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Intravoxel incoherentmotion (IVIM) analysis of diffusion imaging data provides biomarkers of true passivewater
diffusion and perfusion properties. A new IVIM algorithmwith variable adjustment of the b-value threshold sep-
arating diffusion and perfusion effects was applied for cerebral tissue characterization in healthy volunteers,
computation of test-retest reliability, correlation with arterial spin labeling, and assessment of applicability in a
small cohort of patients with malignant intracranial masses. The main results of this study are threefold: (i) ac-
counting for regional differences in the separation of the perfusion and the diffusion components improves the
reliability of themodel parameters; (ii) if differences in the b-value threshold are not accounted for, a significant
tissue-dependent systematic bias of the IVIMparameters occurs; (iii) accounting for voxel-wise differences in the
b-value threshold improves the correlation with CBF measurements in healthy volunteers and patients. The pro-
posed algorithm provides a robust characterization of regional micro-vascularization and cellularity without a
priori assumptions on tissue diffusion properties. The glioblastomamultiforme with its inherently high variabil-
ity of tumor vascularization and tumor cell density may benefit from a non-invasive clinical characterization of
diffusion and perfusion properties.

© 2016 The Authors. Published by Elsevier Inc. This is an open access article under the CC BY-NC-ND license
(http://creativecommons.org/licenses/by-nc-nd/4.0/).

Keywords:

Intravoxel incoherent motion
IVIM
Arterial spin labeling
ASL
Test-retest reliability
Glioblastoma multiforme

1. Introduction

In spite of aggressive therapy consisting of surgical resection, radio-
therapy, and/or chemotherapy, patients with malignant brain tumors
have a poor prognosis with a median survival around 8 to 17 months
for glioblastomamultiforme (GBM) (Li et al., 2011) and 18 to 31months
for anaplastic astrocytoma (AA) (Paravati et al., 2011). Both tumor types
present heterogeneous lesions (Furnari et al., 2007; Yamashita et al.,
2016).

The characterization of both, vascularization (Akgoz et al., 2014) and
cellularity (Chenevert et al., 2006), of enhancing (Parker et al., 2015)
and non-enhancing (Jain et al., 2014) lesions may provide potential
prognostic indicators. Pathological alterations of blood flow and volume
can be monitored in MRI using both, dynamic contrast enhanced MRI

(Piludu et al., 2015) and techniques of arterial spin labeling (ASL)
(Jarnum et al., 2010). In addition to perfusion-weighted MRI, the use
of diffusion-weighted MRI has been proposed for the quantification of
indirect indicators of tumor cell density and cell proliferation
(Chenevert et al., 2006).

The intravoxel incoherent motion model in MRI isolates diffusion-
and perfusion-related effects on the MR signal attenuation with grow-
ing diffusion-weighting of image contrast for increasing b-value (Le
Bihan et al., 1988). Perfusion-related effects can be detected at low b-
values, while further signal attenuation at high b-values is expected to
be mainly dominated by diffusion. A few studies have recently investi-
gated the clinical potential of IVIM-indexes for differentiation of brain
lesions (Shim et al., 2015), preoperative grading (Hu et al., 2014), or
for an assessment of tumor microcirculation (Bisdas et al., 2014).
While IVIM promises to yield information on diffusion and microcircu-
lation from a single scan, an important limitation is the robustness of
standard fit algorithms, which is jeopardized by the high number of fit
parameters and, for most algorithms, by an a priori separation of the
perfusion and the diffusion components, with a fixed b-value threshold
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(Wurnig et al., 2015). The use of fixed-threshold multi-step algorithms
for IVIMhas been proposed in the attempt to improve the stability of the
multi-parametrical fit (Luciani et al., 2008). Only few studies focused on
the dependence of the IVIM-indexes from the b-value threshold in the
separation of the diffusion and the perfusion components (Wurnig et
al., 2015). However, a dependence of the b-value threshold from tissue
type, functional state, or from pathological alteration of tissue microcir-
culation can be hypothesized (Pazahr et al., 2014) and was proven for
abdominal organs (Wurnig et al., 2015). A novel algorithm proposed
by Wurnig et al. (Wurnig et al., 2015) addressed the issue of the
organ-specific adaptation of the b-value threshold with a variable-
threshold IVIM algorithm, which determines the optimal b-value
threshold for each voxel based on the fit residuals, independent of as-
sumptions regarding the underlying tissue characteristics.

