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Abstract

from normal cervix tissue.

cancer and normal tissues.

Background: To compare different fitting methods for determining IVIM (Intravoxel Incoherent Motion) parameters
and to determine whether the use of different IVIM fitting methods would affect differentiation of cervix cancer

Methods: Diffusion-weighted echo-planar imaging of 30 subjects was performed on a 3.0 T scanner with b-values
of 0, 30, 100, 200, 400, 1000 s/mm?. IVIM parameters were estimated using the segmented (two-step) fitting method
and by simultaneous fitting of a bi-exponential function. Segmented fitting was performed using two different cut-
off b-values (100 and 200 s/mm?) to study possible variations due to the choice of cut-off. Friedman's test and
Student's t-test were respectively used to compare IVIM parameters derived from different methods, and between

Results: No significant difference was found between IVIM parameters derived from the segmented method with
b-value cutoff of 200 s/mm? and the simultaneous fitting method (P>0.05). Tissue diffusivity (D) and perfusion
fraction (f) were significantly lower in cervix cancer than normal tissue (P< 0.05).

Conclusions: IVIM parameters derived using fitting methods with small cutoff b-values could be different, however,
the segmented method with b-value cutoff of 200 s/mm? are consistent with the simultaneous fitting method and
both can be used to differentiate between cervix cancer and normal tissue.
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Background

Cervix cancer is the third most commonly diagnosed
cancer and the fourth leading cause of cancer death in
women worldwide [1]. Intravoxel incoherent motion
(IVIM) MR imaging has been explored as a potential im-
aging biomarker for characterizing cervical cancer and
monitoring of neoadjuvant chemotherapy in cervical
cancer [2—4]. IVIM imaging has also been widely utilized
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in other organs, such as differentiation of tumor stages
and histological types in head and neck cancers [5, 6],
differential diagnosis of low and high-grade gliomas [7],
as well as tumors in abdominal and pelvic organs, in-
cluding liver [8-10], pancreas [11, 12], kidney [13-15],
and prostate [16, 17].

The IVIM model differentiates water movement in tis-
sues into diffusion in extravascular space and perfusion-
related pseudo-diffusion in blood vessels, represented by
the diffusion coefficient (D) and pseudo-diffusion coeffi-
cient (D*), respectively [18]. In contrast to a single expo-
nential model which only accounts for diffusion in the
tissue interstitial and cells (extravascular space), a major
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advantage of the IVIM model is the ability to also ac-
count for tumor blood flow (by the pseudo-diffusion co-
efficient D*). As the malignant tumor relies on its blood
supply for growth and progression, additional informa-
tion on tumor microcirculation derived from IVIM im-
aging could potentially be used for diagnostic and
prognostic purposes in the management of cancer. A bi-
exponential relationship is used to describe diffusion-
weighted signal S;, acquired at different b-values:

% =(1-f) exp(-bD) + f exp[-b(Dx+D)] (1)

where f denotes the perfusion fraction. Several studies
have adopted a segmented (two-step) approach proposed
by Luciani et al. [8] for fitting of the IVIM model. The
initial step involves estimation of D by a simplified
mono-exponential fit to the portion of the data with
higher b- values, by specifying a cut-off b-value. Subse-
quently, with the value of D fixed, f and D* can be esti-
mated by non-linear regression fitting with all acquired
b-values. Considering that D* is much larger than D, the
segmented approach assumes that the influence of D*
on signal decay for b-values larger than a certain cut-off
would be negligible compared with D. Different cut-off
values (ranging from about 100-200 s/mm?) have been
implemented in several studies involving various parts of
the body [3, 5, 7, 8, 19-23], possibly due to the differ-
ence in perfusion characteristics in the various organs
and tissue types. However, it is not clear whether IVIM
results reported for a particular cancer could be affected
by the use of different cut-off values in different institu-
tions. Understanding whether a different cut-off would
have significant effects on IVIM parameters could help
improve the robustness of IVIM imaging for multi-
center studies. It is therefore of interest to explore
whether the segmented approach is robust to the choice
of cut-off b-value and for a particular region of the body.

There is currently a lack of studies (no publication was
found in a recent PubMed search) on whether different
IVIM computation methods would affect its utility in
the differential diagnosis of cancer. In this study, IVIM
parameters obtained using 2 different cut-off b-values
for segmented fitting and by simultaneous fitting of the
bi-exponential function, were compared with the aim of
exploring whether these different analysis methods
would affect the ability of IVIM parameters in differenti-
ating cervical cancer from normal tissue.

Methods

Patients and MR imaging protocol

A waiver of consent for retrospective analysis of imaging
data was granted by the local institutional review board
because of the anonymous nature of this study. Thirty-
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five consecutive female patients (mean age, 48.4 years;
age range, 41-67 years) with clinical symptoms of cer-
vical cancer (e.g vaginal bleeding, abnormal discharge or
pelvic pain) were presented to our department between
March 2016 and September 2017. Our diagnostic proto-
col for patients suspected with cervix cancer included
both cervical biopsy and MRI examination. Among the
35 consecutive patients, biopsies of 24 patients revealed
the presence of cervix cancer cells, while cancer cells
were not found in the biopsies of 11 subjects. For these
11 subjects with negative biopsies, their MRI examina-
tions also did not reveal any suspicious mass or lesion,
and therefore, their MRI data were considered as part of
the normal tissue dataset. However, MRI data of one
subject with negative biopsy and one patient with posi-
tive biopsy were excluded because of significant motion
artifacts. Furthermore, 3 patients with positive biopsy
were excluded because no obvious mass or lesion could
be identified on MRI (i.e lesions could be too small) and
a region-of-interest (ROI) for cancer cannot be identified
on the MR images. Consequently, only MRI data of 20
patients with positive biopsy and 10 subjects with nega-
tive biopsy were processed in this study. Twenty ROIs
for cervical cancer were obtained from the 20 patients
with positive biopsy (i.e one ROI for each patient). Only
10 ROIs for normal-appearing tissue can be identified
among the 20 patients with positive biopsy (because
some tumors were too extensive and obscured the out-
line of normal-appearing tissue), while another 10 ROIs
for normal tissue were obtained from the 10 subjects
with negative biopsy (one ROI for each subject). Cervix
cancer was clinically staged according to the Inter-
national Federation of Gynecology and Obstetrics classi-
fications. The 20 patients with positive biopsy were
classified into stage Ib (#=8), Ila (n=6) and IIb (n=6). All
patients were confirmed histopathologically and hyster-
ectomy was performed for patients with cervix cancer.

