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Abstract— The aim of the present work is to correlate
perfusion information obtained from semi-quantitative DCE
data analysis with quantitative diffusion data analysis in
patients with peripheral arterial disease. An in-house built
software deploying linear and nonlinear least squares
algorithms, was used for the quantification of the parameters
based on intra-voxel incoherent motion (IVIM) model and
exponentially modified Gaussian function. All numerical
calculations were implemented in Python 3.5. Derived per-
fusion parameters (micro-perfusion fraction f and Wash-In
respectively) showed good correlation (>0.5). This constitutes a
promising result for obtaining perfusion information from DWI
sequences without the need for contrast agent in patients with
vascular disease.

Keywords— diffusion weighted imaging, dynamic contrast
enhanced imaging, peripheral arterial disease, intra—voxel
incoherent motion, tissue perfusion, Pearson correlation

1. INTRODUCTION

Dynamic contrast enhanced magnetic resonance imaging
(DCE-MRI) is a well-established method for the study of
tissue perfusion, vascular permeability and expansions of
extravascular-extracellular spaces (EES) [1],[2] in a mini-
mally invasive way. It comprises a series of dynamic
acquisitions during the first pass of paramagnetic contrast
agent (CA) in order to produce signal intensity time curves.
Proper mathematical models have been proposed for the
extraction of clinically relevant perfusion parameters.

Diffusion Weighted Imaging (DWI) is one of the most
commonly used techniques for the study of tissue properties
both in terms of cellularity but also vascularity. Similarly to
DCE, DWI is a 4D acquisition, composed of multiple 3D
volumes acquired with different degree of diffusion
sensitivity (by adjusting b-value (s/mm?)). Proposed
mathematical models such as the IVIM model described in
[3], [4] can decompose perfusion information from diffusion
signal contribution and result in markers indicative of tissue
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perfusion from properly designed DWI protocols. DWI
contrast mechanism is the random walk (Brownian motion)
of the water molecules in tissue and thus does not require the
injection of CA, as opposed to DCE. Specifically, parameter
f in (1) is indicative of microcirculation fraction in tissue
volume and is used for the study of DWI based perfusion.

Since both imaging methods convey information on tissue
perfusion and vascularity, several published works have
studied the correlation of DCE and DWI markers mainly in
the field of oncology [5]-[9]. Accordingly, patients with
atherosclerotic vascular disease such as peripheral arterial
disease [10] (PAD) undergo imaging examination for the
assessment of lower limb perfusion as they run high risk for
disease related complications (ischemic rest pain, gangrene
or ischemic ulcers), leading to critical limb ischemia (CLI)
[11]. Moreover, MRI can be the imaging modality of choice
as it can monitor vascular disease with zero ionizing radiation
dose and can be repeated frequently in order to detect possible
vascular occlusion requiring prompt therapeutic intervention.

Certain restrictions apply to the use of CA in order to
prevent any risks that could potentially be associated with
gadolinium brain deposition [12] according to the European
Medicines Agency (EMA). In this direction the avoidance of
CA injection without any compromise in the diagnostic
information would be beneficial for all patients undergoing
MRI examinations.

The present study addresses the clinical question of the
possible correlation between perfusion parameters derived
from quantitative DWI and semi-quantitative DCE analyses
and whether the former can provide clinically useful tissue
perfusion information. Quantitative modeling refers to
parameters calculated directly from physiology based models
such as (6) and (7) while, the term semi-quantitative is used
for data driven markers. Previous works have verified the
correlation between semi-quantitative DCE methods with
IVIM, more specifically the relative enhancement ratio
(RER) with f-IVIM [13]. In this context our intention is to
examine the correlation of f-IVIM with other DCE derived
markers, i.e. Wash-In (WIN). Both semi-quantitative DCE
markers, WIN and RER, refer to the rate of change of the



CA’s inflow. However, WIN is less prone to miscalculation
errors as its calculation is based on analytical expressions
rather than raw signal intensity in two successive time points
used in RER calculation (section I1.D).

Possible correlation between WIN and f will enhance the
diagnostic evidence concerning the use of DWI for the study
of tissue perfusion in cases where CA administration is
contraindicated for clinical or other reasons (hardware,
acquisition time or post processing constraints).

II. MATERIALS AND METHODS

A. Patient Cohort

20 patients (11 males, 9 females) with PAD underwent MR
examination of lower limb during a 2-year study period
(2016-2018) at the local university hospital. The median age
was 66 years (range 56-81 years). All patients presented with
CLI and according to Fontaine classification [14], 7 patients
had stage Il and 13 patients stage IV PAD. Exclusion criteria
were all common contraindications to MRI, including
pacemakers, ferromagnetic implants and claustrophobia and
also contraindications for administration of Gadolinium
contrast medium such as renal insufficiency and allergy to
gadolinium. The acquisition protocol was submitted and
approved by the local ethics committee and all patients signed
informed consent prior to examination, where the use of MRI
data for scientific purposes was explicitly declared.

