Magn Reson Med Sci 2020; 19; 216-226
doi:10.2463/mrms.mp.2019-0061

MAJOR PAPER

Published Online: October 15, 2019

Impact of b-Value Sampling Scheme on Brain IVIM
Parameter Estimation in Healthy Subjects
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and Alejandro Veloz'?

Purpose: Intravoxel incoherent motion (IVIM) analysis has attracted the interest of the clinical commu-
nity due to its close relationship with microperfusion. Nevertheless, there is no clear reference protocol
for its implementation; one of the questions being which b-value distribution to use. This study aimed to
stress the importance of the sampling scheme and to show that an optimized b-value distribution
decreases the variance associated with IVIM parameters in the brain with respect to a regular distribution
in healthy volunteers.

Methods: Ten volunteers were included in this study; images were acquired on a 1.5T MR scanner. Two
distributions of 16 b-values were used: one considered ‘regular’ due to its close association with that used in
other studies, and the other considered ‘optimized’ according to previous studies. IVIM parameters were
adjusted according to the bi-exponential model, using two-step method. Analysis was undertaken in ROI
defined using in the Automated Anatomical Labeling atlas, and parameters distributions were compared in
a total of 832 ROL.

Results: Maps with fewer speckles were obtained with the ‘optimized’ distribution. Coefficients of varia-
tion did not change significantly for the estimation of the diffusion coeflicient D but decreased by approx-
imately 39% for the pseudo-diffusion coefficient estimation and by 21% for the perfusion fraction.
Distributions of adjusted parameters were found significantly different in 50% of the cases for the perfu-
sion fraction, in 80% of the cases for the pseudo-diffusion coefficient and 17% of the cases for the diffusion
coeflicient. Observations across brain areas show that the range of average values for IVIM parameters is
smaller in the ‘optimized’ case.

Conclusion: Using an optimized distribution, data are sampled in a way that the IVIM signal decay is better
described and less variance is obtained in the fitted parameters. The increased precision gained could help

to detect small variations in IVIM parameters.
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Introduction

Diffusion MRI is a widely-available technique that provides
insight into tissue microstructure. One observation that has
drawn growing interest is the differential behavior of the
diffusion signal at low b-values, which is denominated
intravoxel incoherent motion (IVIM).!-® At low b-values,
the signal decays faster. This decay is described through the
pseudo-diffusion coefficient (D") in area per unit time,
through the associated signal fraction (f also called volume
fraction of incoherently flowing blood in tissues) and
through the diffusion coefficient (D) according to Eq. [1],
where S is the signal magnitude of the diffusion-weighted
image (DWI) and S|, is the signal magnitude without diffu-
sion weighting.
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Although the information obtained through IVIM does not
directly correspond to perfusion per se, different studies have
related IVIM parameters to micro-perfusion and the micro-
vasculature.”® Among all of the different parameters associ-
ated with IVIM, the so-called perfusion fraction (f) was
related to the estimation of dynamic susceptibility contrast-
derived cerebral blood volume in the grey matter (GM),'° to
arterial spin labeling (ASL),!! to capillary volume!? and to
cerebral blood flow.!3

A somewhat broad range of healthy brain IVIM values
(fand D") are published in the literature and are summa-
rized in Table 1; reported D values are more stable across
studies. This range of values makes it difficult to determine
which healthy reference value to expect. One question

IVIM Sampling Scheme in Healthy Brain

that remains unanswered is how to obtain the IVIM param-
eters reliably from both an acquisition and a processing
point of view.

From an acquisition point of view, one of the first ques-
tions to be answered when obtaining IVIM values in a patient
relates to the number of b-values and the choice of distribu-
tion of these h-values. Sampling strategies for b-values were
shown to be relevant in studies based on simulations'*#!5 or
performed in different organs; for example, in breast,'
liver,'7 kidney'*!5 and prostate.'® Although some studies con-
cluded that clinically-relevant information could be attained
with a low number of b-values,'??° others showed that the
relative error decreased by 40% when the number of b-values
increased from 4 to 16.2! Meeus et al.?° proposed a fast acqui-
sition scheme with a low number of b-values* and reported
that f'and D were of most interest as opposed to D”, which
showed high variability. Similarly, Cohen et al.?? showed that

Table 1 IVIM values in the brains of healthy volunteers. Data from contralateral hemisphere in studies undertaken in patients

were not included here

(%)

D" (x 10~ mm?/s) D (x 1073 mm?Z/s)

Gray matter

Average over published values’

10.0 £ 7.4 (2.4-24.7)

Wirestam et al.” 20+ 9
Rydhog et al.*: average” 53+1.6
Grech-Sollars et al.® 10.0
Wau et al.” 14 +£2
Filli et al.? 3.48 £1.58
Federau et al.®" 4.7 £3.0
Ahlgren et al.” 24+038
Stieb et al.’™* 12.5
Wang et al.?%: average 24.7
Wong et al .2 2.40 +0.04
Finkenstaedt et al.3% 103