MR imaging was performed on a 3.0 T scanner (Dis-
covery” MR750w, General Electric, USA) using an 8-
channel torso phased-array coil. Routine clinical MRI se-
quences included a transverse fast spin-echo T1-
weighted sequence (repetition time/echo time =
550~700/7~10 ms; field of view = 320 x 320 mm; matrix
size = 512 x 512; slice thickness = 5.0 mm; intersection
gap = 6 mm), and a short time inversion recovery (STIR)
T2-weighted sequence (repetition time/echo time =
3000~4000/70~80 ms; field of view = 256~320 x
256~320 mm; matrix size = 512 x 512; slice thickness =
5.0 mm; intersection gap = 6~7 mm). Late contrast-
enhanced T1-weighted (repetition time/echo time = 4/2
ms, flip angle = 13, field of view = 280 x 280 mm, matrix
size 512 x 512, slice thickness = 3 mm) images were ac-
quired in the sagittal plane about 5min after contrast
administration.
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Before administration of contrast agent, diffusion-
weighted imaging (DWI) was performed using a single-
shot spin-echo echo-planar imaging sequence in the
axial plane with the following parameters: repetition
time/echo time = 2400/74 ms, field of view = 360 x 360
mm, matrix size = 256 x 256 mm, number of slices = 10,
slice thickness = 5.0 mm, intersection gap = 5 mm, num-
ber of averages=3. DWI data was acquired as trace-
weighted images using 3 orthogonal-direction diffusion
gradients, with parallel imaging (ASSET, acceleration
factor = 2) to reduce possible imaging artifacts due to
movement and eddy-currents. We acquired 6 b-values
as follows: 0, 30, 100, 200, 400, 1000 s/mm? These b-
values were selected based on considerations for the
prudent use of imaging time and the minimal require-
ments for estimation of IVIM parameters (i.e at least 2
b-values more than 200 s/mm? for estimation of D, and
at least 2 b-values less than 100 s/mm? to adequately de-
pict the initial rapid decrease). The total scan time for
DWI was approximately 2.36 min. These aspects of the
relative dominance of D and D* on opposite extremes of
b-values is also related to the assumption of negligible
water exchange between blood and tissue in the IVIM
model (see Discussion on limitations of standard Gauss-
ian and non-Gaussian IVIM).

Image analysis

For each patient, ROIs for cervix cancer and normal-
appearing cervix tissue were manually delineated on mul-
tiple slices of the DW images by a radiologist with 3—4
years of experience in gynecologic imaging. Routine T1-
weighted, T2-weighted (STIR with matrix 512 x 512) and
contrast enhanced scans were used for cross-referencing
to confirm the location and size of lesions when the DW
images were evaluated. Tumor size in these patients
ranged from 1.6—4.9 cm, which can be adequately covered
by the 10 imaging slices in the DW images. For cervix
cancers, ROIs were positioned on the solid area of the le-
sions on b = 1000 s/mm?> DW images with the exclusion
of cystic and necrotic regions. ROIs for the corresponding
normal outer cervix were placed far from the cervix can-
cer and cervical cysts on b = 0 s/mm?” images.

Voxel-level fitting of the DW signal S, with the IVIM
model (Eq. (1)) was performed using Matlab™ (The
Mathworks, Natick, MA). In the segmented fitting ap-
proach [19], D was first estimated by a simple linear fit
of the data corresponding to b-values > cut-off, as de-
scribed by a single exponential.

20— exp( - bD) 2)

Subsequently, with the value of D fixed, Sy, f and D*
were estimated by fitting Eq. (1) to data acquired at all
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b-values using nonlinear regression (‘Isqcurvefit, Matla-
b™In this study on cervix cancer, two values of cut-off
were implemented, i.e. b-value > 100 s/mm? and b-value
> 200 s/mm?, which are denoted as method 1 (M1) and
2 (M2), respectively. The two values were selected be-
cause cut-off values used in IVIM studies usually ranged
from about 100-200s/mm? [21-23]. The method of
simultaneous fitting is denoted as method 3 (M3), and
all parameters (So, D, f and D*) were concurrently ad-
justed in the fitting of Eq. (1) by nonlinear regression. It
is noted that the DW image acquired for b=0 can be
used as an estimate of Sy, thus reducing the number of
fitting parameters to 3 (D, fand D*). However, any noise
in the =0 DW image would then be propagated into
the parameter estimates for D, f and D*. Alternatively, if
more than 4 b-values have been acquired (i.e with the
number of acquired b-values more than or equal to the
number of estimated parameters = 4), Sy can be esti-
mated as one of the fitting parameters, and the estimates
for all 4 parameters may improve with the increase in
number of b-values acquired. In this study, the DWI
data consists of 6 b-values and all 4 parameters (Sy, D, f
and D*) are simultaneously adjusted in M3. Similarly, in
the second step of M1 and M2, parameters Sy, f and D*
were adjusted using data from all 6 b-values, but with
the value of D constrained to its estimated value in the
first step.