B. Imaging Protocol

Each of 20 patients underwent MR examinationona 1.5T
clinical MR Scanner (Vision/Sonata Hybrid system,
Siemens, Erlangen, Germany) upgraded with gradients
(Strength: 45 mT/m, slew rate: 200 mT/m/ms), equivalent
with those gradients operating on 3T systems.

As part of an advanced imaging protocol, DWI and DCE MRI
quantitative techniques where suitably modified and added to
the conventional sequences. Parasagittal imaging plane was
chosen for the optimal depiction of arteries and veins of the
lower limb. Diffusion data 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/mm?], number of slices = 13, echo time (TE) =105 ms,
repetition time (TR) = 2000 ms, matrix size =384x384, field
of view (FOV)=250x250, slice thickness=5mm. DWI
acquisition was repeated with, different polarization direction
of the frequency encoding gradient (P-A instead of A-P in
the initial acquisition (Anterior-Posterior)) [15]. The two data
sets were averaged and the resulting image was used for the
quantification process. The reason for the double acquisition
is the reduction of machine related geometrical distortions or
apparent distortions in signal intensities.

T1W DCE perfusion MR imaging of the lower limb was
performed by utilizing a 3D VIBE (volume interpolated
breath hold examination). 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 TIW 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: FA = 15°, TE =2.73 ms,
TR=7.8 ms, matrix size=512x512 and FOV=250%250. 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.

C. DWI Analysis

DWI and DCE related parameters were quantified by an
in-house platform written in python 3.5. The trust region
reflective algorithm “least_squares” [16] was used for the
extraction of the parametric maps suitable for solving
nonlinear bound-constrained minimization problems as
defined in the SciPy.optimize library [17].

IVIM model, is an extension of the mono-exponential
diffusion model expressed in (1) [18] and relates to the
microscopic displacement of the water molecules due to
diffusion and capillary perfusion. The DWI signal decay as a
function of b-value is expressed in (2).
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S(b) represents the signal intensity at the current b-value
and S(0) is the signal intensity without diffusion weighting
(meaning b=0), D (mm?/s)is the diffusion coefficient,
D* (mm?2/s) is the pseudo-diffusion coefficient and f is
fractional perfusion related to the microcirculation.

Fitting the IVIM model to the DWI data is mainly
succeeded by two different fitting methods.

a) IVIM fitting method I: The first method constitutes
a direct estimation of the IVIM parameters (f,D,D*) using
“least_squares” fitting algorithm with the following bounds
for each parameter: f € (0,1),D € (0,5) X 10~3mm?/s,
D* € (10,200) x 103 mm?/s

b) IVIM fitting method 2: The second method is a dual
step process combining linear and non-linear fitting
algorithms. It has been previously shown that perfusion in the
IVIM fitting methods on peroneus longus data
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Fig. 1. IVIM fitting methods. Diffusion MR Signal of peroneus longus
muscle data (dots) and fitted curves for IVIM model calculated by
method 1 (cyan dashed line) and method 2 (magenda dashed line).



cappilary network is in presence at the low b-value range
(typically for b-values < 200 s/mm?) [19]. Thus, in the high
b-value range (b>200 s/mm?) the signal decay is considered
to be monoexponential and as a first step, D is calculated by
linear fitting “scipy.optimize.lsq_linear” to (1) after taking
the logarithm of both sides. Since the diffusion coefficient D
is determined, parameters fand D* are extracted from (2) by
using the nonlinear fitting algorithm for all b-values. A fitting
example of the two IVIM methods on peroneus longus
muscle data is illustrated in Fig. 1.

D. DCE MRI semi-quantitative Analysis

For the calculation of WIN parameter, the signal intensity
curves over time for every voxel in the temporal domain were
fitted to the exponentially modified Gaussian (EMG)
function (3) with four unknown parameters (a,b,c,d).
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More precisely, erf(t) is the Gaussian error function,
erf(t) = f_t . e~*" dx. The four unknown parameters a,b,c,d
have not any physiological meaning and thus the optimization
was performed in the range of real numbers (R) with the
Levenberg-Marquardt algorithm [20]. After fitting the EMG
function to the PAD data a variety of semi-quantitative
parameters can be computed with the use of the first
derivative of the EMG function [21], [22] such as: WIN,
WOUT, TTPK and TMSP. WIN and WOUT parameters
were calculated as the maximum and minimum value of the
EMG’s function respectively. 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, TMSP (time to maximal slope) is the
required time of the first derivative of (3) to reach its
maximum value. A graphical illustration of the semi-
quantitative parameters extraction is presented in Fig. 2.
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Fig. 2. Graphical illustration of semi-quantitative parameters from raw
DCE data. [Lower image] Signal intensity data (dots) and EMG function
fit (dashed line). Vertical lines depict the TMSP (time o 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
WOouT