White matter

Average over published values’

6.8 £4.9 (1.6-16.0)

Wirestam et al.” 16 £8.7
Rydhog et al.*: average® 3.0£0.3
Grech-Sollars et al.** 8.0
Filli et al.? 3.25+0.94
Wu et al.’® 7 £1
Federau et al.*" 45+1.6
Ahlgren et al.” 1.6 0.7
Stieb et al.'™* 9.0
Wang et al.?%: average 13.2
Wong et al.2¢ 2.21+0.03
Finkenstaedt et al.362 N/R

21.9 +28.3 (6.2-85.7)

0.81 £0.15 (0.67-1.20)

14 £53 N/R
86+ 14 0.83 +0.06
N/R 0.75
8.2+0.9 0.84 £ 0.05
12.33 + 4.06 0.67 +0.05
170+ 11.3 0.72 + 0.05
N/R 1.20 £ 0.22
9.95 0.75
N/R 0.72
N/R 0.73 +£0.03
6.22 +0.48 0.91 £ 0.09

25.3 +29.1 (7.9-84.0)

0.74 £ 0.12 (0.61-0.98)

21 +60 N/R
84 + 11 0.84 +0.03
N/R 0.65
14.27 + 3.64 0.64 £ 0.05
7.9+09 0.77 £0.04
15.1+20.8 0.71 £ 0.05
N/R 0.98 +0.13
9.79 0.71
N/R 0.61
N/R 0.72 +0.05
N/R N/R

N/R: not reported. "Presented as mean = standard deviation (range). “Baseline, non-visual brain. *Fixed-threshold, average over both

trials shown. °Considering cortical gray matter. ?Considering trace values.
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using a low number of h-values tended to underestimate D",
There is no clear definition within the literature of how many
and which b-values to use; for example, Table 2 illustrates
the different protocols used in brain IVIM studies. Besides
addressing how many b-values to use, many studies have
attempted to optimize the b-value sampling distribution to
minimize fit errors. These studies focused on kidney and
renal lesions' or, with a broader scheme used in simulations,
the optimized acquisition schemes were tested in abdominal
studies.”> However, these schemes were based on simula-
tions and used different assumptions that may not always be
fulfilled, such as Gaussian noise modelling with no physio-
logical noise or the assumption of fixed specific values for
the organ of interest. To the best of the authors” knowledge,
no optimized b-sampling strategy has been applied to in vivo
data in the brain, and the question of how to acquire IVIM
data in the brain to minimize variability remains open. This
study aimed to show that an optimized b-value sampling dis-
tribution improves IVIM estimation in the brain by decreasing
the variance associated with IVIM parameters with respect to
regular distribution in healthy volunteers.

Materials and Methods

This study was approved by the Institutional Ethics Committee.
A total of 10 healthy subjects (seven males, three females;
24.7 + 6.8 years old; range: 18-40 years) gave written informed
consent to participate in this study. Images were acquired on a
1.5T Philips Achieva Scanner (Philips Healthcare, Best, the
Netherlands) using an eight-element head coil. 3D T,-weighted
images were acquired to serve as an anatomical reference to
facilitate the positioning of a ROI with a TR/TE of 8/3.7 ms,
a flip angle of 8° and a spatial resolution of 1 x 1 x 1 mm?®.
Diffusion images were acquired using conventional
pulsed gradient spin echo echo planar imaging (EPI) by

considering 22 slices with a slice thickness of 5 mm and a
gap of | mm, a FOV of 230 mm, a matrix of 128 x 128, a
TR/TE of 4000/110 ms and an acceleration factor of 2,
using sensitivity encoding (SENSE) algorithm. Diffusion
weighting was applied along three perpendicular directions.
The SNR in non-DWIs (b, map), evaluated in different ROI
located in white matter, was 151:1 £20:1. In DWIs with the
highest b-values, the SNR was 74:1 + 11:1.

Two main points were considered when choosing the
number of b-values to use: first, a compromise was consid-
ered to maintain the total acquisition time within what was
judged by the authors to be clinically acceptable for the
patient and for the total exam time of a full brain protocol,
below 5 min. Second, a slight trend toward using 16 values
was considered, as observed in 4 of the 11 b-value sampling
strategies shown in Table 2, agreeing with the conclusion of
ter Voert et al.>! who recommended a minimum of 16 b-values
in their application. This is also in agreement with the upper
limit of h-value numbers in some scanners for their conven-
tional diffusion sequences. A maximum b-value of 1000 s/mm?
was chosen as it is a widely-used diffusion weighting for
clinical brain studies.?