Statistical analysis

In each patient study case, more than one ROI could be
identified for cancer or normal tissue on multiple slices.
The median parameter value of all voxels within the
tumor ROIs of each patient is taken as a representative
statistic of tumor in the patient. The median values of
the fitted parameters (D, f and D*) were used because
the median is more robust to outliers (that could occur
during data-fitting) than the mean. Similarly, the median
parameter value within all normal tissue ROIs of each
patient is taken as the representative statistic for normal
tissue in the patient. Friedman’s test was used to test
whether the choice of fitting method had a statistically
significant impact on the estimated parameter values in
both cancer and normal tissues. The Bland-Altman plot
was utilized to analyze the agreement between any two
fitting methods. For each fitting method, the Student’s t-
test was used to compare median parameter values in
cervical cancer and normal tissues. All statistical analysis
was performed using SPSS software 18.0 (Chicago, IL,
USA) and P < 0.05 was considered statistically
significant.

Results
Example of a patient with cervical cancer is shown in
Fig. 1 together with the IVIM parameter maps generated
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Fig. 1 Example of a patient case with cervix cancer. Regions-of interest (ROIs) for cancer and normal appearing tissues are outlined in red and
blue, respectively. a ROIs on the mean DW image and IVIM parameter maps generated from M1. b ROIs on the IVIM parameter maps generated
from M2. ¢ ROIs on the IVIM parameter maps generated from M3

\

using the three fitting methods. The average DW signal  cancer are generally higher than those in the normal cer-
S, within cancer and normal tissue ROIs of this patient  vix tissue for all b-values up to 1000 s/mm?. Examples of
are shown in Fig. 2(a). The DW signal curves in cervix fitting a cancer and normal tissue voxel by all three
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Fig. 2 a Mean diffusion-weighted signal S, (error bars denote standard deviation) in the cancer and normal tissue ROIs for the same patient
shown in Fig. 1. b Fitting of a cancer voxel by all three methods. In the legend, units for D, f, D¥, Sy and sum of squared error (SSE) are,
respectively, mm?/s, unitless, mm?/s, arbitrary unit (a.u.) and (au)’. ¢ Fitting of a normal tissue voxel by all three methods

methods are shown in Fig. 2(b) and (c), respectively.
Both cervix cancer and normal tissue S, curves can be
well-fitted by a bi-exponential function, with steeper ini-
tial slopes corresponding to the lower b-values. Param-
eter values derived using the three methods are shown
in Table 1.

Comparison of IVIM parameters derived using different
fitting methods
Table 2 summarized the results of Friedman’s test for
comparing IVIM parameters obtained using different fit-
ting methods, for both cancer and normal tissue ROIs.
Firstly, it was noted that results for comparison of all
three methods, pairwise comparison of M1 and M2, as
well as pairwise comparison of M1 and M3, showed sig-
nificant difference (with P<0.05), except of the param-
eter D*. Secondly, it can be observed from Table 2 that
no significant difference was detected in the parameter
values estimated using M2 and M3 (P> 0.5).
Bland-Altman plots for pairwise comparison of IVIM
parameters derived from the three fitting methods are
shown in Fig. 3 for cervix cancer (a) and normal cervix
tissue (b). While the mean differences of parameters
were largely close to zero, there were evident disparities
in some of the Bland-Altman plots, such as D* estimated
by M1 and M3 in cancer, D* estimated by M1 and M2
in normal tissue, f estimated by M1 and M3 in both can-
cer and normal tissue, f estimated by M1 and M2 in can-
cer, as well as D estimated by M1 and M3 in both
cancer and normal tissue. Evidently, only M2 and M3
showed no significant difference in all IVIM parameters
for both cancer and normal tissue (Table 3).

Comparison of IVIM parameters between cervix cancer
and normal tissue

Results of Student’s t-test comparing IVIM parameters
between cancer and normal tissue (Table 4) showed that

D and f'values were significantly different between cervix
cancer and normal cervix tissue (P < 0.05), for all fitting
methods. D* was not significantly different between cer-
vix cancer and normal cervix tissue, for all fitting
methods (P > 0.5).

Discussion

For b-values < 1000 s/mm?, diffusion-weighted signal S,
curves (as a function of b-values) within cervix cancer
are generally higher than those in normal cervix tissue,
and both S, curves can be well-described by a bi-
exponential function. IVIM theory postulates that the
two exponential functions can be attributed to water dif-
fusion in the extravascular space and perfusion-related
pseudo-diffusion in blood vessels, which are character-
ized by D and D * respectively, weighted by the perfu-
sion fraction f. The present study suggested that with
the proper choice of the cutoff b-value (i.e 200 s/mm?),
consistent estimates of these IVIM parameters could be
obtained by the method of segmented fitting and the
method of simultaneous fitting, for both cervix cancer
and normal tissues.

