rate constant of the vasculature. Results on simulation
data with different degrees of contrast extravasation show that the proposed
correction scheme is fast, reliable even in cases of low signal-to-noise ratio and
applicable whether extravasation occurs or not. In [Haselhorst R. et al., JMRI
11, 2000], the pathogenesis of multiple sclerosis lesions has been investigated by
using DSC-MRI. rCBV values have been evaluated for regions in plaques and
in GM and WM. rCBVs calculated for acute, Gd-enhancing plaques have been
corrected for the effects of BBB leakage. Results indicate that the acute phase
in multiple sclerosis is accompanied by vasodilation, suggesting that DSC-MRI
technique is less sensitive than conventional MR imaging, but that the information it provides is essentially different from that obtained with any other MR
method. However, to date these correction algorithms have not been extensively
applied to flow measurements.

Chapter 8

Conclusions
Contrast enhanced bolus tracking techniques can be used to obtain detailed
information on cerebrovascular status in a wide variety of clinical states. The
most common method used for the relative quantification of regional perfusion
and blood volume is the Dynamic Susceptibility Contrast - Magnetic Resonance
Imaging (DSC-MRI) technique, which has the greatest MRI sensitivity to the
passage of the contrast agent. DSC-MRI can be used to obtain multi-slice information on brain perfusion. However there are still some difficulties for an
accurate absolute quantification of perfusion and blood volume due, for example, to the complex mechanism of susceptibility based contrast required for the
determination of absolute tissue and arterial concentrations of the agent and
to the presence of bolus delay and dispersion. These errors can introduce a
bias in the estimation of Cerebral Blood Flow (CBF) and Cerebral Blood Volume (CBV), while Mean Transit Time (MTT) seems to be more robust. In this
work the limitations due to DSC-MRI signal characteristics in the hemodynamic
parameters estimation have been considered.
A great part of DSC-MRI difficulties is due to the estimation of the Residue
function R(t), that is the fraction of contrast agent remaining inside tissue at
time t following an infinitely short bolus: to indirectly know R(t), one has to
use deconvolution techniques which are critical due to both intrinsic problems of
the operation itself and specific problems of the physiological systems. To date,
both parametric and non-parametric approaches have been proposed for deconvolution in DSC-MRI analysis, but they introduce heavy assumptions about the
shape of R(t) or show a high sensibility to experimental noise respectively. In
particular, they have to handle the problem of intrinsic smoothness and non
negativity of R(t) and the presence of bolus delay and dispersion in the Arterial
Input Function (AIF), which is the contrast agent concentration curve in the
artery.
Among the non-parametric deconvolution methods proposed in DSC-MRI
literature up to now, the most important and commonly used method is represented by the Singular Value Decomposition (SVD), which is currently considered the gold-standard technique. During the last decade, SVD performance has
been deeply analyzed by the MRI community and its limitations, mainly due to
the presence of delay and dispersion in the arterial curve, to the generation of
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non physiological Residue curves and to the choice of the threshold value, have
been pointed out. At the same time other methods have been proposed. We
have focused on two of them: the block-Circulant Singular Value Decomposition
(cSVD), proposed to solve the problem of the delay in the tracer arrival, and the
Tikhonov regularization (TIKH), proposed to overcome the problem of spurious
oscillations in the Residue function.
In addition we have discussed a nonlinear stochastic deconvolution method,
called Nonlinear Stochastic Regularization (NSR), recently proposed for the
analysis of DSC-MRI data. This new method, being able to account for both
the smoothness and the non-negativity constraint of the Residue function, shows
advantages over SVD, allowing one to obtain more physiological values for the
Residue function without the need to fix any threshold. Furthermore, being
able to quantify the level of dispersion present in the estimated curve and to
reconstruct the non dispersed Residue function, this method allows one to quantify the CBF non affected by dispersion thus improving the clinical information
provided by DSC-MRI images.