Two distributions of b-values were proposed, both of
which included 16 values. The acquisition time was kept
constant (3 min 12 s) for each set, and the same amount of
data points were obtained in each case. The first distribution
aimed to sample data in an optimal way. The sampling
scheme was based on the one proposed by Lemke et al.'* The
set of b-values was obtained using Monte-Carlo simulation,
using error of the fit as optimization criterion, starting from
three b-values of [0, 40, 1000] s/mm?, including more
b-values in the range of [0, 1000] in steps of 10 s/mm?. They
considered low diffusion regime for the brain, assuming in
this simulation values for f of 5%, D of 1 x 1073 mm?/s, and
D*of 10 x 1073 mm?/s. We used the following set of h-values,

Table 2 b-Values used in IVIM studies undertaken in the brain of healthy volunteers reported in Table 1

N;_Tatl)jgsf b-Values used (s/mm?)
Grech-Sollars et al.?> 7 0, 50, 100, 300, 500, 600, 1000
Filli et al.3 8 0, 10, 20, 50, 150, 300, 500, 800
Stieb et al.!’ 9 0, 10, 20, 40, 80, 160, 320, 640, 1280
Wu et al.10 12 0, 15, 30, 45, 60, 100, 250, 400, 550, 700, 850, 1000
Wang et al.?® 14 0, 10, 20, 40, 60, 100, 140, 160, 200, 300, 500, 1000, 1500, 2000
Wong et al.2¢ 15 0,5,7,10, 15, 20, 30, 40, 50, 60, 100, 200, 400, 700, 1000
Federau et al.6 16 0, 10, 20, 40, 80, 110, 140, 170, 200, 300, 400, 500, 600, 700, 800, 900
Ahlgren et al.” 16 0, 10, 20, 30, 40, 50, 60, 70, 80, 90, 100, 120, 140, 180, 200
Finkenstaedt et al 36 29 0, 5,10, 20, 35, 55, 80, 110, 150, 200, 300, 500, 750, 1000, 1300, 110, 150, 200, 300,
500, 750, 1000
Wirestam et al.” 36 0, 10, 20, ... 100, 120, 140, ..., 200, 250, 300, ... 1200
Rydhog et al.* 64 0-900 s/mm?, with a higher density of b-values in the lower end of this range

IVIM, intravoxel incoherent motion.
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[15, 60, 150, 160, 170, 190, 200, 260, 440, 560, 600, 700,
980, 1000] s/mm?; this distribution was referred to as the
‘optimized’ distribution throughout the rest of the paper. The
other sampling scheme was chosen to provide a choice of
b-values with a stronger emphasis on low b-values, identical
to the distribution referred to in the work by Lemke et al.,'
and Luciani et al.>* and close to distributions found in the
literature.'%2>26 The values used were [24, 30, 40, 50, 60, 70,
80, 90, 100, 150, 200, 400, 800, 1000] s/mm?; this distribu-
tion is referred to as the ‘regular’ distribution.

Images were processed using an in-house code developed
in MATLAB (MathWorks, Natick, MA, USA). The perfusion
f, D" and D were adjusted according to Eq. [1]. IVIM param-
eters were fitted in two steps as this was the method of choice
of Meeus et al.,”” and Park et al.”® in low perfused tissues, in
agreement with the conclusion of other groups.?®?° First, D
was adjusted considering only data from b-values >200 s/mm?.
Second, D" and f were adjusted using data from all b-values.
Fit was done using the trust region reflective algorithm.°
The quality of fit was registered through the squared norm of
the residuals. Processing was performed on DWIs averaged
over the three diffusion directions.

To compare the results from each acquisition, results in
ROI were contrasted on a one-to-one basis. To minimize the
dependence on the user definition of ROI, an automated pro-
cess was used. In the GM, analysis was based on the 120
ROI defined in the Automated Anatomical Labeling (AAL)
atlas.>! To do this, the AAL template was registered onto
DWIs using SPM 12,32 non-normalized mutual information
and nearest-neighbor approximation.’® The quality of regis-
tration was confirmed visually and was not accepted in one
case (out of the 10 volunteers). In the white matter (WM), a
ROI was considered in each hemisphere. T,-weighted
images were first registered onto DWIs in a similar way to
that previously described.* Images were subsequently seg-
mented using SPM 12 and separated according to each hemi-
sphere. As the aim was to compare behavior over the
distribution of IVIM parameters within a ROI, a fitting algo-
rithm was run over a series of mini-ROI within each ROI.
As many mini-ROI as possible were defined within a ROI,
and a mini-ROI was defined as a region of 3 x 3 x 3 pixels
in GM and 5 x 5 x 3 pixels in WM. IVIM parameters were
fit over the average signal in these mini-ROI. To work on
many mini-ROI within one anatomical area permits to run
further statistical analysis within that area in comparison to
working with the analysis run on a single AAL ROI. Maps
were obtained after 2D Gaussian filtering (0.75 standard
deviation) of the DWIs.