The aims of this studywere to: (i) investigate the repeatability of the
variable-threshold algorithm for brain tissue in healthy volunteers by
test-retest measurements; (ii) to test the validity of the algorithm for
the assessment of the perfusion correlates in patients with malignant
intracranial lesions by comparison to quantitative ASL perfusion data.

2. Material and methods

2.1. Subjects

Eleven healthy volunteers (4 men, 7 women; mean age ± standard
deviation: 31±6 years, range: 24–39 years) and nine patientswithma-
lignant intracranialmasses (6men, 3women;mean age± standard de-
viation: 45 ± 14 years, range: 27–73 years) were included in this
prospective study. The study was approved by the local ethics commit-
tee. All participants gave written informed consent to the MR examina-
tion and the scientific evaluation of the data sets. For the patients, a
summary of tumor diagnosis and treatment is reported in Table 1.

2.2. MR protocol

All MR data were acquired on a 3 Tesla whole-body scanner
(Ingenia, Philips, Best, The Netherlands) with a 15-channel head coil
(Philips, Healthcare, Best, The Netherlands) and using the built-in
body transmit coil for spin excitation.

For anatomical orientation, a 3D T1-weighted gradient-echo pulse
sequence (TR/TE = 4.5 ms/2.0 ms; flip angle = 8°, echo train length
123, TI = 314 ms, sensitivity encoding factor 2) and a driven equilibri-
um fast spin echo sequence (TR/TE= 3000ms/80ms; echo train length
15, sensitivity encoding factor 2) were acquired.

Diffusion-weighted images for IVIMwere acquired using an Echo Pla-
nar Imaging (EPI) sequence with spin echo diffusion preparation (TR =
1065ms; TE= 63ms; water-fat separation bandwidth= 25.9 Hz; band-
width in EPI readout direction=2852.7Hz/px, sensitivity encoding factor
2; halfscan=0.677; voxel size=2.20× 2.20×5.00mm3; b-values: 0, 10,
20, 40, 80, 160, 320, 640, 1280 s/mm2, number of averages 4, three

orthogonal diffusion-encoding directions). Depending on the anatomy
of the subject ten till twelve slices were acquired resulting in slight varia-
tions of the TR of the sequence. Spectral Pre-saturationwith Inversion Re-
covery (SPIR) was used for fat signal saturation. Range and distribution of
b-values were selected considering the following points: (i) for b-values
above 150–200 s/mm2 the perfusion effects on the quantification of the
diffusion estimates are considered negligible in the brain (Le Bihan,
2011); (ii) five measurement points in the low range of b-values (i.e.,
below 160 s/mm2) were selected in order to improve the quality of the
perfusion estimates (Lemke et al., 2011); (iii) a b-value above 1000 s/
mm2 should minimize the relative root mean square error in the estima-
tion of the diffusion coefficient (Freiman et al., 2012).

Arterial spin labeling was performed using a balanced pseudo-con-
tinuous ASL (pCASL) single-shot gradient echo EPI sequence (Aslan et
al., 2010). Imaging parameters were the following: voxel size
3.00 × 3.00 × 5.00 mm3, 10 slices, TR/TE = 3497 ms/12 ms, flip
angle = 40°, sensitivity encoding factor 3, post labeling delay =
1465 ms, labeling duration 1650 ms, label gap 20 mm, RF duration =
0.5 ms, pause between RF pulses = 0.5 ms, labeling pulse flip
angle = 18°, bandwidth = 2.0 kHz, echo train length = 29, number
of control/tagged pairs = 50. A control volume for cerebral blood flow
(CBF) quantification was acquired using the same sequence by setting
the labeling delay to 2500 ms.

For each healthy subject, data sets for quantification of diffusion and
perfusion estimates (using IVIM and ASL models) were acquired twice.
Before acquisition of the second trial, subjects were allowed to adjust
the position of the own head within the coil. Volumes acquired during
the two trials slightly differed in slice positioning and orientation.

For each patient, T1-weighted images (3D gradient-echo sequence,
TR/TE = 1700 ms/2.6 ms, TI = 900 ms, flip angle = 9°, voxel size =
0.47 × 0.47 × 0.90 mm3) acquired after the administration of Gadolini-
um-DTPA were available from clinical examinations performed imme-
diately before or after the study examination.

