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Abstract

One of the most vital parameters of biological tissues is the blood flow. The growth and
the functionality of many organs are related directly with their blood supply. Many
diseases are related with the increase or the decrease of the blood flow compared to the
physiological values as well with the architecture of the blood vessel network. For this
reason, the development of non-invasive tools for the measurement of blood flow is of
crucial significance.
Firstly, in this work pharmacokinetic models, according to the literature, were de-

veloped for the extraction of quantitative and semi-quantitative perfusion parameters
for every imaging technique (perfusion MRI, Diffusion Weighted Imaging, perfusion
CT). A first aim of this thesis is the study of the possible correlation between perfusion
related parameters coming from perfusion MRI and Diffusion MRI with the ultimate
goal to reduce the number of perfusion examinations requiring intra-venous injection
of gadolinium based contrast agent.
Secondly, despite a worldwide effort to standardize imaging bio-markers involving

major cancer organizations, significant variability of MR-based imaging biomarker across
sites still hampers their clinical translation calling for more research in the field. To this
end, the second clinical question covered in this thesis is to study quantitative and semi-
quantitative approaches for perfusion biomarkers are compared in MRI data from three
different cancer types. In particular, Ktrans a widely used but often variable across
sites candidate biomarker is compared to a semi-quantitative perfusion MRI imaging
biomarker (Wash-in WIN) in patients involving three cancer types: breast, head and
neck and soft tissue sarcoma
Finally, the third goal of this thesis is to investigate the possibility to introduce lower

dose protocols by decreasing the image data sampling rate and the tube current during
brain CT perfusion studies on stroke patients without affecing the diagnostic efficiency
of the produced perfusion parametric maps.
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Περίληψη

Μία από τις ζωτικής σημασίας παραμέτρους, όλων των βιολογικών ιστών είναι η ροή
του αίματος. Η ανάπτυξη και η λειτουργία πολλών οργάνων συνδέεται άμεσα με
την παροχή αίματος σε αυτά. Πολλές ασθένειες σχετίζονται με την αύξηση ή την
μείωση της ροής του αίματος σε σύγκριση με τις φυσιολογικές τιμές καθώς και με την
αρχιτεκτονική του δικτύου των αιμοφόρων αγγείων. Για τον λόγο αυτό η ανάπτυξη και
η επαλήθευση μη-επεμβατικών εργαλείων για την μέτρηση της ροής του αίματος είναι
μεγάλης σημασίας. Για το σκοπό αυτό η εργασία αυτή ασχολείται με πολυτροπικές
τεχνικές ποσοτικοποίησης της αιμάτωσης, βιοδείκτες, την σχέση μεταξύ τους και την
ανάπτυξη ενός υπολογιστικού πλαισίου χαμηλότερης ακτινικής επιβάρυνσης για την
εξέταση αιματικής διήθησης υπολογιστικής τομογραφίας.
Σε αυτή την εργασία, αρχικά θα αναπτύχθηκαν φαρμακοκινητικά μοντέλα της

βιβλιογραφίας για την εξαγωγή ημιποσοτικών καθώς και ποσοτικών παραμέτρων αιμά-
τωσης για κάθε τεχνική απεικόνισης (perfusion MRI, Diffusion Weighted Imaging, per-
fusion CT). Πρώτος στόχος της εργασίας αυτής είναι η μελέτη της πιθανής συσχέτισης
παραμέτρων αιμάτωσης προερχόμενες από εξετάσεις μαγνητικού συντονισμού αιμα-
τικής διήθησης και διάχυσης με απώτερο σκοπό την μείωση του αριθμού των εξετάσεων
αιματικής διήθησης που απαιτούν την ενδοφλέβια ένεση σκιαγραφικής ουσίας με βάση
το γαδολίνιο.
Δεύτερον, παρά την παγκόσμια προσπάθεια της τυποποίησης των απεικονιστικών

βιοδεικτών με την συμμετοχή μεγάλων οργανισμών κατά του καρκίνου, η μεγάλη
μεταβλητότητα των απεικονιστικών βιοδεικτών μαγνητικού συντονισμού ανα απεικο-
νιστικό κέντρο εμποδίζει την μετάβαση τους στην κλινική πράξη καλώντας περεταίρω
έρευνα σε αυτό το πεδίο. Για το σκοπό αυτό το δεύτερο κλινικό ερώτημα που
καλύπτεται σε αυτή την εργασία είναι η μελέτη ποσοτικών και ημι-ποσοτικών τεχνικών
για τους απεικονιστικούς βιοδείκτες αιμάτωσης μέσω μαγνητκού συντονισμού σε δια-
φορετικού είδους καρκίνου. Πιο συγκεκριμένα η ευρέως γνωστή παράμετρος Ktrans η
οποία παρουσιάζει μεγάλη μεταβλητότητα ανά απεικονιστικό κέντρο, συγκρίνεται με
έναν ημι-ποσοτικό βιοδείκτη (Wash-in WIN) σε ασθενείς με καρκίνο του μαστού και
του λαιμού καθώς και με ασθενείς με όγκους μαλακών μορίων με στόχο να προταθεί
ένας εναλακτικός βιοδείκτης με παρόμοια διαγνωστική αξία.
Τελικά, ο τρίτος στόχος αυτής της εργασίας είναι να προτείνει μια μεθοδολογία η

οποία θα επιτρέψει την μείωση της ακτινικής επιβάρυνσης κατά την εξέταση αιματικής
διήθησης υπολογιστικής τομογραφίας εγκεφάλου. Έτσι, παρουσιάζεται ένας συν-
δυασμός υποδειγματοληψίας στα χρονικά δεδομένα της εξέτασης μαζί με την τεχνητή

v



προσθήκη θορύβου προσομοιώνοντας στα χαμηλότερα mAs με τελικό στόχο οι ποσοτικοί
παραμετρικοί χάρτες να διατηρούν την διαγνωστική τους αξία.
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Chapter 1

Introduction

Medical imaging is the process of creating visual representations of the interior of a
body for clinical analysis and medical intervention. Except from anatomical informa-
tion, medical imaging can also provide functional information, with the use of different
modalities, about metabolism (Positron Emission Tomography- PET), blood flow (Perfu-
sion Imaging CT, MRI), diffusion of water (Diffusion MRI) and brain activity (functional
f-MRI).
This thesis is mainly focused on perfusion imaging through both Magnetic Resonance

Imaging (MRI) and Computed Tomography (CT). More specifically, the MR perfusion
technique used in this work will be dynamic contrast enhanced (DCE) imaging in which
T1-weighted images are obtained dynamically. In the following sections, the concepts
of MR and CT perfusion imaging will be briefly described. The introduction to the
medical physics behind MRI and CT is out of the scope of this thesis, however the
reader is referred to these books [1–4]. that were very helpful and comprehensive in
order to acquire the solid background on a different scientific field. Furthermore, the
clinical questions addressed in this thesis as well as the contribution of the thesis will
be stated.
The main objectives of this thesis is to implement perfusion quantitative techniques in

CT, DCE MRI and DW-MRI, investigate the interdependencies of the extracted biomark-
ers and propose a novel technique for lower-dose CT perfusion examinations.

1.1 Perfusion Imaging

Perfusion or alternatively blood flow is a fundamental biological function responsible for
delivering oxygen and nutrients to tissues [5]. Perfusion imaging has been widely used
in many clinical applications concerning tumor staging and classification, identification
of stroke regions, and characterization of other vascular diseases such as peripheral
arterial disease and ischemia.
Despite the different physics theory behind the aforementioned imaging modalities

(MR, CT), perfusion imaging is performed by acquiring a dynamic series of images in
time before, during and after the injection of exogenous contrast agent or tracer (CA) [6].
Gadolinium based (Gd-based) CAs are the most commonly used contrast agents in

1



clinical MRI while, iodinated contrast media are used for x-ray-based imaging like
CT. Thus, perfusion imaging produces signal intensity time curves that after a suitable
mathematical process and a selection of a proper model can provide information on
vascular permeability, tissue perfusion, and expansions of extravascular - extracellular
spaces (EES) [7]. In figure 1.1 A) and 1.1B), the perfusion time curves of an artery in
the brain of publicly available data sets¹,² are illustrated for MR and CT respectively.

Figure 1.1: Perfusion time curves of the anterior cerebral artery for MR (A) and CT (B).

1.2 IVIM Diffusion MR Imaging

Diffusion Weighted Imaging (DWI) is a technique that exploits the mobility of water
molecules (molecular diffusion or Brownian motion) to produce signal on an MR image
without contrast administration. A significant parameter that quantifies the degree of
diffusion weighting (DW) applied is the b-value (in s/mm2) which is mainly related with
the amplitude and time of the diffusion sensitizing gradients utilized on the MR scanner.
The DW signal as a function of the b-value is considered to follow a mono-exponential
decay providing the Apparent Diffusion Coefficient (ADC) (mm2/s) [8]. Figure 1.2
depicts the mono-exponential decay of the diffusion signal as the b-value increases.
In biological tissues, the mono-exponential model was not capable of analyzing the

DW signal due to the presence of blood micro-circulation [9]. Τhe micro-circulation of
blood or micro-perfusion was considered to follow a Brownian motion model due to the
random organization of the capillary network. Le Bihan et al. suggested the Intra-Voxel
Incoherent Motion (IVIM) model in order to take into account both the real diffusion

¹www.isles-challenge.org
²https://wiki.cancerimagingarchive.net/display/Public/RIDER+NEURO+MRI
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of water and the micro-circulation of blood inside a voxel [9]. Figure 1.3 illustrates the
differences between mono- and bi- exponential modeling in a logarithmic scale.

Figure 1.2: Diffusion as a function of b-values

Figure 1.3: A signal decay in semi-logarithmic scale as a function of the b-values. Circles correspond
to the semi-logarithmic transformed DWI signal intensities. The bold solid line is the IVIM
fitted curve providing D, D* and f. Light solid lines represent D and D* decay curves
respectively. The dashed line is the mono-exponential fit.

3



1.3 Clinical questions / Motivation

In the present section the clinical questions addressed in this dissertation will be stated.
As mentioned in the previous section perfusion MRI requires the intravenous injection
of a Gd-based CA. Despite its widespread use, there are concerns about using Gd-based
CAs not only by the scientific community [10, 11] but also by big organizations such as
European Medicines Agency [12], due to CA deposition in the brain.To this end, the first
clinical question addressed in this thesis regards the investigation of alternative methods
(IVIM imaging) to quantify and study perfusion with the ultimate goal to reduce the
number of MR perfusion examinations.
The second clinical question arises from the great variability across imaging centers

of one of the most commonly used quantitative markers the Ktrans which used for
tumor characterization and staging [13, 14]. Ktrans calculation is based on a number of
subjective computational steps requiring user interaction which affects the final outcome.
As a result, absolute Ktrans values have been reported to vary as much as an order of
magnitude across centers [15]. Important variables for Ktrans variability are considered
to be: pharmacokinetic model selection, arterial input function calculation which may be
measured on a per patient basis or taken as a population function from literature and the
conversion of the MR signal to CA concentrations. Therefore, a lot of necessary research
and standardization work towards the clinical translation of imaging bio-markers, such
as Ktrans, and use as routine clinical decision tools.
The last, clinical problem that will be addressed arises from the reported, in the

bibliography, high radiation exposure of stroke patients in perfusion CT examinations.
It has been shown that radiation dose in common CT examinations is associated with the
potential risk of cancer [16]. Moreover, due to the nature of CTP that requires sequential
scans, the exposure to radiation dose is of paramount importance. It has been reported
that patients who got overdosed by CTP lost their memory and patches of hair [17,18].
Henceforth, the need to keep ionizing radiation in CT examinations to a minimum level
is increasingly being accentuated at many imaging centers, especially for patients whose
condition needs frequent follow up examination such as tumors, neurological disorders
etc.

1.4 Structure of the Thesis

The main objective of the present thesis was to address the three clinical questions
concerning tissue perfusion raised in the previous section. The first was to investigate
the possible correlation between perfusion parameters deriving from DWI and DCE-
MRI and whether the former can provide reliable, clinically-useful tissue perfusion
information. This correlation was performed to DCE and DWI peripheral arterial disease
(PAD) data from our university hospital. Therefore, Chapter 2 covers this topic in a
structure similar to a scientific paper.
In a similar way, Chapter 3 focuses on the extensive description of the Ktrans quan-

4



titative marker and proposes a semi-quantitative marker (Wash-in) that can produce
similar information to Ktrans in three cancer data-sets (two publicly available³,⁴ and one
from our local university hospital).
Last but not least, Chapter 4 presents a radiation dose reduction strategy from mul-

tiple aspects utilizing stroke perfusion CT data from a publicly available data-set⁵.
Chapter 5 provides an overview of the results and subsequent conclusions of the

studies described in this dissertation.

1.5 Contribution of the Thesis

A) Novelty
In the first part of this thesis the possible correlation between perfusion parameters

derived from DWI and DCE-MRI in PAD patients was examined. To the best of our
knowledge this study constitutes a novel step in quantifying PAD disease with DWI
since no similar works were found in the literature. To quantify PAD a variety of perfu-
sion and diffusion models were incorporated. Interestingly, the most accurate perfusion
model for this disease was found to be the Patlak’s model based to a fitting criterion.
To show the correlation between the two different techniques, not only intensity based
methods (voxel by voxel Pearson’s correlation analysis in the parametric maps) but also
probabilistic methods that consider the parametric maps as random variables (mutual
information analysis) were employed. Initially, DWI parameters did not correlate with
any of the perfusion parameters (quantitative and semi-quantitative) but, after the ap-
plication of Gaussian filtering, a positive correlation was found. Our results indicate that
diffusion IVIM analysis could provide reliable information about tissue micro-perfusion
and can be easily incorporated as a part of a conventional imaging clinical MRI protocol
According to the second clinical question that is extensively covered in Chapter 3 a

semi quantitative parameter (Wash-in) stemming from an analytical model was proposed
as an alternative to Ktrans to address the variability across centers of the latter. To
this end, cancer DCE data from three imaging centers were studied with both semi-
quantitative and quantitative approaches. Thus, voxel by voxel comparison between
quantitative and semi-quantitative DCE parameters (Wash-in, Ktrans ) was performed
in all of the DCE data across centers. Our results revealed a linear relationship between
Ktrans and WIN which outweighs any ROI based analysis because of the large number
of samples-voxels and the fact that the heterogeneity of tumors renders voxel-by-voxel
quantitative approaches necessary.
Regarding the reduced radiation exposure in CT perfusion a public dataset was

chosen including data from two CT scanners with four exposure protocols. In order
to reduce patient exposure a computational framework was proposed comprising a
combination of subsampling the temporal data (sampling rate) and statistical noise
³https://www.nature.com/articles/sdata20188
⁴https://wiki.cancerimagingarchive.net/display/Public/QIN-Breast
⁵www.isles-challenge.org
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addition to the raw data simulating in lower mAs. Thus, a perfusion quantification
software was built to produce perfusion related parametric maps from the full dose
and the lower simulated protocols. Therefore, parametric maps obtained by the full
dose and the reduced exposure related protocols were compared with two different
methodologies. Firstly, a correlation study concerning Pearson’s metric was evaluated
and secondly a receiver operating characteristics analysis was followed, to ensure the
validity of the results. Driven from them it was concluded that the lowest possible
imaging protocol that produces parametric maps with diagnostic value is the reduction
of the sampling rate by 50% in combination with 20% reduction in mAs.
In order to study and quantify tissue perfusion, a suitable software has been built,

written in an open source programming language (python 3.5), that is responsible for:
reading and visualizing with PyQtGraph⁶ the 4D perfusion and diffusion data, ROI
delineation, quantitative modeling (with a variety of known models in the literature),
results visualization through superimposing the parametric maps to the anatomy and
statistical metrics calculation for assessing the quality of the fitting process between model
and data. A detailed description about quantitative modeling for diffusion MRI and
perfusion MRI, CT is presented in appendices A, B and C. The implemented perfusion
and diffusion imaging quantification software is an important outcome of this thesis
since it can enable and motivate more scientists, either biomedical engineers or clinical
researchers, to work in the area of blood flow quantification in medical imaging. At the
same time, it can be an educational tool for postgraduate students to become familiar
with computational medical imaging

B) Publications
The presented work of this thesis has led to the following journal publications.

• Ioannidis GS, Marias K, Galanakis N, et al (2019) A correlative study between
diffusion and perfusion MR imaging parameters on peripheral arterial disease data.
Magn Reson Imaging 55:26–35. https://doi.org/10.1016/J.MRI.2018.08.006

• Ioannidis GS, Maris TG, Nikiforaki K, et al (2019) Investigating the Correlation of
Ktrans With Semi-Quantitative MRI Parameters Towards More Robust and Repro-
ducible Perfusion Imaging Biomarkers in Three Cancer Types. IEEE J Biomed
Heal Informatics 23:1855–1862. https://doi.org/10.1109/JBHI.2018.2888979

• Ioannidis GS, Nikiforaki K, Trivizakis E, et al (2020) Cerebral CT perfusion studies
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Chapter 2

Diffusion vs. Perfusion

As mentioned in the introduction section, this chapter is mainly focused on the correla-
tion of perfusion related parameters stemming from DCE and DWI MRI regarding data
of the lower limb. Secondly, the most suitable perfusion model from the literature that
best characterize the peripheral arterial disease is investigated in terms of the quality of
the fitting process.

2.1 Background

Dynamic contrast enhanced magnetic resonance imaging (DCE-MRI) is one of the most
commonly used imaging techniques for measuring perfusion in biological tissues. DCE-
MRI is based on acquiring a series of T1-weighted (T1W) images through time before
and after the injection of exogenous gadolinium based contrast agent (CA) [6]. This pro-
cedure produces signal intensity time curves that after a suitable mathematical process
and a selection of a proper model may provide information on vascular permeability,
tissue perfusion, and expansions of extravascular-extracellular spaces (EES) [7].
Diffusion Weighted Imaging (DWI) is a technique that exploits the mobility of water

molecules (molecular diffusion or Brownian motion) to produce signal on an MR image
without contrast administration. A significant parameter that quantifies the degree of
diffusion weighting (DW) applied is the b-value (in s/mm2) which is mainly related
with the amplitude and time of the diffusion sensitizing gradients utilized on the MR
scanner. The DW signal as a function of the b-value is considered to follow a mono-
exponential decay providing the Apparent Diffusion Coefficient (ADC) (mm2/s) [8]. In
biological tissues, the mono-exponential model was not capable of analyzing the DW
signal due to the presence of blood micro-circulation [9]. Τhe micro-circulation of
blood or micro-perfusion was considered to follow a Brownian motion model due to
the random organization of the capillary network. Le Bihan et al. suggested the Intra-
Voxel Incoherent Motion (IVIM) model in order to take into account both the real
diffusion of water and the micro-circulation of blood inside a voxel [9].
Fitting the IVIM model to the DWI data, provides information not only about water

diffusivity but also about soft tissue perfusion. This advantage of the diffusion IVIM
model leads to the clinical question of the possible correlation between perfusion param-
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eters deriving from DWI and DCE-MRI and whether the former can provide reliable,
clinically-useful tissue perfusion information.
Several published works have shown the positive correlation of perfusion information

between DCE-MRI and DWI in different regions and pathologies of the human body
such as brain malignancies, [19, 20], breast cancer [21] and head and neck squamous
cell carcinoma [22]. These studies have in common the aggressiveness of each cancer
type and consequently high vascularity and perfusion. On the contrary, the study of
low tissue perfusion has not been extensively examined. To this end, we employ DCE-
MRI and DWI techniques as a preliminary step for perfusion quantification on patients
with peripheral arterial disease (PAD). The targeted impact of this work concerns the
potential extraction of perfusion information from DWI-MRI avoiding CA administration
especially in cases of clinical or other contraindications.
To address the above issues the aim of this chapter is to qualitatively show the

linear relationship between parametric maps originating from various known models
obtained by DWI and DCE-MRI techniques with the application of a Gaussian filter.
This comparative study was applied to patients with severe PAD before any kind of
treatment.
PAD is an atherosclerotic process that causes stenosis or occlusion on lower extremity

arteries. The major risk factors for PAD include older age, diabetes mellitus, hyperten-
sion, hyperlipidemia and smoking [23]. Patients with PAD may be asymptomatic or
develop intermittent claudication. Ischemic rest pain, gangrene or ischemic ulcers may
represent severe complications of PAD, leading to critical limb ischemia (CLI) [24]. Pa-
tients with CLI are at a higher amputation risk and require immediate revascularization
by means of surgical or endovascular procedures [25].