A comparison of the distribution of IVIM parameters
from each ROI was undertaken on a one-to-one basis between
‘optimized’ and ‘regular’ b-value distributions if the ROI con-
tained a minimum of 20 mini-ROI (Fig. 1). Therefore, con-
sidering all the volunteers and defined ROI, the analysis was
performed for 832 ROI. The normality of distribution within
a ROI was tested using Lilliefors test (ar: 5%),>* and the
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i
“regular” b-value i
distribution

comparison

“optimized” b-value
distribution

Fig. 1 Graphical representation of the analysis. For each type of
acquisition (i.e. using ‘regular’ or ‘optimized’ b-value distributions),
ROI were defined automatically using the Automated Anatomical
Labeling (AAL) template. For each ROI, intravoxel incoherent motion
(IVIM) parameters were fitted in as many mini-ROI as possible.
A comparison of IVIM parameter distributions from each ROl was
undertaken.

distribution was non-normal in most cases (~90%). Compar-
ison of mean values was performed using the Wilcoxon
signed-rank test, and comparison of dispersion was performed
using the Ansari-Bradley test.’® Coefficients of variation
(CV) were calculated for the distribution of parameters
obtained from each ROI, with the CV being the ratio of
standard deviation over the average value. Comparison of
distributions of parameters within each ROI between one
acquisition and the other was assessed using the two-sample
Kolmogorov—Smirnov test (& 5%), and comparison of distri-
bution tail was undertaken using one-sided hypothesis test of
the same two-sample Kolmogorov—Smirnov test (¢: 5%).>*

Results

Example maps of [IVIM parameters obtained from each sam-
pling scheme are shown in Fig. 2. Visually, the maps obtained
with the ‘regular’ distribution of b-values present more
“outlier-like” pixels, in particular in the D" map. D maps pre-
sent a very similar appearance in both cases. These differ-
ences are confirmed by looking at the distribution of
parameters in each ROI analyzed, where an example is
shown in Fig. 3: there are dissimilarities in the distribution of
parameters fitted from each set of data, more visible in the
case of D" and /. In a majority of cases, distributions are dif-
ferent for fand D", mainly due to a heavier tail on the right
for the parameter distribution obtained from the ‘regular’
b-value acquisition scheme as detailed in Table 3. The robust-
ness of results obtained from the ‘optimized’ distribution is
also visible through its significantly smaller CV within each
ROI for the f'and D" parameters, with a decrease in CV up to
39% in the case of D", as detailed in Table 4.

From a quantitative point of view: values averaged over
brain areas are given in Table 5: the range of values obtained
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Fig. 3 Examples of histograms (top row) and box plots (bottom row) of parameters estimated with ‘regular” distribution (red lines) and
‘optimized’ distribution (blue lines) within a ROI of one volunteer, of perfusion fraction (left column), pseudo-diffusion coefficient (middle
column) and diffusion coefficient (right column). For each row, the x-axis represents the parameter value in units of %, 10~ mm?/s, and
1072 mm?s for the f, D" and D parameters respectively. For all columns on the top row, the y-axis represents the number of times each
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1 Fig. 2 Examples of maps obtained in two slices in one
volunteer: first row: ‘optimized’ distribution, second
row: ‘regular’ distribution. (a) perfusion fraction (f) (%),
(b) pseudo-diffusion coefficient (D) (x 1073 mm?/s), (c)
0 diffusion coefficient (D) (x 107> mm?/s).
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value is found. f, fraction; D, pseudo-diffusion coefficient; D, diffusion coefficient.
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Table 3 Results of distributions comparison over all ROI using
Kolmogorov—Smirnov test (N = 832)

f(%) D" (%) D (%)

Proportion of distributions 50 80 17
significantly different between

‘regular’ and ‘optimized’ acquisition

Within the distributions that were 63 74 47
found different: proportion that

show heavier tail on the right for the

acquisition with ‘regular’ b-value

distribution

f, fraction; D", pseudo-diffusion coefficient; D, diffusion coefficient.

Table 4 Coefficients of variation (CV) values obtained for the
analysis within each ROL. The results are presented as mean and
standard deviation over all ROI

f D’ D
‘Optimized’ b-values 0.71 £0.36  0.66 +0.37 0.20 = 0.09
distribution
‘Regular’ b-values 090+0.42 1.08+0.49 0.20+0.09
distribution
P-value <107° <107 0.74
Reduction of CV 21% 39% -

f, fraction; D", pseudo-diffusion coefficient; D, diffusion coefficient.