2.3. Post-processing and computation of parametrical maps

The IVIM model (Le Bihan et al., 1988) presumes the MR signal at-
tenuation for increasing strength of the diffusion weighting (i.e. for in-
creasing b-values) to depend on diffusion and perfusion according to
the following equation (Eq. 1):

S bð Þ

S0
¼ f P � exp −b � D�ð Þ þ 1− f Pð Þ � exp −b � Dð Þ: ð1Þ

In Eq. 1, S(b) and S0 represent the signal intensity for a given b-value
and for the b-value set to 0 s/mm2, respectively. The term fP (fraction of
perfusion) is a dimensionless index (between 0 and 1), which mainly
reflects the blood volume (Le Bihan et al., 1988). The pseudo-diffusion
D* (in units of mm2/s) is a perfusion related component of the signal at-
tenuation, which mimics the diffusion process, while D (in units of

Table 1

Summary of patients' data.

Patient Status⁎ Gender Age Diagnosis LC (month) Therapy before MRI Therapy after MRI

1 Deceased M 73 GBM No (5) Biopsy 6cTMZ, RT, 3× Bevacizumab
2 Deceased M 32 GBM No (3) Operation, RCT, 6cTMZ, bevacizumab Bevacizumab bevacizumab + CCNU
3 Alive M 47 AA No (6) Operation RT, operation, 3cTMZ
4 Lost in

follow-up
F 55 GBM No (1) Biopsy RT

5 Deceased F 43 AO No (5) Operation, RT, 6cTMZ, bevacizumab Bevacizumab, RT
6 Alive M 52 AA No (3) Biopsy, 2c TMZ RT
7 Alive F 31 AA No (7) Operation RT
8 Alive M 26 GBM Yes (7) Operation RCT, 3cTMZ
9 Alive M 50 Met No (6) Vandetabib RT, sorafenib

AA: anaplastic astrocytoma, AO: anaplastic oligodendroglioma, c: cycle, CCNU: lomustine, GBM: glioblastoma multiforme, LC: local control; RCT: radiochemotherapy, RT: radiotherapy,
TMZ: temozolomide.
⁎ Status at the time point of the manuscript preparation.
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mm2/s) is the self-diffusion coefficient of water in the tissue. The pseu-
do-diffusion coefficient is expected to depend on the product between
the average blood velocity and the mean capillary segment length,
while the fP is supposed to be proportional to the fractional volume of
the capillary blood flowing in each voxel (Le Bihan et al., 1988).

For eachb-value, the S(b)was computedby averagingpixel-by-pixel
the MR signal acquired along the three diffusion-encoding directions.

Two different algorithms were used for the pixel-wise estimation of
the diffusion and perfusion estimates based on Eq. 1.

The first algorithm (hereafter fixed-threshold algorithm) evaluated
Eq. 1 in two steps. First, the diffusion coefficient D was estimated by a
linear fit of the logarithm of the MR signal attenuation for b-values
higher than 160 s/mm2 (Eq. 2):

ln S bð Þð Þ ¼−D � bþ ln S00ð Þ; ð2Þ

where S′0 is the intercept of the curve for b= 0 s/mm2. In a second step,
the computed value for D in Eq. 1 was kept constant and fP and D*were
estimated by a non-linear least-squares Levenberg-Marquardt fit.

The second algorithm (hereafter variable-threshold algorithm) was
implemented as proposed in (Wurnig et al., 2015). In this case, optimal
diffusion and perfusion estimates were computed using an iterative
procedure. Using each of the acquired b-values, from the first to the
third-last as threshold value, diffusion and perfusion components
were separated and D, D*, and fP were computed as following:

(a) D and S′0were computed byfitting the logarithmof the signal at-
tenuation to a first degree polynomial curve (Eq. 2) using the
above-threshold b-values;

(b) fP was computed as f P ¼ ðS0−S
0

0Þ=S0;
(c) D* was computed with a non-linear least-squares fit of all signal

values by keeping D and fP fixed.

The steps (a) to (c) were repeated in a loop. The smallest sum of
squared residuals in the fitting step (c) was used as a criterion for the
identification of optimal D, D*, fP, and b-value threshold.

Quantitative CBF maps were computed pixel-wise using the follow-
ing equation (Eq. 3) (Aslan et al., 2010):

CBF ¼
−λ Mtag

−Mctrl
� �

2aM0

�
exp δ=T1a

� �

T1 exp
min δ−w; oð Þ

T1

� �

− exp
−w

T1

� �

� 1−
T1RF

T1

� �� � ; ð3Þ

In the Eq. 3 the parameters represents the following: Mtag (Mctrl) is
the signal intensity of the tagged (control) image,M0 is the equilibrium
magnetization, α = 0.86 is the labeling efficiency, λ = 0.98 ml/g is the
brain-blood partition coefficient, T1=1.165 s is the brain tissue longitu-
dinal relaxation time, T1a = 1.624 s is the T1 time of the arterial blood,

and T1RF = 0.75 s is the T1 in the presence of off-resonance irradiation.
The arterial transit time δ was set to 0.470 ms (Yoshiura et al., 2009).

