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Abstract: Background: Whole-Body Diffusion-Weighted Imaging (WBDWI) is an established tech-
nique for staging and evaluating treatment response in patients with multiple myeloma (MM) and
advanced prostate cancer (APC). However, WBDWI scans show inter- and intra-patient intensity
signal variability. This variability poses challenges in accurately quantifying bone disease, tracking
changes over follow-up scans, and developing automated tools for bone lesion delineation. Here,
we propose a novel automated pipeline for inter-station, inter-scan image signal standardisation on
WBDWI that utilizes robust segmentation of the spinal canal through deep learning. Methods: We
trained and validated a supervised 2D U-Net model to automatically delineate the spinal canal (both
the spinal cord and surrounding cerebrospinal fluid, CSF) in an initial cohort of 40 patients who
underwent WBDWI for treatment response evaluation (80 scans in total). Expert-validated contours
were used as the target standard. The algorithm was further semi-quantitatively validated on four
additional datasets (three internal, one external, 207 scans total) by comparing the distributions of
average apparent diffusion coefficient (ADC) and volume of the spinal cord derived from a two-
component Gaussian mixture model of segmented regions. Our pipeline subsequently standardises
WBDWI signal intensity through two stages: (i) normalisation of signal between imaging stations
within each patient through histogram equalisation of slices acquired on either side of the station
gap, and (ii) inter-scan normalisation through histogram equalisation of the signal derived within
segmented spinal canal regions. This approach was semi-quantitatively validated in all scans avail-
able to the study (N = 287). Results: The test dice score, precision, and recall of the spinal canal
segmentation model were all above 0.87 when compared to manual delineation. The average ADC
for the spinal cord (1.7 x 1073 mm? /s) showed no significant difference from the manual contours.
Furthermore, no significant differences were found between the average ADC values of the spinal
cord across the additional four datasets. The signal-normalised, high-b-value images were visualised
using a fixed contrast window level and demonstrated qualitatively better signal homogeneity across
scans than scans that were not signal-normalised. Conclusion: Our proposed intensity signal WBDWI
normalisation pipeline successfully harmonises intensity values across multi-centre cohorts. The
computational time required is less than 10 s, preserving contrast-to-noise and signal-to-noise ratios
in axial diffusion-weighted images. Importantly, no changes to the clinical MRI protocol are expected,
and there is no need for additional reference MRI data or follow-up scans.

Keywords: deep learning; segmentation; Whole-Body Diffusion-Weighted Imaging (WBDWI); metastatic
bone disease; multiple myeloma

1. Introduction

WBDWI is an increasingly used non-invasive technique for detecting and assessing
response to systemic treatments in patients with bone disease resulting from advanced
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prostate and breast cancer [1-4]. Furthermore, it is now recommended as first-line imaging
for evaluation of multiple myeloma (MM) [5] due to its high sensitivity. The technique is
generally well-tolerated by patients and facilitates long-term monitoring without radiation
burden [6]. The technique offers excellent contrast between healthy and diseased bone
that allows qualitative assessment “at a glance” of cancer spread across the skeleton; high-
b-value images (>800 s/mm?) typically demonstrate hyper-intensity in regions of bone
disease compared with background tissues. Acquisitions of images at two or more b-values
also enable calculation of full-body maps of the Apparent Diffusion Coefficient (ADC),
which may reflect tumour cellularity [7]. Evidence suggests that an increase in tumour
ADC following treatment indicates a positive response [8,9].

Unfortunately, due to the influence of T1/T2 weighting, proton density, and coil sen-
sitivity, it is difficult to compare signal intensities of acquired diffusion-weighted images
throughout the course of treatment in an individual patient, or indeed compare signal
intensities of images acquired from different scanners and/or vendors [10,11]. Furthermore,
signal inhomogeneities across the imaging field of view (a “bias field”) and non-uniform
signal between anatomical acquisition stations on WBDWI could degrade the accuracy of
approaches for automatic tumour delineation of these datasets [12]. Signal normalisation
techniques could improve clinician assessment of bone disease from WBDWI by improv-
ing lesion localisation, diameter measurement, and assessment of post-treatment changes
by standardising the display of high-b-value images. Moreover, such techniques could
facilitate the development of accurate automated tools for delineating bone diseases from
high-b-value images [13,14], which would provide fast access to quantitative response
biomarkers (ADC and lesion volume) in a deleterious disease for which there are no cur-
rently approved ways to assess early treatment changes. Ultimately, this could potentially
reduce morbidity and improve survival rates [15].

Jager et al. [16] introduced a new method for intensity signal standardisation from MRI
data using properties of all acquired images jointly (e.g., T1- and T2-weighted images). The
method employed a non-rigid registration algorithm between the joint probability density
distributions of a newly acquired image and a reference MRI dataset. However, we sought
to develop a fast, WBDWI-only approach, as mis-registrations between diffusion-weighted
imaging and other contrasts (caused by magnetic field inhomogeneities and the use of
echo-planar imaging in WBDWI [17]) prohibit the use of joint histograms. Blackledge
et al. [18] proposed an algorithm that might improve the standardisation and interpretation
of WBDWI, which synthesises new contrast by combining voxel-wise ADC with voxel-wise
estimates of the ADC uncertainty (thus removing the need for high-b-value images). The
authors demonstrated initial results in a cohort of 16 patients with advanced prostate cancer
(APC) but noted the limitation that protocols must include at least three b-values, which
can make the approach difficult to adopt at some centres. Ceranka et al. [19] proposed
a new method for signal intensity normalisation between baseline and follow-up whole-
body MRI. The method involved two steps. (i) A 3D T1-weighted follow-up image was
registered to the baseline image using B-spline deformable registration, and (ii) histogram
matching was applied to the follow-up image to normalise signal intensity. The authors
successfully applied this approach to a cohort of healthy volunteers and patients with APC
(10 whole-body MRIs). The computational time of the registration step was 30 min, and no
external validation datasets were used for testing.

Despite these recent advances, there remains a lack of clinical tools for inter-scan
signal intensity normalisation based on WBDWI alone. We therefore aimed to develop an
algorithm that met the following requirements: (i) fast computation time (within seconds),
(ii) operates on WBDWI data alone, (iii) does not impact the underlying contrast-to-noise
ratio (CNR) of images, and (iv) can be used on a single dataset with or without the
availability of a follow-up scan. Our methodology is inspired by the approach taken
by Padhani et al. [20], who normalised the signal intensity of high-b-value images by
comparing against the signal intensity within muscle, kidney, and spinal cord signal
following manual delineation of these regions. The authors derived the results from a
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cohort of 16 patients without metastatic bone disease, 21 patients with untreated metastases
of breast cancer, and 12 patients with myeloma. However, their approach required manual
delineation of anatomical regions, which is a significant barrier to clinical implementation
of the technique. We have developed a fully automated workflow that leverages deep
learning to automatically delineate the entire spinal canal on WBDWI and subsequently
uses the pixel intensities within this region for histogram matching across cohort studies.

