1

Spatially Constrained Incoherent Motion (SCIM) Method
Improves Diffusion-Weighted MRI Signal Decay Analysis in
the Liver and Spleen
Vahid Taimouri 1 PhD, Onur Afacan1 PhD, Jeannette M. Perez-Rossello2 MD, Michael J.
Callahan2 MD, Robert V Mulkern2 PhD, Simon K Warfield1 PhD, Moti Freiman1 PhD
1

Computational Radiology Laboratory, Dept. of Radiology, Boston Children’s

Hospital, Harvard Medical School, MA USA.
2

Dept. of Radiology, Boston Children’s Hospital, Harvard Medical School, MA,

USA

Abstract
Purpose: To evaluate the effect of the Spatially Constrained Incoherent Motion (SCIM)
method on improving the precision and robustness of fast and slow diffusion parameter
estimates from diffusion-weighted MRI in liver and spleen in comparison to the
independent voxel-wise intra-voxel incoherent motion (IVIM) model.
Methods: We collected DW-MRI data of 29 subjects (5 healthy subjects and 24 patients
with Crohn’s disease in the ileum). We evaluated parameters estimates’ robustness
against different combinations of b-values (i.e. 4 b-values and 7 b-values) by comparing
the variance of the estimates obtained with the SCIM and the independent voxel-wise
IVIM model. We also evaluated the improvement in the precision of parameter
estimates by comparing the coefficient of variation (CV) of the SCIM parameter
estimates to that of the IVIM.
Results: The SCIM method was more robust compared to IVIM (up to 70% in liver and
spleen) for different combinations of b-values. Also, the CV values of the parameter
estimations using the SCIM method were significantly lower compared to repeated
acquisition and signal averaging estimated using IVIM, especially for the fast diffusion
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parameter in liver (CVIVIM=46.61±11.22, CVSCIM=16.85±2.160, p<0.001) and spleen
(CVIVIM=95.15±19.82, CVSCIM=52.55±1.91, p<0.001).
Conclusion: The SCIM method characterizes fast and slow diffusion more precisely
compared to the independent voxel-wise IVIM model fitting in the liver and spleen.
Keywords:

diffusion-weighted imaging, intra-voxel incoherent motion,

constrained estimation.

spatially
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Introduction
Diffusion-weighted MRI (DW-MRI) is a non-invasive imaging technique sensitive to the
diffusivity of water molecules at the cellular and subcellular levels. Quantitatively, the
decay of water signal with b-factor in DW-MRI images is commonly modeled with a
mono-exponential function associated with the so-called apparent diffusion coefficient
(ADC) as the decay rate parameter 1. The bright signal in high b-value images and the
low ADC parameter estimates have previously been viewed as potential biomarkers for
identifying regions with restricted diffusion in some diseases, e.g. liver cirrhosis and
Crohn’s disease 2-4.
Depending on acquisition parameters, the ADC value can reflect a combination of slow
diffusion associated with the free diffusion of water molecules observed in the b-values
range of 200-800 mm2/s and fast diffusion observed in the b-values range of 0-200
mm2/s 5. In contrast, the intra-voxel incoherent motion bi-exponential model (IVIM) aims
to separate these fast and slow diffusion components by introducing a bi-exponential
model of the signal decay as a function of the b-values

6, 7

. For example, in the context

of DW-MRI analysis of cirrhotic liver, some studies show the reduction of the fast
diffusion parameter, which is related to the reduction of the mean capillary segment
length and average blood velocity in cirrhotic liver 8. Further, the slow and fast diffusion
parameters were significantly decreased in patients with type 2 diabetes with steatosis
compared with nonsteatosis 9. In the context of Crohn’s disease, Freiman et al. show
that the decreased ADC values are related to decreases in the fast diffusion component
rather than to decreases in the slow diffusion component

10

.