For each image pair, a CBF map was computed. Before computation
of the parametrical maps, the 50 image pairs were realigned to avoid
potential detrimental artifacts due to rigid head motion. The reference
image volume was also co-registered to the first image volume of the
dynamic acquisitions. Realignment and co-registration were performed
using the dedicated toolboxes of SPM 12 (Statistical Parametrical Map-
ping 12,Wellcome Trust Centre for Neuroimaging, London UK). Amean
CBF map was obtained as the average of the 50 maps computed using
Eq. 3.

All parametrical maps (from Eqs. 1 and 3) were computed using in
house custom software written in Matlab (MATLAB Release 2013b,
The MathWorks, Inc., Natick, Massachusetts, United States). The com-
puted maps and the morphological images were co-registered using
the “fuse-it” tool of PMOD 3.607 (PMOD Technologies Ltd). Image
coregistration was performed via reslicing and rigid transformation of
the volumes to the morphological image. Reslicing consisted in the ad-
justment of pixel size and slice thickness of the volume, and was per-
formed by interpolating the image data within oblique planes across
the image volume. Rigid transformations rotated and translated the
contents of the image volume.

3. Study 1

3.1. Study design

The aim of this part of the study was to investigate the precision of
the two algorithms for IVIM maps computation in healthy volunteers.
Mean values of the estimated IVIM and ASL parameters were computed
over the co-registered segmented gray matter, white matter, and cere-
brospinal fluid (CSF) volumes. Segmentation was performed using the
“Segment” tool of SPM 12, which relays on amodified gaussian mixture
model to assign for the single voxel the probability of belonging to each
tissue type (Ashburner et al., 2000). Additionally to the segmented gray
matter, RoIs were manually drawn over the morphological volume at
the level of the putamen and copied onto the coregistered parametrical
maps using the PMOD 3.607 software.

3.2. Histogram analysis

A histogram analysis was performed to quantify the metrics of the
perfusion and of the diffusion indexes measured over the segmented
tissue types for both IVIM algorithms. Mean value (Av), minimum
value (Min), maximum value (Max), standard deviation of the mean
value (SD), first and third quartiles (Q1 and Q3), and median (Med)
were computed. Single parameters of the histogram metric obtained
with the two IVIM algorithms were statistically compared using a
paired, two-tailed Student's t-test (p b 0.05).

Fig. 1. CroppedM0 image and parametrical CBF and IVIMmaps computed in one healthy volunteer (male, 39 years-old) using the variable threshold algorithm. The computedmapswere
overlaid onto theM0-image.
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3.3. Intra-algorithm repeatability

For each algorithm, test-retest reliability of the mean values (Av) of
the diffusion and the perfusion estimates was assessed by computing
intra-class correlation coefficients (ICCs) assuming a two-way mixed
model for absolute agreement between single measurements (Shrout
and Fleiss, 1979). Estimates for ICC were computed using the software
SPSS (IBM Corp. Released 2013. IBM SPSS Statistics for Windows, Ver-
sion 22.0. Armonk, NY: IBM Corp.). The ICCs were classified as
(Cicchetti and Sparrow, 1981): excellent above 0.75, good between
0.59 and 0.75, fair between 0.58 and 0.40, and poor for values below
0.40. For each trial coefficients of variation (CV) were computed as the
ratio of the standard deviation to the mean.

3.4. Inter-algorithm comparison

For each trial, difference scores between the two measurements
were tested using a one-sample t-test (p b 0.05).

3.5. Correlation with pCASL

For each of the two algorithms, the strength of the monotonic rela-
tionship between CBF and perfusion correlates estimated with the
IVIM model (i.e., fP, D*, and the product fP·D*) was measured by com-
puting the Spearman correlation coefficient (r). The correlation was
rated as very high for 0.90 b |r| b 1.00, high for 0.70 b |r| b 0.90, moder-
ate for 0.50 b |r| b 0.70, and low for |r| b 0.50.