2. Material and Methods
2.1. Patient Population and MRI Protocol

Initial training and testing of our spinal canal segmentation model was conducted in
a cohort of 40 patients with confirmed APC (Dataset (1)); the training/test split for these
patients was 32/8. A further “external” validation dataset comprised 85 patients with
confirmed APC from three cohorts (Dataset (2) = 33 patients, Dataset (3) = 22 patients, and
Dataset (4) = 18 patients), and 12 patients with confirmed diffuse MM from a single cohort
(Dataset (5)). Patients with confirmed APC underwent baseline and follow-up WBDWI
scans and patients with MM only had one WBDWI scan before treatment initiation. As a
result, the total number of studies in the training, testing, and external validation cohorts
were 64, 16, and 207, respectively. All images were acquired at a single imaging centre
except Dataset (3) and 7 patients from Dataset (2), which were performed at two additional
imaging facilities.

WBDWI images were acquired using a 1.5 T scanner (MAGNETOM Aera/ Avanto,
Siemens Healthcare, Erlangen, Germany) across 4-5 anatomical stations (depending on
patient height) from skull to mid-thigh (metastatic bone disease) or skull vertex to knees
(myeloma) using two (50/900 s/mm?) or three (50/600/900 s/mm?) b-values. Each station
comprised 40 slices with a slice thickness of 5-6 mm. Echo-planar image acquisition was
used (GRAPPA parallel image acceleration R = 2), using a double-spin echo diffusion
encoding scheme applied over three orthogonal encoding directions [21,22]. All MRI
parameters are reported in Table 1 for each dataset involved in the study. All data were
fully anonymised, and the study was performed in accordance with the Declaration of
Helsinki (2013). A local ethical committee waived the requirement of patient consent for
use of these retrospective datasets.

Table 1. Scanning protocol and MRI parameters for all WBDWI datasets investigated in our study.
Minimum and maximum values are displayed in parenthesis.

APC Cohort
Dataset (1)

APC Cohort
Dataset (2)
(33 Patients;
115 WBDWI Scans)

1.5T Siemens

APC Cohort
Dataset (3)
(22 Patients;

44 WBDWI Scans)

APC Cohort
Dataset (4)
(18 Patients;

36 WBDWI Scans)

MM Cohort
Dataset (5)
(12 Patients;

12 WBDWI Scans)

(40 Patients;
80 WBDWI Scans)

MR scanner 1.5T Siemens Aera Aera/Avanto 1.5T Siemens Aera 1.5T Siemens Aera 1.5T Siemens Avanto
Sequence Diffusion-Weighted Diffusion-Weighted Diffusion-Weighted Diffusion-Weighted Diffusion-Weighted
qu SS-EPL SS-EPI SS-EPIL SS-EPL SS-EPI
Acquisition plane Axial Axial Axial Axial Axial
Breathing mode Free breathing Free breathing Free breathing Free breathing Free breathing
b50/b900 b50/b900
b-val [s/mm?] b50/b600/b900 b50/b600/b900 for 7 patients; b50/b600/b900 for 9 patients;
ELI | for all patients for all patients B50/b600/b900 for all patients B50/b600/b900
for 15 patients for 3 patients
Number of
e bvalue) 224)-(3,35) (335 (35-(335) (366) 44224
relégfgﬂzﬁ{‘igﬁzl [1.56 x 1.56-1.68 x 1.68] [1.68 x 1.68-2.5 x 2.5]  [1.68 x 1.68-3.12 x 3.12] [3.21 x 3.21] [1.54 x 1.54-1.68 x 1.68]
Slice thickness [mm] 5 5 6 5 5
Repetition time [ms] [6150-12,700] [5490-10,700] 12,003 6320 [6150-14,500]
Echo time [ms] [60-79] 69 [69-72] 76 [66.4-69.6]
Inversion time
(STIR fat suppression) 180 180 180 180 180
[ms]
Flip angle [°] 90 90 90 90 180
Encoding code 3-scan Trace 3-scan Trace 3-scan Trace 3-scan Trace 3-scan Trace
Field of view [mm] [98 x 128-256 x 256] [130 x 160208 x 256] [208 x 256216 x 257] [108-134] [208 x 256224 x 280]
LB e T it [1955-2330] 1955 1955 2195 [1984-2330]

[Hz/Px]
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2.2. Spinal Canal Delineation
2.2.1. Dataset Description

Patient data from Dataset (1) were split into training (24 patients, 48 studies), valida-
tion (8 patients, 16 studies), and test (8 patients, 16 studies) datasets. The segmentation
model was trained using axial images extracted from all available WBDWI studies; thus, the
total size of the training and validation data was 8749 and 2758 axial images, respectively,
and the test data consisted of 2687 axial images. A medical physicist with over 2 years’
experience with WBDWI defined the ground truth by manually delineating the spinal cord
and surrounding CSF for all WBDWI scans in Dataset (1) (80 studies in total). Accuracy of
these delineations was confirmed by two radiologists, each with over 10 years’ experience
in WBDWL

2.2.2. Image Pre-Processing

A deep learning model with U-Net architecture [23] was trained to automatically
delineate the spinal cord and surrounding CSF on WBDWI scans. The network involves a
2-channel input: (i) the ADC map, and (ii) the estimated intercept (S0) image atb = 0's/mm?.
The ADC map and S0 image were derived by fitting a monoexponentially decaying model to
the diffusion data [18,24] (negative ADC values were not removed from ADC maps so as not
to introduce artificial boundaries in the derived images). The single-channel output of the
deep learning model was the estimated segmentation of the spinal cord and surrounding CSE.
All images were interpolated to matrix = 256 x 256 and resolution = 1.6 x 1.6 mm, and input
images were normalised using the following transformations:

scaled ADC map = ADC map / 3.510 °mm?/s 1)
scaled SO image = log(S0 image) /max(log(S0 image)) ()

2.2.3. U-Net Model Architecture and Hyper-Parameter Selection

The U-Net architecture implemented in this study employed encoder (contractive) and
decoder (expansive) symmetrical paths with skip connections at each level. The encoder
path involved convolution blocks each followed by max pooling and dropout layers
(dropout rate of 0.2), enabling the extraction of hierarchical features. Encoder convolution
blocks consisted of two 2D convolutional layers with a 3 x 3 kernel (stride = 1), followed by
batch normalisation and rectified linear unit (ReLU) activation. The encoder path featured
four down-sampling steps with kernel filters of 32, 64, 128, and 256, reaching a bottleneck
depth of 512. The decoder path used 2D transposed convolutions (kernel = 3 and stride = 2)
for up-sampling and concatenating feature maps from the decoder path to capture fine-
grained details. Additionally, dropout and two 2D convolutional layers followed the
transposed operation at each level of the encoder path. Finally, the model generated a
single-channel output representing the segmentation mask of the input image through a
1 x 1 convolutional layer with sigmoid activation applied to the output of the final decoder
convolutional block. Dropout layers were incorporated to mitigate overfitting, while
batch normalisation enhances model stability and convergence during training. Adam
optimisation with an initial learning rate of 10~ was used to minimise each loss function
investigated over 150 epochs using a batch size of 8 slices. To facilitate efficient training and
effective fine-tuning of the U-Net model, a dynamic learning rate strategy was implemented.
This strategy involved reducing the learning rate by half when the loss function failed to
improve for 10 consecutive epochs, continuing this process until the learning rate reached
a minimum value of 107°. A summary of the network hyper-parameters is reported in the
Supplementary Material (Table S1). Four loss functions were compared to identify the best
trade-off between precision and recall due to the significant imbalance between the number
of voxels from the background image and the foreground spinal cord mask. Definitions
of the losses investigated and their respective hyper-parameters are shown in Table 2.
Where applicable, loss function hyper-parameters were optimised by identifying values
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Loss Name

Log-cosh Dice

that minimised the validation Dice score (1-Dice loss). All algorithms were implemented
in python (v.3.7) using Tensorflow v.2.3.1 and Keras toolboxes, running on a Windows
platform (v.10.0.19) accelerated by an NVIDIA RTX6000 GPU 24 GB RAM (Santa Clara,
CA, USA).