While quantitative analysis of fast and slow diffusion from DW-MRI data have recently
shown promise as quantitative imaging biomarkers for various clinical applications in the
body, the clinical utility of IVIM parametric imaging with DW-MRI is diminished by a lack
of verified methods for producing reliable estimates of both fast and slow diffusion
parameters from the DW-MRI signal

11

. First, the fast and slow diffusion parameter

estimates can be sensitive to the choice of b-values used in the DW-MRI acquisition
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.

Cohen et al. reported that the fast diffusion in the liver would be underestimated using
IVIM if only a few low b-values are included in the parameter estimation
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. Therefore, it
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can be very challenging to compare data obtained with different sets of b-values, to
conduct multi-center trials, and to establish standardized guidelines. Further, reliable
estimation of both fast and slow diffusivity from the DW-MRI signal is challenging with
the commonly used IVIM model
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due to (a) the non-linearity of the IVIM model; and (b)

the low signal-to-noise ratio (SNR) observed in body DW-MRI.
Several studies utilized the average of multiple DW-MRI images acquired with each bvalue 11 to increase SNR in DW-MRI. This approach, however, increases the acquisition
time, which is especially problematic in evaluating children and adolescent patients who
may have difficulty remaining still in the scanner for a long MR examination. An
alternative is to average the image in a region of interest (ROI) or use the regional
estimation as a prior for voxel-wise parameter estimates
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. However, these parameter

estimates may not reflect critical heterogeneous environments, such as regions of
chronic inflammation in the bowel or focal lesions in the liver 15.
The Spatially Constrained Incoherent Motion (SCIM) method and the Fusion Bootstrap
Moves (FBM) solver were recently introduced to robustly obtain precise fast and slow
diffusion parameter estimates from DW-MRI data

16

. The SCIM method extends the

IVIM model by simultaneously estimating fast and slow diffusion parameters for all
voxels with a spatial homogeneity constraint to improve the precision of the fast and
slow diffusion parameter estimates compared to the independent voxel-wise IVIM model
fitting. However, a detailed analysis of improvements in parameter estimates compared
to those achieved with high SNR images acquired with repeated imaging or with
applying spatial smoothing to the IVIM parametric maps is still required to determine its
potential utilization for clinical applications.
It is the goal of this study to examine the improvement achieved by utilizing the SCIM
method for quantitative analysis of DW-MRI data, and to evaluate any improvements
that result from the SCIM method compared to repeated imaging with the commonly
used independent voxel-wise IVIM model fitting. We will especially look at the
robustness and precision of parameters in different tissue types, i.e. liver and spleen.
This study extends our preliminary evaluation
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which was focused on the analysis of

group differences in Crohn’s disease, and quantifies 1) the improvement in parameter
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estimates’ robustness to different choices of b-values, and 2)

the improvement in

parameter estimates precision in different tissue types, i.e. liver and spleen.

Theory
The IVIM model assumes a bi-exponential function for the DW-MRI signal decay,
[
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is the baseline signal

is the fast diffusion fraction;

and

are the fast and

slow diffusion components, respectively. However, fitting the IVIM model to each voxel
independently resulted in imprecise and unreliable parameter estimates due to the
combination of the model non-linearity and the low SNR in the DW-MRI images.
The SCIM method fits the IVIM model to all voxels simultaneously by introducing a
spatial dependency constraint that describes the expected homogeneity of signal decay
parameters in spatially related voxels. Parameter estimates are obtained by maximizing
the posterior probability associated with the maps given the observed signal
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By representing the spatial homogeneity constraint in the form of a Markov random field
(MRF)

, the posterior probability ( | ) ( ) can be decomposed into the product of
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where

weights the amount of spatial homogeneity enforced by the model, and

is a diagonal weighting matrix that accounts for the different scales of the parameters in
. We set the rescaling matrix
weighting parameter

diagonal to (1.0, 0.001, 0.0001, 0.01), and the

to 0.01 as used by Freiman et al.
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. The Fusion Bootstrap

Moves solver 16 is then utilized to minimize the energy functional in Eq. 4.