4. Study 2

The aim of this part of the study was to investigate potential advan-
tages of the variable-threshold algorithm in comparison to the fixed-
threshold one in the characterization of pathological alteration of diffu-
sion and perfusion estimates in patients with malignant intracranial le-
sions. Regional CBF, fP, D*, and D values were computed in RoIs drawn
over the contrast-enhancing lesions, areas of perifocal edema, and ne-
crotic brain tissue. For each patient, parametrical values were also com-
puted over the segmented white matter as a reference. The correlation
of the mean IVIM-values to the CBF measurements was tested as in
Study 1 by computing the Spearman correlation coefficient. Potential
differences in the diffusion and perfusion parameters measured over
the single areas were statistically compared using a one-sample t-test
(p b 0.05).

5. Results

5.1. Study 1

Image quality allowed the computation of IVIM and CBF
parametrical maps in all volunteers (Fig. 1). Regional IVIM parameters
for both trials are reported in Table 2. The smallest sums of the residuals
for the IVIM fits were found at a mean b-value threshold of 281± 96 s/
mm2 for the gray matter (Trial 2: 283 ± 80 s/mm2), and at a mean b-
value threshold 362 ± 91 s/mm2 for the white matter (Trial 2: 364 ±
59 s/mm2).

5.1.1. Histogram analysis

The results of the histogram analysis are reported in the supplemen-
tarymaterial. In summary, differences in themetrics of the diffusion and
perfusion estimates between the two algorithms were found in depen-
dence from the tissue type. Generally, an overestimation of the diffusion
coefficient D was found using the fixed-threshold algorithm as com-
pared to the variable-threshold algorithm. For gray matter and white
matter fP was underestimated by the fixed-threshold algorithm. For
white matter and CSF, the D* showed a lower reproducibility of the
results.T
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5.1.2. Intra-algorithm repeatability

Both algorithms for IVIM evaluation showed good intra-algorithm
patterns (Fig. 2). Mean ICC values were 0.68 ± 0.25 (good) for the var-
iable-threshold algorithm and 0.52± 0.35 (fair) for the fixed-threshold
algorithm (Table 3). However, for both algorithms the repeatability
metrics presented differences between tissue types and diffusion and
perfusion parameters. While the repeatability of the estimation of the
D coefficient was comparable for both algorithms (ICCvariable-threshold =
0.51 ± 0.29 (fair), ICC

fixed-threshold
= 0.67 ± 0.29 (good)), the estimate of

D* was more robust in the case of the variable-threshold algorithm
than for the fixed-threshold algorithm (ICCvariable-threshold = 0.71 ±
0.27 (good), ICCfixed-threshold = 0.44 ± 0.43 (fair)).

5.1.3. Inter-algorithm comparison

Bland-Altman plots (Fig. 3) showed that the diffusion coefficient D
computed using the variable-threshold algorithm was systematically
lower than the one obtained from the fixed-threshold one, while the

Table 3

Intra-class correlation coefficients (ICCs) were computed to assess intra-algorithm reli-
ability in each tissue type. Coefficients of variation (CVs) are reported as a measure of
thedistribution of the data points around themean value for each trial and each algorithm.

Variable threshold Fixed threshold

ICC CV trial 1 CV trial 2 ICC CV trial 1 CV trial 2

GM
D 0.74 0.18 1.01 0.35 0.25 0.49
D* 0.42 2.70 3.23 0.08 20.9 22.23
fP 0.81 0.61 0.60 0.42 4.76 5.04

WM
D 0.60 0.17 0.24 0.82 0.16 0.18
D* 0.77 3.13 3.06 0.32 21.83 11.95
fP 0.75 0.54 0.55 0.05 6.72 3.20

CSF
D 0.18 0.41 0.38 0.86 0.28 0.28
D* 0.95 1.79 1.81 0.91 17.28 17.25
fP 0.95 0.47 0.48 0.88 4.01 1.95

Fig. 2. For each of the reported algorithms, Bland-Altman plots were generated to assess the agreement between the two measurements of the IVIM indexes. For each parameter, the
subscript diff refers to the difference between the first and the second trial, while the subscript mean indicates the mean value of the two measurement points.
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fP was higher than the one assessed with the fixed threshold algorithm.
For D and fP these differences were statistically significant in both, the
test and re-test trials (p b 0.0001).