2.2 Materials and methods

2.2.1 Patient population

During a 2 year-year study period (2015-2017), 13 patients (8 males, 5 females) with
PAD underwent MR examination of lower limb. The median age was 68 years (range 56-
78 years). All patients presented with CLI and according to Fontaine classification [26],
4 patients had stage III and 9 patients stage IV PAD. Exclusion criteria were all common
contraindications to MRI, like pacemakers, ferromagnetic implants and claustrophobia
and contraindications for administration of Gadolinium contrast medium such us renal
insufficiency and allergy to gadolinium. The study was approved by the local ethic
committee and all patients signed informed consent prior to examination.

2.2.2 MRI Protocol

Each of 13 patients underwent MR examination on a 1.5T clinical MR Scanner (Vision/-
Sonata Hybrid system, Siemens, Erlangen, Germany) enforced with powerful gradients
(Strength: 45 mT/m, Slew rate: 200 mT/m/ms), equivalent with those gradients op-
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erating on 3T systems. The imaging protocol, apart from the conventional sequences,
included DWI and DCE-MRI quantitative techniques. DW sagittal images of the lower
limb were acquired utilizing a high resolution HASTE (Half-Fourier Acquisition Single-
shot Turbo spin Echo) sequence with diffusion sensitizing gradients with b-values (b
= 0, 50, 100, 150, 200, 500, 800, 1000 s/mm2), number of slices = 13, echo time
(TE) =105 ms, repetition time (TR) = 2000 ms, matrix size =384×384, field of view
(FOV)=250×250, slice thickness=5mm. Additionally, a reverse polarization gradient
technique was applied by acquiring two sets of sagittal DW images, each time altering
the polarization direction of the frequency encoding gradient A-P and P-A (Anterior-
Posterior) [27]. This technique has been applied for the reduction of machine related
geometrical distortions or apparent distortions in signal intensities. The final calculated
image was the mathematical average of the two aforementioned DW sets. An example
for five b-values of a central slice is shown in figure 2.1.

Figure 2.1: DWI sequence of a central slice of the lower limb with 5 b values.

T1W DCE perfusion MR imaging of the lower limb was performed by utilizing
a 3D VIBE (volume interpolated breath hold examination) sequence in the sagittal
plane with variable flip angles (FA = 5o, 10o, 15o, 20o, 25o, 30o) for the initial calculation
of the parametric T1 maps. Consequently, an intravenous continual injection of the
paramagnetic CA (Magnevist, Gadopentetate Dimeglumine, Bayer Healthcare, Bayer,
0.1 mmol/kg) was administered for approximately one minute. The aforementioned
T1W DCE VIBE perfusion sequence was continuously repeated for ten minutes (20
secs temporal resolution) after the intravenous injection of the CA with the following
imaging parameters: number of slices = 26, FA = 15o, TE =2.73 ms, TR=7.8 ms, matrix
size=512×512, FOV=250×250 and slice thickness=3 mm.

2.2.3 DWI/DCE MRI analysis

The reader is referred to appendices A and B.1 for all the technical details about fitting
the raw data to the model functions /pharmacokinetics models for MR diffusion and
perfusion respectively. As can bee seen in appendix B.1 all of the quantitative models
used in this study require the selection of the arterial input function (AIF) which in our
case selected carefully by clinicians from the posterior tibial artery. The selection of the
AIF and the AIF curve over time is shown in figure 2.2.
In order to provide information about tissue perfusion to patients with PAD a variety

of pharmacokinetic models were used such as, the extended Tofts model (ETM) [28],
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the Patlak model (PM) [29], the steady state model (SSM) [30] and the Gamma capillary
transit time model (GCTT) [31]. ETM is the most widely used model for the analysis
of DCE MRI data [32] and describes a highly perfused tissue with the assumption of a
bidirectional transfer of the CA between the blood plasma and the EES. Mathematically,
the model is described by Eq. B.5. The symbol ~ represents the convolution operator,
Ktrans (min−1) is the transfer constant from the blood plasma into the EES and Kep

(min−1) is the transfer constant from the EES back to the blood plasma while vp stands
for the plasma volume and Ca(t) for the time concentration curve of a feeding artery
(AIF). A special case of the ETM when there is no transfer of CA from the EES back to
blood plasma is the PM and it is given by Eq. B.6. In addition, if it is assumed that there
is no transfer of CA from the blood plasma into the EES, the SSM model is acquired,
indicating that the concentration of the feeding artery and the tissue concentration are
in a state of equilibrium. The one parameter SSM is presented by Eq. B.3. Except
from its complex form, the GCTT model was included in this study since it is a more
recently suggested physiological model unifying well-known models such as the Tofts
Model [33],the ETM, the adiabatic tissue homogeneity (ATH) model [34] and the two
compartment exchange (2CX) model [35]. The GCTT model is presented in Eq. B.7.
FmL⁄(mL⁄(min−1))is the blood flow or blood perfusion, a−1 = tc/τ is the width of the
distribution of the capillary transit times inside a voxel, γ(a, z) is the gamma function,E
is the extraction fraction of CA that is extracted into the EES during a single capillary
transit. Except from the previous models, two semi quantitative parameters were also
calculated from the signal intensity curve over time SI(t) such as the area under the curve
(AUC) and the relative enhancement ratio (RER) Eq.B.10 and Eq. B.9 respectively.

Figure 2.2: The blue ROI of the AIF is shown on the T1W image of perfusion sequence (left) and its
curve over time on the plot (right).

2.2.4 Statistical analysis

In this work, two statistical metrics were used, the adjusted R squared (R̄2) and the root
mean squared error (RMSE), to determine the goodness of fit for every voxel. Assuming
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that the model function is G(x,t) with parameters x = {x1, x2,…, xp} and N data points
d the RMSE formula is given by Eq. (A.11). R̄2 is a generalized metric that is based on
the R squared (R2) and its value will always be less than or equal to that of R2 ∈ [0, 1].
This metric was proposed to overcome the limitation of R2 concerning that its value
increases when more explanatory variables are added to the model. Therefore, it was
considered to be more suitable for this study than R2 since it captures the number of
data points (N) as well as the number of the explanatory variables (p) of the model
function Eq. (A.12).

2.2.5 Correlation analysis

Firstly, to examine the relation between DWI and DCE-MRI data for every individual
patient, perfusion parametric maps were resized through cubic interpolation to the size
of the diffusion parametric maps. Pearson’s r correlation coefficient (see appendix D.4)
was then calculated taking into account the slices from perfusion and diffusion sequences
with the same slice location dicom tag, while rejecting all voxels from tissues without
significant blood supply (non-perfused) such as the osseous structures (vp = 0).
To ensure that after resizing, the parametric maps are accurately registered in space,

we performed two tests as shown in figure 2.11. The color-coded fusion of a DW im-
age on a perfusion T1W image is presented and a Canny edge detector (σ = 0.5) [36]
highlighted the edges of DCE T1W image which are then superimposed on the corre-
sponding DW image. Both tests clearly demonstrated accurate alignment in all DWI,
DCE-MRI image pairs used in our analyses according to senior radiologists involved in
the study. The effects of noise, after the fitting process, led to parametric maps that ex-
hibit large variations within voxels in small neighborhoods (figure 2.6). Thus, in order
to examine the relationship between DCE and DWI parameters in a more effective and
qualitative way, a 5×5 Gaussian filter (σ = 0.9) was applied on the derived parametric
maps.

2.2.6 Mutual Information Analysis

Except from the Pearson’s Correlation metric and the consideration of the images (para-
metric maps) as random variables, we also calculated the Mutual Information (MI) of
the previously described diffusion and perfusion parameters with and without Gaus-
sian filter. Mutual information metric arises from information theory and measures how
much one random variable (an image in our case) tells us about another [37]. MI is an
alternative perspective of checking the correlation between different imaging techniques
that does not take into account only pixel values such as Pearson’s correlation but also
the entropy of the image pair.
Considering two discrete random variables X and Y of size N with their mass prob-

ability functions p(X), p(Y ) and with their joint probability mass function p(x, y) it
is possible to calculate their mutual information. On our case the random variables
(X,Y )are (f, vp). Prior to the definition of the mutual information it is obligatory to
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define the entropy of a random variable X which is given by:

H(X) = −
∑
x∈X

p(x)log(p(x)). (2.1)

Furthermore, the joint entropy H(X,Y ) of a pair of discrete random variables (X,Y )

with a probability mass function p(x, y) is given by

H(X,Y ) = −
∑
x∈X

∑
y∈Y

p(x, y)log(p(x, y)). (2.2)

Having the formulae of the entropies above, the MI is calculated by

MI(X,Y ) = H(X) +H(Y )−H(X,Y ) [38]. (2.3)

2.2.7 Signal to noise Ratio (SNR)

A significant factor about image quality is SNR. In our study, SNR was calculated by

SNR =
mean(SIROI)

std(BGROI)
× 0.655 (2.4)

in which, mean(SIROI ) is the mean signal intensity from the selected region of interest
(ROI) and std(BGROI) is the standard deviation of a background ROI which was metic-
ulously taken outside of the depicted image volume avoiding any prominent artifact.
Since the recorded signals from the BGROI follow a Rayleigh rather than a Gaussian
distribution, the SNR value was multiplied by the correction factor 0.655 [39]. For every
patient, SIROI was selected from the whole anatomical image of the central slice. The
calculated SNR for DW images was graphically presented as a box and whisker plot for
every b-value (figure 2.3). The calculated SNR for the variable flip angle Proton Density
weighted (PDW) and T1W images is shown in figure 2.4. Finally, the calculated SNR for
the perfusion weighted images was calculated for three time points, the one before the
injection of the CA (Baseline), the time at the Maximum signal from the signal intensity
curve (time to peak TTPK) and at the last time point of the perfusion sequence as is
shown in figure 2.5. Every box and whisker plot contains the calculated SNR for every
patient.
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Figure 2.3: SNR as a function of b-values for every patient. Star dots present the mean SNR value and
the dotted line is the fitted IVIM function to the star dots.

Figure 2.4: SNR as a function of flip angles for every patient. Star dots present the mean SNR value and
the dotted line is the fitted equation B.2 of appendix B.1 to the star dots.
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Figure 2.5: SNR of the perfusion imaging sequence for three indicative time points (Baseline, TTPK,
Last point of imaging sequence

2.3 Results

2.3.1 DWI and DCE MRI fitting performance

Table 2.1: Perfusion statistical Metrics per model.

Fitting Model RMSE ± (std) R̄2± (std)

SSM 0.033 ± (0.092) 0.126 ± (0.171)
PM 0.031 ± (0.091) 0.337 ± (0.316)
ETM 0.039 ± (0.101) 0.322 ± (0.321)
GCTT 0.029 ± (0.082) 0.143 ± (0.221)

Metrics from the statistical
analysis, showed that re-
garding the DWI fitting, both
the first and the second fit-
ting method were quite accu-
rate since RMSE and R̄2 were
as expected at the desired
levels, meaning low RMSE
and high R̄2. More precisely,
for the first fitting method,
RMSE = 0.081 ± (0.048), R̄2 = 0.637 ± (0.292) and for the second method, RMSE
= 0.085 ± (0.05), R̄2 = 0.627 ± (0.285). DCE MRI statistical metrics for each perfu-
sion model are shown in table 2.1. A graphical representation of each aforementioned
model fit in a region of the peroneus brevis muscle for DWI and DCE-MRI is depicted
in figure 2.8 and figure 2.9 respectively.

2.3.2 DWI and DCE MRI correlation
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Table 2.2: Pearson’s Correlation coefficient r without Gaussian Filter-
ing to the parametric maps.

Fitting Model
(parameter)

DWI-Method 1
(f)

DWI-Method 2
(f)

SSM (vp) 0.082 0.086
PM (vp) 0.073 0.071
ETM (vp) 0.046 0.043
GCTT (E) 0.039 0.045
AUC 0.011 0.013
RER −0.114 −0.107

Pearson’s correlation (r)
coefficient was calculated
for every perfusion and
diffusion model-based para-
metric map. In table 2.2,
Pearson’s correlation coef-
ficient r, is presented be-
tween the parameter (f-
IVIM) and the perfusion
plasma volume parame-
ters. A graphical illus-
tration of the normalized
parametric maps is de-

picted in figure 2.6. Analogously, r after the application of the Gaussian filter on the
parametric maps is presented between (f-IVIM) and the perfusion parameters in table
2.3 while the smoothed parametric maps are shown in figure 2.7. All p-values of the
correlation analysis for both tables were lower than 0.05.

Table 2.3: Pearson’s Correlation coefficient r with Gaussian Filtering to the parametric maps.

Fitting Model
(parameter)

DWI-Method 1 (f) DWI-Method 2 (f)

SSM (vp) 0.429 0.427
PM (vp) 0.379 0.366
ETM (vp) 0.406 0.397
GCTT (E) 0.544 0.551
AUC 0.254 0.252
RER 0.592 0.601

15



Figure 2.6: Blood plasma volume related parametric maps. (b) f-IVIM, semi- quantitative: (a) RER and
(c) AUC and (d)-(g) SSM (vp), PM (vp), ETM (vp), GCTT (E) respectively.

2.3.3 Mutual Information analysis

As in the previous paragraph MI was calculated between f-IVIM (method 1) and the per-
fusion plasma volume parameters. The results for each model are depicted as boxplots
before and after applying the Gaussian filter in figure 2.10.

Figure 2.7: Blood plasma volume related parametric maps after the application of a 5x5 Gaussian filter
(σ = 0.9). (b) f-IVIM, semi- quantitative: (a) RER and (c) AUC and (d)-(g) SSM (vp), PM
(vp ), ETM (vp), GCTT (E) respectively.

2.4 Discussion and conclusions

The main goal of this study was to show the relationship between diffusion and perfusion
related parameters. This constitutes a challenging goal since gadolinium based contrast
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agents are increasingly restricted due to effects on the human body according to EMA
(European Medicines Agency) [12]. For this reason, the use of DWI taking advantage
of its micro-perfusion instead of perfusion, is of outmost importance.
To the best of our knowledge, the majority of the published works on patients

with PAD disease arterial spin labeling (ASL) and Blood oxygenation level-dependent
(BOLD) MRI techniques are used [40–43] to quantify PAD disease. Moreover, DWI
technique has not been used. Thus, a priori knowledge of quantitative results in PAD
disease could not be possible to be compared with our results. This chapter examined
the possible correlation between perfusion parameters derived from DWI and DCE-
MRI and whether the former can provide robust and accurate information regarding
perfusion of an individual anatomic region which in cases of PAD is clinically important.

Figure 2.8: IVIM model method 1 and 2 fitted to DWI data obtained from the peroneus brevis muscle.

To examine this possible correlation, we analyzed PAD data. The statistical metrics
RMSE and R̄2 were used for both diffusion and perfusion models and were computed
in all cases in order to enhance the reliability of the results. RMSE for diffusion fitting
methods and perfusion models was (as expected) low and very similar (in order of
magnitude) for all models due to the tolerance of the fitting algorithm (10−16). Though,
the dominant statistical metric that played a great role to our analysis was the strict
metric R̄2 due to its ability to handle the number of data points and explanatory variables
of each model.
Due to R̄2, it could be expected that the best and the most widely used model for

perfusion imaging would be the extended Tofts model. On the contrary, Patlak’s model
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achieved a little higherR̄2 than ETM (Table 1). This could be attributed to the PAD
which causes stenosis or occlusion on lower extremity arteries. As mentioned earlier
Patlak’s model assumes no transfer of CA from the EES back to blood plasma, in contrast
to ETM that assumes a bidirectional transfer of the CA between the blood plasma and
the EES. Regarding to DWI, no significant differences on adjusted R2 values between
IVIM fitting method 1 and method 2 were observed.

Figure 2.9: Pharmacokinetic models fitted to DCE data derived from the peroneus brevis muscle.

A variety of perfusion models quantitative and semi-quantitative and two diffusion
analysis methods were used. The results of the standard fitting procedure (meaning
no Gaussian filtering) showed no correlation at all because Pearson’s r was close to
zero. However, looking at the parametric maps, (figure 2.6) the visual inspection of
the raw data confirmed the noise coming from the imaging process and led us to use
the Gaussian filter for smoothing the parametric maps (figure 2.7) and removing the
inherent noise. Subsequently, diffusion parameter f-IVIM on both diffusion methods
was correlated well with GCTT-E (rGCTTE−fmethod1 = 0.54, rGCTTE−fmethod2 = 0.551) and
with RER (rRER−fmethod1 = 0.592, rRER−fmethod2 = 0.601). These encouraging results
point out the necessity for more thorough studies, possibly by utilizing MR scanners
with higher field strengths and diffusion sensitizing gradients. Moreover, the use of
HASTE or TSE sequences enforced with powerful fast switching diffusion sensitizing
gradients and multiple b-values with higher ranges (more than 2000) is an absolute
necessity. The ultimate goal would be therefore, to reduce DCE-MR perfusion exam-
inations by performing DWI micro-perfusion studies. This will eventually whittle the
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use intravenous injections of CA and increase the number of patient groups enrolling
in such type of studies.
Furthermore, in all of our cases of the results from mutual information analysis

(figure 2.10) we observed an increment in MI of image pairs greater than approximately
42% after the application of the Gaussian filter. This strongly indicates that Gaussian
filtering significantly increases the similarity between DWI and DCE image pairs and
explains the vast improvement in the perfusion correlation results.
Similar published works on different parts of the human body and diseases con-

firm our results and altogether add to the consistent correlation of DCE and DWI MRI
perfusion maps. Kim et al. and Federau et al. on their research concerning quan-
titative parameters on brain malignancies report that f-IVIM and CBV from Dynamic
Susceptibility Contrast MRI, were positively correlated with r =0.67 and r =0.75 re-
spectively [19, 20]. Furthermore, Suo et al. on their semi-quantitative perfusion DCE
analysis on breast cancer with a 3T MR scanner and by filtering the DCE data with a
Gaussian filter, achieved a correlation between (f-IVIM) values and RER with r = 0.55
and (f-IVIM) values and AUC with r = 0.56 [21]. We appraise that possible reasons
these two studies achieved better correlations than ours and Suo’s et al., might be:
the absence of macroscopic motion artifacts of the patient, the presence of anatomical
barriers (membranes) in the brain that direct the anisotropic water diffusion and the
reduced tissue perfusion due to PAD in our patients. In addition, another reason for
the better correlation of Federau et al. could be attributed to their DWI experimental
protocol consisting of 16 b-values ranging from 0 to 900 s/mm2 that makes the diffusion
measurement more precise.
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Figure 2.10: Mutual information between f-IVIM method 1 and SSM (vp), PM (vp ), ETM (vp), GCTT
(E), RER, AUC before and after Gaussian filtering.