Materials and Methods
We carried out the study according to a protocol approved by our Institutional Review
Board. First, we acquired DW-MRI images of 5 healthy volunteers (2 males, 3 females;
mean age 25.4 years; range: 21-37 years) who underwent research abdominal MRI
studies between January 2013 and May 2013. We carried out the MRI imaging studies
of the abdomen and pelvis using a 1.5-T MRI scanner (Magnetom Avanto, Siemens
Medical Solutions, Erlangen, Germany). We performed free-breathing single-shot SE
echo-planar imaging using the following parameters: repetition/echo time (TR/TE) =
6800/59ms; acquisition (and reconstruction) matrix size = 192×156; field of view =
300×260 mm; slice thickness/gap = 5mm/0.5mm; 40 axial slices; 7 b-values = 5, 50,
100, 200, 400, 600, 800 s/mm2. We used a tetrahedral gradient scheme

19

to acquire

four images in multiple directions at each b-value with an overall scan acquisition time
of 4 min. Diffusion trace-weighted images at each b-value were then generated using
geometric averages of the images acquired in each diffusion sensitization direction

20

.

This method allows us to acquire high b-value images with a shorter TE than required
by the three-scan trace-weighted imaging method, has an inherently high SNR, and
demonstrates reduced motion-related artefacts for measurements of averaged
diffusivity

19

. We repeated the imaging acquisition 6 times to acquire 6 DW-MRI

datasets, each with low SNR (DW-MRIlow). As all 6 images for each subject were
acquired during one imaging session, the acquired images had acceptable initial
alignments which were visually checked. We then averaged the 6 DW-MRI datasets
using geometric averaging to achieve high SNR DW-MRI images (DW-MRIhigh). Lastly,
using the ITKSNAP software tool

21

, we annotated three circular regions of interest of

radius 5mm in the liver, including ROI 1 in the lower right lobe, ROI 2 in the upper right
lobe and ROI 3 in the left lobe, and two circular regions of interest of radius 5mm in the
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spleen, including ROI 4 in the lower spleen and ROI 5 in the upper spleen (Fig. 1). We
selected the ROIs while avoiding large vessels.

Fig. 1: Five ROIs selected in the liver and spleen were overlaid on the DW-MRI with b-values (a,
d) 5 s/mm2, (b, e) 100 s/mm2, and (c, f) 600 s/mm2. (a-c) ROI 1 (lower right lobe) in purple

and ROI 4 (lower spleen) in cyan and (d-f) ROI 2 (upper right lobe) in blue, ROI 3 (left
lobe) in pink, and ROI 5 (upper spleen) in orange.
In addition, we acquired DW-MRI data from 24 patients with confirmed Crohn’s disease
in the ileum (15 males, 9 females; mean age 14.7 years; range: 5-24 years) who
underwent a clinically indicated MRI study between January 1, 2011 and October 31,
2011 in our outpatient MRI department. The liver and spleen of all the subjects were
normal. We carried out MR imaging studies of the abdomen and pelvis using an
identical protocol as described above. The clinical acquisition protocol included
polyethylene glycol administration for bowel distention. We used the same scanner as
that used for the healthy volunteers to avoid inter-scanner variability, and acquired all
images from each subject in one session. We estimated the model parameters using
the IVIM model and the SCIM method with an in-house software package written in
Matlab® (R2010b; The MathWorks, Natick, MA, USA) and C++. To achieve more robust
parameter estimates with the independent voxel-wise fitting of the IVIM model, we used
a two-phase approach as follows. We used the segmented least-squares method

