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Available online 21 May 2019 environment. The purpose of this study was to develop a fully automatic computational method to cor-

rect noise bias in ADC quantification and perform a preliminary evaluation in the clinical prostate diffu-
sion weighted imaging (DWI). Using a pseudo replica approach for the noise map calculation as well as a

g‘i?/f‘::igﬁ: direct mapping and a stepwise Chebychev polynomial modelling approach for the ADC fitting, a fully
ADC automatic noise-bias-compensated ADC calculation method was proposed and implemented both on
Noise bias the scanner and offline. The proposed method was validated in a computer simulation and a standardized
Quantification diffusion phantom with ground-truth values. Two in vivo studies were performed to evaluate the pro-
Prostate posed method in the clinical environment. The first in vivo study performed acquisitions using a clinically
Endorectal coil routine prostate DWI protocol on 29 subjects to evaluate the consistency between simulated and empir-

ical results. In the second in vivo study, prostate ADC values of 14 subjects were compared between data
acquired with external coils only and reconstructed with the proposed method vs. acquired with external
combined with endorectal coils and reconstructed with the conventional method. In statistical analyses,
p <0.05 was regarded as significantly different. In the computer simulation, the proposed method
showed smaller error percentage than the other methods and was significantly different
(p<2.2 x 107'%), With low signal-to-noise ratio (SNR), the conventional method underestimated ADC
values compared to the ground truth values of the diffusion phantom, while the results of the proposed
method were more consistent with the ground truth values. Statistical analyses showed no significant
differences between measured and simulated results in the first in vivo study (p =0.5618). Data from
the second in vivo study showed that agreement between ADC measured with external coils only and
combined coils was improved for the proposed method (mean bias: 0.04 x 10~ mm?/s, 95% confidence
interval (CI) = [-0.01, 0.09] x 10~ mm?/s, p = 0.187), compared to the conventional method (mean bias:
—0.12 x 1073 mm?[s, 95% Cl = [-0.17, —0.06] x 10~ mm?/s, p < 0.0001). The proposed method compen-
sates noise bias in low-SNR diffusion-weighted acquisitions and results show improved ADC quantifica-
tion accuracy in the prostate. This method may be suitable for both clinical imaging and research utilizing
ADC quantification.

© 2019 Elsevier Inc. All rights reserved.
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ization, and staging [2,3]. However, DWI can suffer from low
signal-to-noise ratio (SNR), which degrades image quality, espe-
cially the high b-value images. This also impairs quantitative
apparent diffusion coefficient (ADC) assessments, where the noise
bias is one major confounding factor [4,5].

Typically, high b-value images are measured multiple times and
their magnitude-reconstructed images are then averaged to
improve the SNR. However, as shown in previous studies [4,5]
and later this paper, when the native SNR of each acquired image
is inherently low, simply averaging magnitude images does not
correct the noise bias, which degrades the accuracy of ADC estima-
tion. If the ADC calculation method does not incorporate the noise
distribution, then ADC values calculated using data obtained with
only external phased-array coils and high b-values can be underes-
timated compared to similar measurements obtained using an
endorectal coil combined with external phased-array coils [6].
While a number of noise-bias-compensation methods have been
described in previous literature, most of these are site-specific
techniques as research tools with limited availability. ADC quan-
tification techniques shall be not only accurate and robust, but also
broadly commercially available so that they can be reliably used in
clinical practice. In addition, most of the literature methods require
manual intervention in some steps of the ADC calculation process
such as the noise estimation, posing a challenge of utilizing these
methods in the clinical environment where a fully automatic calcu-
lation is important.

In order to increase SNR, prostate MRI can be performed using
an endorectal coil combined with external phased-array coils [6-
10]. While adding an endorectal coil provides superior SNR [6-9],
it involves extra setup time [10], patient discomfort [11,12], and
potential complications such as proctitis and diverticulitis
[12,13]. When disposable endorectal coil elements are used, the
cost of the disposable components is incurred, while reusable
endorectal coils are expensive and must be cleaned thoroughly
after use. Another limitation of endorectal coil use is deformation
of the prostate, which can be challenging in applications such as
radiation therapy planning and fusion biopsy [14]. It has been
shown that T2-weighted (T2W) imaging and DWI, two critical
components of prostate MRI, can perform similarly for lesion
detection and assessment with or without an endorectal coil, sug-
gesting that the use of an endorectal coil may not be always neces-
sary for qualitative diagnosis [11,12]. Recently, it was suggested
that using an endorectal coil provided no additional benefit in
terms of prostate cancer detection accuracy compared to using
external coils only in the context of multiparametric imaging
[15]. Ideally, the noise-bias-compensation method should work
with external coils without the need to use an additional endorec-
tal coil.