The purpose of the clinical study in which this work is based, was to evaluate the
perfusion of soft tissues in the foot of PAD patients. Thus, the relatively slow injection
rate was chosen for two reasons. Firstly, muscles are normally characterized by slow
perfusion rate which can be easily quantified using a slow injection rate. Secondly, the
“bolus” injection technique induces susceptibility artifacts from the presence of highly
concentrated contrast agent which in turn can be downgraded with the slow rate non-
bolus administration. The low temporal resolution was chosen in order to compensate
for the spatial covering of the imaging volume which has been previously reported
in [44]. In fact, the total volume coverage was 26 space filling slices of 3 mm slice
thickness. The selected volume coverage was considered adequate for the depiction of
lower limb arteries and veins that might be related to blood supply to the ischemic
regions of interest.
At this stage it is important to highlight the limitations of this study. The first

limitation is that due to the clinical imaging protocol a good spatial resolution was
chosen at the expense of a compromised SNR (matrix size 384×384) at the DW images.
Additionally, in order to estimate the Pearson’s correlation coefficient (r) through voxel
by voxel analysis we had to resize the perfusion maps to match the size of the diffusion
maps and this may have had a negative impact on the results. Regarding our dataset,
it is noteworthy that it is limited to a relatively small subset of patients (N=13) which
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means that further studies based on larger cohorts will be necessary for increasing the
statistical significance of our results. Furthermore, the patients of the study presented
with critical limb ischemia and some motion artifacts were observed especially in the
perfusion imaging sequence (30 min approximately). To account for this, an idea for
future work is to also use image registration which is hard due to the non-rigid nature
of the transformation which might be affecting the results.

Figure 2.11: (a) Color fusion of aligned DCE-MRI and DWI. Red color intensity indicates areas of high
perfusion and green intensity represents high DWI signal. (b) T1W edges with Canny edge
detector with σ =0.5 superimposed on the DW corresponding image.

In conclusion, in this study we assessed different DWI and DCE-MRI analysis meth-
ods on data obtained from patients with PAD. According to R̄2 criterion we found
that the best DWI fitting method was the direct estimation of the IVIM parameters
(first method) and the most accurate perfusion model for this disease was the Patlak’s
model. Initially, IVIM parameters did not correlate with any of the perfusion parame-
ters (quantitative and semi-quantitative) but, after the application of Gaussian filtering, a
positive correlation between the extraction fraction E (GCTT) and RER with the micro-
perfusion fraction (IVIM) with both of the DWI fitting methods was obtained. Our
results indicate that diffusion IVIM analysis could provide reliable information about
tissue micro-perfusion and can be easily incorporated as a part of a conventional imaging
clinical MRI protocol.
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Chapter 3

Ktrans variability across centers

As mentioned in the introduction, this chapter is mainly focused on covering the topic of
the great variability across centers of the Ktrans biomarker. More specifically, the latter
Ktrans biomarker is compared to a semi-quantitative perfusion MRI imaging biomarker
(Wash-in WIN) in patient cohorts from three cancer types: breast, head and neck and
soft tissue sarcoma in order to propose an alternative biomarker of lower complexity
with similar diagnostic value.

3.1 Background

Magnetic Resonance Imaging (MRI) is a powerful, non-invasive imaging modality offer-
ing both anatomical and functional information of human tissue. MRI is the modality of
choice for cancer diagnosis, staging and treatment monitoring because of its supreme soft
tissue contrast, lack of ionizing radiation and wide availability. In particular, dynamic
contrast enhanced (DCE) MRI, based on gadolinium contrast agents (CA) has become
a vital part of the clinical routine [45] aiming for the early detection and diagnosis of
cancer and the precise monitoring of disease progression and therapy response. This
is mainly due to the functional nature of DCE-MRI which offers the possibility to com-
pute candidate quantitative imaging biomarkers (IBs) for characterizing tumor image
regions. The value of IBs as a clinical assessment and decision support tool through-
out the cancer continuum has been recently confirmed by leading organizations such
as the FDA-National Institute of Health (NIH), European for Research and Treatment
of Cancer (EORTC) (through the QuIC-ConCePT consortium), the Quantitative Imaging
Network (QIN), the Quantitative Imaging Biomarkers Alliance (QIBA), Cancer Research
(UK) [45].
Imaging biomarkers present a cost-effective and noninvasive tool for screening, di-

agnosing, staging and monitoring cancer patients as well novel drug safety and efficacy
evaluation by offering quantitative measures of pathophysiology tissue changes such as
vascularity and cellularity. In particular, according to [45] changes in Ktrans (∆Ktrans),
is a DCE-MRI marker that has already crossed the first translational gap into therapeutic
trials. Also, hypothesis-driven medical research has been used in more than 100 early
phase clinical trials and academic studies with exiting results in e.g. antiangiogenic drug
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selection/dose or assessing response to drugs that target the tumor vasculature. Ktrans
calculation is based on a number of subjective computational steps requiring user in-
teraction which affects the final outcome. As a result, absolute Ktrans values have been
reported to vary as much as an order of magnitude across centers [15]. This clearly
indicates that although imaging biomarkers are considered as valuable descriptors of
cancer tissue structure and function, there is still a lot of necessary research and stan-
dardization work towards their clinical translation and use as routine clinical decision
tools. In this context, we investigate the correlation of a Semi-Quantitative Perfusion
MRI imaging biomarker known as Wash in (WIN), with Ktrans in patients with dif-
ferent cancer types (breast, head and neck and soft tissue sarcoma) with the goal to
provide a simpler, reproducible and objective alternative to Ktrans parameter.
DCE imaging approaches can be divided into two broad categories, quantitative and

semi-quantitative, both of which estimate metrics indicative of tissue perfusion. Semi-
quantitative methods are MR scanner dependent and exploit only the signal intensity
curves for each voxel over time. These methods produce parameters such as, WIN,
wash out (WOUT), area under the curve (AUC), and time to peak (TTPK). Quantitative
methods, require the calculation of tissue T1 constant before the injection of the CA,
usually by the variable flip angle method (T1 mapping) [7]. These values are used for
the conversion of the MR signal over time to concentration of the CA over time C(t).
A significant number of pharmacokinetic approaches in the literature propose mathe-
matical frameworks of perfusion in which models are fitted to the C(t) curve. The most
widely used models for tissue perfusion are: the Tofts (TM) [33], the Extended Tofts
(ETM) [28] and the Patlak (PM) [29] models. The aforementioned models have in com-
mon the Ktrans (min−1) parameter also known as transfer constant, which characterizes
the transport of the CA across the capillary endothelium.
The Ktrans quantitative parameter is a well-known imaging biomarker and has been

widely used as a predictive metric of tumor response to concurrent chemo-radiotherapy
in patients with stage III of non-small cell lung cancers [46]. On the other hand, a recent
study found that the most accurate semiquantitative parameter that can differentiate
cancer from benign hyperplasia and healthy tissue is the WIN parameter [47]. In
clinical practice both quantitative and semi-quantitative parameters are used to quantify
tissue perfusion [48]. However, as mentioned previously, significant variability in Ktrans
has been reported across different imaging centers hampering its standardization as a
tissue perfusion biomarker [15].
The main reason is that Ktrans is computed via pharmacokinetic modelling which

employs a number of computationally challenging tasks, some of which are also subjec-
tive (e.g. arterial input function (AIF) calculation from DCE-MRI and pharmacokinetic
model selection). WIN, on the other hand is not based on physiology modelling and
has attracted interest in the field of quantitative imaging as a more intuitive and simpler
to compute marker. In particular, there is extensive use of WIN for the localization
and staging of many cancer types. A. Jackson et al report a list of 23 publications
concerning the use of semi quantitative parameters [49]. Both WIN and Ktrans are
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considered as good candidate biomarkers for tissue perfusion evaluation and are widely
used depending on the available software tools and/or past experience of each clinical
imaging center. The research goal of the present study is to investigate whether WIN,
based on a fully reproducible workflow without any subjective steps, can convey similar
diagnostic information to Ktrans. Our hypothesis is that although based on different
workflows (quantitative vs semi quantitative), both biomarkers aim to characterise the
transfer rate of contrast agent to the tissue.
A complete description for both methods can be found in the next section. Quan-

titative and semi-quantitative method description elucidate the simplicity and efficacy
of the latter for the study of tissue perfusion. In particular, we examine the Pearson’s
correlation coefficient between Ktrans and WIN on three groups of cancer patients.

3.2 Materials and Methods

3.2.1 Study Population

Study population consists of three groups with aggressive neoplasms. More specifically,
the first group (Group A) consists of 15 patients with histopathologically proven soft
tissue sarcoma. The second group (Group B) concerns 13 patients with head and neck
squamous cell carcinoma before any kind of treatment or therapy publicly available
from [50]. The third group (Group C) consists of 30 patients with breast cancer of the
public available QIN Breast cancer data set [51–53] before any treatment.

3.2.2 MRI Protocol

Patients of the Group A, underwent MR examination on a 1.5T clinical MR Scanner
(Vision/Sonata Siemens, Erlangen, Germany) at the local University Hospital. All pa-
tients signed an informed consent for data use for medical and anonymized research
purposes. Also, prior to data collection, the local University Hospital approved the MR
acquisition protocol with the use of CA as it is considered necessary for diagnostic pur-
poses primarily. DCE imaging of each anatomical region was performed by a 3D VIBE
(volume interpolated breath hold examination) sequence with variable flip angles FA
= [5o, 10o, 15o, 20o, 25o, 30o]. An intravenous continual injection of paramagnetic CA (0.1
mmol/kg) (Magnevist, Bayer Healthcare Pharmaceuticals) was administered for approx-
imately one minute. The CA was injected after the third dynamic frame in order to
establish signal baseline. The DCE VIBE perfusion sequence was continuously repeated
for 5 minutes (6.45 secs temporal resolution) after the intravenous injection of the CA
with the following imaging parameters: FA = 15o, TE = 3.27 ms, TR = 7.09 ms, matrix
size=384×384, FOV = 20 cm and slice thickness = 5 mm.
Data for Group B were acquired at 3T scanner with 6 flip angles FA = [2o, 5o, 10o, 15o,

20o, 25o] for T1 mapping and 56 dynamic scans of 5.5 s temporal resolution and 256×256
matrix size. Data for Group C were acquired at 3T scanner with 10 different flip angles
(2-20) with 2o increment while dynamic acquisition comprised 25 time points of 16 s
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temporal resolution and matrix size 192×192. Further information about the imaging
protocol of Group B and C can be found in [50] and [51], respectively.

3.2.3 DCE MRI Analysis Workflow

3.2.3.1 Quantitative DCE Analysis

The perfusion models used in this study are the standard Tofts model the extended
Tofts model and the Patlak’s model. The reader is referred to Appendix B.1 for further
information about DCE quantification. It is notworthy to mention that for the quanti-
tative analysis of Group C, Weinmann’s [54] theoretical AIF was chosen because of the
lack of a visible artery in the field of view. For groups A and B, AIF region of interest
(ROI) was delineated by an expert radiologist. After the conversion of the MR signal
to CA concentrations, AIF curve was calculated as the mean ROI value for every time
point.

3.2.3.2 Semi‐Quantitative DCE Analysis

The semi-quantitative DCE analysis is described in Appendix B.2.

3.2.4 Statistical Analysis

In order to evaluate the fitting performance for both quantitative and semi-quantitative
analysis and determine the goodness of fit for each voxel, we calculated the adjusted
R squared (R̄2) which ranges from 0 to 1. R̄2 is a generalized metric and takes into
account the R squared (R2), the number of the explanatory variables (p) and the number
of data time points (N). Thus, R̄2 it is a robust metric. Further information about the
R̄2, the reader is referred to appendix D.

3.2.5 Correlation Analysis

As mentioned in the introduction, for both study groups the Pearson correlation co-
efficient (r) (scipy.stats.pearsonr) was calculated between the WIN and the Ktrans
values from all the aforementioned quantitative models. For every patient, 3D tumor
ROIs were delineated for all slices where tumor was present. Firstly, Pearson’s r was
calculated for the whole 3D ROI. In order the correlation analysis to be more clinically
relevant, a second calculation of r was also added in our analysis. The second corre-
lation experiment focused on specific voxels in which r was calculated again for all the
voxels of each quantitative model with goodness of fit higher than 0.5 (R̄2 > 0.5).

3.2.6 Ktrans Reproducibility

As mentioned in the introduction the source of variability lies in the choice of kinetic
model as well as in the way the AIF is determined [15]. Indicatively, Fig. 3.1 shows
ETM’s Ktrans variability related to AIF selection for a patient with soft tissue sarcoma
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in the cervical region. Similarly Fig.3.2 depicts Ktrans histograms from a lower ex-
tremity sarcoma patient calculated with the three afformentioned models to show the
dependance on model selection.

Figure 3.1: An example of Ktrans variability calculated with two different AIFs (a) manually selected
AIF, (b) population based AIF (Weinmann’s AIF). Ktrans values are in the range of [0, 0.9]
and [0, 0.25] for (a) and (b) respectively while their profile is preserved.

To ensure that Ktrans calculation in our study is reproducible an expert radiologist
annotated AIF twice for patient groups A and B producing two sets/vectors of Ktrans
values. Assuming, x and y to be the vectors/ROIS containing the Ktrans values of the
different AIFs, we calculated the max norm of their difference ∥x− y∥∞ = max

i
|xi − yi|

to examine the possible deviation. Here, i represents the current Ktrans value inside
the ROI.
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Figure 3.2: Histograms of Ktrans values for a soft tissue sarcoma in the lower extremity region calculated
with different models. (a) ETM (b) TM (c) PM. The Patlak model Ktrans values differ in
an order of magnitude from ETM and TM Ktrans values. Notwithstanding the differences
in Ktrans values, the histogram profile is preserved.

3.3 Results

3.3.1 DCE MRI fitting performance

Table 3.1: Goodness Of Fit Metric For All Study Groups

Model R̄2 ± (std)
Group A

R̄2 ± (std)
Group B

R̄2 ± (std)
Group C

EMG 0.861 ± 0.223 0.766 ± 0.174 0.745 ± 0.208
ETM 0.864 ± 0.197 0.596 ± 0.208 0.716 ± 0.215
TM 0.852 ± 0.204 0.593 ± 0.206 0.706 ± 0.206
PM 0.689 ± 0.273 0.287 ± 0.300 0.496 ± 0.308

After calculating the good-
ness of fit R̄ for all three
models, the most accurate
were the ETM and EMG
while PM had the lowest R̄2

values in all study groups, as
shown in 3.1. This is an ex-
pected outcome considering
the complex vascular orga-
nization and the aggressive-
ness of the tumor, since PM
does not take into account the transfer of CA from the EES back to blood plasma.

3.3.2 Ktrans Reproducibility Test

Following the above mentioned methodology, the max norm of the differences of the
two produced Ktrans vectors ranged between [1.82, 5.22]× 10−4 with (mean ± standard
deviation) (3.52 ± 1.7) × 10−4 , demonstrating that Ktrans methodology of this study
is highly reproducible. Thus, this Ktrans calculation permitted us to proceed with the
correlation study since we confirmed minimal variations in Ktrans.
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3.3.3 Quantitative and semi‐quantitative parameters correlation

Table 3.2: Pearson’s Correlation Coefficient of WIN and Ktrans for Group
A

WIN/Ktrans Pearson’s r
(whole roi)

Pearson’s r
(R̄2 > 0.5)

WIN/ETM 0.562 0.664
WIN/TM 0.569 0.689
WIN/PM 0.281 0.392

Pearson’s correlation co-
efficient r between WIN
and Ktrans for all study
Groups A,B and C is
presented in tables 3.2,
3.3 and 3.4 respec-
tively. Each table con-
tains not only the whole
roi approach but also
the clinically significant
approach at the regions with (R̄2 > 0.5).

Figure 3.3: Parametric maps of Ktrans (ETM,TM,PM models) and WIN for lower limb sarcoma. There
is a clear similarity between WIN and ETM/TM Ktrans

Our results, and particularly for the patients with sarcoma (Group A) and patients
with Breast cancer (Group C), clearly indicate strong correlation (r > 0.5) between WIN
and Ktrans with Toft’s and extended Toft’s models both with and without R̄2 threshold,
as shown in tables 3.2 and 3.4 respectively. Group B with head and neck cancer patients,
showed no significant correlation without thresholding between the quantitative and
semi-quantitative parameters. However when setting R̄2 > 0.5 the correlation coefficient
between WIN and Toft’s Ktrans was greater than 0.5. At this point it is noteworthy to
mention that all p values of the correlation analysis were close to zero with p ≪ 0.05.
For the sake of completeness, in table 3.5 the amount of the remaining voxels after the
R̄2 thresholding for each model per study group is presented, showing no significant
amount of voxel loss.
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Visualisation of the extracted imaging biomarkers in Fig. 3.3 also highlights the
strong linear relationship between WIN and Ktrans parametric maps for a sarcoma
patient in the left calf. For these parametric maps a quantile-quantile plot (q-q plot) of
WIN vs Ktrans is also shown in Fig. 3.4. A q-q plot is used for checking if two samples
have the same distribution. Similarly, WIN and Ktrans parametric maps and q-q plots
for a patient with squamous cell carcinoma in the tonsil are presented in Fig. 3.5 and
3.6 respectively. In addition, in Fig. 3.7 and 3.8 there is a visual representation of the
results from a breast cancer patients.

Figure 3.4: q-q plots for a sarcoma patient. Upper left: WIN vs. (ETM) Ktrans, Pearson’s correlation
r = 0.971. Upper right: WIN vs. (TM) Ktrans, r = 0.968. Lower image: WIN vs. (PM)
Ktrans, r = 0.623. Upper images show the linear relationship (r> 0.5) between WIN and
the quantitative model based Ktrans as opposed to the lower figure.
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Figure 3.5: Parametric maps of Ktrans (ETM,TM,PM models) and WIN for head and neck cancer. There
is no apparent similarity between WIN and TM Ktrans without R̄2 thresolding.