22, 23

to obtain initial estimates of the IVIM model parameters by applying the following 3
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steps: 1. The value of the

parameter was estimated using the monoexponential

function fitted to SI of b-values 200-800 s/mm2, 2. Then the value of the parameter
was estimated by extrapolating SI to b=0 s/mm2 and calculating the relative difference
between the extrapolated and measured signal at b-value=0 s/mm2, 3. The value of the
parameter was calculated by fitting the biexponential model to the observed data
with

and

values fixed. Next, we used the initial estimates to initialize the BOBYQA

non-linear solver

24

that fit the bi-exponential model to the data for

,

and

simultaneously.
Study Design
We evaluated the improvement achieved by using the SCIM method compared to the
commonly used independent voxel-wise IVIM model fitting in three experiments. We
first evaluated the robustness of the fast and slow diffusion parameter estimates
obtained by the SCIM and IVIM methods using different b-value combinations of DWMRI data in 5 healthy subjects (Group 1) and 24 Crohn’s disease patients (Group 2).
We then examined the precision of the fast and slow diffusion parameter estimates
calculated using SCIM by comparing the coefficient of variation of diffusion parameter
estimates for low SNR DW-MRI data with estimates using voxel-wise fitting for high
SNR DW-MRI data obtained by averaging multiple images.
Finally, we examined the improvement in the precision of the fast and slow diffusion
parameter estimates obtained with the SCIM method vs. those obtained by 1)
independent voxel-wise fitting of the IVIM model, and 2) independent voxel-wise fitting
of the IVIM model with additional spatial smoothing of the resulted parametric maps on
low SNR DW-MRI data. We describe each experiment in detail next.
Robustness of parameter estimates using 4 and 7 b-values
The goal of this experiment was to determine whether the SCIM method improves the
robustness of fast and slow diffusion parameter estimates using different combinations
of b-values compared to those typically used with the independent voxel-wise IVIM
model fitting for quantitative DW-MRI data analysis. To this end, we estimated the fast
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and slow diffusion parameters at each voxel using the IVIM and SCIM methods with
different combinations of 4 b-values and with all the b-values (7 b-values) as follows:
4 b-values: 5 s/mm2, one out of 50, 100 s/mm2, one out of 200, 400 s/mm2, and one out
of 600, 800 s/mm2, in total 8 combinations.
7 b-values: 5, 50, 100, 200, 400, 600, 800 s/mm2, in total one combination.
Next, we calculated the variation (standard deviation),

(

), at voxel

in each ROI in

the liver and spleen,

(

where,

)

√∑

is the parameter estimates at voxel

̅̅̅̅‖

‖
| |

,

(6)

using the b-value combination , and

is the set of all b-values combinations, i.e., 4 and 7 b-value combinations. Last, we
determined whether the SCIM method yielded fast and slow diffusion parameter
estimates that were more robust to different combinations of b-values by comparing the
variation in values of the SCIM and independent voxel-wise IVIM model fitting
parameter estimates, respectively, using a two-tailed, paired Student’s t-test with p≤0.05
indicating a significant difference.
Precision of parameter estimates using SCIM vs. multiple DW-MR images
averaging
In the next experiment, we compared the precision of fast and slow diffusion parameter
estimates obtained with the SCIM method from low SNR 1 NEX images to the precision
obtained with the independent voxel-wise IVIM model fitting from high SNR 6 NEX
images in the healthy subjects. We averaged the multiple 1 NEX DW-MRI images (DWMRIlow) of the subjects, each with low SNR to achieve high SNR DW-MRI images (DWMRIhigh). We measured the coefficient of variation (CV) values of the diffusion
parameters from: 1) DW-MRIhigh using the IVIM model (IVIMhigh), 2) DW-MRIlow using the
IVIM model (IVIMlow), and 3) DW-MRIlow using the SCIM method (SCIMlow), that is,
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using the wild-bootstrap analysis
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. The wild-bootstrap resampling is defined as:
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of the raw residual between the observed signal (
and

,
,̂

is the rescaled version
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is a two-point Rademacher distributed random variable with (
)

)
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defined for each b-value separately. Resampling and model fitting are

repeated for a large number of fixed repetitions to obtain a large set of diffusion models.
We calculated the CV values using the wild bootstrap analysis at each voxel separately,
and then averaged the CV values at each ROI. The lower CV values illustrate the more
precise parameter estimates. Following this, we examined the amount of reduction and
the statistical difference in the CV values of the IVIMhigh, IVIMlow and SCIMlow estimates
obtained from the subjects using a two-tailed paired Student’s t-test (p≤0.05). We
separated the analysis for each tissue type, as their average parameter values are
different as reported previously

16

.