here agrees with the values published in other studies summa-
rized in Table 1. Considering the gray matter included in
regions in the frontal, limbic, occipital, parietal and temporal
lobes as well as in the central region and in the subcortical
nuclei, the IVIM values observed here with the ‘optimized’
distribution are in agreement with the ones from the literature:
faverages as 13.2 + 2.8% (median 10.3%) when the average
over published values is 10.0 + 7.4%; D" averages as 15.89 +
2.17 x 1073 mm?%s (median 12.5 x 10 mm?/s), when the
average over published values is 21.9 = 28.3 x 10 mm?/s. In
white matter, f'averages as 12.4 + 2.1% (median 9.6%) when
the average over published values is 6.8 = 4.9%; D" averages
as 14.5+£4.2 x 1073 mm?/s (median 11.6 x 1073 mm?/s), when
the average over published values is 25.3 £29.1 x 1073 mm?s.
When focusing in particular on the perfusion fraction as it
shows smaller range of variation over published values than
D", our results are coherent with the ones from different groups
that worked on estimating multi-center reproducibility,’
robustness of IVIM parameters,'? test-retest reliability!! and
on exploring the anisotropy associated with microperfusion’®:
the f~values from these groups range from 10 to 14% in case of
gray matter, and from 7 to 9% in white matter. Diffusion coef-
ficients values from our observations are in good agreement
with literature values: we obtained 0.87 & 0.04 x 1073 mm?/s
vs. 0.81 £ 0.15 x 107 mm?/s in gray matter and 0.91 £ 0.12 x
107 mm?/s vs. 0.74 £ 0.12 x 10 mm?/s in white matter.

The range of values obtained with the ‘regular’ distribu-
tion is broader than the one obtained with the ‘optimized’
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distribution for both f and D" parameters. For the perfusion
fraction, the observed range is 7.83% in the ‘optimized’ case
and 11.19% in the ‘regular’ case; and for the pseudo-diffusion
coefficient, the observed range is 6.96 x 1073 mm?/s for the
‘optimized’ case and 11.78 x 1073 mm?/s in the ‘regular’ case.
This reflects a tendency for higher dispersion of values in the
case of ‘regular’ b-value distribution, similar to what is seen in
distributions of parameters within ROI seen in Fig. 3. The
quantification of the CV estimated between cortical areas in
Table 5 also shows a bigger variance of results in the case of
acquisitions with a ‘regular’ h-sampling scheme than with an
‘optimized’ sampling scheme for the pseudo-diffusion coeffi-
cient. In the central region, cerebellum, limbic and temporal
lobes out of the nine brain areas studied here, D* values were
found significantly different between ‘regular’ and ‘optimized’
acquisitions. When there is a significant difference in mean
values obtained from each analysis, the difference decreases
when considering median values, for instance in the temporal
lobe: average D" values in the ‘regular’ and ‘optimized’ distri-
butions are 24.8 = 8.3 vs. 15.3 £3.7 x 1073 mm?/s respectively,
while the median values are 14.1 vs. 11.8 x 1073 mm?/s respec-
tively, showing considerably smaller difference. This rein-
forces the fact that the difference observed between the two
acquisitions come from the presence of outlier-like values,
more frequently encountered in the case of the ‘regular’ distri-
bution. In these cases, D" estimated from the ‘regular’ acquisi-
tion has higher values than in the ‘optimized’ acquisition,
meaning that the initial slope of signal decay is overestimated.
This occurs more frequently in regions where the initial signal
decay is faster such as in areas with more partial volume effect
with blood vessels or with cerebrospinal fluid (CSF). This
effect is illustrated in Fig. 4, where DWIs from the first five
b-values in each acquisition show signal differences in the
Sylvian cistern (temporal lobe). There are no differences in the
fand D maps obtained from the ‘regular’ and ‘optimized’ dis-
tribution, but the D* maps obtained from each distribution are
different particularly close to the Sylvian cistern. This is prob-
ably the reason why the quantitative analysis shown in Table 5
presents significant differences in brain areas that are more
prone to this kind of effect.

Discussion

The purpose of this study was to emphasize the importance of
the sampling scheme used to estimate IVIM parameters. From
a quantitative point of view, the lack of a gold standard and the
broad range of values published make strict comparisons dif-
ficult; nevertheless, the range of values obtained here is in
agreement with the ones published in the literature, as sum-
marized in Tables 1 and 5. We used here a scheme based on the
optimization done by Lemke et al.'* in contrast with another
sampling scheme considered as ‘regular’ in contrast to the
‘optimized’ scheme. Resulting maps of IVIM parameters are
qualitatively different with more “speckles” in the f and D"
maps obtained from ‘regular’ distribution, similarly as Lemke
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Table 5
‘Optimized’ distribution ‘Regular’ distribution
Mean = std. dev. Median Mean = std. dev. Median