3.4 Discussion

The scope of this study was to investigate the correlation between two widely used
DCE candidate imaging biomarkers for cancer staging and treatment response. WIN
and Ktrans parameters represent quantitative, model-based and semi-quantitative ap-
proaches respectively. In general, no ground truth for tissue perfusion can be nu-
merically established in order to test and compare quantitative and semi-quantitative
methods. In this chapter we argue that the WIN biomarker based on a semi-quantitative
approach, is a simpler and reproducible alternative to Ktrans mainly due to the lack of
subjective steps. Therefore, the main goal is to demonstrate that WIN can provide sim-
ilar perfusion information to Ktrans which involves subjective steps such as the choice
of AIF and pharmacokinetic model.
The results of our analysis revealed a linear relationship between WIN and Ktrans

parametric maps in all three patient groups when a goodness of fit quality criterion
was applied (high R̄2). In the cases of soft tissue sarcoma and breast cancer, WIN and
Ktrans were correlated regardless the R̄2 criterion while the linear behavior between WIN
and Ktrans was confirmed in the head and neck cancer group only when applying R̄2

thresholding. Overall, it is important to mention that the WIN values of the voxels with
R̄2 greater than 0.5 for all study groups were well correlated with the corresponding
Ktrans values. This finding clearly shows that when using data that have not been
compromised by noise or motion and therefore maintain their diagnostic value, there
is a clear and overall correlation between quantitative and semi-quantitative candidate
biomarkers.
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Table 3.3: Pearson’s Correlation Coefficient of WIN
and Ktrans values for Group B

WIN/KtransPearson’s
r (whole
roi)

Pearson’s
r

(R̄2 > 0.5)

WIN/ETM 0.306 0.440
WIN/TM 0.329 0.543
WIN/PM 0.063 0.213

The fact that patient group B per-
formed worse than the other groups can
be attributed to a) differences in inher-
ent perfusion heterogeneity because can-
cer types are different and b) differences in
imaging protocols between patient groups
may have different effects in Ktrans com-
putation. This result also justifies our
experimental design involving 3 different
cancer types and demonstrates that imag-
ing biomarkers can vary across different
cancer types, an expected but somehow understudied reality. Concluding, although our
hypothesis (linear behavior between WIN and Ktrans) needs to be more extensively
tested across more patients and cancer types involving different imaging protocols, our
results are very encouraging and can inspire further research in the field.

Figure 3.6: q-q plots for a head and neck cancer patient. Upper left: WIN vs. (ETM) Ktrans, Pearson’s
correlation r 0.646. Upper right: WIN vs. (TM) Ktrans, r = 0.675. Lower image: WIN vs.
(PM) Ktrans, r = 0.379. Upper images show the linear relationship (r>0.5) between WIN
and the quantitative model based Ktrans as opposed to the lower figure.
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Based on these results it is important to elaborate on the possible benefits of in-
troducing semi-quantitative DCE in the clinical setting, over quantitative Ktrans. To
compute the latter, the first step of T1 mapping can either be performed or omitted in
which case a constant T1 value for all tissues can be assumed [55]. Both methods may
be susceptible to fitting or estimation errors that propagate through the next steps of the
process and this is the reason why the introduced goodness of fit criterion is important
in any cancer quantification application. In addition, a point of increased difficulty in
Ktrans computation is the correct AIF estimation for a number of reasons such as, large
vessels being outside the field of view, influence from inflow or partial volume effects
and dependence on blood flow profile and imaging plane [56]. To mitigate miscalcula-
tion, a public AIF is often used but this is still a compromised solution since parameters
are chosen regardless of patient’s age, heart rate and tumor position.All the above may
explain the large variability regarding reported Ktrans values across sites and clinical
applications.
The use of semi-quantitative methods is a single step, objective process with fewer

assumptions and good data quality (high R̄2). Our findings demonstrated that WIN can
provide very similar information with Ktrans parametric maps in all patient cohorts of
this study. Moreover, it is a simpler approach without requiring a model selection
and therefore no assumptions are made regarding the number of compartments of the
quantitative model used or blood transfer. The large number of quantitative models that
have been proposed for DCE imaging [30] have a different degree of fitting success even
within the same tumor ROI. In addition, although Ktrans histogram profile is usually
similar among the three DCE quantitative models, there is significant difference in the
range of Ktrans values (Fig.3.2) depending on model selection. Furthermore, by fitting
the EMG function to the DCE curve diminishes miscalculation of WIN stemming from
possible spikes in the signal curve caused by patient movement during acquisition. For
all the above reasons WIN is easier to compute, less prone to errors and more robust
for generalizing the role of DCE MRI quantitative biomarkers across sites and cancer
types.
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Figure 3.7: Parametric maps of Ktrans and WIN for breast cancer. Similar results to Fig. 3.3
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Figure 3.8: q-q plots for a breast cancer patient. Upper left: WIN vs. (ETM) Ktrans, Pearson’s correla-
tion r = 0.875. Upper right: WIN vs. (TM) Ktrans, r = 0.875. Lower image: WIN vs. (PM)
Ktrans, r = 0.432. Upper images show the linear relationship (r>0.5) between WIN and the
quantitative model based Ktrans as opposed to the lower figure.

Table 3.4: Pearson’s Correlation Coefficient of WIN
and Ktrans values for Group C

WIN/Ktrans Pearson’s r
(whole roi)

Pearson’s r
(R̄2 > 0.5)

WIN/ETM 0.568 0.610
WIN/TM 0.559 0.618
WIN/PM 0.191 0.294

It is worth mentioning that semi-
quantitative analysis with the EMG func-
tion involved the use of arbitrary units
for MR signal intensity as exported from
different MR vendors. However, this is-
sue can be easily addressed with signal
intensity normalisation by dividing the
WIN parameters with the maximum WIN
value. This simple operation can add
value in multi-centric cancer studies in-
volving data from different scanners or even between data from different modalities
such as (MR-CT perfusion) which might be useful for patient monitoring in successive
imaging sessions involving multimodal protocols.
To the best of our knowledge there are very few studies correlating quantitative and

semi-quantitative DCE parameters. Recently, R. A. P. Dijkhoff et all [57] used Spearman’s
rank correlation of a tumor mean ROI value to show the strong correlation between mean
Ktrans and mean Maximum Enhancement in rectal cancer. In more detail, a Spearman
correlation equal to one, means that the metrics being compared are monotonically
related. The current study is the first (to the best of our knowledge) voxel by voxel
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comparison between quantitative and semi-quantitative DCE parameters (WIN, Ktrans).
Our results revealed a linear relationship between Ktrans and WIN which outweighs
any ROI based analysis because of the large number of samples-voxels and the fact that
the heterogeneity of tumors renders voxel-by-voxel quantitative approaches necessary.

3.5 Conclusion

Table 3.5: Percentages of the remaining voxels per
quantitative model for each group aftrer
R̄2 thresholding

Study
Groups

ETM TM PM

Group A 93.39 % 92.85 % 80.42 %
Group B 71.34 % 68.11 % 27.91 %
Group C 84.66 % 80.87 % 53.19 %

Compartmental and semi-quantitative meth-
ods approach tissue perfusion from a dif-
ferent point of view. The first try to
describe physiology and use appropriate
simplifications to derive a mathematical
model. On the contrary, semi-quantitative
methods do not attempt to model the
underlying physiology; rather, they are
data driven and most importantly they do
not include subjective computational steps
such as model selection and the computa-

tion of the AIF (which is one source of variability across clinical sites). This work did
not attempt a comparison between the two markers; rather the aim was to demonstrate
the similarity between results from both methods. Interestingly, there was a linear re-
lationship between WIN and Ktrans which is a result of potentially significant clinical
impact. This correlation shows that the two biomarkers convey similar information and
WIN can be used as an alternative marker to Ktrans. These results call for more re-
search in this field as well as for protocol standardization which is currently hampered
by biomarker variability across imaging centers.
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Chapter 4

CT Radiation Dose Reduction

This chapters investigates the possibility to introduce lower dose protocols by decreasing
the image data sampling rate and the tube current during brain CT perfusion studies
on stroke patients without affecting the diagnostic efficiency of the produced perfusion
parametric maps.

4.1 Background

CT perfusion (CTP) is a quantitative and reliable imaging technique for detecting is-
chemic brain regions. Following the dynamic CTP scan acquisition, perfusion parametric
maps are produced for measuring cerebral blood flow and volume, which is important
for the diagnosis of stroke, vessel disease and brain tumors. Furthermore, CTP study
is critical in determining the extent of irreversibly infarcted brain tissue and the severe
ischemia which can be salvaged [58] with equivalent efficiency to the widespread MRI
methods determining the area of perfusion - diffusion mismatch [59].
It has been shown that patient exposure from common CT examinations is associated

with a potential risk of radiation-induced cancer [16]. Moreover, due to the nature of
CTP acquisition that involves multiple scans of the same body region, reduction of
associated patient exposure is of paramount importance. It has been reported that
patients who got overexposed during the CTP study lost their memory and patches of
hair [17, 18]. Henceforth, the need to keep CTP exposure to minimum is increasingly
being accentuated at many imaging centers, especially for patients whose condition needs
frequent follow up examination such as tumors, neurological disorders etc.
A recent study on patients with aneurysmal subarachnoid hemorrhage showed that

the diagnostic accuracy may remain unaffected even in the case of 40% reduction in
the tube current time prescribed in the standard acquisition protocol [60]. Moreover,
the potential of artificial intelligence (AI) techniques to reduce patient exposure from
CT examinations has been recently studied [61–63]. In these studies, image data cor-
responding to lower dose CT acquisitions are derived from the full-dose CT images
by adding noise. These works conclude that low dose CT examinations supported by
AI techniques can be applied in clinical practice since the diagnostic value of the ex-
amination is preserved. Based on the ALARA principle, any CTP acquisition protocol
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modification towards decreasing patient exposure that maintains the diagnostic value of
the CTP study is desirable.
The aim of this study is to investigate the diagnostic value of computed parametric

perfusion maps derived by cerebral CTP studies involving lower exposure settings and
reduced image sampling rate with respect to standardized CTP acquisition protocols

4.2 Methods

4.2.1 Data description

The data used in this study were based on the 2018 - Ischemic Stroke Lesion Segmen-
tation (ISLES) challenge dataset (www.isles-challenge.org) [64–66]. The cohort consists
of 103 acute stroke patients who presented within 8 hours of stroke onset. All patients
had been subjected to diffusion MRI within an interval of 3 hours after CTP examina-
tion. The image data of each patient was provided with the corresponding quantitative
perfusion maps of cerebral blood flow (CBF), cerebral blood volume (CBV), mean tran-
sit time (MTT) and time to maximum enhancement,(TMAX) with matrix size of 256
× 256. Image data have been subjected to motion correction. The cohort studied was
stratified in four groups according to the specific acquisition protocol and scanner vendor
as shown in Table 4.1.

Table 4.1: Patient groups and imaging parameters per CT scanner.

Group A Group B Group C Group D

Scanner Model General Electric:
LightSpeed VCT

General Electric:
LightSpeed VCT

Philips: Mx
8000 IDT16

Philips: Mx
8000 IDT16

Scan length (cm) 2 - 8 2 - 8 2.4 - 4.8 2.4 - 4.8

Tube voltage (KVp) 80 80 90 120

Tube current (mA) 100 180 170 227

Rotation time (s) 1 1 0.88 0.88

Tube load (mAs) 100 180 150 200

Temporal sampling
interval (s)

1 1 1 1

Dynamic Scans 49 44 46 43

Number of patients 7 9 42 7

4.2.2 Generation of patient image data corresponding to lower exposure CTP ac‐
quisition protocols

The CTP image data for each patient as derived from the ISLES database was used to
produce eight corresponding image data. The latter image data were produced assuming
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10%, 20%, 30% and 40% reduced mAs in combination to doubling and tripling the
temporal sampling interval.
The methodology for producing images corresponding to reduced mAs acquisitions

was based on the following equation:

SD ∼ 1√
mAs

(4.1)

Equation 4.1 states that the SD (standard deviation or noise) of a homogenous medi-
um/region in a CT image is inversely proportional to the square root of the corresponding
tube current time product of the image [67].
Assuming a patient undergoes CT perfusion examination with exposure settings E1

involving a specific tube current product (E1mAs), the noise in a region of interest
(ROI) in these settings will be SD(E1). Let us hypothesize that we want to lower the
dose settings to (E2mAs)by adding statistical noise SD(E3) to the image obtained with
the (E1mAs) settings.
By taking the noise ratio of the two exposures E2 and E1 we obtain:

SD(E2)⁄SD(E1) ≈
√

E1⁄
√

(E2) (4.2)

from which SD(E2) was computed. Since the statistical distributions are independent;
[68] the statistical noise SD(E3) to be added was found by:

SD(E2)
2 = SD(E1)

2 + SD(E3)
2. (4.3)

Since the image noise from a CT scanner has been proven to be Gaussian and not
Poisson [69, 70] we used Gaussian Noise centered at 0 (µ = 0) for our experiments and
standard deviation SD(E3) .
More specifically, the SD(E1) for each patient’s image data was calculated by an expert

radiologist. A ROI was set on a homogenous region, either on white or gray matter
avoiding the stroke/ischemic site. Image data corresponding to reduced mAs exposure
were derived. Four % mAs reduction levels were considered (i.e. 10%, 20%, 30% and
40%). Additionally, two reduced image sampling rates (i.e. 50% and 67% reduction)
were considered by excluding from the dynamic acquisition 1 every 2 and 2 every 3 time
points, respectively. Thus, for each patient image dataset, eight corresponding image
datasets were derived for acquisition exposures involving lower mAs and sampling rate.

4.2.3 Quantification of cerebral perfusion

The reader is referred to C for all the available information for the quantitative analysis
of cerebral CTP. Additionally, in order to test our results with respect to commercially
available software a comparison of the calculated parametric maps is presented in figure
4.1.
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Figure 4.1: Perfusion maps calculated by the described in the quantification of cerebral perfusion section
and the corresponding commercial software.
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4.2.4 Comparison of perfusion parametric maps

The perfusion maps (CBV, CBF, MTT, MSI, TMAX) of each patient produced from the
standard CTP acquisition protocol (i.e. one of the protocols presented inTable 4.1) were
considered as the gold standard (GSmaps). The perfusion maps produced using the
eight corresponding lower exposure image datasets were compared to GSmaps using the
Pearson’s r correlation coefficient and receiver operating characteristics (ROC) analysis.
The workflow used is illustrated in Fig 4.2. The Pearson’s correlation coefficient (r)
and the corresponding p-value was calculated through voxel by voxel analysis of all the
images (whole cerebral volume imaged).
To apply ROC analysis, an expert radiologist firstly annotated the stroke region on

the CT images as illustrated in Fig 4.3(A). A region on the normal parenchyma was
delineated at the contralateral hemisphere, as shown in Fig 4.3(B). These ROIs were
transposed to all perfusion parametric maps. The same ROIs were considered for the
corresponding parametric maps derived from lower exposure CTP acquisition protocols.
Initially, a stratified 5-fold cross validation technique was applied to the dataset for each
of the four study groups (A, B, C, D) in order to prevent sample selection bias. From
the Scikit-learn python library [71], logistic regression was used for the discrimination
between the 2 classes of stroke region and parenchyma. The area under the curve
(AUC) score was preferred over accuracy, because AUC is considered to be an indicator
of separability between the two examined classes (pathology/parenchyma) and thus is
a better indicator of the model performance in general.

Figure 4.2: Lower exposure workflow.
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Figure 4.3: On the left, ROI delineation for stroke/ ischemic region (A) and for parenchyma (B) is
illustrated. On the right, the corresponding CBV map superimposed on the anatomy image
with 50% opacity is depicted.

4.3 Results

4.3.1 Pearson Analysis

The Pearson analysis results are summarized in figures fig.4.4 and fig.4.5. The mean
Pearson’s correlation coefficient r is presented for each of the four subgroups of the
studied cohort. The r is plotted as a function of the % mAs reduction for every map
produced from CTP acquisitions involving temporal resolution reduced by 50% (Fig.
4.4) and 67% (Fig. 4.5). The p-values for all calculated r values was found to be <
10-3 because of the great size of the voxels involved in the estimation of r.
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Figure 4.4: Pearson’s correlation coefficient between GSmaps and the maps corresponding to lower mAs
settings in combination with 1/2 temporal sampling for all study groups A-D.

Figure 4.5: Pearson’s correlation coefficient between GSmaps and the maps corresponding to lower mAs
settings in combination to 1/3 temporal sampling for all study groups A-D.
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4.3.2 ROC Analysis

The ROC analysis results are summarized in Table 4.2, figure 4.6 and figure 4.7. Esti-
mated values of the AUC for each parametric map produced using the standard acqui-
sition protocol are presented in Table 4.2. In figures 4.6 and 4.7, the AUC is presented
as a function of the % mAs reduction for every map produced from CTP acquisitions
involving temporal resolution reduced by 50% and 67%, respectively.

Figure 4.6: AUC of perfusion parametric maps produced by CTP acquisition protocols involving lower
mAs settings and 1/2 temporal sampling compared to the standard acquisition protocol.
AUC is plotted against % mAs reduction.
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Figure 4.7: AUC of perfusion parametric maps produced by CTP acquisition protocols involving lower
mAs settings and 1/3 temporal sampling compared to the standard acquisition protocol. AUC
is plotted against % mAs reduction.

4.4 Discussion

Stroke imaging data from two different vendors with 4 different CTP acquisition pro-
tocols were studied. The diagnostic accuracy of the produced perfusion maps was
evaluated for the standard and lower exposure acquisition protocols involving reduced
mAs settings and reduced sampling rate (fig. 4.8). The produced parametric maps
were compared in terms of statistical correlation and classification performance metrics.
The ultimate goal was to propose a lower dose protocol that can be used for perfusion
quantification with uncompromised diagnostic efficiency, complying with the ALARA
principle.
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Figure 4.8: CBF, MSI and TMAX parametric maps for different mAs settings (i.e. noise)

In order to compute the parametric maps from the standard CTP acquisition protocols
and the eight corresponding image datasets from lower exposure acquisition protocols,
an in-house software was developed. An advantage of the software used, is its ability to
fit the perfusion time curves into the model Εq. C.1 instead of using other approaches
as the maximum slope method, inverse Fourier transform, or non-deconvolution tech-
niques as they are highly affected by noise [58, 72]. The fitting process ensures robust-
ness of the quantitative results compared to the aforementioned methods as it deploys
all the available dynamic scans and also has low sensitivity to noise as opposed to the
maximum slope method and Fourier inversion.
Furthermore, using different commercial CT perfusion algorithms has been reported

to be a source of variability in the extracted parametric maps [73–75]. Therefore, in
order to produce comparable parametric maps, we processed all 9 imaging datasets (i.e.
1 dataset derived by the standard acquisition protocol and 8 datasets corresponding to
lower mAs settings in combination to reduced sampling rate) with the in-house software.
As extracted from the Pearson’s correlation coefficient analysis, the MSI and the CBV

parametric maps were found to be almost unaffected by the presence of additional noise
with an r > 0.80 for all groups when the sampling interval is doubled (Fig. 4.4). The
same result was also observed in the case of reducing image sampling rate to 1/3 of
the initial protocol in Table 1. (Fig. 4.5). The CBF map in both figures had the third
highest Pearson’s r of approximately 0.70.
In the case of 50% image sampling rate reduction, CBF and CBV were shown to be

the most suitable metrics for distinguishing between classes, with an AUC score over
0.80 (Fig. 4.6) for all imaging groups. Apart from group A, which had the lowest
exposure setting among all other groups (Exposure = 100 mAs), CBV and CBF were
again indicated as the best classifiers, with AUC score of over 0.80 when reducing image
sampling rate to 1/3 Fig. 4.7.
Both Pearson’s and ROC analyses indicated that MTT had the poorest performance,

since MTT’s r lies in the range of 0.40 to 0.60 and AUC in the range of 0.50 to 0.70 (Fig.
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4.6 and Fig. 4.7). In addition, the AUC score of MTT was very low, compared to the
other perfusion parameters, even for the standardized (full dose) acquisition protocol
as shown in Table 4.2.