SVD, cSVD, TIKH and NSR have been assessed and compared on simulated data. The performance of these four methods have been assessed against
the following criteria: presence of unphysiological oscillations, negative values
in deconvolved R(t) and characterization in presence of dispersion. SVD, as
already reported in literature, has shown not to be able to face these problems
thus providing estimated Residue functions which are oscillating, negative and
biased in presence of dispersion. cSVD has proved to achieve time-shift insensitive, but unphysiological oscillations and negative values still remain in the
estimated Residue functions. TIKH has shown to improve the characterization
of R(t) in presence of bolus dispersion, but oscillations and negative values are
still present. NSR has proved to be able to handle all these three problems,
providing deconvolved Residue functions which are smooth, non negative and
well characterized also in presence of dispersion, according to the physiological
nature of R(t). NSR has been shown to well characterize the Residue function
and accurately estimate CBF, as the peak of the Residue function, both in presence and absence of bolus dispersion better than the other three methods, thus
improving the quality of information provided by bolus-tracking MRI. An appealing feature of NSR is that it does not require any threshold which is known
to affect SVD, cSVD an TIKH estimates. Furthermore, NSR has the potential
of separating the true Residue function from the bolus dispersion effect. Starting from tissue concentration data affected by dispersion, NSR estimates a set
of parameters describing the non dispersed component of the unknown Residue
function, thus allowing to reconstruct the original non dispersed R(t). By correctly quantifying the level of dispersion NSR, differently from SVD, cSVD and
TIKH, is able to reconstruct the original non dispersed Residue function thus
estimating the CBF non affected by dispersion. The price to obtain all this
information quality is time, because NSR is computationally more expensive
than SVD, cSVD and TIKH which are all linear methods.
Singular Value Decomposition, block-Circulant Singular Value Decomposition, Tikhonov regularization and Nonlinear Stochastic Regularization have
been also compared on clinical data. The results obtained with these four methods have been considered with regard to the generation of CBF and MTT maps.
CBF and MTT maps obtained by NSR are comparable to those obtained by
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SVD and cSVD, but show more contrasted areas, thus improving the detection
of flow and transit time differences provided by DSC-MRI analysis. In general,
TIKH maps are extremely noisy and provide CBF and MTT values which are
not comparable to those obtained by SVD, cSVD and NSR. NSR has been also
shown to generate maps of dispersion and non-dispersed CBF. Dispersion maps,
in particular, clearly identify cerebral areas with enhanced level of dispersion,
providing information about the reliability of CBF and MTT estimates obtained
in those areas.
Up to now, less attention has been devoted in DSC-MRI literature to parametric deconvolution methods. The most important parametric deconvolution
methods proposed for DSC-MRI analysis are the Single Exponential model and
the Vascular Heterogenous model which, to date, represent the only flow heterogeneity modeling attempt in DSC-MRI, even if the hypotheses on which they
are based come from results on flow heterogeneity in heart and skeletal muscle.
Other models for brain blood transport and transit times distribution have been
considered: the Dispersion model of the Multiple Indicator Dilution theory and
the Log-normal distribution. For the first time, they have been combined to
provide an alternative and flexible characterization of blood flow heterogeneity
called Log-normal Dispersion Model (LDM). Preliminary results on synthetical
and real data are promising, suggesting a comparison with other parametric
methods to clarify the reliability and clinical applicability of LDM.
DSC-MRI difficulties for an accurate absolute quantification of brain hemodynamics is also due to a large number of open issues which are currently debated by MRI community. Some of these problems have been considered with
a particular attention to the most recent and promising results published in
literature. First of all, the different proposed strategies to achieve CBF, CBV
and MTT absolute quantification have been presented. Then, the impact of the
Arterial Input Function selection has been examined by focusing on local vs.
global and automatic vs. manual AIF detection. In alternative to AIF, the
potential use of the White Matter as a Reference Region has been considered.
Finally, some methodological improvements and considerations on White Matter vs. Gray Matter have been discussed for improving DSC-MRI assessment
of brain hemodynamics.
In conclusion, although certain issues concerning absolute quantification remain to be fully addressed, DSC-MRI technique has evolved to be an important
tool in medical research and clinical patient management. The development of a
new non-parametric nonlinear stochastic deconvolution method able to account
for both the physiologic nature of DSC-MRI data and the presence of dispersion,
and of a parametric physiological model accounting for brain blood flow heterogeneity would greatly help in improving the clinical and scientific information
provided by DSC-MRI analysis.
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