f (%)
Central region 13.31+2.75 11.26 12.54 +1.79 10.41
Cerebellum 13.85 +1.82 10.72 14.72 £2.20 10.47
Frontal lobe 11.69 +2.52 9.53 11.52 £2.47 8.92
Limbic lobe 11.95+2.93 10.02 22.39+7.37 16.42
Occipital lobe 17.60 + 3.65 12.38 19.70 £ 6.20 13.01
Parietal lobe 16.36 + 6.58 11.25 18.79 £ 6.96 11.72
Subcortical nuclei 9.77 £1.97 7.59 11.20 £2.85 7.94
Temporal lobe 11.80 + 3.94 9.95 11.40 +2.85 9.00
White matter 12.38 +£2.07 9.61 13.65 +2.44 9.27
Average =+ std. dev. 13.19 £ 2.45 10.26 + 1.37 15.10 £ 4.16 10.80 + 2.62
(range) (9.77-17.60) (7.59-12.38) (11.20-22.39) (7.94-16.42)
Average CV 0.23 £0.08 0.25+0.08

D" (x 1073 mm?/s)
Central region 15.64 £2.17 13.45 24.69 +7.397 16.98
Cerebellum 14.25 £2.99 10.67 19.73 £ 5.88” 11.92
Frontal lobe 12.64 +£2.76 10.84 18.53 +6.63 12.54
Limbic lobe 15.29 +2.32 12.38 30.31 £ 11.15™ 16.18
Occipital lobe 19.60 + 14.61 14.24 19.89 = 11.12 10.45
Parietal lobe 17.55+9.14 14.24 28.59 £21.12 20.01
Subcortical nuclei 15.26 +5.02 10.86 19.55 +8.16 11.37
Temporal lobe 15.27 +3.65 11.75 24.76 + 8.32" 14.05
White matter 14.54 + 4.24 11.59 20.44 + 8.65 12.99
Average + std. dev. 15.56 = 1.99 12.24 £ 1.46 22.94 +4.32 14.05 £ 3.10
(range) (12.64-19.60) (10.67-14.37) (18.53-30.31) (10.45-20.01)
Average CV 0.32+0.20 042 +0.14

D (x 1073 mm?/s)
Central region 0.92 £0.11 0.88 0.91 £0.10 0.88
Cerebellum 0.93 £0.13 0.89 0.92 +0.13 0.88
Frontal lobe 0.90 £ 0.09 0.86 0.90 = 0.08 0.85
Limbic lobe 0.87 £0.10 0.84 0.87 £0.09 0.84
Occipital lobe 0.89 +0.13 0.86 0.91 +£0.12 0.86
Parietal lobe 0.80 £ 0.12 0.78 0.81 £0.10 0.79
Subcortical nuclei 0.86 +0.09 0.83 0.86 +0.09 0.83
Temporal lobe 0.87 £0.11 0.84 0.88 £0.10 0.84
White matter 0.91 £0.12 0.87 0.91 £0.12 0.86
Average = std. dev. 0.89 £ 0.04 0.85 +0.03 0.88 £ 0.04 0.85+0.03
(range) (0.80-0.93) (0.78-0.89) (0.81-0.92) (0.79-0.88)
Average CV 0.13 £0.02 0.12 £0.02

f, D" and D values obtained using the ‘regular’ and the ‘optimized’ b-value distribution using the two-steps fit method. Data are presented as
mean and standard deviation for the ROlIs identified within certain grey matter (GM) areas defined according to the AAL atlas®® or in white
matter. Specifically: the “Central Region” is composed of GM in the precentral gyrus, postcentral gyrus, and Rolandic operculum. The “Frontal
Lobe” region is composed of GM, in its lateral surface: superior frontal gyrus - dorsolateral, middle frontal gyrus, inferior frontal gyrus with
opercular and triangular parts; in its medial surface: superior frontal gyrus-medial, supplementary motor area, paracentral lobule; in its orbital
surface: superior frontal gyrus, orbital and medial orbital parts, middle and inferior frontal gyrus — orbital parts, gyrus rectus, olfactory cortex.
The “Limbic Lobe” region is composed of GM in the temporal pole: superior temporal gyrus and middle temporal gyrus, anterior cingulate
and paracingulate gyri, middle cingulate and paracingulate gyri, posterior cingulate gyrus; hippocampus, parahippocampal gyrus, insula.