Table 4.2: ROC Analysis for the Gold Standard
maps per group

Patient
group

parametric
Map

AUC

CBV 0.868
CBF 0.960

A MTT 0.552
MSI 0.776
TMAX 0.789

CBV 0.941
CBF 0.893

B MTT 0.585
MSI 0.917
TMAX 1.0

CBV 0.931
CBF 0.957

C MTT 0.514
MSI 0.855
TMAX 0.947

CBV 0.923
CBF 0.945

D MTT 0.646
MSI 0.641
TMAX 0.798

Similar works in the literature have
shown that after increasing the time in-
terval between successive dynamic scans
to over 3 seconds, miscalculations of MTT
were observed [76,77]. Taking this into ac-
count, in combination to the results from
Table 4.2 we deduce that MTT is more er-
ror prone and this is the reason why MTT
map (black line plot in figures 4.6 and 4.7)
had the lowest diagnostic performance.
This argument is supported by the re-

sults for group A (the lowest exposure
CTP acquisition protocol). The lowest
possible exposure from cerebral CT per-
fusion acquisition may be achieved by re-
ducing the image sampling rate to half
and not by reducing mAs setting. In other
words, the limit of 80 mAs should not
be surpassed if an AUC score higher than
0.80 is to be maintained (Fig 6). This
finding is in agreement with the work
published by Othman’s et al. [78] who
claimed that tube current reduction down
to 72 mAs does not affect diagnostic accu-
racy of CT perfusion maps. Since groups
B, C and D had larger tube current time
products (180 mAs,170 mAs,227 mAs re-
spectively) than group A (100 mAs) their
diagnostic value is still adequate despite the presence of the additional noise and the
temporal subsampling (higher AUC values in Fig. 4.6 and Fig. 4.7).
The primary limitation to the generalization of these results is the low number of

patients in A, B and D groups (N = 7,9) since a larger patient cohort could support
our methodology with greater statistical power. Despite the low number of patients in
these groups, the results are consistent with the results concerning group B with the
largest number of patients (N = 42).Since in simulations with 50% dose reduction the
resulting perfusion maps failed to highlight the pathology, especially in Group A, this
fact indicated that we could not go any further.
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4.5 Conclusions

In conclusion, stroke patients could potentially benefit from lower exposure CT perfusion
acquisition protocols since reduction of the sampling rate by 50% in combination to
20% reduction in mAs was found to produce perfusion parametric maps of equivalent
diagnostic performance compared to standardized acquisition protocols for all patient
groups (A-D). The lowest possible dose scheme found, proposes 2s image sampling
interval and 80 mAs tube current time product.
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Chapter 5

Conclusions and future aspects

Blood flow or perfusion is one of the most vital parameters of biological tissues. The
growth and the functionality of many organs are related directly to their blood sup-
ply. Many diseases are associated with the increase or the decrease of the blood flow
compared to the physiological values as well as with the architecture and integrity of
the blood vessel network. In other words, microvascular blood flow is the contrast
mechanism of the dynamic perfusion signal (perfusion curve over time).
Perfusion imaging is often applied for the diagnosis of many diseases of the central

nervous system (CNS) including: ischemic stroke, Alzheimer disease, multiple sclerosis
etc. Furthermore, perfusion imaging plays an important role for the diagnosis, staging,
classification, prognosis and therapy response of cancer patients which is of paramount
importance considering that nowadays cancer rates are increasing globally. However,
recent advances in the hardware led to the study of perfusion of other organ systems
than CNS indicatively, liver, breast, heart and prostate. Therefore, in both clinical practice
and biomedical research the need for development and validation of non invasive tools
for the measurement of blood flow is of utmost importance.
Several imaging modalities are used to study tissue perfusion such as Computed

Tomography, Magnetic Resonance Imaging, Positron Emission Tomography and Ultra-
sound imaging. Despite the widespread use and the significance of the aforementioned
imaging modalities, it has to be noted that such modalities come with advantages and
disadvantages. In more detail, both CT and PET produce high quality and functional
images respectively of the interior of our body but they are characterized by ionizing
radiation, a critical factor for their use especially when these examinations are frequently
required. Contrast enhanced ultrasound imaging is also rapidly evolving imaging tech-
nique involving no ionizing radiation exposure, offering adequate image quality but
having the great disadvantage of single slice imaging meaning no 3D coverage. Finally,
perfusion MRI methods have the added advantage of using non ionizing radiation but
recently it has been proven that the administration of Gadolinium based contrast agents
has important side effects.
In the present thesis the main objective was firstly to develop perfusion quantifica-

tion methods across modalities such as CT, DCE MRI and DW-MRI. Secondly, in order
to address current clinical needs concerning the use of contrast agents, an extensive
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correlative study between markers stemming from DCE MRI and DW-MRI, was con-
ducted. Thirdly, concerning the great variability of the widely used Ktrans parameter,
an alternative imaging marker with no subjective steps and no model assumptions was
proposed. Finally, due to the high, reported in the literature, radiation exposure in CT
brain perfusion examination a novel technique for lower-dose CT perfusion examina-
tions was investigated.
Focusing on the first clinical question, to examine the correlation between the IVIMf

parameter and the perfusion parameters obtained by a variety of perfusion models on
peripheral arterial disease data, initially, no correlation was found. However, after the
application of Gaussian filtering, a positive correlation between the extraction fraction E
(GCTT) and RER with the micro perfusion fraction (IVIM) with both of the DWI fitting
methods was obtained. Thus we concluded that diffusion IVIM analysis could provide
reliable information about tissue micro-perfusion and can be easily incorporated as a
part of a conventional imaging clinical MRI protocol.
Concerning the second question, an objective, semi-quantitative and straightforward

method that produces the whash-in (WIN) parameter was proposed. This method was
tested on three different cancer type data-sets (soft tissue sarcoma, head and neck and
breast cancers). Interestingly, there was a linear relationship between WIN and Ktrans
which is a result of potentially significant clinical impact. This correlation shows that
the two biomarkers convey similar information and WIN can be used as an alternative
marker to Ktrans. These results call for more research in this field as well as for protocol
standardization which is currently hampered by biomarker variability across imaging
centers.
Addressing the last clinical need, stroke imaging data from two different vendors

with 4 different CTP acquisition protocols were studied. The diagnostic accuracy of the
produced perfusion maps was evaluated for the standard and lower exposure acquisition
protocols involving reduced mAs settings and reduced sampling rate. The produced
parametric maps were compared in terms of statistical correlation and classification
performance metrics. The ultimate goal was to propose a lower dose protocol that can be
used for perfusion quantification with uncompromised diagnostic efficiency, complying
with the ALARA principle. To conclude, stroke patients could potentially benefit from
lower exposure CT perfusion acquisition protocols since the reduction of image sampling
rate by 50% in combination to 20% reduction in mAs produce quantitative information
of equivalent diagnostic value as the standard protocols.
It has been therefore made clear that perfusion information is important for a large

number of clinical entities and can be derived from a number of different imaging
modalities. In order for that information to serve as a valuable tool in the clinical practice
for decision making it is important to acquaint the clinical expert with the methodology
of perfusion data post-processing, its optimal use and its limitations. Above all, it is
important from the side of the clinical data expert to ensure that the resulting biomarkers
are robust reproducible and indicative of the clinical feature of interest. To this end, this
work comprises a thorough and informative presentation of a wide range of applications
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of perfusion imaging across modalities and pathologies.

5.1 Future aspects

Future investigations are necessary to validate the conclusions that can be drawn from
this study. More specifically, for the second clinical need covered in chapter 3 a consid-
eration for further work it could be to apply histogram analysis on the derived Ktrans
and WIN parameters in terms of histogram intersection and similarity metrics on per-
fusion MR imaging data of the same pathology from different vendors.
A further application that to be taken into consideration is the possible benefit of

reducing radiation dose in CT perfusion follow up examinations in patients with hep-
atocellular carcinoma. To examine this, further mathematical analysis concerning the
quantification of liver perfusion needs to be done because of the dual blood supply of
the liver (both from aorta and the portal vein).
Lastly, recent studies have shown that the diagnostic performance of contrast en-

hanced ultrasound (CEUS) imaging is equivalent with that of DCE MRI. CEUS imaging
is a rapidly uprising scientific field because of the lack of radiation that may harm
the patient. However, the biomarker extraction from CEUS imaging has never been
thoroughly investigated since the quantitative markers rely on properties of the time in-
tensity curves such as time to peak, peak intensity, sharpness, and area under the curve.
The major disadvantage of these markers is that they are compromised by instrumental
noise since they are obtained directly by the time intensity curves. Thus, the investiga-
tion of a potentially suitable model (quantitative or semi-quantitative) for quantifying
tissue perfusion through CEUS that produces robust and reliable bio-markers can also
be considered.
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Appendix A

Quantification of MR Diffusion

The DWI signal as a function of the b-value of a homogeneous medium, has a dominant
mono-exponential decay curve of the form:

S(b)

S(0)
= e−bADC [79]. (A.1)

Apparent diffusion coefficient (ADC) represents the mean displacement of water molecules
(typically a random walk) inside a voxel [80]. Le Bihan et. al. proposed that micro-
perfusion in the capillary network contributes to the DWI signal decay as a random walk
(pseudo-random) because of the arbitrary organization of the capillary network [9].
Thus, perfusion information can be obtained by the intra-voxel incoherent motion
(IVIM) model as:

S(b)

S(0)
= (1− f)e−bD + fe−bD∗ (A.2)

where, S(b) is the measured signal intensity at the current b-value and S(0) is the
measured signal intensity with b = 0, meaning no diffusion weighting, D is the diffusion
coefficient, D∗ is the pseudo-diffusion coefficient which is considered as an order of
magnitude greater than D and f is the micro-perfusion fraction that reflects the ratio of
water flowing in capillaries to the total water contained in a voxel.
Two fitting methods from the litterature [21] were implemented to extract the IVIM

parameters with the following constraints: f ∈ [0, 1], D ∈ [0, 5]×10−3mm2⁄s and D∗ ∈
[10, 200]×10−3mm2⁄s. These methods will be referred as IVIM method_1 and IVIM
method_2 respectively.
The first method is a direct estimation of the IVIM parameters using the the trust re-

gion reflective algorithm, of the SciPy library (scipy.optimize.least_squares). The second
method is relied on the fact that for b-values greater than 200s/mm2 the micro-perfusion
effect is eliminated and does not contribute to the DW signal decay [81]. Thus, in the
high b-value range (b > 200s/mm2) the signal attenuation is considered to be of the
form of equation A.1 and D is estimated by using a linear fit (scipy.optimize.lsq_linear)
to equation A.1 after taking the logarithm of both sides. Once D is known, parameters
f and D* are estimated from equation A.2 by using the nonlinear fitting algorithm with
the same bound constraints as in the first method for all available b-values.
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Appendix B

Quantification of MR Perfusion

MR perfusion quantification is not a straightforward procedure as many preliminary
steps (AIF, model selection) are required in order the perfusion related maps to be
produced. Depending on the pathology and the physiology many quantitative models
have been proposed such as the Buckley’s, Patlak’s, Tofts, Extended Tofts and the
Gamma Capillary Transit Time models in order to describe the perfusion process. The
term quantitative modeling refers to parameters calculated directly from physiology
based models while, the term semi-quantitative is used for data driven markers. In the
next sections quantitative and semi-quantitative DCE analyses are presented.

B.1 Quantitative DCE Analysis

Since the MR signal is given in arbitrary units, a conversion of the MR signal to concen-
tration (Ct) of CA in the tissue is necessary. Prior to the conversion of the MR signal
to concentration of CA a definition of T1 and T10 is required. Every tissue type is char-
acterized by its T1 value representing the time needed for longitudinal relaxation. The
administration of contrast medium reduces the T1(t) value from its native value T10, due
to the presence of paramagnetic molecules over time. Thus, (B.1) relates T1(t), T10 and
concentration of CA, (Ct) as:

1

T1(t)
=

1

T10

+ r1Ct(t) (B.1)

where, r1 is the longitudinal relaxivity and it depends on the CA used and on the
magnetic field’s strength (approximately 4.5s−1mM−1 for Gd-DTPA Magnevist at 1.5
T). Therefore, the first step of quantitative DCE analysis is to calculate T10 and S0 by
fitting the signal (S) of the multiple flip angles (θ) sequence to the spoiled gradient echo
signal equation [82] which is given below :

S

S0

=
(1− e−TR/T1) sin θ
1− e−TR/T1 cos θ (B.2)

where, TR is the repetition time and S0 is the equilibrium magnetization. This proce-
dure is also known as T1 mapping. The second step is to calculate tissue T1 for every
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time point from (B.1) since S0 after the fitting process and the signal S from the per-
fusion sequence, are known. Thus, the third step is to convert the MR signal to tissue
concentration Ct(t) of CA through (B.1).
Finally, after the selection of the proper model and the AIF, the biomarker extraction

is achieved by fitting the model to the tissue concentrations Ct(t) of CA. After the
conversion of the MR signal to CA concentrations, AIF curve was calculated as the
mean ROI value for every time point. Equations (B.3) to (B.7) below refer to the most
extensively used models for quantification of the DCE data.

[30] Buckley Model: Ct(t) = vpCa(t) (B.3)

[33] Tofts Model: Ct(t) = Ktranse
−Kept ~ Ca(t) (B.4)

[28] Extended Tofts Model: Ct(t) = Ktranse
−Kept ~ Ca(t) + vpCa(t) (B.5)

[29] Patlak Model: Ct(t) = Ktrans

∫ t

0

Ca(τ)dτ + vpCa(t) (B.6)

where, Ca(t) is the concentration of CA in a feeding artery (AIF), vp is the plasma
volume, Kep (min−1) is the transfer constant from the extravascular extracellular space
(EES) to the blood plasma while Ktrans (min−1) is the transfer constant from the blood
plasma into the EES and ~ is the convolution operator.
The Gamma Capillary Transit Time GCTT model was also included since it is a more

recently suggested physiological model unifying well-known models such as the Tofts
Model [33],the Extended Tofts Model [28], the Adiabatic Tissue Homogeneity (ATH)
model [34] and the two compartment exchange (2CX) model [35].

[31] GCTT Model:

Ct(t) = F

[
γ

(
1

a−1
,
t

τ

)
+

Ee−Kept

(1−Kepτ)1/a
−1

[
1− γ

(
1

a−1
,

(
1

τ
−Kep

)
t

)]]
~ Ca(t)

(B.7)

where, F is the blood flow or blood perfusion, a−1 = tc/τ is the width of the distribution
of the capillary transit times inside a voxel, γ(a, z) is the gamma function, E is the
extraction fraction of CA that is extracted into the EES during a single capillary transit.
A paradigm of fitting the aforementioned models to the DCE data is illustrated in figure
2.9

B.2 Semi‐Quantitative DCE Analysis

As an alternative of the quantitative DCE analysis, semi-quantitative methods try to
describe tissue perfusion only by the use of the signal intensity curves over time (SI(t))
without any assumptions regarding the exchange of CA among compartments (intra/ex-
tra vascular spaces) or AIF selection. Considering the presence of noise or motion
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artifacts that contribute as ”spikes” on the perfusion curves and lead to miscalculations,
fitting a function to the signal intensity curves over time is usually used to produce
perfusion related parameters. In this thesis the exponentially modified Gaussian (EMG)
function with four unknown parameters (α, β, γ, δ) used for fitting to the SI(t). As
seen from [83] the EMG’s derivative was used to extract the semi-quantitative perfusion
parameters. The EMG function is of the form:

f(t) =
αγ

√
2π

2δ
e

β − t

δ
+

γ2

2δ2
[
δ

|δ|
− erf

(
β − t√
2γ

+
γ√
2δ

)]
(B.8)

where, erf(t) is the Gaussian error function, erf(t) =
∫ t

−t
e−x2

dx. Due to the unknown
range of values of the parameters (α, β, γ, δ) the fitting procedure was performed in a
free range in the set of the real numbers with the Levenberg-Marquardt algorithm [84]
of the (scipy.optimize.least_squares) routine.

Figure B.1: Schematic representation of semi-quantitative parameters extracted from raw DCE data.
[Lower image] Signal intensity curve over time (dashed line) and its EMG function fit (dotted
line). Vertical lines depict the TMSP (time to maximal slope) and TTPK (time to peak)
as defined above. [Upper image] The first derivative of the fitted EMG function and the
extraction of WIN and WOUT

Having fitted the EMG function to the signal intensity curves, the following pa-
rameters were calculated: WIN, WOUT, TTPK, TMSP and WTSP. WIN and WOUT
parameters were calculated as the maximum and minimum value respectively of the
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first derivative of the EMG function. Their role is to describe the rate of change of the
contrast agent’s inflow and outflow. TTPK is the time required for the EMG’s function
to reach its maximum value while, time to maximal slope (TMSP) is the required time of
the first derivative of (B.8) to reach its maximum value. WTSP is calculated by dividing
the WIN value by the TMSP thus WTSP = WIN/TMSP and represents the rate of change
of WIN values. A graphical overview of the parameters extraction is shown in Fig. B.1.
For the sake of completeness, two more imaging markers such as the Relative En-

hancement Ratio (RER) and the Area Under the Curve (AUC) are appended in this
section since they often come up in the literature especially, when the flip angles se-
quence or a commercial software are unavailable.

RER =
SIpost − SIpre

SIpre
(B.9)

The terms SIpost and SIpost stand for the signal intensities before and after the injec-
tion of the CA respectively.

AUC =

∫ t

0

SI(τ)dτ (B.10)
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Appendix C

Quantification of CT Perfusion

Despite the provided perfusion maps from the 2018 ISLES dataset¹, quantification of
cerebral perfusion was achieved from scratch by an in-house platform written in Python
3.5² based on the indicator-dilution theory and the central volume principle as firstly
described by Meier and Ziegler [85]. The in-house built platform was preferred over
the specific software provided by each vendor for reasons related to the variability of
the calculations of the parametric maps [74, 86]. Below the quantification process and
the extraction of the CT perfusion related parametric maps are briefly described.
Considering a bolus of contrast agent (CA) in an artery at t0 = 0 to a volume of tissue.

The particles of the CA follow individual paths through the volume of interest and thus,
their transit times can be modeled as a probability density function or transport function
h(t). The basic equation used for the description of the concentration of the CA in the
tissue Ct(t) and the extraction of flowFt is given below:

Ct(t) = FtCa(t)~R(t) (C.1)

where, ~ is the convolution operator, Ca(t) is the concentration of CA in an artery or
the arterial input function (AIF) and R(t) is the residue function denoting the amount
of CA that is still in presence in the volume of interest at time t. Mathematically this is
described as,

R(t) = 1−
∫ t

0

h(τ)dτ [87], [88] . (C.2)

To account for dispersion effects [89], the gamma variate function was chosen as the
transport function h(t).

h(t) =


1

A1

(t− t1)
a1e

−(t− t1)

σ1 , (t ≥ t1)

0, (t < t1)

(C.3)

where, A1 = σ
(1+a1)
1 Γ(1 + a1), Γ(a) is the Gamma probability density function, a1, σ1

and t1 are related with the mean transit time and the dispersion of h(t). Thus, the
¹www.isles-challenge.org
²www.python.org
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trust region reflective algorithm, of the SciPy library [90] (scipy.optimize.least_squares)
was used to equation C.1 to obtain the optimal values for the parameters [Ft, t1, σ1, a1].
Finally, CBF, CBV and MTT were calculated as:

CBF = Ft (C.4)

MTT = t1 + σ1(1 + a1) (C.5)

CBV = MTT ∗ Ft (central volume principle) (C.6)

Further information and technical details can be found in [91]. Also, the TMAX
parametric map and the mean slope of increase were included in the study. TMAX
represents the time taken for the perfusion curve to reach its maximum. Assuming
Ct(t) to be the perfusion curve and t0 the last time of the baseline, MSI calculated as
shown in equation C.7:

MSI =
1

N

tN=TMAX∑
t1=t0

Ct(ti+1)− Ct(ti) (C.7)
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Appendix D

Statistical Metrics

To assess the quality of the fits between the data and the previously described pharma-
cokinetic models the Root Mean Squared Error (RMSE) ,the R Squared (R2) and the
Adjusted R squared (R̄2) metrics are often used in the literature. In order to calculate
them, let Gi(x) to be the corresponding to the fitting data ith value of the model function,
and x = {x1, x2,…, xp} to be the vector containing each model’s parameters of size p.
Lastly, let d = {d1, d2,…, dN} to be fitting data of size N.