Table 2. Definitions of the examined losses along with their corresponding hyper-parameters, which
were used in the process of training the 2D U-Net model for automatically delineating the spinal
canal from WBDWI. TP = true positives, FP = false positives, FN = false negatives, y,, = true label for
voxel n (0 = background, 1 = spinal canal), §j, = model-predicted label probability for voxel n.

Definition Discussion

This univariate transformation of the Dice loss, DL, has
LCDL = ln(cosh(Dle) been suggested for improving medical image
where DL = 1 — m segmentation in the context of imbalanced distributions
of labels [25].

Combo

A weighted sum of Dice and binary cross-entropy
N losses [26]. To identify the optimal weight w € (0,1)
CL = DL—w+ Ing : y the op & ’
“N E’ 1 Yn-Yn between these two losses, training/validation of the
+(1 = yn)In(1—9n) U-Net model was compared using values of w from 0 to
1 at increments of 0.1.

Tversky

A generalised version of the Dice loss (¢ = p = 0.5),
this loss provides more nuanced balancing between a
TL — 1— TP requirement for high sensitivity (¢ > p) or precision
TP+a-FP+p-FN (« < B). The best trade-off was investigated by varying
the values of « and , from 0 to 1 with an increment of
0.1 [27].

Focal Tversky

A further generalisation of the Tversky loss, this loss
employs a third parameter -y, which controls the
non-linearity of the loss. In class-imbalanced data,
small-scale segmentations might result in a high TL
FTL = TLY score; however, o > 0 causes a higher gradient loss,
forcing the model to focus on harder examples (small
regions of interest that do not contribute to the loss
significantly) [28]. We varied 7y from 1 to 3 with an
increment of 0.1 to determine the optimal value.

2.2.4. Post-Processing

The final layer of the 2D U-Net model was a sigmoid activation function, which
generates a value ranging from 0 (background) to 1 (spinal cord and surrounding CSF). For
an individual patient study, these values were linearly interpolated between adjacent slices
to create a final 3D prediction from the most superior slice to the most inferior. Subsequently,
a threshold of 0.5 was applied to derive the final binary mask. Once the spinal canal was
delineated, the predicted segmentations were transferred to calculated ADC maps; the
resulting ADC values were modelled using a 2-component Gaussian Mixture Model (GMM)
to reflect values in the spinal cord and surrounding CSF, respectively [29]. The GMM model
was implemented using the Scikit-Learn v.0.23.2 software package.

2.3. WBDWI Signal Normalisation
Our signal normalisation pathway consists of three core steps, as illustrated in Figure 1:
(1) A whole-body b, = 900 s/mm? image is computed (cDWI) to optimize the SNR
and increase the suppression of the background signal for the detection of bone

metastases [24]. The cDWI images are computed from the estimated Sy images and
ADC maps for each station using;:

S(be) = Sge e APC (3)
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(2) The signal intensity of sequential stations of derived cDWI volumes is normalised by
applying a linear scaling term to the cDWI data that minimises the mean square error
between cumulative frequency curves of cDWI intensities from axial images on either
side of each station boundary, as previously described [30,31].

(3) The spinal cord and surrounding CSF segmentations derived using the U-Net model
(Section 2.2) are transferred to the cDWI images and the voxel values across the entire
field of view are standardised to the 90th percentile of the signal within the entire
spinal canal.

. [teo U-Net model
¥ _,.i 40 spinal cord and surrounding CSF
: Yot A '-“1 Z" delineation
Computed b =900 s/mm? image
(cDWI) Global intensity signal
normalisation

!

Local intensity signal -

normalisation

_ % 120 Signal (corrected cDWTI) : ,.i 05
‘ 7 100 within delineated regions R n
80 3000 ———
¥ " Signal-normalised image

4 60 2500/
40 (corrected cDWI / threshold)

: z:‘i 20 2000|

Re)
a 0

1500/

Frequency

Corrected cDWI

threshold

1000, 90t percentile

500/

%

100

20 40 60 80
Signal intensity values

Figure 1. Schematic representation of the developed method for intensity signal normalisation on
WBDWI. The method involves (i) computing the b = 900 s/mm? image (cDWI) from the derived
ADC map and SO image and composing the whole-body ¢cDWI, (ii) correcting the signal inhomo-
geneity (green arrow) across sequential stations, (iii) deriving the spinal cord and surrounding CSF
segmentation from the developed U-Net model, (iv) generating the “signal-normalised image” by
dividing the entire image by the 90th percentile of cDWI (step (ii)) signal within the spinal cord and
surrounding CSF region.

2.4. Evaluation Criteria
2.4.1. Spinal Canal Segmentation

To assess the best set of hyper-parameters and loss function for the U-Net model,
patient-wise Dice score, precision, and recall between the manual and derived spinal cord
and surrounding CSF masks were reported for all validation patients from Dataset (1).
Volume and average cross-sectional area of the derived spinal canal segmentations were
reported together with the true values for all patients in the validation and test datasets of
Dataset (1), along with parameters estimated from GMM modelling of the ADC values.
Significant differences in the performance of the U-Net model and manual delineations
were assessed using a Wilcoxon signed-rank test (p < 0.05 indicating significance).

A qualitative visual assessment of segmentations derived from the U-Net model was
performed on the external validation datasets for which no ground-truth contours were
available (Datasets (2), (3), (4), and (5)). Derived spinal cord and CSF segmentations were
superimposed on coronal and sagittal maximum-intensity projections (MIPs) of the high-
b-value (b = 900 s/mm?) images to facilitate the visual assessment of delineated regions.
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Furthermore, ADC distributions and volumes within the spinal cord and surrounding
CSF (obtained following GMM modelling) were compared with those obtained in the
test/validation data from Dataset (1) to provide a semi-quantitative evaluation of seg-
mentation accuracy. Differences between the derived spinal cord or CSF volumes across
the external validation datasets were assessed using the ANOVA test (p < 0.05 indicating
significance). Average ADC values of the spinal cord and surrounding CSF for each external
validation dataset, as derived using the GMM, were assessed for significant differences
using the Wilcoxon signed-rank test (p < 0.05 indicating significance).

2.4.2. Intensity Signal WBDWI Normalisation

A qualitative assessment of the developed intensity signal normalisation pipeline
was performed by comparing visual appearance of derived images with the standard
b =900 s/mm? images for all patients in the test images from Dataset (1), and all external
validation datasets, using fixed window settings.