The “Occipital Lobe” region is composed of GM in its lateral surface: superior, middle and inferior occipital gyri; in its medial and inferior
surfaces: cuneus, calcarine fissure, and surrounding cortex, lingual gyrus and fusiform gyrus. The “Parietal Lobe” region is composed of GM in
its lateral surface: superior parietal gyrus, inferior parietal gyrus; in its medial surface: precuneus. The “subcortical nuclei” region is composed
of amygdala, caudate nucleus, putamen, pallidum, thalamus. The “Temporal Lobe” region is composed of GM in its lateral surface: superior
temporal gyrus, Heschl’s gyrus, middle and inferior temporal gyri.”Indicates significance difference between optimized and regular distribution

(e 1%). f, fraction; D", pseudo-diffusion coefficient; D, diffusion coefficient; std. dev., standard deviation; CV, coefficients of variation.
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et al.!’ observed in abdominal images. Significant differences
are observed in fand D" distributions obtained in a majority of
ROI defined using an automatic procedure. Less variability is
obtained when the sampling scheme is optimized, as quanti-
fied through smaller CV. This translates into a less broad range
of values of fand D" obtained over cortical areas, summarized
in Table 5. The most sensitive parameter to this is the pseudo-
diffusion coefficient D*. Our interpretation is that, by using an
optimized b-value sampling scheme, data are obtained in a
way that allows a better characterization of the signal decay:
data are sampled in better adequacy for the fitting of a bi-expo-
nential model. Consequently, when an adjustment of the curve
is made by using a regular sampling scheme, this scheme may
not be considering the critical points of the curvature of the
function which would cause a modeling error. This modeling
error would have a direct effect on the statistical estimation
procedure, resulting in a model that does not adequately
explain the mapping of the data and that is reflected mainly in
an increase of residuals errors and a more significant presence
of outliers. On the other hand, when an optimized sampling
scheme is available, the characteristics of the curve are better
represented, so that better goodness of fit of the regression
curve is obtained.

It is important to stress that both acquisitions to obtain
IVIM parameters maps are similar in the sense of presenting
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Fig. 4 (a) Left column: example of the first five
diffusion-weighted images obtained with the
‘optimized’ distribution with, from top to bot-
tom, b = 0, 40, 50, 60, 150 and 1000 s/mm?Z.
Right column: example of the first five diffu-
sion-weighted images obtained with the ‘regu-
lar” distribution with, from top to bottom, b = 0,
10, 20, 30, 40 and 1000 s/mm?. (b) Left column:
maps obtained with the ‘optimized’ distribution.
Right column: maps obtained with the ‘reg-
ular” distribution. Top row: Perfusion fraction
(f) maps. Middle row: diffusion coefficient (D)
maps. Bottom row: D maps. Note the difference
in the pseudo-diffusion coefficient (D") maps
around the Sylvian cistern.

the same SNR, and the same quantity of data points (same
amount of b-values) to adjust the same bi-exponential
model with the same algorithm. Our interpretation of the
different results comes from the fact that the sampling
scheme used in one case is better adapted to the problem
than the other sampling scheme. Figure 5 exemplifies how
different sampling gives different data and different results
for the fitted parameters. This translates into the visualiza-
tions presented in Fig. 4: the description of the initial signal
decay is not obtained the same way according to which
b-value sampling scheme is used, and the fitting of the ini-
tial slope, D", is more sensitive to partial volume effects or
other kinds of artifacts.

It has been reported that it is important to have suffi-
ciently high SNR to obtain reliable IVIM estimation.*!>?’
According to Lemke et al.,'® a critical value for the SNR is
50:1. SNR in our T,-weighted images is around 150:1 and
around 75:1 in the DWI with higher b-values: SNR in our
images are higher than critical values. Besides, we also
included spatial averaging of the data, which will decrease
the impact of noise on the estimation.

One of the limitations of this study is that the effects of
different tissues or CSF relaxation effects are not accounted
for, while Bisdas et al.’” showed an impact on the perfusion
fraction parameter at varying echo time.>’ As acquisitions
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were done maintaining all parameters equal, TE equal, but
sampling scheme in both cases, potential contamination of
different tissues would be present in a similar manner in both
cases and the conclusion obtained should not change. To min-
imize the effect of CSF contamination in IVIM results, Bisdas
etal.’” chose to mask pixels with relevant CSF partial volume.
As the purpose was to show that the choice of h-value sam-
pling scheme can have an impact on the robustness of the
IVIM parameters estimation, the decision was made not to
mask those pixels. Table 5 and Fig. 4 exemplify the better
robustness of an ‘optimized’ b-value sampling scheme over a
‘regular’ one. Besides, the analysis was done in an automatic
manner, defining regions of interest according to the proposal
by the AAL template: there is no potential bias in an analysis
or in the other by a user reading of the images to have included
a region with more CSF contamination.