D.1 Root Mean Squared Error (RMSE)

The root mean squared error (RMSE) is calculated by:

RMSE =

√√√√ N∑
i=1

(Gi(x)− di)2

N
(D.1)

D.2 R Squared (R2)

R2 = 1−
∑N

i=1(Gi(x)− d̄)2∑N
i=1(di − d̄)2

(D.2)

D.3 Adjusted R squared (R̄2)

R̄2 = 1− (1−R2)
N − 1

N − p− 1
(D.3)

D.4 Pearson’s Correlation Coefficient (r)

The Pearson’s Correlation Coefficient between two samples of size N, X = {x1, x2,…, xN}
and Y = {y1, y2,…, yN} with mean X̄ and Ȳ respectively is calculated as:
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rX,Y =

√∑N
i=1(xi − X̄)(yi − Ȳ )√∑N

i=1(xi − X̄)2
√∑N

i=1(yi − Ȳ )2
(D.4)
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A B S T R A C T

Purpose: The purpose of this study was to correlate diffusion and perfusion quantitative and semi-quantitative
MR parameters, on patients with peripheral arterial disease. In addition, we investigated which perfusion model
better describes the behavior of the dynamic contrast-enhanced (DCE) MR data signal on ischemic regions of the
lower limb.
Methods: Linear and nonlinear least squares algorithms, were incorporated for the quantification of the para-
meters through a variety of widely used models, able to extract physiological information from each imaging
technique. All numerical calculations were implemented in Python 3.5 and include the: Intra voxel incoherent
motion for diffusion and Patlak's, Extended Toft's and Gamma Capillary Transit time (GCTT) models for per-
fusion MRI.
Results: Our initial voxel by voxel correlation analysis didn't show any significant correlation based on the
Pearson's Correlation metric between diffusion and perfusion parameters. To account for the inherited noise
from the raw data, a Gaussian filter was applied to the parametric maps in order for the data to be comparable.
By repeating our analysis in the filtered image maps, a good correlation (> 0.5) of diffusion and perfusion
parameters was achieved.
Conclusions: Perfusion and diffusion MRI quantitative and semi-quantitative parameters can be obtained
through a variety of physiological-pharmacokinetic models. This paper compares most of the widely-known
models and parameters in both techniques with data from patients with peripheral arterial disease. Initial
analysis showed no correlation in the perfusion parametric maps of DWI and DCE MRI data but a good corre-
lation was obtained after smoothing the parametric maps indicating that perfusion information could be ob-
tained from diffusion MRI images in patients with peripheral arterial disease.

1. Introduction

Dynamic contrast enhanced magnetic resonance imaging (DCE-
MRI) is one of the most commonly used imaging techniques for mea-
suring perfusion in biological tissues. DCE-MRI is based on acquiring a
series of T1-weighted (T1W) images through time before and after the
injection of exogenous gadolinium based contrast agent (CA) [1]. This
procedure produces signal intensity time curves that after a suitable

mathematical process and a selection of a proper model may provide
information on vascular permeability, tissue perfusion, and expansions
of extravascular- extracellular spaces (EES) [2].

Diffusion Weighted Imaging (DWI) is a technique that exploits the
mobility of water molecules (molecular diffusion or Brownian motion)
to produce signal on an MR image without contrast administration. A
significant parameter that quantifies the degree of diffusion weighting
(DW) applied is the b-value (in s/mm2) which is mainly related with the
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amplitude and time of the diffusion sensitizing gradients utilized on the
MR scanner. The DW signal as a function of the b-value is considered to
follow a mono-exponential decay providing the Apparent Diffusion
Coefficient (ADC) (mm2/s) [3]. In biological tissues, the mono-ex-
ponential model was not capable of analyzing the DW signal due to the
presence of blood micro-circulation [4]. Τhe micro-circulation of blood
or micro-perfusion was considered to follow a Brownian motion model
due to the random organization of the capillary network. Le Bihan et al.
suggested the Intra-Voxel Incoherent Motion (IVIM) model in order to
take into account both the real diffusion of water and the micro-cir-
culation of blood inside a voxel [4].

Fitting the IVIM model to the DWI data, provides information not
only about water diffusivity but also about soft tissue perfusion. This
advantage of the diffusion IVIM model leads to the clinical question of
the possible correlation between perfusion parameters deriving from
DWI and DCE-MRI and whether the former can provide reliable, clini-
cally-useful tissue perfusion information.

Several published works have shown the positive correlation of
perfusion information between DCE-MRI and DWI in different regions
and pathologies of the human body such as brain malignancies, [5,6]
breast cancer [7] and head and neck squamous cell carcinoma [8].
These studies have in common the aggressiveness of each cancer type
and consequently high vascularity and perfusion. On the contrary, the
study of low tissue perfusion has not been extensively examined. To this
end, we employ DCE-MRI and DWI techniques as a preliminary step for
perfusion quantification on patients with peripheral arterial disease
(PAD). The targeted impact of this work concerns the potential ex-
traction of perfusion information from DWI-MRI avoiding CA admin-
istration especially in cases of clinical or other contraindications.

To address the above issues the aim of this paper is to qualitatively
show the linear relationship between parametric maps originating from
various known models obtained by DWI and DCE-MRI techniques with
the application of a Gaussian filter. This comparative study was applied
to patients with severe PAD before any kind of treatment.

PAD is an atherosclerotic process that causes stenosis or occlusion
on lower extremity arteries. The major risk factors for PAD include
older age, diabetes mellitus, hypertension, hyperlipidemia and smoking
[9]. Patients with PAD may be asymptomatic or develop intermittent
claudication. Ischemic rest pain, gangrene or ischemic ulcers may re-
present severe complications of PAD, leading to critical limb ischemia
(CLI) [10]. Patients with CLI are at a higher amputation risk and require
immediate revascularization by means of surgical or endovascular
procedures [11].

2. Materials and methods

2.1. Patient population

During a 2 year-year study period (2015–2017), 13 patients (8
males, 5 females) with PAD underwent MR examination of lower limb.
The median age was 68 years (range 56–78 years). All patients pre-
sented with CLI and according to Fontaine classification [12], 4 patients
had stage III and 9 patients stage IV PAD. Exclusion criteria were all
common contraindications to MRI, like pacemakers, ferromagnetic
implants and claustrophobia and contraindications for administration
of Gadolinium contrast medium such us renal insufficiency and allergy

to gadolinium. The study was approved by the local ethic committee
and all patients signed informed consent prior to examination.

2.2. MRI protocol

Each of 13 patients underwent MR examination on a 1.5 T clinical
MR Scanner (Vision/Sonata Hybrid system, Siemens, Erlangen,
Germany) enforced with powerful gradients (Strength: 45mT/m, Slew
rate: 200mT/m/ms), equivalent with those gradients operating on 3 T
systems.

The imaging protocol, apart from the conventional sequences, in-
cluded DWI and DCE-MRI quantitative techniques. DW sagittal images
of the lower limb were acquired utilizing a high resolution HASTE
(Half-Fourier Acquisition Single-shot Turbo spin Echo) sequence with
diffusion sensitizing gradients with b-values (b= 0, 50, 100, 150, 200,
500, 800, 1000 s/mm2), number of slices= 13, echo time
(TE)= 105ms, repetition time (TR)=2000ms, matrix
size= 384×384, field of view (FOV)=250×250, slice thick-
ness= 5mm. Additionally, a reverse polarization gradient technique
was applied by acquiring two sets of sagittal DW images, each time
altering the polarization direction of the frequency encoding gradient
A-P and P-A (Anterior-Posterior) [13]. This technique has been applied
for the reduction of machine related geometrical distortions or apparent
distortions in signal intensities. The final calculated image was the
mathematical average of the two aforementioned DW sets. An example
for five b-values of a central slice is shown in Fig. 1.

T1W DCE perfusion MR imaging of the lower limb was performed
by utilizing a 3D VIBE (volume interpolated breath hold examination)
sequence in the sagittal plane with variable flip angles (FA=5°,10°,15°,
20°, 25°, 30°) for the initial calculation of the parametric T1 maps.
Consequently, an intravenous continual injection of the paramagnetic
CA (Magnevist, Gadopentetate Dimeglumine, Bayer Healthcare, Bayer,
0.1 mmol/kg) was administered for approximately 1min. The afore-
mentioned T1W DCE VIBE perfusion sequence was continuously re-
peated for 10min (20 s temporal resolution) after the intravenous in-
jection of the CA with the following imaging parameters: number of
slices= 26, FA=15°, TE= 2.73ms, TR=7.8ms, matrix
size= 512×512, FOV=250×250 and slice thickness= 3mm.

2.3. DWI-MRI analysis

The quantification of both diffusion and perfusion parameters was
implemented in our platform using python 3.5 [14]. More specifically,
all parametric maps were obtained with the use of a trust region re-
flective algorithm [15], suitable for solving nonlinear bound-con-
strained minimization problems as defined in SciPy library [16] (sci-
py.optimize.least_squares).

According to the IVIM, the DWI signal as a function of the b-value is
expressed in Eq. (A.1). S(b) is the measured signal intensity at the
current b-value and S(0) is the measured signal intensity without dif-
fusion gradient attenuation factor (typically a T2 image), D is the dif-
fusion coefficient, D* is the pseudo-diffusion coefficient and f is the
micro-perfusion fraction denoting the ratio of water flowing in capil-
laries to the total water contained in a voxel.

The quantification of the DW signal with the IVIM model is mainly
succeeded by two different fitting methods. The first method is a direct

Fig. 1. DWI sequence of a central slice of the lower
limb with 5 b values.
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estimation of the IVIM parameters using the aforementioned nonlinear
fitting algorithm with the following constraints for each parameter:

f D mm s D mm s(0, 1), (0, 5) 10 / , (10,200) 10 / .3 2 3 2∈ ∈ × ∈ ×− ∗ −

The second method is relied on the fact that for b-values > 200 s/
mm2 the micro-perfusion effect is eliminated and does not contribute to
the DW signal decay [17]. Thus, in the high b-value range (b > 200 s/
mm2) the signal attenuation is considered to be of the form of Eq. (A.2)
and D is estimated by using a linear fit to Eq. (A.2) after taking the
logarithm of both sides (scipy.optimize.lsq_linear). Once D is known,
parameters f and D* are estimated from Eq. (A.1) by using the nonlinear
fitting algorithm with the same bound constraints as in the first method
for all available b-values.

2.4. DCE-MRI analysis

The procedure for the quantification of the DCE-MRI signal has two
important steps [18]. First, the concentration curve as a function of
time of the CA is computed (Ct(t)) and then, after the choice of a sui-
table pharmacokinetic model, nonlinear fitting of the concentration
curve is required in order to produce tissue perfusion parameters.

The linear relationship between the relaxation rates (R1= 1/T1,
R10= 1/T10) and the CA concentration (c) in the tissue is given by Eq.
(A.3). T10 is the relaxation time of tissues before the injection of CA and
T1 after the injection of CA and r1≈ 4.5 s−1 mM−1 is the ratio of CA
concentration to the increase in relaxation rate R1 measured at 1.5 T.

The signal (S) of the variable flip angle (θ) sequence before the
injection of the CA, is given by Eq. (A.4) [19] with TR=7.8ms from
the imaging protocol. S0 is the relaxed signal. Therefore, both S0 and
T10 were fitted to Eq. (A.4) with bound constraints S0∈ (1,10.000),
T10∈ (0,5) ms. Thus, for every voxel in time, the concentration curve
was calculated from Eq. (A.3) after solving for T1 on Eq. (A.4).

In order to provide information about tissue perfusion to patients
with PAD a variety of pharmacokinetic models were used such as, the
extended Tofts model (ETM) [20], the Patlak model (PM) [21], the
steady state model (SSM) [22] and the Gamma capillary transit time
model (GCTT) [23].

ETM is the most widely used model for the analysis of DCE MRI data
[24] and describes a highly perfused tissue with the assumption of a
bidirectional transfer of the CA between the blood plasma and the EES.
Mathematically, the model is described by Eq. (A.5).

The symbol ⊛ represents the convolution operator, KTrans min−1 is
the transfer constant from the blood plasma into the EES and Kepmin−1

is the transfer constant from the EES back to the blood plasma while vp
stands for the plasma volume and Ca(t) for the time concentration curve
of a feeding artery, also known as the arterial input function (AIF). In
our case, the AIF was the same for all perfusion models and selected
carefully by clinicians from the posterior tibial artery. The selection of
the AIF and the AIF curve over time is shown in Fig. 2.

A special case of the ETM when there is no transfer of CA from the
EES back to blood plasma is the PM and it is given by Eq. (A.6). In
addition, if it is assumed that there is no transfer of CA from the blood
plasma into the EES, the SSM model is acquired, indicating that the
concentration of the feeding artery and the tissue concentration are in a
state of equilibrium. The one parameter SSM is presented by Eq. (A.7).

Except from its complex form, the GCTT model was included in this
study since it is a more recently suggested physiological model unifying
well-known models such as the Tofts Model [25],the ETM, the adiabatic
tissue homogeneity (ATH) model [26] and the two compartment ex-
change (2CX) model [27]. The GCTT model is presented in Eq. (A.8). F
mL/mL/min−1is the blood flow or blood perfusion, a−1= tc/τ is the
width of the distribution of the capillary transit times inside a voxel,
γ(a,z) is the gamma function, E is the extraction fraction of CA that is
extracted into the EES during a single capillary transit.

Except from the previous models, two semi quantitative parameters
were also calculated from the signal intensity curve over time SI(t) such

as the area under the curve (AUC) and the relative enhancement ratio
(RER) Eqs. (A.9) and (A.10) respectively.

2.5. Statistical analysis

In this work, two statistical metrics were used, the adjusted R
squared (R 2) and the root mean squared error (RMSE), to determine the
goodness of fit for every voxel. Assuming that the model function is
G(x, t) with parameters x={x1,x2,…,xp} and N data points d the RMSE
formula is given by Eq. (A.11).

R 2 is a generalized metric that is based on the R squared (R2) and its
value will always be less than or equal to that of R [0, 1]2 ∈ . This metric
was proposed to overcome the limitation of R2 concerning that its value
increases when more explanatory variables are added to the model.
Therefore, it was considered to be more suitable for this study than R2

since it captures the number of data points (N) as well as the number of
the explanatory variables (p) of the model function Eq. (A.12).

2.6. Correlation analysis

Firstly, to examine the relation between DWI and DCE-MRI data for
every individual patient, perfusion parametric maps were resized
through cubic interpolation to the size of the diffusion parametric maps.
Pearson's r correlation coefficient was then calculated taking into ac-
count the slices from perfusion and diffusion sequences with the same
slice location dicom tag, while rejecting all voxels from tissues without
significant blood supply (non-perfused) such as the osseous structures
(vp=0). To ensure that after resizing, the parametric maps are accu-
rately registered in space, we performed two tests as shown in Fig. 8.
The color-coded fusion of a DW image on a perfusion T1W image is
presented and a Canny edge detector (σ=0.5) [28] highlighted the
edges of DCE T1W image which are then superimposed on the corre-
sponding DW image. Both tests clearly demonstrated accurate align-
ment in all DWI, DCE-MRI image pairs used in our analyses according to
senior radiologists involved in the study.

The effects of noise, after the fitting process, led to parametric maps
that exhibit large variations within voxels in small neighborhoods
(Fig. 6). Thus, in order to examine the relationship between DCE and
DWI parameters in a more effective and qualitative way, a 5×5
Gaussian filter (σ=0.9) was applied on the derived parametric maps.

2.7. Mutual information analysis

Except from the Pearson's Correlation metric and the consideration
of the images (parametric maps) as random variables, we also calcu-
lated the Mutual Information (MI) of the previously described diffusion
and perfusion parameters with and without Gaussian filter. Mutual
information metric arises from information theory and measures how
much one random variable (an image in our case) tells us about another
[29]. MI is an alternative perspective of checking the correlation be-
tween different imaging techniques that does not take into account only
pixel values such as Pearson's correlation but also the entropy of the
image pair.

Considering two discrete random variables X and Y of size N with
their mass probability functions p(X), p(Y) and with their joint prob-
ability mass function p(x, y) it is possible to calculate their mutual in-
formation. On our case the random variables (X,Y) are (f,vp). Prior to
the definition of the mutual information it is obligatory to define the
entropy of a random variable X which is given by Eq. (A.13). Further-
more, the joint entropy H(X,Y) of a pair of discrete random variables
(X,Y) with a probability mass function p(x,y) is given by Eq. (A.14).
Having the formulae of the entropies above, the MI is calculated by Eq.
(A.15) [30].
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2.8. Signal to noise ratio (SNR)

A significant factor about image quality is SNR. In our study, SNR
was calculated by Eq. (A.16) in which, mean(SIROI) is the mean signal
intensity from the selected region of interest (ROI) and std(BGROI) is the
standard deviation of a background ROI which was meticulously taken
outside of the depicted image volume avoiding any prominent artifact.
Since the recorded signals from the BGROI follow a Rayleigh rather than
a Gaussian distribution, the SNR value was multiplied by the correction
factor 0.655 [31]. For every patient, SIROI was selected from the whole
anatomical image of the central slice. The calculated SNR for DW
images was graphically presented as a box and whisker plot for every b-
value (Fig. 3). The calculated SNR for the variable flip angle Proton
Density weighted (PDW) and T1W images is shown in Fig. 4. Finally,
the calculated SNR for the perfusion weighted images was calculated
for three time points, the one before the injection of the CA (Baseline),
the time at the Maximum signal from the signal intensity curve (time to
peak TTPK) and at the last time point of the perfusion sequence as is
shown in Fig. 5. Every box and whisker plot contains the calculated
SNR for every patient.

3. Results

3.1. DWI and DCE MRI fitting performance

Metrics from the statistical analysis, showed that regarding the DWI
fitting, both the first and the second fitting method were quite accurate
since RMSE and R 2 were as expected at the desired levels, meaning low
RMSE and high R 2. More precisely, for the first fitting method,
RMSE=0.081 ± (0.048), R 2 =0.637 ± (0.292) and for the second
method, RMSE=0.085 ± (0.05), R 2 =0.627 ± (0.285). DCE MRI
statistical metrics for each perfusion model are shown in Table 1. A
graphical representation of each aforementioned model fit in a region
of the peroneus brevis muscle for DWI and DCE-MRI is depicted in
Fig. 9 and Fig. 10 respectively.