5.1.4. Correlation to pCASL

MeanCBF values (in units ofml/min/100 g) for each tissue typewere
the following: gray matter: 62.3 ± 8.4 (Trial 2, 58.1 ± 1.8); putamen:
52.6 ± 11.8 (Trial 2: 54.3 ± 11.7); white matter: 40.3 ± 1.9 (Trial 2:

43.6 ± 1.8); CSF: 43.6 ± 5.5 (Trial 2: 43.7 ± 2.3). The correlation of
IVIM parameters to CBF values varied with tissue type and IVIM-algo-
rithm (Table 4a). For the gray matter, fP, and fP·D* correlated positively
with CBF, with the variable-threshold algorithm performing better than
the fixed-threshold one in both trials. The putamen showed a high to
very high correlation with CBF, with the variable-threshold algorithm
performing better than thefixed-threshold one in both trials. A negative
correlation between CBF and fP was measured in the putamen. A

Table 4a

Spearman's correlation coefficients between CBF and IVIM indexes in healthy volunteers. Statistically significant correlation (p b 0.05) is highlighted in bold font.

Gray matter Putamen White matter CSF

Trial 1 Trial 2 Trial 1 Trial 2 Trial 1 Trial 2 Trial 1 Trial 2

Variable-threshold algorithm CBF vs fP·D* 0.49 0.18 0.66 0.92 0.20 −0.02 −0.75 −0.68

CBF vs fP 0.42 0.54 −0.70 −0.80 0.63 0.62 −0.51 0.15
CBF vs D* −0.18 −0.23 0.90 0.89 −0.48 −0.24 −0.53 −0.89

Fixed-threshold algorithm CBF vs fP·D* 0.27 0.17 0.55 0.79 0.02 0.36 −0.51 −0.37
CBF vs fP 0.20 0.43 −0.57 −0.64 0.19 0.57 −0.47 −0.19
CBF vs D* 0.18 0.04 0.52 0.82 −0.22 −0.08 0.11 −0.45

Fig. 3. Inter-algorithmcomparisonwasperformedby generating Bland-Altman plots for both trials. The subscript diff refers to the difference between the variable-threshold algorithmand
the fixed-threshold one.

785S. Stieb et al. / NeuroImage: Clinical 11 (2016) 780–788



positive moderate correlation was found between fP, and CBF in the
white matter with the variable-threshold algorithm. The same trend
was found for the fixed-threshold algorithm, although the correlation
wasweaker as in the case of the variable-threshold algorithm. Negative
correlation between CBF and fP·D* was found for the CSF in both
algorithms.

5.2. Study 2

For all patients the computed parametrical IVIM maps were of good
image quality, based on visual inspection. In two patients pCASL data
were not acquired because of delayed time schedule during the routine
examination. Regional IVIM values are reported in Table 5.

In patients, a mean CBF of 46.3 ± 9.9 ml/min/100 g was measured
over the white matter. Contrast-enhancing lesions showed a mean
CBF of 52.6 ± 19.1 ml/min/100 g (p = 0.45). Lower CBF values were
found over edemas (CBF = 40.7 ± 12.4 ml/min/100 g, p = 0.37),
while slightly higher CBF values were found over necrotic areas
(CBF=50.0± 12.5ml/min/100 g, p=0.56). For the variable-threshold
algorithm, D values measured in the white matter (0.64 ±
0.05·10−3 mm2/s) in patients were significantly (p b 0.001) lower
than the values computed over the lesions (0.88 ± 0.14·10−3 mm2/
s), edemas (1.06 ± 0.19·10−3 mm2/s), and necrotic areas (0.97 ±
0.24·10−3 mm2/s). No significant differences were found in the fP
values measured over the white matter (0.12 ± 0.03) as compared to
contrast enhancing lesions (0.20 ± 0.13), areas of edema (0.12 ±
0.05), and necrosis (0.14 ± 0.05). No significant differences between
white matter and pathological areas were found for the pseudo-diffu-
sion coefficient, D* (Table 5). A similar pattern was observed for the
IVIM-parameters computed using the fixed-threshold algorithm
(Table 5) with the exception of the fP value thatwas significantly higher
in the lesion than in the reference tissue. Absolute values of IVIMparam-
eters depended on the algorithm used (Fig. 4).

A significant, high to very high negative correlationwas found in the
pathological areas between fP,variable-threshold and CBF, while the correla-
tion ranged between negative, moderate and high for fP,fixed-threshold
(Table 4b, Fig. 5). A moderate positive correlation was found between
D*variable-threshold and CBF in lesions and necrotic tissue, while in the
same regions low correlation was measured using the fixed-threshold
algorithm. For the variable-threshold algorithm, no correlation was
found between CBF and fP·D* in any of the pathological regions, while

a moderate negative correlation was found between CBF and fP·D* esti-
mated using the fixed-threshold algorithm over the contrast-enhancing
lesions. Over the pathological areas, there was a low negative correla-
tion between CBF and D.

