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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.
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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.

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

33



Acknowledgements

This work was supported by the General Secretariat for Research

and Technology (GSRT) and the Hellenic Foundation for Research and
Innovation (HFRI).

Appendix A. Formulae and equations
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