A semi-quantitative assessment was performed by an experienced radiologist with
10+ years of experience in WBDWI who delineated regions of suspect bone disease ac-
cording to MET-RADS-P guidelines [1] in 10 patients from Dataset (2) (both baseline
and post-treatment scans). Resulting regions of interest were transferred to the signal-
normalised and conventional b = 900 s/mm? images to derive the voxel-wise distribution
of signal intensity within the delineated regions. Differences in the tumour distributions of
normalised and conventional image signals were visually compared between patients and
between successive scans of the same patient. The number of bone metastases delineated
on average per WBDWI scan was 15 with an average total disease volume of 430 mL.

3. Results
3.1. Spinal Canal Segmentation

The best-performing U-Net model demonstrated an average validation dice score of
0.871 when trained using the Focal Tversky loss function, as shown in Table 3. This loss
function showed the best trade-off between precision and recall by tuning the coefficients
a« = 0.7, B = 0.3 (weighting more for false negative than false positive detection) and
improving small region contribution to the loss by tuning 7 = 1.1. The average dice score,
precision, and recall between manual and derived segmentations from the best-performing
U-Net model across all hold-out test datasets were 0.879, 0.869, and 0.896, respectively.

Table 3. Mean and standard deviation of similarity metrics between manual and U-Net model
automated segmentations of spinal canal for patients in Dataset (1) (for optimum hyper-parameters).

Loss Function Dice Score Precision Recall
Log cosh Dice 0.865 + 0.04 0.898 + 0.03 0.839 + 0.08
Combo (w = 0.8) 0.858 + 0.06 0.912 + 0.02 0.819 + 0.104
Tversky (« = 0.7, p = 0.3) 0.860 + 0.04 0.844 + 0.03 0.883 =+ 0.08
Focal Tversky (« =0.7, f =03, 0.871 + 0.04 0.870 &+ 0.03 0.878 & 0.081

y=11)

The U-Net model generated spinal cord and surrounding CSF segmentations that
show excellent agreement with the true labels and patient anatomy without overfitting on
the test datasets, as shown in Figure 2. Furthermore, ADC histograms within the segmented
regions illustrate two peaks for both methods. A similar result was observed in all other
test data, supporting our hypothesis for the use of a two-component GMM for classifying
pixels as either belonging to the spinal cord or CSE.
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Manual delineation

U-Net model

Manual delineation

U-Net model

Dataset (1) — Patient 1
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Figure 2. Coronal and sagittal view of maximum-intensity projection (MIP) of b = 900 s/mm? image

and superimposed manual and derived spinal cord and surrounding CSF segmentation for two

test datasets (Dataset (1)). Histogram of ADC values within manual and automated (U-Net model)

segmentations and fitting using a 2-component GMM for the same test datasets.
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Shape-based and GMM parameters from our U-Net model were compared with
manually defined contours for both validation and test data from Dataset (1) and are
reported in Table 4. Median measure of volume and average cross-section area for the
validation data were 169 mL and 179 mm?, respectively, and 164 mL and 204 mm? for the
test data, as derived using our automated model. No significant differences were observed
between manual and automated segmentation. Parameters derived from the GMM showed
similar trends for both methods and again without any significant differences.

Table 4. Median and interquartile range of volume and average cross-section area derived from
manual and automated (U-Net model) segmentation of the spinal cord and surrounding CSF for all
patients in the validation and test WBDWI datasets (Dataset (1)). Mean and standard deviations of
parameters from fitting the ADC values within manual and automated (U-Net model) segmentation
of the spinal cord and surrounding CSF using a 2-component GMM for all patients in the validation
and test WBDWI datasets (Dataset (1)). Significant differences between manual and automated
segmentation are for p < 0.05 (Wilcoxon paired rank-sum test: two-tailed).

Average

Cross-Section
Area [mm?]

GMM—Means

[x10-3 mm?/s] GMM—Variance

GMM—Weights

Validation set

(8 patients; 1t comp PDF 2" compPDF 1% compPDF 2" comp PDF 1% comp PDF  2"d comp PDF
16 W];DWI (spinal cord) (CSF) (spinal cord) (CSF) (spinal cord) (CSF)
scans,

gﬁ;“;‘tion 152 [138-188] 176 [151-184] 0.58 + 0.09 0.41 + 0.09 1.67 +0.20 3.17 £ 0.31 0.38 + 0.09 0.59 +0.11
U-Net model 169 [141-192] 17 9 [158-192] 0.61 £+ 0.08 0.40 £+ 0.08 1.72+0.13 317 £0.27 037 £0.1 0.58 +£0.12
p-value 0.91 0.94 0.31 0.31 0.04 0.12 0.69 0.16

Average
Cross-Section
Area [mm?]

GMM—Means

[%10~3 mm?/s] GMM—Variance

GMM—Weights

Holdout set

(8 patients; 15t comp PDF 274 comp PDF 15t comp PDF 274 comp PDF 15t comp PDF 274 comp PDF
16 W]?DWI (spinal cord) (CSF) (spinal cord) (CSF) (spinal cord) (CSF)
scans;

gfl‘i‘}:‘e“alﬁon 160 [147-184] 199 [184-226) 0.59 + 0.06 0.41 + 0.06 1.70 + 0.15 3.33 +0.28 0.35 + 0.07 0.56 + 0.20
U-Net model 164 [153-175] 204 [192-213] 0.60 = 0.06 0.40 & 0.06 1.73 £0.13 3.36 £0.28 0.35 + 0.10 0.60 = 0.19
p-value 0.26 0.28 0.67 0.67 0.14 0.30 0.73 0.04

Figure 3 illustrates four example patients, each randomly selected from the external
validation Datasets (2)—(5). Visually, our segmentation model correctly predicted the posi-
tion of the spinal cord within each patient, without showing signs of overfitting. Moreover,
the derived ADC histogram within the delineated regions predominantly showed the same
bimodal distribution observed in the training data.

The distributions of volumes and average ADC for the spinal cord and CSF are
presented in Figures 4 and 5, respectively. No statistical differences were observed in these
distributions between the different datasets used (p = 0.13), with exclusion of Dataset (4),
which demonstrated a marginally increased volume of the spinal cord. Derived volumes
for the spinal cord and CSF across different datasets range from 92 to 105 mL and from
55 to 74 mL, respectively. Furthermore, derived values of ADC mean for spinal cord and
CSF were on average 1.7 and 3.2 x 1072 mm?/s, respectively, with significant differences
between both components (p < 0.001).
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Figure 3. Coronal and sagittal view of maximum-intensity projection (MIP) of b = 900 s/mm? image
and superimposed derived spinal cord and surrounding CSF segmentation for four patients in the
external WBDWI validation datasets. Histogram of ADC values within automated (U-Net model)
segmentations and fitting using a 2-component GMM for the same external validation datasets.
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Figure 4. Violin plots of the derived spinal cord and CSF volumes (weight per segmentation volume)
from U-Net model segmentations and GMM fitting of ADC values within the delineated regions for
all external validation datasets. Additionally, reference values for spinal cord (indicated by the red
dashed line) and CSF (indicated by the purple dashed line) volumes were obtained from manual
contours of the spinal canal on WBDWI studies included in Dataset (1). No statistical differences
were observed for CSF volumes across different external validation datasets (the ANOVA test showed
a p-value > 0.05). The same trend was observed for the spinal cord volumes, if Dataset (4) is excluded.
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Figure 5. Violin plots of derived spinal cord and CSF ADC mean from U-Net model segmentations
and GMM fitting of ADC values within the delineated regions for all external validation datasets.
Additionally, reference values for spinal cord (indicated by the red dashed line) and CSF (indicated
by the purple dashed line) ADC mean were obtained from manual contours of the spinal canal
on WBDWI studies included in Dataset (1). Statistical differences were observed between the
2 components of the GMM from the same dataset (Wilcoxon signed-rank test showed a p-value < 0.05).
The same trend was observed for all the external validation datasets.