6. Discussion

In spite of the potential of IVIM in the non-invasive characterization
ofmalignant brain lesions (Bisdas et al., 2014; Federau et al., 2014; Hu et
al., 2014; Shim et al., 2015), the use of this model in clinics is hampered
by the poor stability of standard IVIM algorithms (Wu et al., 2015) on
one side and by the still incomplete interpretation of the IVIM indexes
in pathologies (Bisdas et al., 2014; Bisdas and Klose, 2015; Federau et
al., 2013; Wirestam et al., 2001) on the other side.

The main results of this study are threefold: (i) accounting for re-
gional differences in the separation of the perfusion and the diffusion
components in IVIM improves the repeatability of the model; (ii) if dif-
ferences in the b-value threshold are not accounted for, a significant tis-
sue-dependent mis-estimation of the IVIM-indexes may occur; (iii)
accounting for regional differences in the separation of the perfusion
and the diffusion components in IVIM improves the correlation with
CBF measurements in the healthy gray matter in volunteers and intra-
cranial lesions.

In this study the investigation of the repeatability of the IVIM mea-
surements in healthy volunteers showed the importance of a local stan-
dardized separation of the perfusion and diffusion components.
Although no perfusion is expected in the CSF, IVIM algorithms provided

Table 4b

Spearman's correlation coefficients between CBF and IVIM indexes in patients. Statistically
significant correlation (p b 0.05) is highlighted in bold font.

Contrast-Enhancing
Lesion

Edema Necrotic
Region

Variable-threshold
algorithm

CBF vs D −0.36 −0.46 −0.15
CBF vs fP·D* −0.29 0.00 0.20
CBF vs fP −0.96 −0.89 −0.89

CBF vs D* 0.70 0.46 0.66
Fixed-threshold
algorithm

CBF vs D −0.46 −0.54 −0.35
CBF vs fP·D* −0.75 −0.18 −0.49
CBF vs fP −0.89 −0.61 −0.77
CBF vs D* −0.31 −0.04 0.14

Fig. 4. Curves fitting the signal decay for increasing b-values in a ring-enhancing and in a contrast-enhancing lesion using various b-values as threshold for separation of diffusion and
perfusion components. The estimation of the IVIM-indexes depended from the choice of the b-value threshold.
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relatively high fP values of the CSF in the order of 0.25 (Table 2). These
high values may result from contamination of CSF flow encoded by
the flow-sensitive gradients, similarly to the case of velocity-selective
ASL techniques (Wu and Wong, 2004).

The comparison of themean values reported in thismanuscriptwith
literature values is hindered by the dependence of the IVIM-parameters
on the selection of the b-value threshold (Fig. 4). For the standard algo-
rithmused in thismanuscript a good accordancewas foundwith the lit-
erature values reported for white and graymatter (Wu et al., 2015). The
variable-threshold algorithm also yielded gray matter values compara-
ble with published values of healthy volunteers (Wu et al., 2015). The
accordance with the values reported in the literature, as well as, the re-
sults of our study concerning the optimal b-value thresholds for the
brain confirm that b-values in the order of 150–250 s/mm2 are optimal
threshold for the gray matter. In this study a b-value of 160 s/mm2 was
used as threshold for the standard algorithm. However, the results of
our study show that optimal thresholding for the white matter occurs
around 380 s/mm2. Therefore, we cannot exclude that the signal arising
from slow moving capillary spins may have partially affected the esti-
mation of the IVIM parameters using the fixed-threshold algorithm.

Similarly to the case of the healthy tissue, also regional values com-
puted in this study over pathological areas cannot be directly compared
to the literature. A positive correlation between CBF and D*was found
using the variable-threshold algorithm in all pathological areas. The
fraction of perfusion fP correlated negatively with CBF in contrast en-
hancing lesions and the putamen, in accordance with Lin et al. (Lin et
al., 2015). These results may be surprising if considering the linear pro-
portionality between the cerebral blood volume and fP proposed in (Le
Bihan and Turner, 1992). However our results are in keeping with the
study of Bisdas and colleagues, where measurements of plasma flow
with dynamic contrast MRI correlated negatively to the fraction of per-
fusion and positively with D* in lesions (Bisdas et al., 2014). The nega-
tive correlation between CBF and fP may reflect the abnormality of the
blood flow in lesions due to hyper-permeability of the vessels and var-
iability of vessels thickness (Jain et al., 2007). However, as we detected