In general, the fitting process is affected by instrumentation
noise resulting to parametric maps with large local variations
within neighboring voxels. To this end, we applieda 5 X 5
Gaussian filter with 0 = 0.9 on the derived parametric maps
to reduce the effect of noise, as described in bibliography [8],
[13].
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Fig. 3. DCE and DWI perfusion analysis of a patient with PAD.
Parasagittal parametric map of the lower extremity showing
Wash-In (WIN) calculated by EMG [upper left] and f~-IVIM
method 1 [upper right]. Both maps have been normalized to
[0,1]. [Lower image:] g-q plot of WIN versus f-IVIM values.

E. Fitting Performance

The evaluation of the fitting performance for the semi-
quantitative DCE and DWI analysis was based on the
adjusted R squared ( R?). This choice was considered
advantageous over R? as it takes into account the R?and
therefore the residual sum of squares between model and data
points, the number of the explanatory variables (p) and the
number of data time points (N). In more detail, R? it is a
given by the formula below:
= N-1

RP=1-(1-R) ;== ©

F. Correlation Analysis

In order to use Pearson’s correlation coefficient in 3D
space an essential step is to resize DCE parametric maps to
the matrix size of DWI images using bicubic interpolation.
Additionally, DWI and DCE 4D data alignment is performed
based on the image specific dicom tag of slice location in the
z-axis (slice-axis). In order to focus on the study of perfusion
of the lower limb we intended to exclude data from
physiologically non perfused areas, such as bones, where
WIN and IVIM-f are expected to be equal to zero. In the
opposite case the large number of those values would
contaminate the results by presenting false positive
correlation corresponding to the zero values. Thus for every
patient Pearson’s correlation coefficient (r) was calculated by
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WIN and f represent the mean values of WIN and f
respectively for each patient.

G. DCE MRI Quantitative Analysis

In order to understand the difference between
quantitative and semi-quantitative perfusion models, in this
paragraph the most widely used quantitative DCE models
such as the extended Tofts (ETM) [23] and Patlak’s (PM)
[24] models are described. Considering the concentration of
CA in the tissue (C.(t)) and the concentration of CA in a
feeding artery (C,(t)), also known as the arterial input
function (AIF), ETM assumes bidirectional transfer of the
CA between the blood plasma and the extravascular-
extracellular space (EES) as seen in (6) below:

Ct(t) = Ktranse=Kept ® Ca(t) + v Ca(t) (6)

where, K% (min~') represents the transfer constant from
the blood plasma into the EES and K,,, (min™") represents the
transfer constant from the EES back to the blood plasma
while v, is the plasma volume. Furthermore, & denotes the
convolution operator.

From the other hand, PM ignores the transfer of CA from the
EES back to blood plasma as compared to ETM and its
equation is given by (7).

t
C,(t) = Ktrans f C.@dr+v,C, (1) (7)
0

III. RESULTS

Voxel based parametric maps of WIN and f-IVIM were
produced at a parasagittal plane, normalization at the range of
[0,1] served illustration purposes. Osseous areas appear black
as expected as they show no enhancement in DCE sequences
(Fig.3 [left]) and they exhibit mono-exponential DWI signal
decay (Fig3. [right]). At the other end macroscopically
perfusion areas (vessels) appear with high WIN and f values.

Regarding the fitting performance, mean(R?) + std(R?) of
the models for both DCE and DWI data over the whole
patient cohort are presented in I. A Pearson’s r of 0.582 was
measured between f-IVIM method 1 and EMG while a
slightly higher correlation was found for f-IVIM method 2
and EMG (r = 0.588) as shown in the third column of I.
Indicative examples showing visual similarity between WIN-
fmethod 1 and WIN-f method 2 are shown in Fig. 3 and Fig.
4. In addition, quantile-quantile plots (or scatter plots) are
also appended in Fig.3 and Fig.4 to visually show the linear
relationship between WIN and f-IVIM. It is important to note
that the corresponding p-values per patient were significantly
lower than 10~ for all cases because the analysis was voxel
based rather than averaged voxel values from a certain region
of interest (ROI) based.