The goal of this study was to develop a fully automatic compu-
tational method which runs on a broadly-available hardware plat-
form and is ready to use in the clinical imaging environment for
ADC quantification with noise bias compensation, and to perform
a preliminary evaluation in prostate DWI. As an extension of a pre-
vious study [16], this method was theoretically derived using a
direct mapping approach and a stepwise Chebychev polynomial
modelling, and implemented as both offline and inline prototypes.
A Monte Carlo simulation was performed to assess the theory, fol-
lowed by a diffusion phantom validation. Since no ground truth
was available for direct validation of in vivo data, two studies were
performed for preliminary in vivo evaluation. A first in vivo study
was performed using acquisitions with external coils only in con-
junction with an additional accompanying Monte Carlo simulation
to evaluate the consistency between the theoretical and empirical
results. In the second vivo study, ADC values obtained with both
endorectal and external coils were used as a reference standard

to compare to the results of the proposed method obtained with
external coils only.

2. Theory
2.1. Diffusion model equation and ADC calculation methods

In DWI, the magnitude signal intensity S; of the image acquired
with the i-th b-value image is modeled as

Si _ Soe—bi-ADC (1)

where Sy is the pixel intensity without diffusion weighting. The two
unknown variables, So and ADC, can be determined using acquisi-
tions of two or more b-values.

One common method to solve for these unknown variables is
log-linear fitting (LL) [17-19]. Denote the acquired signal as S;,
and given the definitions

V= log(gi) )
X; = b; (3)
P Z?: yz
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where n is the number of acquired b-value signals. The LL method to
calculate ADC in this study was described as

ADC = n;( 5/ 72?:1xiyi (6)
Sigxf —nx?

Another method is non-linear least squares fitting (LS) [16-18],
which seeks to minimize

E=Y 1 [S-F (7)

where F; can be any function value related to the signal model. The
common mono-exponential fitting to calculate ADC is equivalent to
setting

F;=S; (3)

:

The Levenberg-Marquardt algorithm [20], for example, can be
used to solve for Sg and ADC.

2.2. Noise distribution and maximum probability

The magnitude MRI data follows a non-central Chi distribution
with the probability density function (PDF) [21,22]

mL mg+m2 mmg
PDF(m) = —-mj e 57 11 (< 5°)

9)
where m is the random variable corresponding to the acquired mag-
nitude, L is the effective channel number, my is the theoretical noise-
free magnitude equivalent to S; in Eq. (1), o is the noise standard
deviation (SD) of the normal distribution, and I; _; is the (L — 1)th-
order modified Bessel function of the first kind [22]. When L equals
1, Eq. (1) simplifies to a Rician distribution [22,23]. If multi-channel
data are combined with the spatial-matched-filter algorithm (or
alternatively termed as adaptive coil combination), as used in this
study, the magnitude and the real/imaginary part of the channel-
combined complex data follow Rician and Gaussian distributions,
respectively, i.e. L can be equivalently regarded as 1 [23].

Among several parameters reflecting the PDF characteristics [5],
maximum probability (MP) was calculated in this study, which
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was identified as the myp value corresponding to the maximum of
the PDF curve

PDF(myp) = max{PDF(m)|2*_, } (10)

2.3. Noise standard deviation map

While some noise estimation algorithms assume a single noise
SD across the image [24], a pixel-by-pixel noise SD map is pre-
ferred because factors such as parallel imaging can make such an
assumption invalid [23-28]. The noise SD map can be calculated
based on analytical equations or models [25-27], or multiple true
or pseudo replicas, i.e. repeated acquisitions [23,28]. While analyt-
ical methods offer computational efficiency, they depend on speci-
fic modeling of individual reconstruction and post-processing
procedures. In contrast, independent of the reconstruction and
post-processing, replica methods are more flexible. The true replica
methods perform repeated acquisitions of the same imaging proto-
col, which is prone to prolonged acquisitions and motion during
the acquisitions [23]. In this study, a pseudo replica method was
utilized, which fed the single-acquisition data through the recon-
struction multiple times with different noise realizations added
and calculated the noise SD map [29,30].

2.4. Noise bias compensation

Iterative algorithms can be used to solve the problem, but are
usually computationally-expensive because of the costly calcula-
tion of I;_; and the need to compute the noise-biased value based
on the theoretical unbiased value in multiple iterations [5,26].