3.2. Intensity Signal WBDWI Normalisation

Examples of normalised high-b-value MIP images are compared with acquired b = 900 s/mm?
MIP images in Figure 6. MIPs of both high-b-value and signal-normalised images for pa-
tients with APC and MM show high signal intensity for suspected metastatic bone lesions
across much of the skeleton. For the normalised images, however, it is straightforward
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to scale the intensity level using a fixed window level = 1.5 and window width = 3.0.
By contrast, the acquired high-b-value images demonstrate significant signal variation
between and within datasets when presented using fixed window level = 250 and window
width = 500. Our pipeline generates the normalised high-b-value images in seconds and
does not require spatial registration of successive time-points of individual patients.

Baseline WBDWI scan Follow-up WBDWI scan
without signal with signal without signal with signal
normalisation  normalisation normalisation normalisation
([) 100 200 300 400 500 (]) 1 2 3 ([) 100 200 300 400 500 E) 1 2 3

o (¥] *®

Dataset (1) —
Patient 3

Patient 2

Dataset (2) —

Dataset (3) —
Patient 2

Dataset (4) —
Patient 2

O

s Ud
.

ﬁ. ‘, "l’a.' 4 c";

Dataset (5) —
Patient 2

Figure 6. Coronal view of maximum-intensity projection (MIP) of b = 900 s/mm? image with
and without intensity signal normalisation for baseline and follow-up WBDWTI scans of a patient
from the test dataset and for four patients from the external validation datasets. Images with and
without signal-based normalisation were scaled using a fixed window of 0-500 and 0-3, respectively.
Signal-normalised images show a more uniform signal across sequential stations and no variation
in intensity values in skeleton areas with the same properties as bone lesions across all datasets. In
contrast, acquired b = 900 s/mm? images show signal inhomogeneity across sequential stations,
between baseline and follow-up scans and different WBDWI datasets.
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As presented in Figure 7, distributions of tumour signal intensity values from nor-
malised images were more homogenous between patients and between successive scans of
the same patient (signal range of tumours 0.65-1.25), when compared with conventional
high-b-value signal intensities. This could improve radiological interpretation of scans
and provide a range of standardised signal intensities for regions of suspected disease
on WBDWI.
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Figure 7. Voxel-wise distribution of signal intensity values within delineated bone metastases from
10 patients with APC who underwent baseline and WBDWI scans. Signal intensity values are
compared between our signal-normalised images (top) and conventional b = 900 s/mm? images
(bottom). Our pipeline for normalising signal intensity on high-b-value WBDWI datasets reduces
inter-patient variation in image signal within delineated lesions. Furthermore, we observe reduced
variation in lesion signal intensity between scans for the same patient using our approach (see Patient
5 for a particularly poor example, green arrow).

4. Discussion and Conclusions

Inter- and intra-patient signal normalisation on WBDWTI is a challenging task but could
vastly improve the consistency of interpretation of high-b-value imaging and facilitate the
development of automated tumour delineation techniques. In this article, a novel method
has been developed to improve signal normalisation of WBDWI, using a validated deep
learning approach for automatic delineation of the spinal canal from which signal statistics
can be much more readily derived.
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The dice scores between manual and automated spinal canal segmentations were
excellent in all cases tested (>0.87) and demonstrated visually exceptional results when
qualitatively assessed in four external validation datasets (85 patients, 207 scans). The
segmentation masks, superimposed on coronal and sagittal MIPs of high-b-value images,
visibly matched the patient anatomy in all cases, even in those data acquired by external
imaging centres with variations in MRI scanning protocol.

A further advantage of this technique is that segmentations may be transferred to the
ADC map to interrogate distributions of ADC within delineated regions. We utilised a
two-component GMM of the ADC distribution to derive separate sub-segmentations for the
spinal cord and surrounding CSF. Parameters estimated from such models demonstrated no
significant differences between manual and automated segmentation in 16 validation/test
patients (32 studies in total). Likewise, a bimodal ADC distribution within delineated
regions and consistent spinal cord /CSF volumes and average ADC values were derived
for patients in the external validation datasets.

Several studies by other investigators have also explored deep learning to automati-
cally delineate the spinal cord from MRI data. Lemay et al. [32] introduced a 3D patch-based
U-Net model, which successfully delineated a bounding box for the spinal canal from T2w
MRI images (this model served as a preliminary step for a second algorithm focused on
detecting suspected spinal cord tumours). They achieved a dice score of 0.89 on a single-
centre test cohort. McCoy et al. [33] proposed a 2D U-Net model for automated delineation
of the spinal canal from axial T2w images acquired using a 3T MR, facilitating the detection
of acute spinal cord injuries. The model achieved a dice score above 0.9 on 560 axial images
from a single-centre test cohort. Gros et al. [34] developed a cascade of three Convolutional
Neural Networks (CNNSs) for spinal cord centre line detection, delineation of the spinal
cord, and identification of suspected Multiple Sclerosis (MS) lesions. The authors employed
a 2D patch-based U-Net model with dilated kernels in the decoder path for spinal cord
centre line detection from T1w and T2w MRI images, followed by a 3D patch-based U-Net
model with prior knowledge of the spinal cord location for spinal canal segmentation.
The dice score between manual expert and automated methods was above 0.9 from a
multi-centre cohort of 1042 patients. Remarkably, our method demonstrates segmentation
accuracies close to those reported by these studies, yet operates on diffusion-weighted im-
ages alone, which are typically acquired with lower resolution than T1 and/or T2 weighted
imaging. Furthermore, WBDWI can be severely affected by geometric distortions, which
warrants the need for a dedicated WBDWI approach; as far as we are aware, we are the
first to propose such a methodology.

Intensity signal normalisation was compared against the original acquired high-b-
value images on test and external WBDWI scans. Our approach greatly improved har-
monisation of signal intensity across sequential stations within each patient, and between
patients/institutions. In future, this should facilitate more consistent clinical reading of
WBDWI scans due to more uniform signal presentation and increase confidence in the
results, even for less experienced scanning centres (though this will require further testing
in larger-cohort, multi-centre studies). Global signal normalisation may also improve com-
parison of findings from the same patient at different time-points throughout the course
of their treatment, thus providing clearer indications of disease changes. As our method
requires only the b-value images from a single acquisition as input and does not affect the
contrast-to-noise and signal-to-noise ratios in axial diffusion-weighted images, it may be
readily applied to correct for inter-patient signal variation and/or intra-patient variation
observed at different scanning dates/times for a single patient.

Recent publications have developed techniques for full skeleton segmentation on
WBDWI [35-37]. By leveraging the results found in this study, it may be possible to directly
utilise WBDWI signal within statistical or deep learning approaches to the segmentation
of disease within the skeleton. Once defined, the derived ROIs can be transferred to the
calculated ADC maps to derive biomarkers such as the Total Diffusion Volume (TDV),
which reflects the estimated tumour burden within the skeleton, and median global ADC.