Precision of parameter estimates using SCIM vs. smoothing of parameter maps
We examined the effect of the spatial prior of the SCIM method on the parameter
estimation by calculating the parameter maps using: 1) independent voxel-wise fitting of
the IVIM model, 2) independent voxel-wise fitting of the IVIM model with spatial
smoothing of the parametric maps (IVIMσ), and 3) simultaneous voxel-wise fitting of the
parameters with spatial homogeneity constraint using the SCIM method from the low
SNR DW-MRI data. We calculated the CV values at each voxel separately using the
wild bootstrap method

16, 25

. To avoid significantly blurring the parameter map and

suppressing the details, we used a Gaussian filter with variance of half a voxel, to
smooth the IVIM parameter maps (

). We then examined the amount of

reduction and the statistical difference in the CV values of the IVIM, IVIMσ and SCIM
estimates obtained from the subjects using a two-tailed paired Student’s t-test (p≤0.05).

11

Results
The running time required to reconstruct the parametric maps on a single processor
machine Intel® Xeon® at 2.40 GHz, cache size=12 MB were 0.137ms and 14.21ms per
voxel using the IVIM and the SCIM methods, respectively. Fig. 2 illustrates the DW-MRI
signal decay estimated using SCIM and IVIM, along with the signal decay at 7 b-values
for a representative subject in Group 1. The SCIM method shows a better fit (CVDIVIM=0.4611,
SCIM=0.3986,

CVD-SCIM=0.4736;
RMSEIVIM=0.0952,

CVD*-IVIM=0.7404,

CVD*-SCIM=0.4233;

RMSESCIM=0.0865,

CVf-IVIM=0.4636,

F-statistic=1.280,

f-test

CVf-

p<0.771)

compared with IVIM for this subject. However, the improvement was not significant.

Fig. 2: Representative example of the observed DW-MRI signal (red) and the estimated models
calculated by the IVIM (blue) and SCIM (green) estimators from all 7 b-values (5, 50, 100, 200,
400, 600 and 800).

Table 1 presents the average and standard deviation of the parameter estimates using
both the IVIM and SCIM methods in five regions of interest in the liver and spleen over
the healthy and CD subject groups. The difference between parameters

and

estimated by IVIM and SCIM in all five ROIs was not found to be significant.
Table 1: The average and standard deviation (mean±SD) of the incoherent motion parameter
estimates over the healthy and CD subject groups in three ROIs in liver and two ROIs in spleen.
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D and D* are in units of μm2/ms. Significant values in bold.
ROI 1: Liver Lower Right Lobe ROI 2: Liver Lower Right Lobe
IVIM

SCIM

P

D

1.01±0.29

1.03±0.26

0.511

D*
f

P

IVIM

SCIM

P

0.809

1.11±0.52

1.12±0.48

0.701

54.6±55.1

28.3±17.7 <0.001 44.2±51.5 21.8±16.3 <0.001 34.3±46.0

18.8±18.9

<0.001

0.25±0.18

0.25±0.17

0.32±0.19

0.841

0.923

IVIM

SCIM

ROI 3: Liver Left Lobe

1.05±0.31 1.05±0.26

0.23±0.17 0.24±0.15

0.507

ROI 4: Lower Spleen

0.32±0.21

ROI 5: Upper Spleen

IVIM

SCIM

P

IVIM

SCIM

P

D

1.65±0.52

1.66±0.50

0.785

0.75±0.28

0.74±0.27

0.437

D*

35.5±49.4

21.8±27.2

<0.001

32.5±50.6

15.0±19.0

<0.001

F

0.27±0.21

0.27±0.20

0.722

0.13±0.15

0.14±0.14

0.445

Robustness of parameter estimates using 4 and 7 b-values
Table 2 summarizes the average variation (standard deviation) of the incoherent motion

parameter estimates against all combinations of b-values for both groups in the liver
and spleen. This shows how robustly each model estimates the incoherent motion
parameters with respect to different combination of b-values. The SCIM method
reduced the variation of all signal decay model parameters compared to IVIM. Most
notable is a reduction of around 70% in the average variation of the fast diffusion decay
rate parameter (

) in all regions of interest in the spleen and liver.