TABLE L. MODEL FITTING PERFORMANCE AND PEARSONS
CORRELATION COEFFICIENT
Models/Methods (mean) R? + (std(R?)) Pearson’s (r)

IVIM method 1 0.603 + (0.306)

0.582

EMG 0.443 £ (0.332)

0.588

IVIM method 2 0.587 £(0.312)

IV. DISCUSSION

The main goal of the present study was to investigate the
correlation of perfusion related markers derived by different
imaging techniques (DCE, DWI) which in turn can open new
horizons in MRI perfusion imaging. In our case, patients with
CLI are at a higher risk for amputation and require urgent
revascularization by means of surgical or endovascular
procedures [25]. For this reason, careful monitoring is
necessary including baseline and frequent follow up
examinations. In such cases, DWI perfusion may be an
attractive alternative to DCE-MRI since it doesn’t require
contrast medium administration.

This work comes as an extension of a previously
published paper reporting Pearson’s r = 0.601 between f-
IVIM method2 and relative enhancement ratio (RER) and r =
0.592 between f-IVIM method 2 and RER [13]. The WIN
approach has significant advantages over the RER study
because of the fitting procedure that eliminates noise
contamination in the calculation of RER. However, the fact
that both DCE derived semi-quantitative markers (WIN,
RER) have positive correlation with DWI derived f-IVIM is

EMG Wash-in IVIM f method 2

WIN values

IVIM-f values

Fig. 4. DCE and DWI perfusion analysis of a patient with PAD.
Parasagittal parametric map of the lower extremity showing Wash-
In (WIN) calculated by EMG [upper left] and f-IVIM method 2
[upper right]. Both maps have been normalized to [0,1]. [Lower
image:] q-q plot of WIN versus f-IVIM values.



an encouraging result further supporting the possible use of
DWI MRI for perfusion imaging.

Both aforementioned works have a similar Pearson’s r of
the order of 0.6 which is considered as a positive correlation.
This value of r is satisfactory considering that DWI and DCE
are based on different physical properties and also differ
significantly in the assumptions used for post processing. A
perfect correlation cannot be expected, rather our aim is to
prove that to a large extent the corresponding parametric
images will convey similar information to the clinician. To
support this statement, there is a large number of publications
in clinical research reporting an r in the range of 0.5 to 0.7
which is considered as a good correlation although not strong
[6]-[8]. It has to be noted that in this study we extended our
dataset with 7 new cases.

Concerning the goodness of fit, a conclusion drawn from
[13] was that compared to the widely used quantitative
pharmacokinetic models, such as, ETM in (6) and PM in (7),
semi-quantitative model EMG exhibits higher R?. This in
turn can be attributed to reported variability of the Ktrans
parameter across imaging centers using different
computational steps and necessitating user interaction
(subjective AIF), T1 mapping or constant T1, temporal
resolution etc.). The final outcome is reported to vary as much
as an order of magnitude across centers [22], [26]. On the
contrary, EMG quantification is a one-step fitting process of
EMG function to the temporal data. Moreover, the latter
requires a simpler acquisition protocol without the need for
dynamic sequences with variable flip angles (T1 mapping).
To this end, we used semi quantitative pharmacokinetic
models for quantification.

DWI acquisition is based on HASTE sequence avoiding
thus fat suppression inherent in echo planar imaging (EPI)
sequences usually used for diffusion [27], in order to avoid
distortion artifacts and increase signal to noise ratio. Areas
with no perfusion (cystic or osseous) are expected to have
zero f (mono-exponential behavior) and appear black in Fig.
3[right] and Fig. 4 [right]. The same applies for areas with no
enhancement in dynamic DCE images where flat time
intensity curves result in zero WIN values.

A relatively slow injection rate of CA was chosen for two
reasons during the dynamic phase. Firstly, muscles are
normally characterized by slow perfusion rate which can be
easily quantified using a slow injection rate. Secondly, a fast
injection rate (bolus injection technique) induces
susceptibility artifacts from the presence of highly
concentrated contrast agent which in turn can be mitigated
with the slow rate non-bolus administration.

Comparing DWI and DCE quantification methods, we
observed higher R? for the former. It has to be noted though
that better R? for DWI methods is also favored by the smaller
number parameters for optimization (explanatory variables p
in (4)) and therefore it affects the direct comparison of fitting
performance. Moreover, another limitation of our study is the
necessity of resizing the parametric maps through bicubic
interpolation since matrix sizes for DCE and DWI raw data
were different. Although the present study had a larger patient
cohort compared to the previous one, it is still limited for a

robust validation of our findings. It is within our future plans
to expand this study to a larger patient cohort in order to
increase the statistical power of our analysis and to perform
in addition longitudinal studies following revascularization
through endovascular stents [28].
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