Alternatively, the estimation can be achieved by mapping the
noise-biased magnitude value back to the theoretical unbiased
magnitude value [27,31], followed by the ADC calculation. Koay
et al proposed a simultaneous estimation of the theoretical unbi-
ased magnitude value and noise SD from the noise-biased magni-
tude value [31], and later an iterative method to estimate them
separately [27]. The limitations of the former method include rel-
atively slow convergence at low SNR [31], and the latter method
is computationally expensive due to the need for smoothing, iter-
ative estimation and composition of the inverse cumulative prob-
ability function [27].

In this work, we propose a direct mapping approach for noise
bias compensation. In detail, the magnitude values are first nor-
malized as

' Myp
mMP = T (1 l)
A stepwise Chebychev polynomial modelling is approximated
to perform a direct and efficient inverse mapping from m;, to mj,.

' stepwise Chebychev polynomial modelling /

Myp m, (12)

Lastly, the theoretical unbiased value is scaled back to the orig-
inal unit.

Mo =my-0 (13)

Fitting methods can be subsequently applied to obtain noise-
unbiased ADC values.

3. Methods
3.1. Theoretical computer simulation
A Monte Carlo simulation was programmed using in-house

code in Matlab (Mathworks, Natick, MA). ADC values were calcu-
lated using four different methods, including (a) LL fitting on aver-

aged b-value data (LL AveB); (b) LS fitting on averaged b-value data
(LS AveB); (c) LS fitting on non-averaged b-value data (LS Non-
AveB); and (d) LS fitting on non-averaged b-value data with MP
noise compensation (LS MP-Cor Non-AveB). The LL AveB method
is a conventional method, and the LS MP-Cor Non-AveB method
is the proposed method. LS AveB and LS Non-AveB were tested
as methods involving intermediate changes from LL to LS and from
averaging to non-averaging based on the LL AveB method [4,5].

Ground-truth values were set for SO, b-values, a range of b0
image SNR and a range of ADC, and the latter two were two itera-
tive variables for simulation. For each Monte Carlo repetition, the
real and imaginary parts of the generated complex signal data were
added with random Gaussian noise whose SD was determined by
SNR and SO. The magnitude was calculated as the input data for
the four different ADC fitting methods. Error percentage (error’%)
was calculated as

Resultant fitted ADC — Ground — truth ADC
Ground — truth ADC

x 100%
(14)

With 500 Monte Carlo repetitions, error% curves as a function of
SNR were calculated for ADC of 0.8, 1.5 and 3.0 x 1073 mm?fs,
respectively. The difference between the LS MP-Cor Non-AveB
method and the other three methods was evaluated using a one
sample t-test [32]. Additionally, mean and SD maps of error% were
generated as a function of SNR and ADC using the SNR ranging
from 0.1 to 10 with a step size of 0.1, and the ADC ranging from
0.1 x 103 mm?/s to 3.5x 10> mm?/s with a step size of
0.1 x 103 mm?/s, respectively, which cover most practical values
that could occur with the clinical protocol. The simulated b-
values were 50, 400 and 800 s/mm? with repetitions of 2, 4 and
8, respectively. The number of Monte Carlo repetitions was 120
for each SNR-ADC pair.

Error% =

3.2. Pulse sequence implementation and diffusion phantom validation

A conventional spin-echo (SE) echo-planar imaging (EPI)
diffusion-weighted sequence using the LL AveB was prototypically
modified to implement the proposed LS MP-Cor Non-AveB method
in the image reconstruction framework capable of both inline and
offline reconstruction.

A Quantitative Imaging Biomarkers Alliance (QIBA) diffusion
phantom (High Precision Devices, Boulder, Colorado) was imaged
using 18-channel body and 32-channel spine coils (referred as “ex-
ternal coils” throughout this paper) on a 3T MRI system (MAGNE-
TOM Skyra, Siemens Healthcare, Erlangen, Germany) with
parameters in Table 1, including b-values ranging from 0 to
4000 s/mm?. The phantom is a plastic sphere with a 194-mm
diameter, consisting of 13 vials filled with various concentrations

Table 1
Imaging parameters of the diffusion phantom acquisition. Abbreviations: GRAPPA -
Controlled aliasing in volumetric parallel imaging [33].

Imaging parameters Values
TR (ms) 3000

TE (ms) 400

Pixel size (mm?) 24 %24
Slice thickness (mm) 1

Parallel imaging acceleration factor GRAPPA 2

b-values (s/mm?) 0, 50, 100, 400, 600, 800, 1200,

1600, 2000, 3000, 4000

Repetitions of the corresponding 16 averages per b-value
b-values

Diffusion directions of the

corresponding b-values

1 direction for b = 0; 3 directions
for all other b-values
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of the polymer polyvinylpyrrolidone (PVP) in aqueous solution,
which are recommended by the National Institute of Standards
and Technology for assessment and standardization of ADC.