The segmented approach separately estimates the
IVIM parameters in two steps, each involving a differ-
ent signal model, given separately by Eqns. (1) and
(2). The first step involves certain assumptions: D* is
typically about an order larger than D, and the effect
of D* on the DWI signal S;, would be weaker com-
pared to D at higher b-values. Assuming that Sy
would be dominated by D after a certain cutoff b-
value, the first step only estimates D using b-values >
cut-off and a linear fit to the mono-exponential
model (Eq. 2). The second step estimates the
remaining 3 parameters (So, f and D*) by a bi-
exponential model (Eq. 1) using all acquired b-values
while keeping D constrained at its estimated value
obtained in the first step. Therefore, one may view
segmented fitting as a form of constrained-fitting
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Table 1 Median values of IVIM parameters in cervical cancer and normal tissue ROIs of each subject obtained using the three fitting

methods (M1, M2 and M3)

D (1073 mm?/s) D* (107> mm?/s) f

Cancer Normal Tissue Cancer Normal Tissue Cancer Normal Tissue
Sdubject M1 M2 M3 M1 M2 M3 M1 M2 M3 M1 M2 M3 M1 M2 M3 M1 M2 M3
i
1 077 070 074 120 104 113 1114 1480 1385 1934 559 8.81 013 018 014 020 032 024
2 093 088 091 128 124 121 2261 1872 1620 5408 5477 2893 011 016 013 022 026 025
3 069 063 066 136 141 130 2027 1515 1398 3894 4423 3442 011 016 013 032 033 034
4 108 076 099 090 070 083 1625 1049 1207 1222 706 966 023 038 027 026 036 030
5 111120 107 103 119 100 2108 6762 1593 4273 4450 4009 016 012 018 028 023 028
6 077 070 074 102 081 102 1780 1151 1337 896 329 717 011 017 013 009 018 011
7 081 073 081 129 127 121 1957 1620 1736 2916 3069 2388 015 022 017 031 036 034
8 084 068 080 129 121 123 1239 656 938 1999 1481 1422 013 023 015 022 030 026
9 074 073 073 136 134 133 2400 2016 2012 343 3144 3540 010 011 011 022 023 024
10 083 081 081 155 150 160 3788 2929 3786 4599 4166 5179 011 012 014 029 030 027
1 070 068 068 3541 2809 34.00 010 011 013
12 065 063 064 4734 4042 4546 011 012 013
13 086 085 084 3001 231 30.81 013 014 015
14 092 090 089 2892 2109 29.80 013 014 016
15 074 073 070 2400 2012  19.66 010 014 016
16 081 085 067 1173 146 692 018 016 023
17 083 081 081 3788 2929 3786 011 012 014
18 080 077 075 2356 1804 1845 012 013 019
19 085 083 076 2892 2058 2546 010 012 016
20 086 084 079 1804 1269 1085 009 010 015
21 163 157 164 3133 2846 3658 032 034 037
22 146 146 137 1996 1696 1350 023 014 014
23 149 142 132 1612 1731  16.14 025 019 025
24 149 144 122 1613 1262 1213 013 016 022
25 1.06 109 098 1928 2049 1749 021 021 030
26 153 146 141 1664 1259 1367 025 028 032
27 155 150 1.60 4599 4166 5179 029 030 027
28 128 123 119 2116 1547 1849 024 026 038
29 136 130 139 1151 880 2081 015 017 032
30 127 120 107 1752 1270 1297 022 026 039
Overall 083 079 079 132 127 125 2445 2193 2147 2607 2326 2340 013 016 016 024 026 028
Ig/\Deani +0.12 £0.13 £0.11 £020 =£023 £022 965 *£1329 £1093 #1332 *1530 £1387 +003 +006 +004 +006 =+0.07 =0.07

method with one of the parameters (D) constrained
at a pre-determined value (obtained using a mono-
exponential fit). Theoretically, although the method
(M3) which allows for simultaneous fitting of all pa-
rameters (i.e all parameters are freely adjusted) could
require more computation time than constrained fit-
ting, simultaneous fitting should yield better
goodness-of-fit compared with constrained-fitting and

can be used as a reference for comparing with the
other methods (M1 and M2). A measure of the
goodness-of-fit can be given by the sum of squared
error (SSE) between data and model fitting, with a
smaller SSE denoting a better fit. Figures 2(b) and (c)
show that M3 consistently yielded smaller SSE than
M1 and M2 for both cancer and normal tissue. How-
ever, under noisy conditions, apart from potentially
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Table 2 Results of Friedman'’s test for comparison of IVIM parameters derived from all three fitting methods (M1, M2, M3) and for
pairwise comparison of the fitting methods. A P value < 0.05 indicates significant difference in parameters obtained using the

methods compared, which was highlighted by *

Statistical Models D D* f
Test Compared Cancer Normal Tissue Cancer Normal Tissue Cancer Normal Tissue
Friedman's test M1, M2, M3 *P=0.032 *P=0.007 P=0.341 P=0.86 *P=0.005 *P=0.009

M1 vs M2 *P< 0.001 *P=0.027 *P=0.001 - *P=0.001 *P=0.017

M1 vs M3 *P<0.001 *P=0.006 *P=0.008 - *P<0.001 *P=0.005

M2 vs M3 P=1.000 P=1.000 P=1.000 - P=0.805 P=1.000

faster computations, segmented-fitting may have the
added advantage of yielding more stable results with
the pre-determination and constrain of D during fit-
ting [8].

Results of comparison between M1 and M2 (Tables 2
and 3) showed that the choice of cut-off values between
100 and 200 s/mm? had significant impact on segmented
fitting of cervix cancer and normal tissue S, curves. A
plausible reason is that the choice of cut-off could affect
the estimation of D in the first step of segmented fitting
(which involves only b-values > cut-off), resulting in an
error/bias in D. The subsequent fitting of the entire Sy
curve in step 2 by adjusting the other IVIM parameters
with a biased D kept constant, would then result in devi-
ations in the other parameters. The findings of previous
studies [9-11] showed that effects of perfusion on the
measured apparent diffusion coefficient (ADC) were di-
minished at b-values higher than 100s/mm? The
present study showed that it would be more appropriate
to choose the cutoff at 200 s/mm? in order to yield re-
sults consistent with the simultaneous fitting of all
parameters.

