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A Standardized Parameter-Free Algorithm for Combined
Intravoxel Incoherent Motion and Diffusion Kurtosis Analysis

of Diffusion Imaging Data

Moritz C. Wurnig, MD, MSc, David Kenkel, MD, Lukas Filli, MD, and Andreas Boss, MD, PhD

Objectives: The aims of this study were to implement and systematically evalu-

ate the performance of a new parameter-free segmented algorithm for analysis of

diffusion imaging data using a combined intravoxel incoherent motion and diffu-

sion kurtosis imaging (IVIM-DKI) model of spin diffusion in comparison with

the simpler intravoxel incoherent motion (IVIM) model.

Materials and Methods: A multistep algorithm was implemented intended to

separate diffusion kurtosis from IVIM effects in multi-b-value diffusion measure-

ments using an adaptive b-value threshold technique. For each possible b-value

threshold (separating diffusion and perfusion effects), diffusion kurtosis analysis

of high b-values is followed by IVIM analysis keeping kurtosis parameters fixed.

The b-value threshold with smallest Akaike information criterion is chosen as

best model solution. The algorithm was tested in diffusion data sets of the upper

abdomen from 8 healthy volunteerswith 16 different b-values and comparedwith

a standard multistep IVIM analysis.

Results: The proposed algorithm could successfully be applied to all data sets

and provided a significantly better fit of the observed signal decay in all assessed

organs (all P < 0.03). Using the proposed IVIM-DKI model of diffusion instead

of an IVIMmodel had a systematic impact on the resulting IVIMparameters: The

pure diffusion coefficient and the pseudodiffusion coefficient were significantly

increased (P < 0.03 in all assessed organs), accompanied by a decrease in the per-

fusion fraction in liver, pancreas, renal cortex, and skeletal muscle (all P < 0.02).

Optimal b-value thresholds separating diffusion from perfusion effects had a

tendency to lower values when the IVIM-DKI model was used.

Conclusions: The proposed algorithm provides a new approach for separation

of IVIM and kurtosis effects of diffusion data without organ-specific adaptation.

Key Words: intravoxel incoherent motion, diffusion-weighted imaging,

diffusion kurtosis imaging, magnetic resonance, pseudodiffusion

(Invest Radiol 2015;00: 00–00)

D iffusion weighted imaging (DWI) is a well-established clinical tool
today. Although it is known that diffusion weighting and signal

intensity in DWI is dependent on the chosen b-value modeling of dif-
fusion in perfused biological tissues remains challenging. Several dif-
ferent models for the signal decay in dependence on used b-values in
DWI have been proposed. These include the classical monoexponential
model of passive water diffusivity, and the intravoxel incoherent motion
(IVIM) model1 including the contribution of perfusion effects present
at low b-values. Furthermore, the diffusion kurtosis (DKI) model was
proposed, which takes into account the non-Gaussian diffusion behav-
ior of water molecules at high b-values.2

Because the IVIM model and the DKI model cover different
aspects of diffusion, a combined IVIM-DKI model might describe

diffusion in perfused biological tissues more accurately. However, as
diffusion models are getting more complex, fitting of the measured sig-
nal decay becomes increasingly unstable with higher number of free pa-
rameters because of underdetermination, which is especially true for the
IVIMmodel, a fact that greatly hampered the usage of these more com-
plex models. Another fact adding to the instability of typically used
algorithms to fit the whole IVIM model at once is the dependence of
the fitting variables among each other.3 To overcome this issue, differ-
ent approaches have been used, including fixing of the pseudodif-
fusion coefficient, Bayesian fitting, and discretization of the fitting
parameters.4–10 One of the most commonly used approaches today is
a multistep procedure calculating separately 1 IVIM parameter after
the other,11–23 thereby reducing the degree of freedom for each individ-
ual step.

Still, this method needs the definition of an arbitrary b-value
threshold above which perfusion effects are expected to be negligible,
which has been shown to influence the calculated IVIM parameters. To
eliminate the need of choosing such a b-value threshold, a parameter-
free version of the very commonly used multistep procedure for the
IVIMmodelwas proposed recently.3 In this study, we expanded the pro-
posed parameter-free segmented algorithm for a combined IVIM-DKI
model of diffusion and evaluated its performance and possible system-
atic differences in comparison with the simpler IVIM diffusion model.