The phantom was prepared and maintained in an ice-water
bath condition according to the manufacturer’s instruction [34],
and temperatures were recorded before and after the acquisition.
Raw data were saved for offline processing. From the raw data,
two b-value sets were extracted and reconstructed for ADC calcu-
lation, including one using data from b =50 and 800 s/mm? only,
and the other using the full dataset. The mean ADC results of each
PVP concentration were averaged using the ADC values of the vials
with the same concentrations. The results calculated with both the
LL AveB and LS MP-Cor Non-AveB methods were compared to the
ground-truth values provided by the manufacturer [34].

3.3. The first in vivo study: validation compared with simulation

This prospective in vivo study was approved by our Institutional
Review Board (IRB) and compliant with the Health Insurance
Portability and Accountability Act (HIPAA). With written informed
consent obtained, 29 males (67.8 + 7.4 years) undergoing clinically
required prostate MRI exams were scanned with external coils
only on a 3T MRI scanner (MAGNETOM Skyra, Siemens Healthcare,
Erlangen, Germany) different from the scanner used in the phan-
tom experiment, using the same prototypical SE EPI diffusion-
weighted sequence in the phantom experiment and protocol 1 in
Table 2.

The raw data were saved for offline processing, which allowed
calculating the noise SD and SNR maps of the corresponding data
in addition to the ADC maps by both the LL AveB and the LS MP-
Cor Non-AveB methods. Prostate peripheral and central regions
of interest (ROIs) were manually segmented by a MRI physicist
with 10 years of experience in abdominal MRI on two adjacent
slices of the ADC maps, leading to the data from a total of 116 ROIs
to analyze.

An additional Monte Carlo simulation was performed to evalu-
ate the consistency between the theoretical and empirical results.
Taking the values from the SNR maps and from the ADC maps mea-
sured by the LS MP-Cor Non-AveB method as part of the simulation
input parameters and ground-truth values, the simulation was per-
formed with 40 repetitions and generated the simulated ADC
results using both the LL AveB and the LS MP-Cor Non-AveB
methods.

Table 2

Imaging parameters of the acquisitions of in vivo subjects using different coil
configurations and protocols. Abbreviations: GRAPPA - Controlled aliasing in volu-
metric parallel imaging [33].

Imaging parameters In Vivo
Protocol 1 Protocol 2
Coils External Both endorectal and
coils only external coils
TR (ms) 5700 5500
TE (ms) 67 68
Pixel size (mm?) 1.93 x 1.93 1.25 x 1.25
Slice number 32 32
Slice thickness (mm) 3 3
Parallel imaging acceleration factor ~GRAPPA 2 GRAPPA 2
b-values (s/mm?) 50, 400, 800 50, 800
Repetitions of the corresponding 2,4,8 2,4
b-values
Diffusion directions of the 4, 4,4 3,3
corresponding b-values
Acquisition time (s) 336 105

Prior to examining the data, the region of practical equivalence
(ROPE) was defined as an absolute value of difference
<0.05 x 107> mm?/s, meaning that if two methods differ by
<0.05 x 107> mm?/s then the methods are considered practically
equivalent. This value was obtained by considering a conserva-
tively strict average difference of about 5% near a value of clinical
interest of 1.0 x 10~ mm?/s.

Statistical analyses were performed using R v3.3.2 (R Core
Team, Vienna, Austria) [32]. The quantiles of the mean values of
the measured ADC in all ROIs were compared to the quantiles of
those of the simulated ADC in a quantile-quantile (QQ) plot [35].
A two-sample Kolmogorov-Smirnov test was performed to detect
the statistical difference between the measured and the simulated
ADC distributions [36]. In addition, a linear model was run to test if
there was any significant difference between measured and simu-
lated ADC results when accounting for the input SNR, the input
ADC, and the fitting method. Only main effects were considered.
And p < 0.05 was regarded as significantly different.

3.4. The second in vivo study: comparison with different coil
configurations

Under the same IRB-approved protocol, 15 additional males
undergoing clinical prostate MRI exams were scanned with written
informed consent obtained on the same 3T MRI system (MAGNE-
TOM Skyra, Siemens Healthcare, Erlangen, Germany) and the same
prototypical sequence as in the first in vivo study. Diffusion-
weighted images and ADC maps were reconstructed inline and
saved as DICOM images for offline analysis. One subject was
excluded because of missing images due to software issues, result-
ing in a total of 14 males (63.0 + 4.8 years).