The implication of this observation for IVIM imaging
of cervix cancer is that acquisition of 2 or 3 b values >
200 s/mm” might be sufficient to estimate D, and it
might be more worthwhile to acquire more b-values that
are less than 200 s/mm? to improve estimation of f and
D*. Furthermore, if one wished to be more prudent with
imaging time and acquisition of b-values, a minimal set
of b-values for IVIM imaging of the cervix may consist
of a combination of the following choices of 4 to 5 b-
values: [b = 0, 20—100, 200, 800—1000 s/mm?]. However,
a larger population study would be required to validate
this suggestion.

Fitting methods M2 and M3 consistently yielded simi-
lar IVIM parameters that can be used to differentiate
cervix cancer from normal tissue: D and f were signifi-
cantly lower in cervix cancer than normal tissue (while
D* showed no significant difference(P >0.5)). These
results not only suggest potential clinical usefulness of
IVIM imaging for cervix cancer, but also indicate

possible robustness of IVIM imaging for multi-center
studies of cervical cancer as institutions employing dif-
ferent fitting methods might be able to draw similar
conclusions.

A previous study comparing segmented fitting (with
cut-off >200s/mm?) and simultaneous fitting of IVIM
model in brain tissues have suggested significant
differences in parameters obtained using these methods
[24]. Several reasons that could complicate IVIM fitting
in brain tissues were highlighted and discussed [24], in-
cluding the increased number of outliers due to simul-
taneous fitting, near mono-exponential behavior of
signal decay in certain brain tissues, and the presence of
cerebrospinal fluid resulting in non-physiological fit-
ting and partial volume effects [24]. In this study,
tumor and normal tissue ROIs were carefully delin-
eated to exclude cysts and necrotic regions, and
hence IVIM analysis of these cervix tissues may be
less complicated. Outliers (due to fitting) would inev-
itably exist for both segmented and simultaneous fit-
ting because of noise in the data. However, they did
not occur in exceedingly large numbers (i.e more
than half the population of fitted voxels) and the me-
dian value should still be representative of the ROI.

Consistent with previous IVIM studies of cervical cancer
[3, 25-29], our results showed that D and f were lower in
cervical cancer than normal tissue. Lower values of D in
tumors have been commonly attributed to increased cellu-
larity and further hindrance of diffusional movement of
water molecules in the extravascular space. The relatively
lower values of perfusion fraction f in cervical cancer as
compared with normal cervix tissue is seemingly concord-
ant with the clinical observation that cervix cancer exhib-
ited lower enhancement in contrast-enhanced scans. D*
was not significantly different between cervix cancer and
normal tissue (P > 0.5). This is possibly due to higher un-
certainty in the estimation of D* [30-32]. Several studies
in various regions of the body have shown that D* is asso-
ciated with higher error and poor reproducibility due to
its sensitivity to noise. Parametric maps of D* generated
using all three fitting methods were generally more noisy
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Table 3 Results of Bland-Altman test for evaluating the significance of mean differences in IVIM parameters derived from pairwise
comparison of the fitting methods (M1, M2, M3). * indicates significant difference (at significance level 0.05) between methods being

compared
Statistical Models D D* f
Test Compared Cancer Normal Tissue Cancer Normal Tissue Cancer Normal Tissue
Bland-Altman M1 vs M2 *P=0.026 *P=0.012 P=0.360 *P=0.006 *P=0.004 P=0.052
M1 vs M3 *P<0.0001 *P=0.001 *P=0.0001 P=0.113 *P<0.0001 *P=0.006
M2 vs M3 P=0.835 P=0.527 P=0.875 P=0.940 P=0.927 P=0.186

IVIM intravoxel incoherent motion, M1 method 1, M2 method 2, M3 method 3

than the corresponding maps of D and f, as shown in
Fig. 1. Further studies in larger sample size are needed to
investigate the value of D* for differentiating cervical
cancer from normal tissue.

This study has the following limitations. A major limi-
tation of the present study is the lack of a systematic
quality assurance (QA) protocol for checking accuracy
of DWI scans in our clinical scanner. A QA protocol for
DWI serves to ensure and maintain the reliability of
quantitative diffusion measurements [33, 34]. A recent
QA study [33] among 44 MRI scanners in various institu-
tions has reported a wide variability in ADC accuracy and
spatial uniformity, depending on sequence implementa-
tion (i.e. gradient diffusion direction), spatial position and
MRI scanner model. To ensure high level of accuracy and
repeatability of results across institutions, Fedeli et al. [33]
have proposed a specific QA protocol which should be
adopted for single- and multisite studies as well as routine
clinical practice. Such a QA protocol will be pursued in
our institution for further DW1I studies.

This study only implemented the standard IVIM
model on cervical cancer data. As explained by Le Bihan
[35, 36], recognizing that the ADC represents an ap-
proximation (assumed Gaussian behavior) of the com-
plex diffusion process in biologic tissue by using a
simple free diffusion equation, the standard (original)
IVIM model attempts to extend the concept of ADC in
tissues to include a component which accounts for blood
flow in random vessels, i.e. a pseudo-diffusion coefficient
(D*). An important assumption is that water exchange

Table 4 Results of Student’s t-test for comparing IVIM
parameters (from Table 1) between cervix cancer and normal
tissue for each fitting method (M1, M2, M3). A P value < 0.05
indicates significant difference in the parameter between cancer
and normal tissue, which was indicated by *