Bioengineering 2024, 11, 130

15 of 17

Existing evidence points to these as emergent biomarkers of response for metastatic bone
disease treated with novel therapeutics in patients with APC [38].

One of the limitations of this study was the smaller number of datasets used for
external validation that were acquired at different centres; Dataset (2) and Dataset (3)
included seven and twenty-two patients acquired at different imaging centres, respectively.
However, it is worth noting that all patients underwent multiple post-treatment scans,
thereby enhancing the impact of these datasets. Furthermore, the supervised deep learning
model for automatically delineating the spinal canal from WBDWT has been developed and
tested using labels provided by a single annotator. To address concerns about potential bias,
the segmentation accuracy in external validation WBDWI datasets was assessed through
qualitative evaluation by two radiologists in functional cancer imaging, each with over 10
years of experience. This evaluation involved overlaying the spinal canal masks on ADC
maps and S0 images, ensuring that the boundaries delineated by the automated tool aligned
with the true shape and position of the spinal canal visible in WBDWI scans. Furthermore,
the evaluation of spinal canal segmentation accuracy and image normalisation on external
validation datasets was either qualitative or semi-quantitative in nature. Prospective
evaluation of our tool in a multi-centre setting is the subject of a currently ongoing trial
that is evaluating the effectiveness of these tools for automatic delineation of bone disease
from WBDWL

In conclusion, our automated pipeline accurately delineates the spinal cord and sur-
rounding CSF, which in turn can be used to normalise signals within and between WBDWI
acquisitions. This could drastically improve visual assessment of disease in longitudinal
WBDWI studies and thus has the potential to positively impact the healthcare of patients
with advanced cancers.

Supplementary Materials: The following supporting information can be downloaded at: https:
//www.mdpi.com/article/10.3390 /bioengineering11020130/s1, Table S1: Training parameters of the
spinal canal segmentation model.

Author Contributions: Conceptualization, A.C., M.D.B. and D.-M.K.; methodology, A.C. and M.D.B,;
software, A.C. and R.H.; validation, A.C., R.H., M.D.B., N.T. and D.-M.K,; formal analysis, A.C.;
resources, C.M. and N.T.; data curation, A.C. and R.H.; writing—original draft preparation, A.C.;
writing—review and editing, R.H., A.R., CM., N.T.,, M.D.B. and D.-M.K; supervision, C.M., M.D.B.
and D.-M.K,; project administration, A.R.; funding acquisition, M.D.B. and D.-M.K. All authors have
read and agreed to the published version of the manuscript.

Funding: This project is funded by the National Institute for Health and Care Research (NIHR)
Invention for Innovation award (Advanced computer diagnostics for whole body magnetic reso-
nance imaging to improve management of patients with metastatic bone cancer II-LA-0216-20007)
Biomedical Research Centre.

Informed Consent Statement: Patient consent was waived; study was conducted with retrospective
data only and researchers only had access to de-identified data.

Data Availability Statement: Data can be shared upon request from the authors. However, this is
subject to the establishment of an appropriate data-sharing agreement, given the sensitive nature of
patient information involved.

Acknowledgments: This project is funded by the National Institute for Health and Care Research
(NIHR) Invention for Innovation award (Advanced computer diagnostics for whole body magnetic
resonance imaging to improve management of patients with metastatic bone cancer II-LA-0216-20007)
Biomedical Research Centre at The Royal Marsden NHS Foundation Trust and The Institute of Cancer
Research, London. The views expressed are those of the author(s) and not necessarily those of the
NIHR or the Department of Health and Social Care. The authors would also like to acknowledge
Mint Medical®.

Conflicts of Interest: The authors declare no conflict of interest.


https://www.mdpi.com/article/10.3390/bioengineering11020130/s1
https://www.mdpi.com/article/10.3390/bioengineering11020130/s1

Bioengineering 2024, 11, 130 16 of 17

References

1.

10.

11.

12.

13.

14.

15.

16.

17.

18.

19.

Padhani, A.R.; Lecouvet, EE.; Tunariu, N.; Koh, D.-M.; De Keyzer, E; Collins, D.J.; Sala, E.; Schlemmer, H.P.; Petralia, G.; Vargas,
H.A; et al. METastasis Reporting and Data System for Prostate Cancer: Practical Guidelines for Acquisition, Interpretation, and
Reporting of Whole-body Magnetic Resonance Imaging-based Evaluations of Multiorgan Involvement in Advanced Prostate
Cancer. Eur. Urol. 2017, 71, 81-92. [CrossRef]

Perez-Lopez, R.; Tunariu, N.; Padhani, A.R.; Oyen, W.J.G,; Fanti, S.; Vargas, H.A.; Omlin, A.; Morris, M.].; de Bono, J.; Koh, D.-M.
Imaging Diagnosis and Follow-up of Advanced Prostate Cancer: Clinical Perspectives and State of the Art. Radiology 2019, 292,
273-286. [CrossRef]

Zugni, F; Ruju, E; Pricolo, P.; Alessi, S.; Iorfida, M.; Colleoni, M.A.; Bellomi, M.; Petralia, G. The added value of whole-body
magnetic resonance imaging in the management of patients with advanced breast cancer. PLoS ONE 2018, 13, e0205251. [CrossRef]
[PubMed]

Morone, M.; Bali, M.A.; Tunariu, N.; Messiou, C.; Blackledge, M.; Grazioli, L.; Koh, D.-M. Whole-Body MRI: Current Applications
in Oncology. Am. J. Roentgenol. 2017, 209, 336-349. [CrossRef]

Messiou, C.; Porta, N.; Sharma, B.; Levine, D.; Koh, D.-M.; Boyd, K.; Pawlyn, C.; Riddell, A.; Downey, K.; Croft, J.; et al.
Prospective Evaluation of Whole-Body MRI versus FDG PET/CT for Lesion Detection in Participants with Myeloma. Radiol.
Imaging Cancer 2021, 3, €210048. [CrossRef]

Miles, A.; Evans, R.E.; Halligan, S.; Beare, S.; Bridgewater, J.; Goh, V.; Janes, S.M.; Navani, N.; Oliver, A.; Morton, A.; et al.
Predictors of patient preference for either whole body magnetic resonance imaging (WB-MRI) or CT/PET-CT for staging colorectal
or lung cancer. J. Med. Imaging Radiat. Oncol. 2020, 64, 537-545. [CrossRef] [PubMed]

Isaac, A.; Lecouvet, F; Dalili, D.; Fayad, L.; Pasoglou, V.; Papakonstantinou, O.; Ahlawat, S.; Messiou, C.; Weber, M.-A;
Padhani, A.R. Detection and Characterization of Musculoskeletal Cancer Using Whole-Body Magnetic Resonance Imaging. Semin.
Musculoskelet. Radiol. 2020, 24, 726-750. [CrossRef]

Perez-Lopez, R.; Mateo, J.; Mossop, H.; Blackledge, M.D.; Collins, D.J.; Rata, M.; Morgan, V.A.; Macdonald, A.; Sandhu, S.;
Lorente, D.; et al. Diffusion-weighted imaging as a treatment response biomarker for evaluating bone metastases in prostate
cancer: A pilot study. Radiology 2017, 283, 168-177. [CrossRef]