The subjects underwent routine prostate MRI protocols includ-
ing T2W imaging. As a comparison reference standard, a conven-
tional SE EPI diffusion-weighted sequence was performed with
protocol 2 in Table 2, a clinical protocol in our institution utilizing
the same external coils and an additional endorectal coil (Medrad
eCoil, Bayer, Whippany, NJ). Separately and without the endorectal
coil, the modified SE EPI diffusion-weighted sequence was
acquired using external coils only with protocol 1 in Table 2 for
both the LL AveB and LS MP-Cor Non-AveB methods.

Peripheral and central ROIs were manually segmented by a
board-certified radiologist with 11 years of abdominal MRI experi-
ence on two adjacent slices of the ADC maps acquired with both
endorectal and external coils. Because only one subject had visible
lesions, lesion regions were excluded. Additional ROIs were manu-
ally segmented and visually co-registered on the ADC maps
acquired with only external coils and the LL AveB method, then
duplicated onto the ADC maps calculated with the LS MP-Cor
Non-AveB method. When necessary, T2W images were used for
anatomic reference. Mean and SD of ADC were recorded based on
the various ADC maps.

Using R v3.3.2, Bland-Altman was performed [37]. In addition, a
linear model was fitted with the dependent variable being the bias
and independent variables being the ADC fitting methods and the
prostate regions. Only main effects were tested, and p < 0.05 was
regarded as significantly different with correction for multiple
comparisons. Consistently, prior to examining the data, the ROPE
was defined as an absolute value of bias <0.05 x 10~ mm?/s. To
calculate the posterior probability that the true mean bias is within
the ROPE [38], a Bayesian regression with an uninformative prior
was used to obtain a posterior probability (Bayesian p-value) and
a highest posterior density interval (Bayesian confidence interval)
[39].
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4. Results
4.1. Theoretical computer simulation results

Example errors vs SNR curves for ground-truth
ADC=0.8 x 1073, 1.5 x 103 and 3.0 x 10~3 mm?/s are show in
Fig. 1, where the error% of the proposed LS MP-Cor Non-AveB
method is significantly different from the other methods as evalu-
ated by the one sample t-test (p < 2.2 x 10716),

In Fig. 2A, the mean error% as a function of SNR and ADC shows
the largest area with small error values (“Green Zone”) for LS MP-
Cor Non-AveB. The SD of the error% predicts relatively more noise

Ground-truth ADC = 0.8 x 10°> mm?/s

Error (%)
A
o
Error (%)
A
o

Ground-truth ADC = 1.5 x 10" mm?/s

in the measured ADC results with LS MP-Cor Non-AveB compared
to the other methods (Fig. 2B).

4.2. Diffusion phantom results

The diffusion phantom temperature during the acquisition was
within the range of 0-0.2 °C. The ADC results from the phantom are
shown in Fig. 3. Compared to the ground truth ADC values (black
bars in Fig. 3A), when high b-value data were included, LL AveB
underestimated ADC values, and the underestimated error % values
were greater than their error bars for either relatively large ADC
values (above 1.0 x 10~ mm?/s, i.e. the normal prostate ADC value

Ground-truth ADC = 3 x 10> mm?/s

Error (%)
A
o

-60 —LL AveB -60 —LL AveB -60 —LL AveB
——LS AveB ——LS AveB ——LS AveB
-80 —LS Non-AveB -80 —LS Non-AveB -80 —LS Non-AveB
—LS MP-Cor Non-AveB —LS MP-Cor Non-AveB —LS MP-Cor Non-AveB
-100 -100 -100
5 10 15 20 0 5 15 20 0 5 10 15 20
A Ground-truth SNR (b0) B Ground-truth SNR (b0) C Ground-truth SNR (b0)

Fig. 1. Error%-SNR curves for three typical ADC values using four different ADC fitting methods. The proposed simulation approach was performed with b = 50, 400, 800 s/
mm? with 2, 4 and 8 repetitions/averages, respectively. SNR ranged from 0.1 to 20 with a step size of 0.1. The repetition number of Monte Carlo simulation was 500.

1 2 3 4 5 6 7 8 9 10
Ground-truth SNR (b0)

w

o Error % Mean of LL AveB Error % Mean of LS Non-AveB 100

=30 %)

£ N1

g E 2 50

2 ﬂ"e

-

o 23

& ; :

o Error % Mean of LS AveB Error % Mean of LS MP-Cor Non-AveB 0

2@ :

£ 1 1

:E 0

T 2 g

e qg

3 x3 1

o = . . . . . -100
1 2 3 4 5 6 7 8 9 10 1 2 3 4 5 6 7 8 9 10

A Ground-truth SNR (b0) Ground-truth SNR (b0)

o Error % SD of LL AveB Error % SD of LS Non-AveB 100

3 A

£ 1

= E

2 E 2 50

2 «":-:*

3 x3

b

I Error % SD of LS MP-Cor Non-AveB 0

=30

e N1

g g 50

= 2

2 ‘?e

3 x3

I5) -100

1 2 3 4 5 6 7 8 9
Ground-truth SNR (b0)