M1 M2 M3
D *P=0.000 *P=0.000 *P=0.000
D* P=0.662 P=0.771 P=0.628
f *P=0.000 *P=0.000 *P=0.000

between blood and tissue is negligible during the encod-
ing time (a hypothesis which still needs to be investi-
gated), the two random processes are assumed
decoupled and the resulting signal attenuation is simply
the sum of the tissue and blood components (i.e bi-
exponential) [35, 36]. In the absence of blood flow, the
standard IVIM model would be reduced to the conven-
tional mono-exponential (ADC) diffusion model [30, 35,
36]. Because D* is an order of magnitude larger than
ADC in tissue and given the small fraction of blood (a
few percent) compared to the overall tissue water con-
tent, the blood-flow driven IVIM signature typically ap-
pears as an initial rapid decay of the overall signal decay
curve at small b-values (< ~ 100 s/mm?). In contrast, to
better describe multi-b-value data above 1000 s/mm?, re-
cent studies have further extended the standard IVIM
model to account for non-Gaussian features which are
readily observable at high b-values, i.e. IVIM with kur-
tosis or Non-Gaussian (NG-) IVIM [37, 38]. Effects of
blood flow and diffusional kurtosis are more readily
assessed on opposite extremes of the DWI dataset, at
very low and high b-values, respectively. While NG-
IVIM has shown feasibility in quantifying tumor micro-
structure [37, 38], the use of trace-weighted images can
introduce substantial errors in the estimation of direc-
tional diffusional kurtosis (K) and diffusivity (D) values,
i.e. the error in K varies non-monotonically with K and
with the degree of diffusion anisotropy, and there is a
trend of increasing absolute error with both increasing K
and increasing degree of diffusion anisotropy [39, 40]. In
this study, our interest was on the possible estimation of
tumor blood flow (instead of kurtosis) and we have only
applied the standard IVIM model on trace-weighted im-
ages with b-values < 1000 s/mm?. Although the use of
trace-weighted images might allow for an unbiased esti-
mation of ADC under the assumption of a Gaussian dif-
fusion model, the validity of approximating blood flow
by a Gaussian-based pseudo-diffusion coefficient D*
decoupled from tissue diffusion (i.e bi-exponential signal
decay) in the standard IVIM model has not been clearly
established [35, 36]. Further studies should be performed
to explore these assumptions of the standard IVIM
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model, i.e. whether D* can be clearly correlated with
blood flow measured by other modalities and to what
extent this correlation might be affected by the use of
trace-weighted images.

Another limitation of this study is the lack of correc-
tion for non-linearity of diffusion gradients, which can
result in a systematic and spatially-dependent bias of the
diffusion-encoding b-value [41, 42]. These errors in
diffusion-encoding will result in spatially dependent in-
accuracy of diffusion measurements, the extent of which
varies between MRI systems and vendors [41, 42], result-
ing in lower concordance between measurements in
multisite studies. Both phantom and human studies have
shown that correction for gradient non-linearity is
needed to derive accurate and reproducible diffusion
measurements [41, 42]. In this study, we were unable to
perform such corrections due to the lack of local
expertise and relevant vendor support for our clinical
scanner. Therefore, we should be cautious about the
generalization of the present results to other scanners,
and further validation of these results with the appropri-
ate gradient non-linearity correction is encouraged.

Possible image distortions due to eddy-current effects
and subject movement were not corrected for in the
current study. These image distortions can cause mis-
registration between DW images with different b-values,
which results in errors in the estimated DWI parame-
ters. Although software packages for image registration
are widely available, one should be cautious not to apply
these methods blindly [43]. A careful account of the
image distortions (i.e stretch/compression) due to eddy-
currents should also consider the change in signal inten-
sity due to the change in shape of the voxel, i.e. when
reversing the stretch/compression of the voxel, one
should also modulate the signal intensity according to
volumetric change [43]. Quantitative assessment of the
consequences of neglecting to perform this signal modu-
lation step on parameters derived from diffusion MRI is
a topic of on-going research [43]. Also, as explained in
Jones and Cercignani [43], when correcting for subject
motion one must keep in mind that unlike most other
forms of medical imaging data, DW images contain
orientational information, and simply applying a rota-
tion/geometric transformation to the DW-images might
not be appropriate. Therefore, a ‘prevention is better
than cure’ approach is adopted in the present study to
minimize eddy current effects and motion artefacts at
the acquisition stage by having a prudent choice of small
b-values not more than 1000s/mm?> and with parallel
imaging, keeping the total acquisition time short and tol-
erable (2.36 min).

The number of patient cases analysed in this study is
small and only consisted of stage I and II cancers. Pa-
tient cases with stage III and IV cervical cancers are
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uncommon in our institution because most patients
would usually seek medical attention when the early
symptoms of bleeding manifest at stage I and II. Never-
theless, these preliminary results are encouraging and
further study with a larger and more diverse cohort is
warranted. The optimal number and combination of b
values for IVIM imaging of cervix cancer remain un-
known. It is possible that acquisition of more b values <
100 s/mm?* may improve the accuracy of D* and estab-
lish potential clinical usefulness of D*.

Conclusions

In conclusion, diffusion-weighted signal in both cervix
cancer and normal tissue can be well-described by a bi-
exponential function. IVIM parameters obtained using
segmented fitting with cut-off value of 200 s/mm? and
by simultaneous fitting were not significantly different.
The derived parameters D and f, may be used to differ-
entiate between cervix cancer and normal cervix tissue.

Abbreviations

IVIM: Intravoxel Incoherent Motion; D: Tissue diffusivity; D*: Pseudo-diffusion
coefficient; f: Perfusion fraction; ROI: Region-of-interest; M: Method; SSE: Sum
of squared error; ADC: Apparent diffusion coefficient; QA: Quality assurance;
NG: Non-Gaussian; K: Kurtosis

Acknowledgements
Not applicable.

Authors’ contributions

Guarantor of integrity of the entire study: ZY, study concepts, and design:
XW, ZH, literature research: JS, XW, SZ, clinical studies: YL, WL,data analysis:
TK, XW, WL, manuscript preparation: XW, manuscript editing: XW, JS, YL. All
the authors gave final approval of the version to be published.