the same dependency also in the putamen, we speculate that this result
may reflect the interdependence between the two IVIM parameters fP
and D*, which has been reported in other arterially perfused organs as
spleen and bowel (Eberhardt et al., 2016). In tissue types which present
high capillary blood velocity (e.g. the gray matter (Rosenberg and
Kyner, 1980) or brain tissue under hypoxic conditions (Bereczki et al.,
1993)) the contribution of the capillary network to the diffusion-
weighted MR signal is expected to quickly disappear for low b-values.
In this case, if the algorithm is not accounting for a regional adjustment
of the b-value threshold, the fraction of perfusion is overestimated and
the pseudo-diffusion coefficient is underestimated. The biaswill depend
on both, the selected threshold and the local capillary blood velocity. In
the study fromFederau et al. (Federau et al., 2014), a positive correlation
between CBV and f was found in tumor lesions. However, the use of an
algorithm with 200 s/mm2

fixed-threshold hinders the direct compari-
son of the results with our findings.

Few main limitations should be considered in this work. The small
number of patients included in the study and the heterogeneity of the
cohort of patients do not allow a comprehensive interpretation of the
IVIM values in patients. Moreover, although this study aimed to provide
meanvalues for healthy tissue and pathological areas, the heterogeneity
of the distribution of the valueswithin specific areas (Fig. 5)may also be
an important index for the characterization of the pathological condi-
tions. A third point concerns the issue of the CBF quantification (Eq.
3). The equilibrium magnetization of the brain tissue, M0, can be esti-
mated from the signal measured on a RoI drawn over the control vol-
ume and corrected for T1 decay (Aslan et al., 2010). In this study we
opted for the acquisition of a control volume with a long labeling
delay. The advantage of that is a pixelwise estimation of the equilibrium
magnetization. However, depending on the T1 time of the tissue, local
overestimation of the CBF values may have occurred. On the other
side, the choice of a relative short post-delay time (Aslan et al., 2010)
may have led to a slight underestimation of the CBF. In few volunteers
head size and shape resulted in limited areas of inadequate fat suppres-
sion of the diffusion-weighted images which may have residually

Table 5

Mean values (± standard deviation) of the IVIM indexes computed using the variable-threshold algorithm and the fixed-threshold algorithm in patients.

D [10−3 mm2/s] D* [10−3 mm2/s] fP

Variable-threshold Fixed-threshold Variable-threshold Fixed-threshold Variable-threshold Fixed-threshold
White matter 0.64 ± 0.05 0.70 ± 0.04 6.4 ± 4.5 7.0 ± 2.0 0.12 ± 0.03 0.08 ± 0.02
Contrast-enhancing lesion 0.88 ± 0.14 0.98 ± 0.18 11.6 ± 9.5 15.6 ± 9.8 0.20 ± 0.13 0.16 ± 0.10
Edema 1.06 ± 0.19 1.12 ± 2.10 19.1 ± 29.3 12.5 ± 13.1 0.12 ± 0.05 0.10 ± 0.05
Necrotic region 0.97 ± 0.24 1.03 ± 0.24 9.9 ± 5.3 6.2 ± 1.8 0.14 ± 0.05 0.11 ± 0.04

Fig. 5. Cropped parametrical CBF and fP maps computed in one patient (female, 55 years-old, diagnosis of GBM) are reported. Areas of hyper-perfusion at the border to a ring enhancing
lesion (white arrow) correspond to low fP values. The contrast-enhancing lesion visible in the T1-weighted image (black arrow) was characterized by heterogeneous perfusion and low
mean fP values.
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contributed to the mean IVIM values. Finally, in this study diffusion-
weighted images were acquired without cardiac gating. Federau et al.
(Federau et al., 2013) investigated the dependence of the IVIM parame-
ters measured over the whole brain from the cardiac cycle. The systolic
pseudo-diffusion coefficient was significantly higher than the one ac-
quired without gating, while no significant changes were found for
the diffusion coefficient and the fraction of perfusion. The pulsatility of
the microcirculation may affect the quantification of the pseudo-diffu-
sion coefficient. The accuracy of the estimations of the pseudo-diffusion
coefficient may improve using cardiac gated acquisitions. However, car-
diac gating occurs at costs of acquisition time, and it may be not feasible
for clinical use.

In conclusion, the proposed algorithm provides a robust characteri-
zation of regional micro-vascularization and cellularity without a priori
assumptions on tissue diffusion properties. The glioblastoma
multiforme with its inherently high variability of tumor vascularization
and tumor cell density may benefit from a non-invasive clinical charac-
terization of diffusion and perfusion properties.
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