Lecouvet, EE.; Vekemans, M.-C.; Berghe, T.V.D.; Verstraete, K.; Kirchgesner, T.; Acid, S.; Malghem, ].; Wuts, J.; Hillengass, J.;
Vandecaveye, V.; et al. Imaging of treatment response and minimal residual disease in multiple myeloma: State of the art WB-MRI
and PET/CT. Skelet. Radiol. 2021, 51, 59-80. [CrossRef]

Barnes, A.; Alonzi, R.; Blackledge, M.; Charles-Edwards, G.; Collins, D.J.; Cook, G.; Coutts, G.; Goh, V.; Graves, M.; Kelly, C.;
et al. Guidelines & recommendations: UK quantitative WB-DWI technical workgroup: Consensus meeting recommendations on
optimisation, quality control, processing and analysis of quantitative whole-body diffusion-weighted imaging for cancer. Br. J.
Radiol. 2018, 91, 1-12.

Petralia, G.; Padhani, A.R. Whole-Body Magnetic Resonance Imaging in Oncology: Uses and Indications. Magn. Reson. Imaging
Clin. N. Am. 2018, 26, 495-507. [CrossRef]

Koh, D.M.; Blackledge, M.; Padhani, A.R.; Takahara, T.; Kwee, T.C.; Leach, M.O.; Collins, D.]. Whole-body diffusion-weighted
mri: Tips, tricks, and pitfalls. Am. ]. Roentgenol. 2012, 199, 252-262. [CrossRef]

Colombo, A.; Saia, G.; Azzena, A.A.; Rossi, A.; Zugni, F; Pricolo, P.; Summers, P.E.; Marvaso, G.; Grimm, R.; Bellomi, M.;
et al. Semi-automated segmentation of bone metastases from whole-body mri: Reproducibility of apparent diffusion coefficient
measurements. Diagnostics 2021, 11, 499. [CrossRef] [PubMed]

Wennmann, M.; Thierjung, H.; Bauer, F.; Weru, V.; Hielscher, T.; Grozinger, M.; Gnirs, R.; Sauer, S.; Goldschmidt, H.; Weinhold,
N.; et al. Repeatability and Reproducibility of ADC Measurements and MRI Signal Intensity Measurements of Bone Marrow in
Monoclonal Plasma Cell Disorders: A Prospective Bi-institutional Multiscanner, Multiprotocol Study. Invest. Radiol. 2022, 57,
272-281. [CrossRef] [PubMed]

Mateo, J.; Porta, N.; Bianchini, D.; McGovern, U.; Elliott, T.; Jones, R.; Stndikus, I.; Ralph, C.; Jin, S.; Varughese, M.; et al. Olaparib
in patients with metastatic castration-resistant prostate cancer with DNA repair gene aberrations (TOPARP-B): A multicentre,
open-label, randomised, phase 2 trial. Lancet Oncol. 2020, 21, 162-174. [CrossRef] [PubMed]

Jager, F.; Hornegger, J. Nonrigid registration of joint histograms for intensity standardization in magnetic resonance imaging.
IEEE Trans. Med. Imaging 2009, 28, 137-150. [CrossRef]

Digma, L.A.; Feng, C.H.; Conlin, C.C.; Rodriguez-Soto, A.E.; Zhong, A.Y.; Hussain, T.S.; Lui, A.J.; Batra, K.; Simon, A.B,;
Karunamuni, R.; et al. Correcting BO inhomogeneity-induced distortions in whole-body diffusion MRI of bone. Sci. Rep. 2022, 12,
265. [CrossRef] [PubMed]

Blackledge, M.D.; Tunariu, N.; Zugni, F.; Holbrey, R.; Orton, M.R.; Ribeiro, A.; Hughes, J.C.; Scurr, E.D.; Collins, D.J.; Leach,
M.O; et al. Noise-Corrected, Exponentially Weighted, Diffusion-Weighted MRI (niceDWI) Improves Image Signal Uniformity in
Whole-Body Imaging of Metastatic Prostate Cancer. Front. Oncol. 2020, 10, 704. [CrossRef] [PubMed]

Ceranka, J.; Verga, S.; Lecouvet, F.; Metens, T.; De Mey, J.; Vandemeulebroucke, J. Intensity Standardization of Skeleton in
Follow-Up Whole-Body MRI. In Proceedings of the Computational Methods and Clinical Applications for Spine Imaging: 5th
International Workshop and Challenge, CSI 2018, Held in Conjunction with MICCAI 2018, Granada, Spain, 16 September 2018;
Volume 2, pp. 77-89.


https://doi.org/10.1016/j.eururo.2016.05.033
https://doi.org/10.1148/radiol.2019181931
https://doi.org/10.1371/journal.pone.0205251
https://www.ncbi.nlm.nih.gov/pubmed/30312335
https://doi.org/10.2214/AJR.17.17984
https://doi.org/10.1148/rycan.2021210048
https://doi.org/10.1111/1754-9485.13038
https://www.ncbi.nlm.nih.gov/pubmed/32410378
https://doi.org/10.1055/s-0040-1719018
https://doi.org/10.1148/radiol.2016160646
https://doi.org/10.1007/s00256-021-03841-5
https://doi.org/10.1016/j.mric.2018.06.003
https://doi.org/10.2214/AJR.11.7866
https://doi.org/10.3390/diagnostics11030499
https://www.ncbi.nlm.nih.gov/pubmed/33799913
https://doi.org/10.1097/RLI.0000000000000838
https://www.ncbi.nlm.nih.gov/pubmed/34839306
https://doi.org/10.1016/S1470-2045(19)30684-9
https://www.ncbi.nlm.nih.gov/pubmed/31806540
https://doi.org/10.1109/TMI.2008.2004429
https://doi.org/10.1038/s41598-021-04467-2
https://www.ncbi.nlm.nih.gov/pubmed/34997164
https://doi.org/10.3389/fonc.2020.00704
https://www.ncbi.nlm.nih.gov/pubmed/32457842

Bioengineering 2024, 11, 130 17 of 17

20.

21.

22.

23.

24.

25.

26.

27.

28.

29.

30.

31.

32.

33.

34.

35.

36.

37.

38.

Padhani, A.R;; van Ree, K; Collins, D.J.; D’sa, S.; Makris, A. Assessing the relation between bone marrow signal intensity and
apparent diffusion coefficient in diffusion-weighted MRI. Am. |. Roentgenol. 2013, 200, 163-170. [CrossRef] [PubMed]

Winfield, J.; Blackledge, M.D.; Tunariu, N.; Koh, D.-M.; Messiou, C. Whole-body MRI: A practical guide for imaging patients with
malignant bone disease. Clin. Radiol. 2021, 76, 715-727. [CrossRef]

Petralia, G.; Koh, D.M.; Attariwala, R.; Busch, J.J.; Eeles, R.; Karow, D.; Lo, G.G.; Messiou, C.; Sala, E.; Vargas, H.A ; et al.
Oncologically Relevant Findings Reporting and Data System (ONCO-RADS): Guidelines for the Acquisition, Interpretation, and
Reporting of Whole-Body MRI for Cancer screening. Radiology 2021, 299, 494-507. [CrossRef]

Ronneberger, O.; Fischer, P.; Brox, T. U-Net: Convolutional Networks for Biomedical Image Segmentation. In Medical Image Com-
puting and Computer-Assisted Intervention—MICCAI 2015; Lecture Notes in Computer Science; Springer International Publishing:
Berlin/Heidelberg, Germany, 2015; Volume 9351, pp. 234-241.