Table 2: The average variation of the incoherent motion parameter estimates for all
combinations of b-values among both Group 1 and 2 in three ROI’s in liver and two ROI’s in
spleen. D and D* are in units of μm2/ms. Significant values in bold.
ROI 1: Liver Lower Right Lobe

ROI 2: Liver Lower Right Lobe

ROI 3: Liver Left Lobe

IVIM

SCIM

P

IVIM

SCIM

P

IVIM

SCIM

P

D

0.33

0.30

0.071

0.35

0.32

0.134

0.68

0.61

0.096

D*

40.6

13.0

<0.001

39.4

8.98

<0.001

35.3

9.14

<0.001

F

0.11

0.08

<0.001

0.11

0.09

<0.001

0.16

0.14

<0.001

ROI 4: Lower Spleen

ROI 5: Upper Spleen

IVIM

SCIM

P

IVIM

SCIM

P

D

2.14

0.37

0.017

0.32

0.31

0.609

D*

33.3

12.2

<0.001

35.9

9.79

<0.001

F

0.12

0.09

<0.001

0.11

0.09

0.020
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Precision of parameter estimates using SCIM vs. multiple DW-MR image
averaging
Fig. 3 presents the CV values of the parameter estimates for Group 1 in the liver and
spleen. The reduction in the CV achieved using the IVIM model with high SNR images
(IVIMhigh) compared to that achieved with the IVIM model with the low SNR images
(IVIMlow), was not significant, however. In contrast, estimating the signal decay model
parameters using low SNR images with the SCIM method (SCIMlow) reduced the CV of
the parameters estimates by up to 65% and 45% in the liver and spleen, respectively.
The reduction in the CV of parameter

of the SCIMlow compared to those of the

IVIMlow and IVIMhigh was significant in the liver (p<0.001).

Fig. 3: Bar plot of the CV of the incoherent motion parameters as estimated from Group1 in (a)
liver and (b) spleen.

Precision of parameter estimates using SCIM vs. smoothing of parameter maps
Fig. 4 depicts (a) a representative DW-MR image of the liver and spleen along with
representative parametric maps produced using (b-d) the IVIM, (e-g) the IVIM maps
smoothed with a Gaussian filter (
method produces smoother

and

), and (h-j) the SCIM maps. The SCIM
parameter maps compared with the IVIM model.

14

Fig. 4: (a) The DW-MR image illustrates the liver and spleen of a subject in Group 2, (b-d) ,
and

parameter maps estimated using the IVIM model, (e-g) the corresponding IVIM parameter

maps smoothed with a Gaussian filter (

), (h-j) ,

and

parameter maps estimated

using the SCIM method.

Figure 5 depicts the improvement in the precision of the parameter estimates achieved
by using SCIM compared to these of IVIM and IVIMσ for Group 2 in the liver and spleen.
The SCIM method reduced the CV of the parameter estimates up to 52% and 47% in

15

liver and spleen, respectively, compared to IVIM, and the reduction in the CV of
parameters

and

were significant in the liver and spleen (p<0.001). The CV values

achieved using the SCIM method were still up to 38% and 37% lower than those
achieved by the IVIMσ in liver and spleen, respectively. However, the reduction was
significant only for the parameter

(p<0.001).

Fig. 5: Bar plot of the CV of the incoherent motion parameters as estimated from Group 2 in (a)
liver and (b) spleen using the IVIM method, the IVIM method while smoothing the parameter
maps (IVIMσ), and the SCIM method.