MATERIALS AND METHODS

Subjects
Eight healthy subjects (6 men, 2 women; median age, 26 years,

range, 23–39 years) were prospectively included in this study. Written
informed consent was obtained from all subjects and the study was
approved by the local ethical review committee.

Imaging Protocol
For magnetic resonance imaging, a 3 T whole-body magne-

tic resonance scanner (Ingenia, Philips, Best, the Netherlands) with a
16-channel flexible anterior phased-array coil and built-in posterior coil
was used. A spin-echo prepared echo-planar imaging sequence was
used to acquire diffusion weighted image data sets of the upper abdo-
men in axial sections using trace weighting. For the acquisition, 16
b-values (0, 10, 20, 40, 90, 100, 170, 200, 210, 240, 390, 530, 620,
750, 970, and 1000 s/mm2) were chosen as suggested by Lemke et al.24

Additional sequence parameters included the following: repetition time,
5000 milliseconds; echo time, 69 milliseconds; matrix size, 144 � 144;
in-plane resolution, 2.8 � 2.8 mm; slice thickness, 5 mm; number of
averages, 6; parallel imaging SENSE factor, 2; spectral selection atten-
uated inversion recovery fat suppression; and receiver bandwidth,
2321 Hz/px. Total scan time was 46 minutes 10 seconds. All imaging
was performed during free breathing.

Region of Interest Definition
To acquire signal-intensity curves as a function of the b-value, a

region of interest (ROI) analysis was performed similar toWurnig et al.3

All ROIs were defined using institutional computer scripts written in
the programming language Matlab (The MathWorks, Natick, MA).
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Polygonal ROIs were defined on the b = 0 s/mm2 image and subse-
quently copied to all other b-value images of the same data set. To
exclude contributions from macroscopic vascular flow, large vessels
were avoided in the manual ROI definitions. The following body re-
gions were assessed: liver (left and right lobe separately), pancreas,
spleen, kidney (cortex and medulla separately), and erector spinae mus-
cle. Standardized ROI definitions were used as specific anatomical re-
gions were defined for placement. Regions of interest were drawn in
liver segment III (left liver lobe) and liver segment V/VI (right liver
lobe). For the pancreas, the ROI was placed in the middle of the cauda
in the slice containing its largest part. The definition of the ROI in the
spleen was performed in the middle of the spleen in the slice covering
the hilus. For the kidney, ROIs were defined in the right kidney in the
slice covering the hilus (cortex and medulla). Finally, an ROI was
placed in the middle of the left erector spinae muscle in the slice at
the level of the renal arteries. Figure 1 shows typical ROI definitions
as described. All signal intensity curveswere normalized to a maximum
of 1 for the b = 0 s/mm2 image.

Combined IVIM-DKI Analysis
In the standard IVIM model, the signal intensity curves from a

DWI experiment with multiple b-values are divided in a part dominated
by diffusion effects and in a part dominated by perfusion effects, as
described by

Sb=S0 ¼ Fp exp −bD*ð Þ þ 1−Fp

� �

exp −bDð Þ: ð1Þ

In this equation Sb represents the signal intensity in the DWI data ac-
quired with the b-value, S0 is the signal intensity in the b = 0 s/mm2 im-
age, Fp is the perfusion fraction, D* is the pseudodiffusion coefficient,
and D is the diffusion coefficient of “pure” molecular water diffusion.
Although this model provides a more realistic description of the signal
behavior of perfused tissue in diffusion experiments, it still lacks some
potentially important components as it is known that “pure” diffusion
can be further subdivided in fast- and slow-diffusing components. A
well-known model for the description of this phenomenon is the diffu-
sion kurtosis model, which introduces the kurtosis—an indicator for the

non-Gaussianity of the diffusion. In the present study, we combined the
IVIM and the DKI model to describe the tissue signal intensity curves
fromDWI experiments more precisely by using the following equation:

Sb=S0 ¼ Fp exp −bD*ð Þ þ 1−Fp

� �

exp −bDþ
K

6
b2D2

� �

: ð2Þ

In this equation, the parameter K (the kurtosis) is a measure for the
non-Gaussianity of the diffusion dominated part of the observed signal
decay in DWI experiments.