3.2. DWI and DCE MRI correlation

Pearson's correlation (r) coefficient was calculated for every perfu-
sion and diffusion model-based parametric map. In Table 2, Pearson's
correlation coefficient r, is presented between the parameter (f-IVIM)
and the perfusion plasma volume parameters. A graphical illustration of
the normalized parametric maps is depicted in Fig. 6. Analogously, r
after the application of the Gaussian filter on the parametric maps is
presented between (f-IVIM) and the perfusion parameters in Table 3

Fig. 2. The blue ROI of the AIF is shown on the T1W image of perfusion sequence (left) and its curve over time on the plot (right). (For interpretation of the references
to color in this figure legend, the reader is referred to the web version of this article.)

Fig. 3. SNR as a function of b-values for every patient. Star dots present the mean SNR value and the dotted line is the fitted IVIM function to the star dots.
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while the smoothed parametric maps are shown in Fig. 7. All p-values of
the correlation analysis for both tables were lower than 0.05.

3.3. Mutual information analysis

As in the previous paragraph MI was calculated between f-IVIM
(method 1) and the perfusion plasma volume parameters. The results
for each model are depicted as boxplots before and after applying the
Gaussian filter in Fig. 11.

4. Discussion and conclusions

The main goal of this study was to show the relationship between
diffusion and perfusion related parameters. This constitutes a challen-
ging goal since gadolinium based contrast agents are increasingly re-
stricted due to effects on the human body according to EMA (European
Medicines Agency) [32]. For this reason, the use of DWI taking ad-
vantage of its micro-perfusion instead of perfusion, is of outmost im-
portance.

To the best of our knowledge, the majority of the published works
on patients with PAD disease arterial spin labeling (ASL) and Blood
oxygenation level-dependent (BOLD) MRI techniques are used [33–36]

Fig. 4. SNR as a function of flip angles for every patient. Star dots present the mean SNR value and the dotted line is the fitted Eq. (A.4) to the star dots.

Fig. 5. SNR of the perfusion imaging sequence for three indicative time points (Baseline, TTPK, Last point of imaging sequence).

Table 1
Perfusion statistical Metrics per model.

Fitting model RMSE ± (std) R 2 ±(std)

SSM 0.033 ± (0.092) 0.126 ± (0.171)
PM 0.031 ± (0.091) 0.337 ± (0.316)
ETM 0.039 ± (0.101) 0.322 ± (0.321)
GCTT 0.029 ± (0.082) 0.143 ± (0.221)

Table 2
Pearson's Correlation coefficient r without Gaussian Filtering to the parametric
maps.

Fitting model (parameter) DWI-Method 1 (f) DWI-Method 2 (f)

SSM (vp) 0.082 0.086
PM (vp) 0.073 0.071
ETM (vp) 0.046 0.043
GCTT (E) 0.039 0.045
AUC 0.011 0.013
RER −0.114 −0.107
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to quantify PAD disease. Moreover, DWI technique has not been used.
Thus, a priori knowledge of quantitative results in PAD disease could
not be possible to be compared with our results.

This paper examined the possible correlation between perfusion

parameters derived from DWI and DCE-MRI and whether the former
can provide robust and accurate information regarding perfusion of an
individual anatomic region which in cases of PAD is clinically im-
portant.

To examine this possible correlation, we analyzed PAD data. The
statistical metrics RMSE and R 2 were used for both diffusion and per-
fusion models and were computed in all cases in order to enhance the
reliability of the results. RMSE for diffusion fitting methods and per-
fusion models was (as expected) low and very similar (in order of
magnitude) for all models due to the tolerance of the fitting algorithm
(10−16). Though, the dominant statistical metric that played a great
role to our analysis was the strict metric R 2 due to its ability to handle
the number of data points and explanatory variables of each model.

Due to R 2, it could be expected that the best and the most widely
used model for perfusion imaging would be the extended Tofts model.

Fig. 6. Blood plasma volume related parametric maps. (b) f-IVIM, semi- quantitative: (a) RER and (c) AUC and (d)-(g) SSM (vp), PM (vp), ETM (vp), GCTT (E)
respectively.

Table 3
Pearson's Correlation coefficient r with Gaussian Filtering to the parametric
maps.

Fitting model (parameter) DWI-Method 1 (f) DWI-Method 2 (f)

SSM (vp) 0.429 0.427
PM (vp) 0.379 0.366
ETM (vp) 0.406 0.397
GCTT (E) 0.544 0.551
AUC 0.254 0.252
RER 0.592 0.601

Fig. 7. Blood plasma volume related parametric maps after the application of a 5×5 Gaussian filter (σ=0.9). (b) f-IVIM, semi- quantitative: (a) RER and (c) AUC
and (d)-(g) SSM (vp), PM (vp), ETM (vp), GCTT (E) respectively.
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On the contrary, Patlak's model achieved a little higher R 2 than ETM
(Table 1). This could be attributed to the PAD which causes stenosis or
occlusion on lower extremity arteries. As mentioned earlier Patlak's
model assumes no transfer of CA from the EES back to blood plasma, in
contrast to ETM that assumes a bidirectional transfer of the CA between
the blood plasma and the EES. Regarding to DWI, no significant dif-
ferences on adjusted R2 values between IVIM fitting method 1 and
method 2 were observed.

A variety of perfusion models quantitative and semi-quantitative
and two diffusion analysis methods were used. The results of the
standard fitting procedure (meaning no Gaussian filtering) showed no
correlation at all because Pearson's r was close to zero. However,
looking at the parametric maps, (Fig. 6) the visual inspection of the raw
data confirmed the noise coming from the imaging process and led us to
use the Gaussian filter for smoothing the parametric maps (Fig. 7) and
removing the inherent noise. Subsequently, diffusion parameter f-IVIM
on both diffusion methods was correlated well with GCTT-E (rGCTT
E−fmethod 1= 0.54, rGCTT E−fmethod 2= 0.551) and with RER (rRER−fmethod

1= 0.592, rRER−fmethod 2= 0.601). These encouraging results point out
the necessity for more thorough studies, possibly by utilizing MR
scanners with higher field strengths and diffusion sensitizing gradients.
Moreover, the use of HASTE or TSE sequences enforced with powerful
fast switching diffusion sensitizing gradients and multiple b-values with
higher ranges (> 2000) is an absolute necessity. The ultimate goal
would be therefore, to reduce DCE-MR perfusion examinations by
performing DWI micro-perfusion studies. This will eventually whittle
the use intravenous injections of CA and increase the number of patient
groups enrolling in such type of studies.

Furthermore, in all of our cases of the results from mutual in-
formation analysis (Fig. 11) we observed an increment in MI of image
pairs greater than approximately 42% after the application of the
Gaussian filter. This strongly indicates that Gaussian filtering sig-
nificantly increases the similarity between DWI and DCE image pairs
and explains the vast improvement in the perfusion correlation results.

Similar published works on different parts of the human body and
diseases confirm our results and altogether add to the consistent cor-
relation of DCE and DWI MRI perfusion maps. Kim et al. and Federau
et al. on their research concerning quantitative parameters on brain
malignancies report that f-IVIM and CBV from Dynamic Susceptibility
Contrast MRI, were positively correlated with r=0.67 and r=0.75
respectively [5,6]. Furthermore, Suo et al. on their semi-quantitative
perfusion DCE analysis on breast cancer with a 3 T MR scanner and by
filtering the DCE data with a Gaussian filter, achieved a correlation
between (f-IVIM) values and RER with r=0.55 and (f-IVIM) values and
AUC with r=0.56 [7]. We appraise that possible reasons these two
studies achieved better correlations than ours and Suo's et al., might be:
the absence of macroscopic motion artifacts of the patient, the presence

Fig. 8. (a) Color fusion of aligned DCE-MRI and
DWI. Red color intensity indicates areas of high
perfusion and green intensity represents high DWI
signal. (b) T1W edges with Canny edge detector with
σ=0.5 superimposed on the DW corresponding
image. (For interpretation of the references to color
in this figure legend, the reader is referred to the web
version of this article.)

Fig. 9. IVIM model method 1 and 2 fitted to DWI data obtained from the
peroneus brevis muscle.

Fig. 10. Pharmacokinetic models fitted to DCE data derived from the peroneus
brevis muscle.

G.S. Ioannidis et al. Magnetic Resonance Imaging 55 (2019) 26–35

32



of anatomical barriers (membranes) in the brain that direct the aniso-
tropic water diffusion and the reduced tissue perfusion due to PAD in
our patients. In addition, another reason for the better correlation of
Federau et al. could be attributed to their DWI experimental protocol
consisting of 16 b-values ranging from 0 to 900 s/mm2 that makes the
diffusion measurement more precise.

The purpose of the clinical study in which this work is based, was to
evaluate the perfusion of soft tissues in the foot of PAD patients. Thus,
the relatively slow injection rate was chosen for two reasons. Firstly,
muscles are normally characterized by slow perfusion rate which can be
easily quantified using a slow injection rate. Secondly, the “bolus” in-
jection technique induces susceptibility artifacts from the presence of
highly concentrated contrast agent which in turn can be downgraded
with the slow rate non-bolus administration. The low temporal re-
solution was chosen in order to compensate for the spatial covering of
the imaging volume which has been previously reported in [37]. In fact,
the total volume coverage was 26 space filling slices of 3mm slice
thickness. The selected volume coverage was considered adequate for
the depiction of lower limb arteries and veins that might be related to
blood supply to the ischemic regions of interest.

At this stage it is important to highlight the limitations of this study.
The first limitation is that due to the clinical imaging protocol a good
spatial resolution was chosen at the expense of a compromised SNR
(matrix size 384× 384) at the DW images. Additionally, in order to
estimate the Pearson's correlation coefficient (r) through voxel by voxel

analysis we had to resize the perfusion maps to match the size of the
diffusion maps and this may have had a negative impact on the results.
Regarding our dataset, it is noteworthy that it is limited to a relatively
small subset of patients (N=13) which means that further studies
based on larger cohorts will be necessary for increasing the statistical
significance of our results. Furthermore, the patients of the study pre-
sented with critical limb ischemia and some motion artifacts were ob-
served especially in the perfusion imaging sequence (30min approxi-
mately). To account for this, an idea for future work is to also use image
registration which is hard due to the non-rigid nature of the transfor-
mation which might be affecting the results.

In conclusion, in this study we assessed different DWI and DCE-MRI
analysis methods on data obtained from patients with PAD. According
to R 2 criterion we found that the best DWI fitting method was the direct
estimation of the IVIM parameters (first method) and the most accurate
perfusion model for this disease was the Patlak's model. Initially, IVIM
parameters did not correlate with any of the perfusion parameters
(quantitative and semi-quantitative) but, after the application of Gaussian
filtering, a positive correlation between the extraction fraction E (GCTT)
and RER with the micro-perfusion fraction (IVIM) with both of the DWI
fitting methods rGCTTE− fmethod=0.54, rGCTTE− fmethod=0.551,
rRER− fmethod=0.592, rRER− fmethod=0.601was obtained. Our
results indicate that diffusion IVIM analysis could provide reliable in-
formation about tissue micro-perfusion and can be easily incorporated as a
part of a conventional imaging clinical MRI protocol.

Fig. 11. Mutual information between f-IVIM method 1 and SSM (vp), PM (vp), ETM (vp), GCTT (E), RER, AUC before and after Gaussian filtering.
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Appendix A. Formulae and equations
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Investigating the Correlation of Ktrans With
Semi-Quantitative MRI Parameters Towards

More Robust and Reproducible Perfusion
Imaging Biomarkers in Three Cancer Types

Georgios S. Ioannidis , Thomas G. Maris, Katerina Nikiforaki, Apostolos Karantanas,
and Kostas Marias

Abstract—MRI Imaging biomarkers (IBs) have the
potential to deliver quantitative cancer descriptors of patho-
physiology for non-invasively screening, diagnosing, and
monitoring cancer patients across the cancer continuum.
Despite a worldwide effort to standardize IBs involving ma-
jor cancer organizations, significant variability of MR-based
imaging biomarker across sites still hampers their clinical
translation calling for more research in the field. To this
end, in the present study quantitative and semi-quantitative
approaches for perfusion biomarkers are compared in MRI
data from three different cancer types. In particular, Ktrans
a widely used but often variable across sites candidate
biomarker is compared to a semi-quantitative perfusion MRI
imaging biomarker (Wash-in WIN) in patients with breast,
head, and neck and soft tissue sarcoma. Our results demon-
strated a linear relationship between WIN and Ktrans in all
cancer patients groups when a goodness of fit (high R̄2 )
criterion for ensuring adequate data quality and accuracy
is met. This consistent correlation across three different
cancer types indicates that the proposed semi-quantitative
perfusion MRI IB can be a simpler, more robust and repro-
ducible alternative to Ktrans for quantitative perfusion stud-
ies in oncology.
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I. INTRODUCTION

MAGNETIC Resonance Imaging (MRI) is a powerful,
non-invasive imaging modality offering both anatom-

ical and functional information of human tissue. MRI is the
modality of choice for cancer diagnosis, staging and treatment
monitoring because of its supreme soft tissue contrast, lack of
ionizing radiation and wide availability. In particular, dynamic
contrast enhanced (DCE) MRI, based on gadolinium contrast
agents (CA) has become a vital part of the clinical routine [1]
aiming for the early detection and diagnosis of cancer and the
precise monitoring of disease progression and therapy response.
This is mainly due to the functional nature of DCE-MRI which
offers the possibility to compute candidate quantitative imaging
biomarkers (IBs) for characterizing tumor image regions. The
value of IBs as a clinical assessment and decision support tool
throughout the cancer continuum has been recently confirmed
by leading organizations such as the FDA-National Institute of
Health (NIH), European for Research and Treatment of Can-
cer (EORTC) (through the QuIC-ConCePT consortium), the
Quantitative Imaging Network (QIN), the Quantitative Imaging
Biomarkers Alliance (QIBA), Cancer Research (UK) [1].

Imaging biomarkers present a cost-effective and noninvasive
tool for screening, diagnosing, staging and monitoring cancer
patients as well novel drug safety and efficacy evaluation by of-
fering quantitative measures of pathophysiology tissue changes
such as vascularity and cellularity. In particular, according to
[1] changes in Ktrans (ΔKtrans), is a DCE-MRI marker that
has already crossed the first translational gap into therapeutic
trials. Also, hypothesis-driven medical research has been used
in more than 100 early phase clinical trials and academic studies
with exiting results in e.g., antiangiogenic drug selection/dose
or assessing response to drugs that target the tumor vasculature.
Ktrans calculation is based on a number of subjective compu-
tational steps requiring user interaction which affects the final
outcome. As a result, absolute Ktrans values have been reported
to vary as much as an order of magnitude across centers [2]. This
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clearly indicates that although imaging biomarkers are consid-
ered as valuable descriptors of cancer tissue structure and func-
tion, there is still a lot of necessary research and standardization
work towards their clinical translation and use as routine clinical
decision tools. In this context, we investigate the correlation of
a Semi-Quantitative Perfusion MRI imaging biomarker known
as Wash in (WIN), with Ktrans in patients with different cancer
types (breast, head and neck and soft tissue sarcoma) with the
goal to provide a simpler, reproducible and objective alternative
to Ktrans parameter.

DCE imaging approaches can be divided into two broad cat-
egories, quantitative and semi-quantitative, both of which esti-
mate metrics indicative of tissue perfusion. Semi-quantitative
methods are MR scanner dependent and exploit only the sig-
nal intensity curves for each voxel over time. These methods
produce parameters such as, WIN, wash out (WOUT), area un-
der the curve (AUC), and time to peak (TTPK). Quantitative
methods, require the calculation of tissue T1 constant before the
injection of the CA, usually by the variable flip angle method
(T1 mapping) [3]. These values are used for the conversion of
the MR signal over time to concentration of the CA over time
C(t). A significant number of pharmacokinetic approaches in
the literature propose mathematical frameworks of perfusion
in which models are fitted to the C(t) curve. The most widely
used models for tissue perfusion are: the Tofts (TM) [4], the
Extended Tofts (ETM) [5] and the Patlak (PM) [6] models. The
aforementioned models have in common the Ktrans (min−1)
parameter also known as transfer constant, which characterizes
the transport of the CA across the capillary endothelium.

The Ktrans quantitative parameter is a well-known imaging
biomarker and has been widely used as a predictive metric of tu-
mor response to concurrent chemo-radiotherapy in patients with
stage III of non-small cell lung cancers [7]. On the other hand,
a recent study found that the most accurate semiquantitative
parameter that can differentiate cancer from benign hyperplasia
and healthy tissue is the WIN parameter [8]. In clinical practice
both quantitative and semi-quantitative parameters are used to
quantify tissue perfusion [9]. However, as mentioned previously,
significant variability in Ktrans has been reported across differ-
ent imaging centers hampering its standardization as a tissue
perfusion biomarker [2]. The main reason is that Ktrans is com-
puted via pharmacokinetic modelling which employs a number
of computationally challenging tasks, some of which are also
subjective (e.g., arterial input function (AIF) calculation from
DCE-MRI and pharmacokinetic model selection). WIN, on the
other hand is not based on physiology modelling and has at-
tracted interest in the field of quantitative imaging as a more
intuitive and simpler to compute marker. In particular, there is
extensive use of WIN for the localization and staging of many
cancer types. A. Jackson et al. report a list of 23 publications
concerning the use of semi quantitative parameters [10]. Both
WIN and Ktrans are considered as good candidate biomarkers
for tissue perfusion evaluation and are widely used depending
on the available software tools and/or past experience of each
clinical imaging center. The research goal of the present study
is to investigate whether WIN, based on a fully reproducible
workflow without any subjective steps, can convey similar di-
agnostic information to Ktrans. Our hypothesis is that although

based on different workflows (quantitative vs semi quantitative),
both biomarkers aim to characterise the transfer rate of contrast
agent to the tissue.

A complete description for both methods can be found in
the next section. Quantitative and semi-quantitative method de-
scription elucidate the simplicity and efficacy of the latter for
the study of tissue perfusion. In particular, we examine the Pear-
sons correlation coefficient between Ktrans and WIN on three
groups of cancer patients.

II. MATERIALS AND METHODS

A. Study Population

Study population consists of three groups with aggressive
neoplasms. More specifically, the first group (Group A) con-
sists of 15 patients with histopathologically proven soft tissue
sarcoma. The second group (Group B) concerns 13 patients
with head and neck squamous cell carcinoma before any kind
of treatment or therapy publicly available from [11]. The third
group (Group C) consists of 30 patients with breast cancer of
the public available QIN Breast cancer data set [12]–[14] before
any treatment.

B. MRI Protocol

Patients of the Group A, underwent MR examination on a
1.5T clinical MR Scanner (Vision/Sonata Siemens, Erlangen,
Germany) at the local University Hospital. All patients signed
an informed consent for data use for medical and anonymized
research purposes. Also, prior to data collection, the local Uni-
versity Hospital approved the MR acquisition protocol with
the use of CA as it is considered necessary for diagnostic
purposes primarily. DCE imaging of each anatomical region
was performed by a 3D VIBE (volume interpolated breath
hold examination) sequence with variable flip angles FA =
[5◦, 10◦, 15◦, 20◦, 25◦, 30◦]. An intravenous continual injection
of paramagnetic CA (0.1 mmol/kg) (Magnevist, Bayer Health-
care Pharmaceuticals) was administered for approximately one
minute. The CA was injected after the third dynamic frame in
order to establish signal baseline. The DCE VIBE perfusion se-
quence was continuously repeated for 5 minutes (6.45 secs tem-
poral resolution) after the intravenous injection of the CA with
the following imaging parameters: FA = 15◦, TE = 3.27 ms,
TR = 7.09 ms, matrix size = 384× 384, FOV = 20 cm and
slice thickness = 5 mm.