Discussion
Quantitative analysis of DW-MRI images has the potential to provide quantitative and
objective insight into tissue physiology and to serve as a biomarker in many clinical
applications

26-28

. Specifically, the intra-voxel incoherent motion model of the DW-MRI

signal decay aims to distinguish between a fast diffusion component observed in the bvalues range of about 0-200 s/mm2 and a slow diffusion component observed in the bvalues range of about 200-800 s/mm2 of the signal decay 6, 7.
The high sensitivity of the model parameter estimates to the b-values used in the
acquisition and the low precision of the incoherent motion parameters estimates
demonstrated by the independent voxel-wise intra-voxel incoherent motion model have

16

hampered its utilization in clinical studies and patient management

11

. There are

currently several approaches that can increase the reliability of quantitative DW-MRI
analysis to varying degrees. Commonly, researchers use an approximation of the nonlinear DW-MRI signal decay by a log-linear model with the apparent diffusion coefficient
(ADC) as the decay rate parameter

29

. Unfortunately, this simplified model precludes the

independent characterization of slow diffusion and fast diffusion components—a
process essential to accurately quantifying biological phenomena taking place inside the
body.
Koh et al. recommended increasing the DW-MRI SNR by acquiring multiple DW-MRI
images from the patient; averaging the images at each b-value; and using the averaged
DW-MRI signal to estimate IVIM model parameters

11

. However, this approach requires

substantially increased acquisition times—an undesirable solution, especially in
children, who generally have difficulty remaining still for long periods of time. Zhang et al
30

improved the SNR by averaging the DW-MRI signals over an ROI in the kidney, in

order to achieve more reliable parameter estimation in their DW-MRI acquisition
optimization study. However, by averaging the signal over an ROI, the estimated
parameters do not reflect critical heterogeneous environments, such as regions with
abnormality.
Several researchers proposed to improve the reliability of the IVIM parameter fitting by
optimizing the set of b-values used in the acquisition. Zhang et al.

30

optimized a set of

b-values for estimating the IVIM model parameters in the kidneys. Merisaari et al.

31

optimized b-value distribution for the ADC and IVIM models using simulations and
repeated DW-MRI examinations with b-values up to 2000 s/mm2. Pang et al.

12

evaluated the effect of different b-values on IVIM parameter estimation and
demonstrated that the parameter estimates highly depend on the b-values, and that
those estimated without higher b-values correlate best with DCE-MRI results.
Furthermore, Jambor et al.

31

reported on an optimal b-value distribution in terms of

measurement reliability and repeatability, which forms 3 clusters at low, middle and high
b-values that improves parameter estimation by minimizing the convergence of the total
error function.

17

Bayesian model fitting is another approach to increase the reliability of the parameter
estimation in DW-MR images. Neil et al. 32 suggested a Bayesian model fitting approach
to increase the reliability of IVIM parameter estimates by calculating the probability
distribution function of each parameter rather than by calculating point estimates, as is
done using maximum-likelihood estimators. However, this method considers the
information at each voxel independently, effectively ignoring its spatial context.
Moreover, it requires numerical integration of the marginal posterior probabilities over
the

possible

ranges

of

parameter

values,

which

are

discretization/sampling effects and to the chosen integration limits
al.