To compute IVIM parameters from Eq. (1) typically a multi-
step approach is used,11–19 where D is calculated from all b-value
above a threshold, where perfusion contributions are presumed to
be negligible. Subsequently, Fp is calculated from the y-axis inter-
cept of “pure” diffusion and finally D* in separate steps. To over-
come the need of choice of an appropriate threshold (which also
might be influenced by the assessed organ, age, and the presence
of disease), recently, a parameter-free algorithm was introduced.3

Here, we extended the proposed algorithm for a combined IVIM-
DKI analysis using Eq. (2).

In the first step of the algorithm, parameters D and K are cal-
culated using a fit to the log-transformed signal intensities of the data
acquired with the n highest b-values:

logSb ¼ −bDþ
K

6
b2D2 þ logS0

0: ð3Þ

Then Fp is calculated from the measured signal intensity in the
b = 0 s/mm2 image S0 and the calculated signal intensity S0'
as follows:

Fp ¼
S0−S0

0

S0
ð4Þ

In the final step, a nonlinear fit is used to fit the signal intensities from
all b-values to the complete equation,2 with the only variable parameter
D* using the calculated and fixed values for D, K, and Fp. For all fits,

FIGURE 1. Typical region of interest placement for (A) right liver lobe, (B) pancreas, (C) spleen, (D) kidney cortex, (E) kidney medulla, and (F) erector
spinae muscle.
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an algorithm based on the Levenberg-Marquardt technique was used,
which also calculates the sum of the squared residuals. To find the op-
timal b-value threshold, the above described procedure is performed in a

loop using the highest n b-values (n ranging from N to 3, N being the
number of all available b-values), which are applied for the calculation
of D, K, and Fp, whereas the subsequent IVIM-DKI fit is kept with all
b-values. Finally, the best fitting curve is determined for all N − 2 eval-
uations. The above described algorithm is depicted as a flow chart in
Figure 2.

To determine the best fitting-curve (using all b-value data, but
different b-value thresholds), Akaike's information criterion (AIC)
was used, which rewards lower error residuals but penalizes the number
of fitting parameters.With the assumption of normally distributed resid-
uals of the fit, the AIC can be determined according to

AIC ¼ N logσ2 þ 2k; ð5Þ

Here,N denotes the number of fitting points (fixed and equal to number
of all available b-values), σ

2
is the variance of the residuals, and k is the

number of fitting parameters. Note that k is fixed for the used model of
diffusion and has no effect on the determined b-value threshold or on
the fitted parameters. Lower AIC values correspond to better fitting
curves. The rationale to use the AIC instead for instance minimizing
the sum of the squared residuals was that using a more complex model
of diffusion such as IVIM-DKI (using more free parameters) could lead
to overfitting of the data. Such overfitting is penalized by the AIC but
not by the sum of the squared residual.

Statistical Evaluation
The optimal b-value thresholds leading to the best fitting curves

were determined for each subject and organ using the previously de-
scribed parameter-free IVIM algorithm as well as the extended IVIM-
DKI version. For each organ, mean values and standard deviations were
computed for IVIM and DKI parameters (and resulting AIC values). To
test for differences between the IVIM algorithm and the DKI-IVIM al-
gorithm, paired Student t tests were used for the resulting IVIM and
DKI parameters as well as the resulting AIC values. To test for differ-
ences between the automatically chosen b-value thresholds, Wilcoxon
signed-rank tests were used. All P values < 0.05 were considered to
be statistically significant. All statistical analyses were performed by
using commercially available software (GraphPad Prism version 5.04
for Windows, GraphPad Software, La Jolla, CA, USA).

RESULTS
Both algorithms could be successfully applied to all data sets,

meaning that in the ROI analysis for each volunteer and organ a mini-
mum of the AIC criterion was reached defining the b-value threshold.
Parametrical maps for all free parameters of the evaluated diffusion
models could be obtained in appropriate image quality (cp. Fig. 3). Typ-
ical fitting curves for liver parenchyma and renal cortex are provided in
Figure 4 for both algorithms. In general, visually, a better fitting curve
was noted when the IVIM-DKI algorithm was used (Fig. 4). Further-
more, a tendency to choose lower optimal b-value thresholds for the
separation of perfusion and diffusion effects of the IVIM-DKI algo-
rithm was observed, especially in the kidney (cortex and medulla) and
muscle tissue (Table 1, Figs. 3 and 5). However, statistically significant
differences for the choice of optimal b-value thresholds between the al-
gorithms were found only in the kidney cortex (P = 0.008).