Fig. 2. Mean (A) and SD (B) of error% as a function of ADC and SNR using four different ADC fitting methods. The proposed simulation approach was performed with b = 50,
400, 800 s/mm? with 2, 4 and 8 repetitions/averages, respectively. SNR ranged from 0.1 to 10 with a step size of 0.1. ADC ranging from 0.1 to 3.5 x 10> mm?/s with a step size

of 0.1 x 10~ mm?/s. The repetition number of Monte Carlo simulation was 120.
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Fig. 3. A: The ADC results of the 5 different PVP concentrations in the diffusion phantom measured with both the LL AveB and the LS MP-Cor Non-AveB for two different b-
value sets: [1] b =50 and 800 s/mm?, and [2] b =0, 50, 100, 400, 600, 800, 1200, 1600, 2000, 3000 and 4000 s/mm?. The ground-truth ADC value of each PVP concentration
provided by the phantom manufacturer is listed in the parentheses and also presented as the black bars. The error bars reflect the standard deviation values, which were
provided by the phantom manufacturer based on multiple MR spectroscopy measurements for the reference values, and calculated based on different pixels within the
measured ROIs for the non-reference imaging methods, respectively. B: The corresponding error percentage plot. The error bars are calculated based on the propagation of the
standard deviation values of the non-reference imaging methods and reference values. The results of b-value set [1] exhibit larger error bars (blue and green bars) due to
fewer total repetitions compared to the b-value set [2] (red and purple bars). (For interpretation of the references to colour in this figure legend, the reader is referred to the

web version of this article.)

range [the purple bar of PVPO in Fig. 3]) or relatively high concen-
tration of PVP (the purple bar of PVP50 in Fig. 3). The proposed LS
MP-Cor Non-AveB method estimated ADC values more consis-
tently with the ground truth values, even in the presence of high
b-value (low SNR) data (red bars in Fig. 3).

4.3. The first in vivo study: validation compared with simulation

As shown in Fig. 4A and B, the measured ADC of both the LL
AveB and the LS MP-Cor Non-AveB methods provided similar
results as the simulated ADC values, demonstrating the consis-
tency between the theoretical and empirical results. A consistent
distribution between the measured and simulated ADC results
from both the LL AveB and the LS MP-Cor Non-AveB methods also
appeared in the QQ plot (Fig. 4C). Additionally, the two-sample
Kolmogorov-Smirnov test did not detect any significant difference
(p=0.5618) between the measured and the simulated ADC
distributions.

As for the linear model, the overall model was significant
(p<0.0001) as was each of the effects (p<0.0001) with an
adjusted R? of 0.9594. The estimate was that the simulated ADC
results were on average 0.019 x 10~ mm?/s larger than the mea-
sured results with a 95% CI of [0.010, 0.029] x 103 mm?/s lying
well within the ROPE. Overall, this again indicated good agreement
between the simulated and the measured values.
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4.4. The second in vivo study: comparison with different coil
configurations

Fig. 5 shows one set of example images. The SNR difference
between b50 images (Fig. 5A vs. E) with different coil settings is
evident, leading to quantitative differences in ADC maps (Fig. 5B,
C vs. F). For all the 14 subjects in this study, the in vivo ADC refer-
ence values with both endorectal and external coils were
1.45+0.15 x 107> mm?/s in the central zone and 1.78 +0.15 x
1073 mm?/s in the peripheral zone, and the corresponding results
with external coils only are 1.34+0.16 x 10> mm?/s and
1.65+020 x 103>mm?/s by LL AveB and 1.49%0.16 x
10> mm?/s and 1.81%0.20 x 10> mm?/s by LS MP-Cor Non-
AveB, respectively. One observation is that, the ADC map by the
proposed method (Fig. 5C) exhibits relatively larger SD than the
conventional method assuming Gaussian noise (Fig. 5B,F). Bland-
Altman plots show similar results, with a mean bias of
—0.12 x 107> mm?/s for LL AveB and 0.04 x 103 mm?/s for LS
MP-Cor Non-AveB (Fig. 6).