14

sensitive

both

to

33

. Recently, Orton et

introduced a Bayesian Shrinkage Prior (BSP) approach for regional IVIM to reduce

heterogeneity and uncertainty of the IVIM parameter estimates. However, this model
does not utilize the local spatial information, but assumes the true parameter distribution
is Gaussian.
In contrast, the SCIM method integrates the spatial information of DW-MR images in a
neighborhood to reliably estimate the diffusion parameters. The SCIM method utilizes a
Markov random field to adaptively select the neighboring voxels (Eq. 2) and optimize
the energy functional (Eq. 4), which is different than the spatial smoothing of the DWI or
parameter maps and done without considering the optimization of the energy functional.
Introducing a spatial homogeneity prior as we have done may cause blurring. To
minimize this blurring effect we used the L1 norm as our regularization prior, which
better preserves discontinuities compared to the commonly used L2 norm. In addition,
the smoothing prior considers only a very limited neighborhood around the voxel while
the radiologic evaluation is carried out on larger regions. Therefore we do not expect
significant adverse effects. However, this needs to be verified for specific clinical
applications and warrants future study.
In this work, we examined whether the use of a spatial homogeneity prior in the form of
the SCIM method substantially improves the robustness and reliability of fast and slow
diffusion parameter estimates from DW-MRI data. As opposed to previously proposed
methods, the SCIM method does not require additional images, averaging the signal
over some ROI, or a specific set of b-values to improve the robustness of the fast and
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slow diffusion parameter estimates. In fact, the SCIM method adaptively selects the
neighboring voxels in an MRF, and chooses between different parameter combinations
proposed by the bootstrap process using a graph min-cut algorithm to avoid local
minima and to lower the total energy, which is not considered using spatial smoothing of
the DWI or parameter maps.
Our first experiment shows the fast and slow diffusion parameter estimates with the
SCIM method are more robust to different sets of b-values. First, we have shown that by
using the SCIM method we reduced the variation in the parameter estimates using
different combinations of b-values by up to 70% for the

parameter in the data in the

liver and spleen. These results indicate that by using the SCIM method for fast and slow
diffusion parameter estimates we may increase its robustness to different choices of bvalues, and thus make fast and slow diffusion parameters ready for use in multiinstitutional studies and standard clinical care. These results also illustrate that the need
for multiple DW-MRI images to improve SNR can be avoided using the SCIM method,
which could in turn accelerate the image acquisition process.
Our second experiment shows that by using the SCIM method the coefficient of
variation of the fast and slow diffusion parameter estimates can be reduced by about
50% compared to parameter estimates obtained from the same images using the voxelwise independent IVIM model fitting. Moreover, the SCIM method provides more
precise estimates from low SNR images compared to those obtained with the
independent voxel-wise IVIM model fitting from high SNR images. Therefore it can be
useful in shortening the overall time required to obtain DW-MRI data that is suitable for
quantitative analysis.
The third experiment reveals that the SCIM method yields more precise parametric
maps compared with the independent voxel-wise IVIM model fitting even when applying
a spatial smoothing to the IVIM maps, especially for

and

parameters (up to 38%).

In general, we expect close water molecule diffusivity in homogeneous areas, keeping
in mind there is no abnormal tissue in these subjects. This should result in close
parameter estimates in each neighborhood, and smoother parameter maps, which
cannot be seen in the IVIM results, especially for parameters

and

as reported in

19

the previous studies

34

. Please note that further smoothing of the maps, i.e.

,

would blur the edges, which obscures the boundaries between different anatomic areas.
Our study had limitations. First, this study population was limited by the number of
patients and by their age range. Consequently, our assessment of DW-MRI data was
restricted to 29 subjects. Second, although we showed the robustness of the SCIM
method to variations in the b-value; the DW-MRI acquisition protocols for this study
were limited to those protocols routinely used in our institution. As a result, we
employed a fixed set of b-values for the subjects in Group 2 who underwent abdominal
scans. An additional study is warranted to evaluate the impact of the b-values selected
(i.e., by means of values and number of b-values) on estimated parameters. Third, the
literature is inconsistent about the definition of the fast-diffusion exponential in IVIM,
22, 23

whether it is
Luciani et el.

or (

)

5, 35

. We used in our experiments the definition of

35

; however, as our contribution is focused on the spatially constrained

estimation method and its numerical solution, it can be applied seamlessly with the
definition of Pekar et al. 23.
In conclusion, we show that the spatially constrained incoherent motion (SCIM) model
can increase the robustness of fast and slow diffusion parameter estimates without the
need for additional acquisition time.
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