MeanD values aswell as meanD* values significantly increased
in all assessed organs when using the IVIM-DKImodel (P < 0.03 for all
comparisons), whereas Fp values significantly decreased in the liver
(left and right lobe), the pancreas, the renal medulla, and erector spinae
muscle. These differences were accompanied by a significant decrease
in the AIC—indicating a better-fitting curve—in all assessed organs
when the IVIM-DKImodelwas used (cp. Figs. 4 and 6). The typical be-
havior of the AIC for different thresholds is depicted in Figure 5 for
both the IVIM and IVIM-DKI models.

FIGURE 2. Flowchart of the proposed algorithm for the combined
intravoxel incoherent motion and diffusion kurtosis imaging analysis of
diffusion imaging data. The Akaike information criterion (AIC) value is
computed in a loop while decreasing the number of b-values used for
the computation of D and K from N (all b-values) to 3 (and therefore
decreasing the used b-value threshold). Finally, the fit with the smallest
AIC is determined.

Investigative Radiology • Volume 00, Number 00, Month 2015 A Parameter-Free Algorithm for IVIM-DKI Analysis

© 2015 Wolters Kluwer Health, Inc. All rights reserved. www.investigativeradiology.com 3

                                            Copyright © 2015 Wolters Kluwer Health, Inc. Unauthorized reproduction of this article is prohibited.                                               
                                 This paper can be cited using the date of access and the unique DOI number which can be found in the footnotes.



When using the IVIM-DKI algorithm, the typical characteristics
of the assessed organs did not change: Liver and pancreas showed the
highest values for perfusion fraction Fp and the pseudodiffusion co-
efficient D*. Liver exhibited the typical difference between the left
and right lobes, probably because of motion (breathing, cardiac) as well
as susceptibility effects resulting from the stomach. The spleen demon-
strated the lowest D values as well as a low perfusion fraction whileD*
was high. In the kidneys, the highest D values in combination with the
lowest D* values were observed. Muscle tissue showed D values com-
parable with that in pancreas, a very low perfusion fraction, and lowD*
values (cp. Fig. 6).

Kurtosis showed the following behavior: Whereas liver had
the highest K values (left: 1.55 ± 0.73; right, 1.50 ± 0.46), followed
by spleen (1.09 ± 0.36) and pancreas (0.91 ± 0.21), muscle tissue

(0.58 ± 0.19) and kidney showed the lowest values (cortex:
0.65 ± 0.08; medulla: 0.45 ± 0.34).

DISCUSSION
In this study, we propose a new standardized parameter-free al-

gorithm for combined IVIM-DKI analysis of diffusion imaging data
and investigated the influence of the consideration of non-Gaussian dif-
fusion in the IVIMmodel of diffusion on the derived parameters. To this
end, we modified the recently proposed parameter-free segmented
algorithm3 to allow for calculation of the parameters of a combined
IVIM-DKI model. We could show that the inclusion of kurtosis in the
well-established IVIM model of diffusion has several effects: First,
curve fitting to the signal decay is improved, thereby potentially

FIGURE 3. Parametrical maps of pixel-wise intravoxel incoherent motion (IVIM) and combined IVIM and diffusion kurtosis imaging (IVIM-DKI) curve
computation. The pixel-wise computation of the curves is more demanding compared with region of interest analysis; therefore, noise contribution is
higher. However, several aspects can be appreciated: (1) The consideration of the diffusion kurtosis results in increased true diffusionD, for instance in the
liver. (2) Accordingly Fp is decreased, most prominent in the renal cortex. (3) Furthermore, an increase in D* can be noted when the IVIM-DKI model is
used. (4) In general, optimal b-value thresholds tend to lower values when kurtosis is considered. (5) Kurtosis is higher in the liver compared with renal
tissue. (6) Kurtosis is zero in fluid collections such as the gall bladder. High Fp is seen at the margin of the gallbladder because of motion artifacts.
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improving the informative value of the calculated parameters. Second,
the true diffusion coefficient D as well as the pseudodiffusion coeffi-
cient D* increase accompanied by a decrease in the perfusion fraction
Fp. Third, the optimal b-value threshold for curve fitting tends to de-
crease, although significance was reached only for the kidney cortex.
Fourth, all organs showed a positive kurtosis.