The CV values reported in Table 4 may seem high, how-
ever, it is important to underline that variation was quantified
in a slightly different way in this study. This study focused on
estimating variation for ‘mini-ROI” within a ROI, which was
defined automatically according to the AAL atlas. The CV
usually quantifies an estimation of the variation within a ROI
when repeating the measure itself. Quantification of varia-
bility between cortical area, in Table 5, shows CV between
0.12 and 0.42. Our understanding is that the relatively high
CV values quantified in Table 4 (0.66 or higher), observed in
both cases of ‘optimized’ and ‘regular’ distributions for the
fand D" parameters, are related to the fact that the assump-
tion that the template-defined ROI are homogeneous may be
discussed and may generate a higher variability than
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Optim. Distribution
£19.2%
D* 6.5 x 10 mm?/s
D 1.2 x 10 ° mm?/s
Regul. Distribution
f19.1%
D* 4.8 x 10° mm?/s
D 1.2x10° mm?/s

Optim. Distribution
f7.4%
D*8.0 x 10° mm¥/s
D 0.8 x 103 mm?/s

Regul. Distribution
f49%
D*4.5x10° mm¥/s
D 0.8 x 103 mm?/s

Fig. 5 Examples of data obtained in three

different pixels using ‘optimized” and ‘reg-

Optim-. Distribution ular” distribution. Top row: f and D obtained
f7.8% ; I .
D*5.2 x 107 mm?/s with both distributions are very close but D
Regul Dlniton T differ. Middle row: D obtained with both
f0.1% distributions are similar but f and D" dif-

D* 4x10°¢ x 10°mm?/s . .
D 0.8 x 10 mm%/s fer. Bottom row: mainly one component is

detected in the ‘regular’ distribution data,
with D" being very close to 0. f, fraction; D",
pseudo-diffusion coefficient; D, diffusion
coefficient.

expected. This is coherent with the observations in Table 5,
where a broad range of values across the brain were obtained
for fand D”. It is important to stress that, in each case, the
analysis was performed without user interaction, using the
same definition of ROI and using the same methodology for
distribution comparison over the 832 ROI (analyzed one-to-
one), thus giving confidence in the observation of decreased
variability.

The anatomical regions listed in Table 5 present different
values for fand D" parameters among anatomical regions,
leading to the question of whether regional differences in
micro-perfusion could be evaluated with IVIM. Previous
works have reported differences in perfusion between ana-
tomical structures in MRI using arterial spin labeling tech-
niques,**-? in particular some areas have been shown to have
higher cerebral blood flow such as the Heschl gyrus (in tem-
poral lobe), cingulate (in limbic lobe), thalamus (in subcor-
tical nuclei). What is established is the dependence of
perfusion on age,’®*° a factor that has not been taken into
account here. Few works have explored the anatomical
dependency of IVIM parameters within brain structures.**
Increased precision for IVIM estimation, which is what is
aimed in this study, is needed to allow deepening the explora-
tion of variability between anatomical structure.

Part of the difficulty of working with IVIM acquisition is
that there is no gold standard value to confirm which values
are to be expected in healthy tissues. Our results show here
improved precision when using an ‘optimized’ b-value distri-
bution, which does not mean improved accuracy. Lemke
et al."” also reported an effect on the estimation variance at
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using different b-value distributions, based on simulation and
observation on abdominal images in three volunteers. The
observations reported here are based on the study of nine vol-
unteers who were assessed on one site using one ‘optimized’
distribution versus one ‘regular’ distribution, with observa-
tions made using a systematic comparison that was not user
dependent. The point to be emphasized is that higher preci-
sion of IVIM parameters can be attained when acquiring
images using an optimized b-value distribution, as was
observed here for low-perfused tissues such as those in the
brain. For the IVIM observations to give clear information to
support diagnostic, it is relevant to decrease as much as pos-
sible the variability due to the method used. What is stressed
in this work is that one of the sources of variability is the
b-value sampling scheme. It has been shown by other groups
that the IVIM results may depend on the fitting
methods.?’2%4142 Further work is needed to study the impact
of the sampling scheme in combination with these other
sources of variability that have been observed.

Conclusion

This work shows that an optimized b-value sampling scheme
improves the estimation of IVIM parameters in a low-
perfused organ by decreasing the associated variance in com-
parison with ‘regular’ b-value sampling scheme; a smaller
range of values is observed in the adjusted parameters. This
effect is visible qualitatively on the images as f'and D" maps
with fewer speckles are obtained. Our interpretation is that,
while data are sampled in a more adequate way, a better
description of the signal decay is obtained and precision is
gained in the estimation of a bi-exponential model.

In this work, it is important to highlight that a researcher
independent computational framework has been proposed
for the validation process of the impact of the b-values sam-
pling schemes on the brain IVIM estimation. This scheme
prevents the researcher from introducing biases in the valida-
tion process since it does not involve the researcher’s interac-
tion. This scheme could be extended to other experimental
studies where it is required to analyze the influence effect of
some factor or co-factor, either in the modeling or in its
adjustment.

Additional work remains to be done to extend this con-
clusion to different field strengths, different sites and dif-
ferent methods of adjustment. The interest of using an
optimized b-value sampling scheme is to gain precision; this
would be of help to detect small variations in IVIM parame-
ters in healthy subjects and different pathological conditions,
as interest was shown in using f and D" as potential bio-
markers in gliomas and glioblastomas.*3#
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