The linear model fit showed the ADC fitting algorithms had a
highly significant impact on the bias (p < 0.0001) while the regions
chosen in the prostate did not (p = 0.818). LL AveB had significant
bias of —0.12 x 107> mm?/s with a 95% confidence interval (CI) of
[-0.17, —0.06] x 10~ mm?/s (p < 0.0001), while LS MP-Cor Non-
AveB had non-significant bias of 0.04 x 10~ mm?/s with a 95%
CI of [-0.01, 0.09] x 10~3 mm?/s (p =0.187). The bias difference

@
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Fig. 4. The comparison of the measured and simulated ADC results of both the LL AveB (A) and the LS MP-Cor Non-AveB methods (B), illustrating prostate peripheral and
central regions on two adjacent slices from 29 subjects (116 ROISs totally) of the first in vivo study. The repetition number of Monte Carlo simulation was 40. The QQ plot of the

measured and simulated ADC results from both methods is in (C).
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Fig. 5. Representative images and ADC maps obtained using external coils only (A-D) and using the combination of both endorectal and external coils (E-H). The green and
yellow ROIs represent the central and peripheral regions of the prostate, respectively (D, H). The images in (A-D) are cropped from the original images for better visual
comparison with the images in (E-H). Data were from one patient of the second in vivo study. Abbreviations: ExtC - external coils only; ExtC + EndoC - external and
endorectal coils. (For interpretation of the references to colour in this figure legend, the reader is referred to the web version of this article.)
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Fig. 6. Bland-Altman plots of in vivo ADC values of prostate peripheral and central regions on two adjacent slices in 14 patients (56 ROIs totally) of the second in vivo study
for each of the two different ADC calculation methods using external coils only vs. the LL AveB method using the combination of both external and endorectal coils as a
reference. Abbreviations: ExtC — external coils only; ExtC + EndoC - external and endorectal coils.

between LL AveB and LS MP-Cor Non-AveB was significant
(p<0.001).

The Bayesian p-value that the mean bias for LL AveB was within
the ROPE was p = 0.0004 with a 95% Bayesian confidence interval
from [-0.156, —0.085] x 103 mm?/s lying entirely outside the
ROPE. In contrast, the Bayesian p-value for LS MP-Cor Non-AveB
was p =0.778 with a 95% Bayesian confidence interval of [0.001,
0.072] x 10~ mm?/s which straddles the boundary of the ROPE.
The Bayesian p-value that LS MP-Cor Non-AveB had less absolute
bias than LL AveB was p = 0.9991. Overall, this indicated LL AveB
was biased and LS MP-Cor Non-AveB reduced the amount of bias.

5. Discussion

This study showed the noise induced inaccuracy of ADC quan-
tification, and our proposed fully automatic computational method

improved the accuracy of ADC quantification. The results of the
first in vivo study (and Monte Carlo simulation) from 29 clinical
subjects show consistency of the empirical results compared to
the simulation predicted values. The results of the second in vivo
study indicate that, using ADC results acquired with a clinical pro-
tocol utilizing both endorectal and external coils as a reference
standard, ADC quantification using only external coils is compro-
mised by noise bias. Data from 14 clinical subjects demonstrate
that these noise bias-induced errors can be reduced by the pro-
posed computational method. The Bayesian regression analysis
provides strong evidence of bias in the conventional ADC method
as well as moderate evidence that this bias is practically eliminated
with the proposed method. Our study shows that it is almost cer-
tainly (p = 0.9991) reduced with LS MP-Cor Non-AveB compared to
LL AveB. This finding merits further prospective assessment with
larger number of subjects.
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High b-value images often suffer from low SNR. The noise in
MRI magnitude data has a Rician distribution and becomes asym-
metric at low SNR [21,22]. If not compensated, this asymmetric
distribution causes a systematic overestimation of signal intensity
at high b-values and consequent underestimation of ADC values
[4,5,40]. Previous attempts to improve ADC estimation can be cat-
egorized into two main groups: attempts to correct the noise bias
by replacing the diffusion model with its approximate expectation
under the assumption of Rician noise models [5,25,26]; and trans-
forming the biased diffusion signal to a bias-corrected signal
[27,40]. A detailed description of various methods in previous liter-
ature is out of scope of this paper. Review of some techniques can
be found in the work of Veraart et al. [26], Dikaios et al. [41] and
Fusco et al. [15].

Our proposed method falls into the second category, i.e. the
mapping method. Our method uses a stepwise Chebychev polyno-
mial modeling equation to directly calculate the mapping results,
instead of iterative processes as used in the previously published
methods [5,26,27,31]. The polynomial modeling equation has the
advantages of being computationally efficient and free of conver-
gence problems. In addition, our proposed method uses a pseudo
replica approach [29,30] for accurate pixelwise noise SD map
estimation and the spatial-matched-filter algorithm (alternatively
termed adaptive coil combination) for multi-channel coil combina-
tion, which allows the model to treat multi-channel data in the
same way as single-channel data [27,31] and therefore greatly sim-
plifies the estimation problem. In order to validate our proposed
method, we used a variety of reference standard ADC values,
including the ground-truth values in simulation, the
manufacturer-provided ground-truth values of a commercially
available diffusion phantom, and the prostate ADC values acquired
with both external and endorectal coils in vivo. Comparison of our
proposed method to various methods in the previous literature as
reference standards is not a focus of this study, and future separate
studies are needed to further investigate this topic.