Although previous studies have investigated which diffu-
sion model fits best for the description of perfused biological tissues,
to our knowledge, only 1 of these studies included the IVIM-DKI
model,25 whereas most other studies investigated IVIM and DKI
separately.26–28 As both models, IVIM and DKI, were usually among
the best-fitting models and the covered aspects of both models are

complementary, combining both models seems a logical next step. Still,
a systematic analysis of possible systematic changes when combining
the models was not conducted, as the study by Lu et al.25 focused on
other aspects.

It has been previously described that introducing kurtosis in
the monoexponential diffusion model systematically increases the ob-
served diffusion coefficient,29,30 which is in line with the findings in
our study when kurtosis was introduced in the IVIM model. For posi-
tive kurtosis, such as observed in our study as well as in other dedicated
DKI studies,2,30–33 at least a part of this effect can be explained with the
way kurtosis is introduced in the model, as D and K are introduced in
the equation with opposite signs.

FIGURE 4. Typical wise intravoxel incoherent motion (IVIM) and combined IVIM and diffusion kurtosis imaging (IVIM-DKI) fitting curves are shown for
liver and kidney parenchyma. The combined IVIM-DKI approach results in an improved description of the measurement points with smaller residuals
and a lower Akaike information criterion (AIC) value (right liver: AICivim = −130.1, AICivim-dki = −142.7; renal cortex: AICivim = −123.1,
AICivim-dki = −136.4). The consideration of the diffusion kurtosis in the fit causes an increase in the true diffusionD (right liver:Divim = 1.16� 10−3mm2/s,
Divim-dki = 1.53 � 10−3 mm2/s; renal cortex: Divim = 1.72 � 10−3 mm2/s, Divim-dki = 2.80 � 10−3 mm2/s) and the pseudodiffusion D* (right liver:
D*ivim = 65.5� 10−3mm2/s,D*ivim-dki = 103.3� 10−3mm2/s; renal cortex:D*ivim = 11.8� 10−3mm2/s,D*ivim-dki = 56.3� 10−3mm2/s) compared with
the simpler IVIMmodel, whereas Fp (right liver: Fpivim = 0.229, Fpivim-dki = 0.192; renal cortex: Fpivim = 0.303, Fpivim-dki = 0.125) is decreased. Although the
same b-value threshold (20 s/mm2) is chosen in the right liver lobe for the IVIM and the IVIM-DKI model, the threshold in the renal cortex was lower
when the IVIM-DKI model was used (thresholdivim = 170 s/mm2, thresholdivim-dki = 40 s/mm2).
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When compared with the literature, the measured values for the
kurtosis differed from the values reported in dedicated DKI studies:
Whereas in the liver higher values were found (this study, right liver
lobe: K = 1.50 ± 0.46; Filli et al,31 right liver lobe: 1.04 ± 0.25), values
in the spleen were lower (this study: K = 1.09 ± 0.36; Filli et al31:
1.72 ± 0.32). K values in the kidneys were within the range reported
in the literature (medulla: K = 0.56–0.79; cortex: K = 0.56–
0.9431,34,35). These differences indicate that including the kurtosis in
the IVIM model not only has an effect on the derived IVIM parameters
but also affects the measured kurtosis. However, it cannot be ruled out
that the observed kurtosis is also partly affected by the background
noise floor and the lower signal-to-noise ratio at higher b-values. On
the other hand deriving the kurtosis within an IVIM-DKI model might
have introduced additional variation of K, when compared with studies
using DKI alone.

An interesting observed effect was the tendency of the IVIM-
DKI algorithm to choose lower optimal b-value thresholds in comparison
with the IVIM algorithm. A reason for thismay lie in the interdependence
of the b-value threshold and the true diffusion coefficient D,3 which in
turn is dependent on the kurtosis K in the IVIM-DKI approach. More
specific, this may indicate that the nonconsideration of the kurtosis may
lead to a bias in IVIM fitting of DWI data.

These findings illustrate important aspects in the description of
diffusion data with advanced models such as IVIM, DKI, or IVIM-
DKI, namely, the interpretation of the obtained parameters as potential

biomarkers. The principle aspects in the establishment of diffusion
models may be summarized to the following:

a. More complex models require a higher number of parameters,
which need to be determined with sufficient stability from a lim-
ited number of b-value measurements using sophisticated mathe-
matical fitting algorithms.

b. The parameters are not independent but are interdependent in
a highly complex relationship. This interdependence cannot be
reflected by 1 single describing equation, as it reflects physiolog-
ical and physical properties.