Funding
This study was supported by Chinese Medicine Research Program of
Zhejiang Province, No. 2018KY534.

Availability of data and materials
Applicable if necessary.

Ethics approval and consent to participate
Informed consent was waived due to the retrospective nature of the study.

Consent for publication
All authors gave consent for publication.

Competing interests
The authors declare that they have no competing interests.

Author details

'Department of Radiology, The Second Affiliated Hospital and Yuying
Children’s Hospital of Wenzhou Medical University, 109 Xueyuanxi Road,
Wenzhou 325027, China. “Department of Oncologic Imaging, National
Cancer Center, Singapore 169610 and Duke-NUS Graduate Medical School,
Singapore 169547, Singapore. >Suzhou Institute of Biomedical Engineering
and Technology, Chinese Academy of Sciences, Suzhou 25163, China.

Received: 7 September 2020 Accepted: 18 December 2020
Published online: 14 January 2021

References
1. Jemal A, Bray F, Center MM, et al. Global cancer statistics. CA Cancer J Clin.
2011,61:69-90.



Wang et al. Cancer Imaging

20.

21,

22.

23.

24.

(2021) 21:12

Zhu L, Zhu L, Shi H, et al. Evaluating early response of cervical cancer under
concurrent chemo-radiotherapy by intravoxel incoherent motion MR
imaging. BMC Cancer. 2015;16:79.

Lee EY, Yu X, Chu MM, et al. Perfusion and diffusion characteristics of
cervical cancer based on intraxovel incoherent motion MR imaging-a pilot
study. Eur Radiol. 2014;24:1506-13.

Wang YC, Hu DY, Hu XM, et al. Assessing the early response of advanced
cervical Cancer to Neoadjuvant chemotherapy using Intravoxel incoherent
motion diffusion-weighted magnetic resonance imaging: a pilot study. Chin
Med J. 2016;129:665-71.

Lai V, Li X, Lee VH, et al. Nasopharyngeal carcinoma: comparison of diffusion
and perfusion characteristics between different tumour stages using
intravoxel incoherent motion MR imaging. Eur Radiol. 2014;24:176-83.
Sumi M, Nakamura T. Head and neck tumours: combined MRI assessment
based on IVIM and TIC analyses for the differentiation of tumors of different
histological types. Eur Radiol. 2014;24:223-31.

Hu YC, Yan LF, Wu L, et al. Intravoxel incoherent motion diffusion-weighted
MR imaging of gliomas: efficacy in preoperative grading. Sci Rep. 2014:4:
7208.

Luciani A, Vignaud A, Cavet M, et al. Liver cirrhosis: intravoxel incoherent
motion MR imaging-pilot study. Radiology. 2008,249:891-9.

Guiu B, Petit JM, Capitan V, et al. Intravoxel incoherent motion diffusion-
weighted imaging in nonalcoholic fatty liver disease: a 3.0-T MR study.
Radiology. 2012;265:96-103.

Joo |, Lee JM, Yoon JH, et al. Nonalcoholic fatty liver disease: intravoxel
incoherent motion diffusion-weighted MR imaging-an experimental study
in a rabbit model. Radiology. 2014;270:131-40.

Kang KM, Lee JM, Yoon JH, et al. Intravoxel incoherent motion diffusion-
weighted MR imaging for characterization of focal pancreatic lesions.
Radiology. 2014;270:444-53.

Lemke A, Laun FB, Klauss M, et al. Differentiation of pancreas carcinoma
from healthy pancreatic tissue using multiple b-values: comparison of
apparent diffusion coefficient and intravoxel incoherent motion derived
parameters. Investig Radiol. 2009;44:769-75.

Thoeny HC, De Keyzer F. Diffusion-weighted MR imaging of native and
transplanted kidneys. Radiology. 2011,259:25-38.

Thoeny HC, Zumstein D, Simon-Zoula S, et al. Functional evaluation of
transplanted kidneys with diffusion-weighted and BOLD MR imaging: initial
experience. Radiology. 2006,241:812-21.

Zhu Q, Ye J, Zhu W, et al. Value of intravoxel incoherent motion in
assessment of pathological grade of clear cell renal cell carcinoma. Acta
Radiol. 2017;1:284185117716702.

Shinmoto H, Tamura C, Soga S, et al. An intravoxel incoherent motion
diffusion-weighted imaging study of prostate cancer. AJR Am J Roentgenol.
2012;199:.W496-500.

Dopfert J, Lemke A, Weidner A, et al. Investigation of prostate cancer using
diffusion-weighted intravoxel incoherent motion imaging. Magn Reson
Imaging. 2011;29:1053-8.

Le Bihan D, Breton E, Lallemand D, et al. MR imaging of intravoxel
incoherent motions: application to diffusion and perfusion in neurologic
disorders. Radiology. 1986;161:401-7.

Dyvorne HA, Galea N, Nevers T, et al. Diffusion weighted imaging of the
liver with multiple b values effect of diffusion gradient polarity and
breathing acquisition on image quality and intravoxel incoherent motion
parameters--a pilot study. Radiology. 2013;266:920-9.

Chandarana H, Lee VS, Hecht E, et al. Comparison of biexponential
and monoexponential model of diffusion weighted imaging in
evaluation of renal lesions: preliminary experience. Investig Radiol.
2011,46:285-91.

Le Bihan D, Breton E, Lallemand D, et al. Separation of diffusion and
perfusion in intravoxel incoherent motion MR imaging. Radiology. 1988;168:
497-505.