Our method was designed and implemented to be fully auto-
matic, practically useful in both clinical and research settings.
The first in vivo study used offline image reconstruction. In con-
trast, the image reconstruction was completed inline in the clinical
environment for the second in vivo study. Although the image
reconstruction times were not recorded, they approximately ran-
ged from 1 to 3 min depending on the protocol settings, which is
acceptable in clinical practice. The reconstruction times could be
further improved by using fast graphics processing units. In addi-
tion, using analytical methods [25-27] to calculate the noise SD
maps could potentially further reduce the total reconstruction
time.

Averaging multiple data acquisitions is a common strategy to
increase SNR, especially for high b-value data. However, this
increases data acquisition time substantially. Moreover, as showed
in this study and in previous literature [5], when each b-value
image’s SNR is inherently low, simply averaging magnitude data
does not correct the noise bias and does not improve the accuracy
of ADC estimation. Only if the SNR of each b-value image is suffi-
cient will the conventional methods, assuming a symmetric (Gaus-
sian) noise distribution, yield accurate ADC quantification. To
increase the SNR of high b-value images, one may use dedicated
hardware such as endorectal coils, or pulse sequences which inher-
ently provide higher SNR such as segmented EPI [42]. The proposed
method compensates for the asymmetric noise distribution with-
out introducing the workflow issues associated with using an
endorectal coil or the time penalty of a segmented EPI sequence.
Such a method also avoids the issues of patient discomfort and
gland distortion associated with endorectal coil placement. Alter-
natively, complex signal averaging may provide another method
for retaining the Gaussian noise distribution for ADC quantifica-

tion, assuming that reliable phase correction algorithms are
applied to correct the motion-induced phase shifts [5]. Another
possibility is to work with real and imaginary data to suppress
the noise bias as shown in a recent study using principal compo-
nent analysis [43].

Although designed and validated in the context of prostate DWI,
this method could theoretically be extended to applications which
use magnitude data as inputs and suffer from the same noise bias
issue. Possible applications include ADC mapping in other organs
and tissues, proton density fat fraction mapping, T1 mapping, T2/
T2* mapping and other quantitative imaging techniques.

Since the purpose of this study was to report our proposed
method and perform a preliminary evaluation, some topics remain
to be examined and investigated. For example, the ADC values
tested in vivo fell mainly within a range of 1.0-2.0 x 10~ mm?/s.
While this covers the ADC values for the normal prostate periph-
eral and central regions, high grade prostate cancer ADC values
may fall below 1.0 x 107> mm?/s. Another topic is that, although
it corrected for the effect of an asymmetric noise distribution for
a large range of ground-truth ADC and SNR, the ADC results exhibit
increased SD especially for the surrounding tissues (Fig. 5C). This
observation is predicted in the computer simulation (Fig. 2B),
and is consistent with previous results (Fig. 12 in Ref. [25]). It
should be noted that evaluating ADC within an ROI helps reduce
the effect of the noise in the ADC maps calculated using the pro-
posed method [25]. Lastly, our proposed method worked well
within the range of b-values tested in this study, i.e. 0, 50, 100,
400, 600, 800, 1200, 1600, 2000, 3000 and 4000 s/mm? in a diffu-
sion phantom, and 50, 400 and 800 s/mm? in clinical prostate
DWL. Its performance with very high b values to a level that DWI
signals are overwhelmed by noise remains to be evaluated in
future studies.

6. Conclusion

In this study, a fully automatic computational method to com-
pensate for noise-related bias is proposed to improve the accuracy
of ADC quantification, and was validated in simulation and a diffu-
sion phantom. Our first in vivo prostate DWI study shows the con-
sistency between the theoretical and empirical results using a
clinically routine protocol and an accompanying simulation. The
findings of our second in vivo prostate DWI study suggest that,
compared to the reference standard ADC results measured with a
clinically relevant protocol utilizing both external coils and an
endorectal coil, this method provides improved accuracy of ADC
results than the conventional method when only external coils
were used. This method may improve quantitative prostate diffu-
sion imaging when noise bias exists. While further validation is
needed, this method may be suitable for both clinical imaging
and research utilizing ADC quantification.
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