Typical physical and physiological properties of perfused biolog-
ical tissues as assessed with the IVIM-DKI model are as follows:

a. For all tissues, a specific b-value threshold can be determined.
Diffusion data acquired with b-values higher than this threshold
include minor to negligible contributions from perfusion effects.

b. The kurtosis K generally has a positive value.

In our multistep algorithm, we tried to optimize the stability of
the parameters by a step-wise computation of the respective parameters,
whenever possible, keeping the simultaneously acquired parameters as
low as possible (only D and K are fitted within the same computation
step). In both models, the described IVIM and the IVIM-DKI

FIGURE 5. Typical behavior of the Akaike information criterion (AIC) for different thresholds for both the intravoxel incoherent motion (IVIM) and
combined IVIM and diffusion kurtosis imaging (IVIM-DKI) diffusion models in 2 subjects (S1 and S2). Note whereas for liver tissue, both models show
the same characteristics with reaching the b-value threshold with the lowest AIC already at very low b-values followed by a steady increase in the
AIC for higher b-values, in the kidney, optimal b-value thresholds for the IVIM-DKI model are lower than for the IVIM model.

TABLE 1. Comparison of Optimal b-Value Thresholds Between IVIM and IVIM-DKI

Optimal b-Value Threshold IVIM Optimal b-Value Threshold IVIM-DKI

PFirst Quartile Median Third Quartile First Quartile Median Third Quartile

Left liver lobe 20 40 40 20 40 40 1.000

Right liver lobe 20 20 20 20 40 40 0.089

Pancreas 10 20 20 12.5 20 77.5 0.198

Renal medulla 10 60 495 10 20 77.5 0.246

Renal cortex 117.5 170 192.5 10 25 77.5 0.008

Spleen 10 20 40 12.5 20 40 0.854

Erector spinae muscle 12.5 245 597.5 10 10 72.5 0.063

IVIM indicates intravoxel incoherent motion; DKI, diffusion kurtosis imaging.
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algorithms, the best b-value threshold is chosen by minimizing AIC.
The significantly better fit of the IVIM-DKI model may indicate that
the resulting parameters, with their systematic deviation (in comparison
with the IVIM model), might describe diffusion in perfused biological
tissues more accurately.

The following limitations for our study apply: First, the number
of assessed volunteers was limited. Second, as triggering was not an
option due to time constraints, breathing motion might have added var-
iability to the results, although subjects were asked to breathe gently and
periodically. Third, as for the original parameter-free algorithm for
IVIM analysis, there is a remaining dependence of the results on the
chosen and acquired b-values for the new proposed IVIM-DKI al-
gorithm also, because only these b-values can be considered by the

algorithm in terms of a possible threshold. Fourth, the introduction of
additional parameters in the IVIM-DKI model might have an influence
on the reproducibility of the derived parameters. This issue needs to be
addressed in a dedicated reproducibility study. Fifth, the chosen highest
b-value might have influenced the resulting kurtosis as the curvature
of the observed signal decay might be incomplete. However, studies
on DKI in the abdomen usually have used lower maximum b-values
when compared with the present study.31,34,35 Furthermore, the rather
long acquisition time of the chosen approach limits its usage for clinical
applications.

In conclusion, we demonstrated that the proposed parameter-free
algorithm for IVIM-DKI analysis provides a new approach for separation
of IVIM and kurtosis effects of diffusion data without organ-specific

FIGURE 6. Comparison of parameters of the intravoxel incoherent motion (IVIM) and combined IVIM and diffusion kurtosis imaging (IVIM-DKI) models.
Mean and standard deviations for the region of interest (ROI) analysis over all subjects are shown. Statistical significances with P < 0.05 are marked with
*, significances with P < 0.01 are marked with **.
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adaptation.While the introduction of kurtosis in the IVIMmodel of dif-
fusion leads to alterations of the resulting IVIM parameters, a signifi-
cantly better fitting of the measured signal decay curves in diffusion
experiments in perfused biological tissues can be obtained compared
with a conventional multistep IVIM approach.
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