Data for Group B were acquired at 3T scanner with 6 flip
angles FA = [2◦, 5◦, 10◦, 15◦, 20◦, 25◦] for T1 mapping and 56
dynamic scans of 5.5 s temporal resolution and 256× 256 ma-
trix size. Data for Group C were acquired at 3T scanner with
10 different flip angles (2–20) with 2◦ increment while dynamic
acquisition comprised 25 time points of 16 s temporal resolu-
tion and matrix size 192× 192. Further information about the
imaging protocol of Group B and C can be found in [11] and
[12], respectively.

C. DCE MRI Analysis Workflow

1) Quantitative DCE Analysis: All numerical calculations
including DCE MRI analysis, correlation analysis and figure
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illustrations were implemented in python 3.5. For the curve
fitting of the quantitative models to the data the trust re-
gion reflective algorithm for bound constrained minimiza-
tion problems from the SciPy library was used (scipy.
optimize.least_squares) [15]. A stepwise description
of the complex workflow is appended below used in quantitative
DCE biomarker extraction.

Since the MR signal is given in arbitrary units, a conversion of
the MR signal to concentration (Ct) of CA in the tissue is nec-
essary. Prior to the conversion of the MR signal to concentration
of CA a definition of T1 and T10 is required. Every tissue type
is characterized by its T1 value representing the time needed for
longitudinal relaxation. The administration of contrast medium
reduces the T1(t) value from its native value T10 , due to the
presence of paramagnetic molecules over time. Thus, (1) relates
T1(t), T10 and concentration of CA, (Ct) as:

1
T1(t)

=
1

T10
+ r1Ct(t) (1)

where, r1 is the longitudinal relaxivity and it depends on the
CA used and on the magnetic field’s strength (approximately
4.5 s−1mM−1 for Gd-DTPA Magnevist at 1.5 T). Therefore, the
first step of quantitative DCE analysis is to calculate T10 and S0
by fitting the signal (S) of the multiple flip angles (θ) sequence
to the spoiled gradient echo signal equation [16] which is given
below :

S

S0
=

(
1 − e−T R/T1

)
sin θ

1 − e−T R/T1 cos θ
(2)

where, TR is the repetition time and S0 is the equilibrium mag-
netization. This procedure is also known as T1 mapping. The
second step is to calculate tissue T1 for every time point from
(1) since S0 after the fitting process and the signal S from the
perfusion sequence, are known. Thus, the third step is to convert
the MR signal to tissue concentration Ct(t) of CA through (1).

Finally, after the selection of the proper model and the AIF,
the biomarker extraction is achieved by fitting the model to the
tissue concentrations Ct(t) of CA . Equations (3), (4) and (5)
refer to the most extensively used models for quantification of
the DCE data for TM, ETM and PM respectively.

Ct(t) = Ktranse
−Ke p t � Ca(t) (3)

Ct(t) = Ktranse
−Ke p t � Ca(t) + vpCa(t) (4)

Ct(t) = Ktrans

∫ t

0
Ca(τ)dτ + vpCa(t) (5)

where, Ca(t) is the concentration of CA in a feeding artery
(AIF), vp is the plasma volume, Kep (min−1) is the transfer
constant from the extravascular extracellular space (EES) to the
blood plasma and � is the convolution operator.

For the quantitative analysis of Group C, Weinmann’s [17]
theoretical AIF was chosen because of the lack of a visible
artery in the field of view. For groups A and B, AIF region of
interest (ROI) was delineated by an expert radiologist. After the
conversion of the MR signal to CA concentrations, AIF curve
was calculated as the mean ROI value for every time point.

2) Semi-Quantitative DCE Analysis: The complex workflow
for the quantitative DCE analysis is demanding because of the

Fig. 1. Schematic representation of semi-quantitative parameters ex-
tracted from raw DCE data. [Lower image] Signal intensity curve over
time (dashed line) and its EMG function fit (dotted line). Vertical lines
depict the TMSP (time to maximal slope) and TTPK (time to peak) as
defined above. [Upper image] The first derivative of the fitted EMG func-
tion and the extraction of WIN and WOUT.

large number of imaging sequences and numerical calculations.
It is therefore prone to errors which can partially explain the
large variability of Ktrans values across sites reported in the
literature [2]. As an alternative, the semi-quantitative method
described below is a one step approach for extracting perfusion
DCE-MRI biomarkers.

In order the semi-quantitative parameters to be produced, the
signal intensity curves over time are simply fitted to the expo-
nentially modified Gaussian (EMG) function with four unknown
parameters (α, β, γ, δ). The semi-quantitative parameters are
extracted not only from the EMG function but also from its
derivative as seen from [18]. The EMG function is of the form:

f(t) =
αγ

√
2π

2δ
e

β −t
δ + γ 2

2 δ 2

[
δ

|δ| − erf

(
β − t√

2γ
+

γ√
2δ

)]
(6)

where, erf(t) is the Gaussian error function, erf(t) =∫ t

−t e−x2
dx. Due to the unknown range of values of the pa-

rameters (α, β, γ, δ) the fitting procedure was performed in a
free range in the set of the real numbers with the Levenberg-
Marquardt algorithm [19] of the (scipy.optimize.
least_squares) routine.

After fitting the EMG function to the DCE data, the fol-
lowing parameters were obtained: WIN, WOUT, TTPK, TMSP
and WTSP. WIN and WOUT parameters were calculated as
the maximum and minimum value respectively of the first
derivative of the EMG function. Their role is to describe the
rate of change of the contrast agent’s inflow and outflow. TTPK
is the time required for the EMGs function to reach its maximum
value while, time to maximal slope (TMSP) is the required time
of the first derivative of (2) to reach its maximum value. WTSP is
calculated by dividing the WIN value by the TMSP thus WTSP
= WIN/TMSP and represents the rate of change of WIN values.
A graphical illustration of the parameters extraction is shown in
Fig. 1.
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Fig. 2. An example of Ktrans variability calculated with two different
AIFs (a) manually selected AIF, (b) population based AIF (Weinmann’s
AIF). Ktrans values are in the range of [0, 0.9] and [0, 0.25] for (a) and
(b) respectively while their profile is preserved.

D. Statistical Analysis

In order to evaluate the fitting performance for both quantita-
tive and semi-quantitative analysis and determine the goodness
of fit for each voxel, we calculated the adjusted R squared (R̄2)
which ranges from 0 to 1. R̄2 is a generalized metric and takes
into account the R squared (R2), the number of the explanatory
variables (p) and the number of data time points (N). Thus, R̄2

it is a robust metric given by the formula below:

R̄2 = 1 − (
1 − R2) N − 1

N − p − 1
(7)

E. Correlation Analysis

As mentioned in the introduction, for both study groups
the Pearson correlation coefficient (r) (scipy.stats.
pearsonr) was calculated between the WIN and the Ktrans
values from all the aforementioned quantitative models. For ev-
ery patient, 3D tumor ROIs were delineated for all slices where
tumor was present. Firstly, Pearsons r was calculated for the
whole 3D ROI. In order the correlation analysis to be more
clinically relevant, a second calculation of r was also added in
our analysis. The second correlation experiment focused on spe-
cific voxels in which r was calculated again for all the voxels
of each quantitative model with goodness of fit higher than 0.5
(R̄2 > 0.5).

F. Ktrans Reproducibility

As mentioned in the introduction the source of variability
lies in the choice of kinetic model as well as in the way the
AIF is determined [2]. Indicatively, Fig. 2 shows ETM’s Ktrans
variability related to AIF selection for a patient with soft tissue
sarcoma in the cervical region. Similarly Fig. 3 depicts Ktrans
histograms from a lower extremity sarcoma patient calculated
with the three afformentioned models to show the dependance
on model selection.

To ensure that Ktrans calculation in our study is reproducible
an expert radiologist annotated AIF twice for patient groups A
and B producing two sets/vectors of Ktrans values. Assuming, x
and y to be the vectors/ROIS containing the Ktrans values of the
different AIFs, we calculated the max norm of their difference

Fig. 3. Histograms of Ktrans values for a soft tissue sarcoma in the
lower extremity region calculated with different models. (a) ETM. (b) TM.
(c) PM. The Patlak model Ktrans values differ in an order of magnitude
from ETM and TM Ktrans values. Notwithstanding the differences in
Ktrans values, the histogram profile is preserved.

TABLE I
GOODNESS OF FIT METRIC FOR ALL STUDY GROUPS

‖x − y‖∞ = max
i

|xi − yi | to examine the possible deviation.

Here, i represents the current Ktrans value inside the ROI.

III. RESULTS

A. DCE MRI Fitting Performance

After calculating the goodness of fit R̄ for all three models, the
most accurate were the ETM and EMG while PM had the lowest
R̄2 values in all study groups, as shown in I. This is an expected
outcome considering the complex vascular organization and the
aggressiveness of the tumor, since PM does not take into account
the transfer of CA from the EES back to blood plasma.

B. Ktrans Reproducibility Test

Following the above mentioned methodology, the max norm
of the differences of the two produced Ktrans vectors ranged
between [1.82, 5.22] × 10−4 with (mean ± standard deviation)
(3.52 ± 1.7) × 10−4 , demonstrating that Ktrans methodology
of this study is highly reproducible. Thus, this Ktrans calculation
permitted us to proceed with the correlation study since we
confirmed minimal variations in Ktrans.

C. Quantitative and Semi-Quantitative Parameters
Correlation

Pearsons correlation coefficient r between WIN and Ktrans
for all study Groups A,B and C is presented in Tables II, III
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TABLE II
PEARSON’S CORRELATION COEFFICIENT OF WIN AND KTRANS

VALUES FOR GROUP A

TABLE III
PEARSON’S CORRELATION COEFFICIENT OF WIN AND KTRANS

VALUES FOR GROUP B

TABLE IV
PEARSON’S CORRELATION COEFFICIENT OF WIN AND KTRANS

VALUES FOR GROUP C

TABLE V
PERCENTAGES OF THE REMAINING VOXELS PER QUANTITATIVE MODEL

FOR EACH GROUP AFTER R̄2 THRESHOLDING

and IV respectively. Each table contains not only the whole
roi approach but also the clinically significant approach at the
regions with (R̄2 > 0.5).

Our results, and particularly for the patients with sarcoma
(Group A) and patients with Breast cancer (Group C), clearly
indicate strong correlation (r > 0.5) between WIN and Ktrans
with Toft’s and extended Toft’s models both with and without
R̄2 threshold, as shown in Tables II and IV respectively. Group
B with head and neck cancer patients, showed no significant
correlation without thresholding between the quantitative and
semi-quantitative parameters. However when setting R̄2 > 0.5
the correlation coefficient between WIN and Toft’s Ktrans was
greater than 0.5. At this point it is noteworthy to mention that
all p values of the correlation analysis were close to zero with p
� 0.05. For the sake of completeness, in Table V the amount of
the remaining voxels after the R̄2 thresholding for each model
per study group is presented, showing no significant amount of
voxel loss.

Fig. 4. Parametric maps of Ktrans (ETM,TM,PM models) and WIN
for lower limb sarcoma. There is a clear simmilarity between WIN and
ETM/TM Ktrans.

Fig. 5. q-q plots for a sarcoma patient. Upper left: WIN vs. (ETM)
Ktrans, Pearson’s correlation r = 0.971. Upper right: WIN vs. (TM) Ktrans,
r = 0.968. Lower image: WIN vs. (PM) Ktrans, r = 0.623. Upper images
show the linear relationship (r > 0.5) between WIN and the quantitative
model based Ktrans as opposed to the lower figure.

Visualisation of the extracted imaging biomarkers in Fig. 4
also highlights the strong linear relationship between WIN
and Ktrans parametric maps for a sarcoma patient in the left
calf. For these parametric maps a quantile-quantile plot (q-q
plot) of WIN vs Ktrans is also shown in Fig. 5. A q-q plot
is used for checking if two samples have the same distri-
bution. Similarly, WIN and Ktrans parametric maps and q-q
plots for a patient with squamous cell carcinoma in the ton-
sil are presented in Figs. 6 and 7 respectively. In addition,
in Figs. 8 and 9 there is a visual representation of the results
from a breast cancer patients.

IV. DISCUSSION

The scope of this study was to investigate the correlation be-
tween two widely used DCE candidate imaging biomarkers for
cancer staging and treatment response. WIN and Ktrans param-
eters represent quantitative, model-based and semi-quantitative
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Fig. 6. Parametric maps of Ktrans (ETM,TM,PM models) and WIN for
head and neck cancer. There is no apparent simmilarity between WIN
and TM Ktrans without R̄2 thresolding.

Fig. 7. q-q plots for a head and neck cancer patient. Upper left: WIN
vs. (ETM) Ktrans, Pearson’s correlation r 0.646. Upper right: WIN vs.
(TM) Ktrans, r = 0.675. Lower image: WIN vs. (PM) Ktrans, r = 0.379.
Upper images show the linear relationship (r > 0.5) between WIN and
the quantitative model based Ktrans as opposed to the lower figure.

approaches respectively. In general, no ground truth for tis-
sue perfusion can be numerically established in order to test
and compare quantitative and semi-quantitative methods. In
this paper we argue that the WIN biomarker based on a semi-
quantitative approach, is a simpler and reproducible alternative
to Ktrans mainly due to the lack of subjective steps. Therefore,
the aim of the paper is to demonstrate that WIN can provide sim-
ilar perfusion information to Ktrans which involves subjective
steps such as the choice of AIF and pharmacokinetic model.

The results of our analysis revealed a linear relationship be-
tween WIN and Ktrans parametric maps in all three patient
groups when a goodness of fit quality criterion was applied

Fig. 8. Parametric maps of Ktrans and WIN for breast cancer. Similar
results to Fig. 4.

Fig. 9. q-q plots for a breast cancer patient. Upper left: WIN vs. (ETM)
Ktrans, Pearson’s correlation r = 0.875. Upper right: WIN vs. (TM) Ktrans,
r = 0.875. Lower image: WIN vs. (PM) Ktrans, r = 0.432. Upper images
show the linear relationship (r > 0.5) between WIN and the quantitative
model based Ktrans as opposed to the lower figure.

(high R̄2). In the cases of soft tissue sarcoma and breast can-
cer, WIN and Ktrans were correlated regardless the R̄2 criterion
while the linear behavior between WIN and Ktrans was con-
firmed in the head and neck cancer group only when applying
R̄2 thresholding. Overall, it is important to mention that the WIN
values of the voxels with R̄2 greater than 0.5 for all study groups
were well correlated with the corresponding Ktrans values. This
finding clearly shows that when using data that have not been
compromised by noise or motion and therefore maintain their
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diagnostic value, there is a clear and overall correlation between
quantitative and semi-quantitative candidate biomarkers.

The fact that patient group B performed worse than the other
groups can be attributed to a) differences in inherent perfusion
heterogeneity because cancer types are different and b) differ-
ences in imaging protocols between patient groups may have
different effects in Ktrans computation. This result also justifies
our experimental design involving 3 different cancer types and
demonstrates that imaging biomarkers can vary across different
cancer types, an expected but somehow understudied reality.
Concluding, although our hypothesis (linear behavior between
WIN and Ktrans) needs to be more extensively tested across
more patients and cancer types involving different imaging pro-
tocols, our results are very encouraging and can inspire further
research in the field.

Based on these results it is important to elaborate on the possi-
ble benefits of introducing semi-quantitative DCE in the clinical
setting, over quantitative Ktrans. To compute the latter, the first
step of T1 mapping can either be performed or omitted in which
case a constant T1 value for all tissues can be assumed [20].
Both methods may be susceptible to fitting or estimation errors
that propagate through the next steps of the process and this is
the reason why the introduced goodness of fit criterion is impor-
tant in any cancer quantification application. In addition, a point
of increased difficulty in Ktrans computation is the correct AIF
estimation for a number of reasons such as, large vessels being
outside the field of view, influence from inflow or partial volume
effects and dependence on blood flow profile and imaging plane
[21]. To mitigate miscalculation, a public AIF is often used but
this is still a compromised solution since parameters are cho-
sen regardless of patient’s age, heart rate and tumor position.All
the above may explain the large variability regarding reported
Ktrans values across sites and clinical applications.

The use of semi-quantitative methods is a single step, ob-
jective process with fewer assumptions and good data quality
(high R̄2). Our findings demonstrated that WIN can provide very
similar information with Ktrans parametric maps in all patient
cohorts of this study. Moreover, it is a simpler approach without
requiring a model selection and therefore no assumptions are
made regarding the number of compartments of the quantitative
model used or blood transfer. The large number of quantita-
tive models that have been proposed for DCE imaging [22]
have a different degree of fitting success even within the same
tumor ROI. In addition, although Ktrans histogram profile is
usually similar among the three DCE quantitative models, there
is significant difference in the range of Ktrans values (Fig. 3)
depending on model selection. Furthermore, by fitting the EMG
function to the DCE curve diminishes miscalculation of WIN
stemming from possible spikes in the signal curve caused by
patient movement during acquisition. For all the above reasons
WIN is easier to compute, less prone to errors and more robust
for generalizing the role of DCE MRI quantitative biomarkers
across sites and cancer types.

It is worth mentioning that semi-quantitative analysis with the
EMG function involved the use of arbitrary units for MR signal
intensity as exported from different MR vendors. However, this
issue can be easily addressed with signal intensity normalisation

by dividing the WIN parameters with the maximum WIN value.
This simple operation can add value in multi-centric cancer
studies involving data from different scanners or even between
data from different modalities such as (MR-CT perfusion) which
might be useful for patient monitoring in successive imaging
sessions involving multimodal protocols.

To the best of our knowledge there are very few studies
correlating quantitative and semi-quantitative DCE parameters.
Recently, R. A. P. Dijkhoff et al. [23] used Spearman’s rank
correlation of a tumor mean ROI value to show the strong corre-
lation between mean Ktrans and mean Maximum Enhancement
in rectal cancer. In more detail, a Spearman correlation equal
to one, means that the metrics being compared are monotoni-
cally related. The current study is the first (to the best of our
knowledge) voxel by voxel comparison between quantitative
and semi-quantitative DCE parameters (WIN, Ktrans). Our re-
sults revealed a linear relationship between Ktrans and WIN
which outweighs any ROI based analysis because of the large
number of samples-voxels and the fact that the heterogene-
ity of tumors renders voxel-by-voxel quantitative approaches
necessary.

Compartmental and semi-quantitative methods approach tis-
sue perfusion from a different point of view. The first try to
describe physiology and use appropriate simplifications to de-
rive a mathematical model. On the contrary, semi-quantitative
methods do not attempt to model the underlying physiology;
rather, they are data driven and most importantly they do not
include subjective computational steps such as model selec-
tion and the computation of the AIF (which is one source of
variability across clinical sites). This work did not attempt a
comparison between the two markers; rather the aim was to
demonstrate the similarity between results from both methods.
Interestingly, there was a linear relationship between WIN and
Ktrans which is a result of potentially significant clinical impact.
This correlation shows that the two biomarkers convey similar
information and WIN can be used as an alternative marker to
Ktrans. These results call for more research in this field as well
as for protocol standardization which is currently hampered by
biomarker variability across imaging centers.
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