Morvan D. In vivo measurement of diffusion and pseudo-diffusion in
skeletal muscle at rest and after exercise. Magn Reson Imaging. 1995;13:
193-9.

Koh DM, Takahara T, Imai Y, et al. Practical aspect of assessing tumors using
clinical diffusion weighted imaging in the body. Magn Reson Med Sci. 2007;
6:211-24.

Meeus EM, Novak J, Withey SB, et al. Evaluation of intravoxel incoherent
motion fitting methods in low-perfused tissue. J Magn Reson Imaging.
2017:45:1325-34.

25.

26.

27.

28.

29.

30.

32.

33

34.

35.

36.

37.

38.

39.

40.

41.

42.

43.

Page 11 of 11

Naganawa S, Sato C, Kumada H, et al. Apparent diffusion coefficient in
cervical cancer of the uterus: comparison with the normal uterine cervix.
Eur Radiol. 2005;15:71-8.

Chen J, Zhang Y, Liang B, et al. The utility of diffusion-weighted MR
imaging in cervical cancer. Eur J Radiol. 2010;74:¢101-6.

Liu Y, Bai R, Sun H, et al. Diffusion-weighted magnetic resonance imaging
of uterine cervical cancer. J Comput Assist Tomogr. 2009;33:858-62.
Mukherji SK, Chenevert TL, Castillo M. Diffusion-weighted magnetic
resonance imaging. J Neuroophthalmol. 2002;22:118-2.

Hayashida Y, Hirai T, Morishita S, et al. Diffusion-weighted imaging of
metastatic brain tumors: comparison with histologic type and tumor
cellularity. AJNR Am J Neuroradiol. 2006;27:1419-25.

Koh DM, Collins DJ, Orton MR. Intravoxel incoherent motion in body
diffusion-weighted MRI: reality and challenges. AJR Am J Roentgenol. 2011;
196:1351-61.

Andreou A, Koh DM, Collins DJ, et al. Measurement reproducibility of
perfusion fraction and pseudodiffusion coefficient derived by intravoxel
incoherent motion diffusion-weighted MR imaging in normal liver and
metastases. Eur Radiol. 2013;23:428-34.

Marzi S, Piludu F, Vidiri A. Assessment of diffusion parameters by intravoxel
incoherent motion MRI'in head and neck squamous cell carcinoma. NMR
Biomed. 2013;26:1806-14.

Fedeli L, Belli G, Ciccarone A, et al. Dependence of apparent diffusion
coefficient measurement on diffusion gradient direction and spatial position
- a quality assurance intercomparison study of forty-four scanners for
quantitative diffusion-weighted imaging. Phys Med. 2018;55:135-41.
Malyarenko D, Galban CJ, Londy FJ, et al. Multi-system repeatability and
reproducibility of apparent diffusion coefficient measurement using an ice-
water phantom. J Magn Reson Imaging. 2013;37:1238-46.

Le Bihan D. Apparent diffusion coefficient and beyond: what diffusion MR
imaging can tell us about tissue structure. Radiology. 2013;268(2):318-22.
Le Bihan D. What can we see with IVIM MRI? Neuroimage. 2019;187:56-67.
Lu'Y, Jansen JF, Mazaheri Y, et al. Extension of the intravoxel incoherent
motion model to non-gaussian diffusion in head and neck cancer. J Magn
Reson Imaging. 2012;36(5):1088-96.

Nunez DA, Lu Y, Paudyal R, et al. Quantitative non-Gaussian Intravoxel
incoherent motion diffusion-weighted imaging metrics and surgical
pathology for stratifying tumor aggressiveness in papillary thyroid
carcinomas. Tomography. 2019;5(1):26-35.

Marzi S, Minosse S, Vidiri A, et al. Diffusional kurtosis imaging in head and
neck cancer: on the use of trace-weighted images to estimate indices of
non-Gaussian water diffusion. Med Phys. 2018;45(12):5411-9.

Giannelli M, Toschi N. On the use of trace-weighted images in body
diffusional kurtosis imaging. Magn Reson Imaging. 2016;34(4):502-7.

Tan ET, Marinelli L, Slavens ZW, et al. Improved correction for gradient
nonlinearity effects in diffusion-weighted imaging. J Magn Reson Imaging.
2013;38(2):448-53.

Newitt DC, Tan ET, Wilmes LJ, et al. Gradient nonlinearity correction to
improve apparent diffusion coefficient accuracy and standardization in the
american college of radiology imaging network 6698 breast cancer trial. J
Magn Reson Imaging. 201542(4):908-19.

Jones DK, Cercignani M. Twenty-five pitfalls in the analysis of diffusion MRI
data. NMR Biomed. 2010;23(7):803-20.

Publisher’s Note
Springer Nature remains neutral with regard to jurisdictional claims in
published maps and institutional affiliations.

Ready to submit your research? Choose BMC and benefit from:

e fast, convenient online submission

o thorough peer review by experienced researchers in your field

 rapid publication on acceptance

o support for research data, including large and complex data types

e gold Open Access which fosters wider collaboration and increased citations
e maximum visibility for your research: over 100M website views per year

K BMC

At BMC, research is always in progress.

Learn more biomedcentral.com/submissions




	Abstract
	Background
	Methods
	Results
	Conclusions

	Background
	Methods
	Patients and MR imaging protocol
	Image analysis
	Statistical analysis

	Results
	Comparison of IVIM parameters derived using different fitting methods
	Comparison of IVIM parameters between cervix cancer and normal tissue

	Discussion
	Conclusions
	Abbreviations
	Acknowledgements
	Authors’ contributions
	Funding
	Availability of data and materials
	Ethics approval and consent to participate
	Consent for publication
	Competing interests
	Author details
	References
	Publisher’s Note