Blackledge, M.D.; Leach, M.O.; Collins, D.].; Koh, D.-M. Computed Diffusion-weighted MR Imaging May Improve Tumor
Detection. Radiology 2011, 261, 573-581. [CrossRef]

Jadon, S. A survey of loss functions for semantic segmentation. In Proceedings of the Computational Intelligence in Bioinformatics
and Computational Biology (CIBCB), Via del Mar, Chile, 27-29 October 2020; pp. 1-7.

Taghanaki, S.A.; Zheng, Y.; Zhou, S.K.; Georgescu, B.; Sharma, P.; Xu, D.; Comaniciu, D.; Hamarneh, G. Combo loss: Handling
input and output imbalance in multi-organ segmentation. Comput. Med. Imaging Graph. 2019, 75, 24-33. [CrossRef]

Sadegh, S.; Salehi, M.; Erdogmus, D.; Gholipour, A. Tversky loss function for image segmentation using 3D fully convolutional
deep networks. In International Workshop on Machine Learning in Medical Imaging; Springer International Publishing: Cham,
Switzerland, 2017; pp. 379-387.

Abraham, N.; Khan, N.M. A novel focal tversky loss function with improved attention u-net for lesion segmentation. In
Proceedings of the 2019 IEEE 16th International Symposium on Biomedical Imaging (ISBI 2019), Venice, Italy, 8-11 April 2019;
pp. 683-687.

Chen, M.; Carass, A.; Oh, J.; Nair, G.; Pham, D.L.; Reich, D.S.; Prince, J.L. Automatic Magnetic Resonance Spinal Cord
Segmentation with Topology Constraints for Variable Fields of View. Neuroimage 2013, 23, 1051-1062. [CrossRef]

Blackledge, M.D.; Koh, D.M.; Orton, M.R.; Collins, D.J.; Leach, M.O. A Fast and Simple Post-Processing Procedure for the Correction of
Mis-Registration between Sequentially Acquired Stations in Whole-Body Diffusion Weighted MRI; International Society for Magnetic
Resonance in Medicine: Australia, Melbourne, 2012; p. 4111.

Ceranka, J.; Polfliet, M.; Lecouvet, F.; Michoux, N.; De Mey, J.; Vandemeulebroucke, J. Registration strategies for multi-modal
whole-body MRI mosaicking. Magn. Reson. Med. 2018, 79, 1684-1695. [CrossRef] [PubMed]

Lemay, A.; Gros, C.; Zhuo, Z.; Zhang, ].; Duan, Y.; Cohen-Adad, J.; Liu, Y. Automatic multiclass intramedullary spinal cord tumor
segmentation on MRI with deep learning. Neurolmage Clin. 2021, 31, 102766. [CrossRef] [PubMed]

McCoy, D.; Dupont, S.; Gros, C.; Cohen-Adad, J.; Huie, R.; Ferguson, A.; Duong-Fernandez, X.; Thomas, L.; Singh, V.; Narvid,
J.; et al. Convolutional neural network-based automated segmentation of the spinal cord and contusion injury: Deep learning
biomarker correlates of motor impairment in acute spinal cord injury. Am. J. Neuroradiol. 2019, 40, 737-744. [CrossRef] [PubMed]
Gros, C.; De Leener, B.; Badji, A.; Maranzano, J.; Eden, D.; Dupont, S.M.; Talbott, J.; Zhuoquiong, R.; Liu, Y.; Granberg, T.; et al.
Automatic segmentation of the spinal cord and intramedullary multiple sclerosis lesions with convolutional neural networks.
Neurolmage 2019, 184, 901-915. [CrossRef]

Candito, A.; Blackledge, M.D.; Holbrey, R.; Koh, D.M. Automated tool to quantitatively assess bone disease on Whole-Body
Diffusion Weighted Imaging for patients with Advanced Prostate Cancer. In Proceedings of the Medical Imaging with Deep
Learning, Zurich, Switzerland, 6-8 July 2022; pp. 2—4.

Qaiser, T.; Winzeck, S.; Barfoot, T.; Barwick, T.; Doran, S.J.; Kaiser, M.E.; Glocker, B. Multiple Instance Learning with Auxiliary
Task Weighting for Multiple Myeloma Classification. In Proceedings of the Medical Image Computing and Computer Assisted
Intervention—MICCAI, Strasbourg, France, 27 September—1 October 2021.

Wennmann, M.; Neher, P.; Stanczyk, N.; Kahl, K.C.; Kachele, J.; Weru, V.; Hielscher, T.; Grozinger, M.; Chmelik, J.; Zhang, K,;
et al. Deep Learning for Automatic Bone Marrow Apparent Diffusion Coefficient Measurements from Whole-Body Magnetic
Resonance Imaging in Patients with Multiple Myeloma: A Retrospective Multicenter Study. Invest. Radiol. 2023, 58, 273-282.
[CrossRef] [PubMed]

Donners, R.; Blackledge, M.; Tunariu, N.; Messiou, C.; Merkle, E.M.; Koh, D.-M. Quantitative Whole-Body Diffusion-Weighted
MR Imaging. Magn. Reson. Imaging Clin. N. Am. 2018, 26, 479—495. [CrossRef]

Disclaimer/Publisher’s Note: The statements, opinions and data contained in all publications are solely those of the individual
author(s) and contributor(s) and not of MDPI and/or the editor(s). MDPI and/or the editor(s) disclaim responsibility for any injury to
people or property resulting from any ideas, methods, instructions or products referred to in the content.


https://doi.org/10.2214/AJR.11.8185
https://www.ncbi.nlm.nih.gov/pubmed/23255758
https://doi.org/10.1016/j.crad.2021.04.001
https://doi.org/10.1148/radiol.2021201740
https://doi.org/10.1148/radiol.11101919
https://doi.org/10.1016/j.compmedimag.2019.04.005
https://doi.org/10.1016/j.neuroimage.2013.07.060
https://doi.org/10.1002/mrm.26787
https://www.ncbi.nlm.nih.gov/pubmed/28639338
https://doi.org/10.1016/j.nicl.2021.102766
https://www.ncbi.nlm.nih.gov/pubmed/34352654
https://doi.org/10.3174/ajnr.A6020
https://www.ncbi.nlm.nih.gov/pubmed/30923086
https://doi.org/10.1016/j.neuroimage.2018.09.081
https://doi.org/10.1097/RLI.0000000000000932
https://www.ncbi.nlm.nih.gov/pubmed/36256790
https://doi.org/10.1016/j.mric.2018.06.002

	Introduction 
	Material and Methods 
	Patient Population and MRI Protocol 
	Spinal Canal Delineation 
	Dataset Description 
	Image Pre-Processing 
	U-Net Model Architecture and Hyper-Parameter Selection 
	Post-Processing 

	WBDWI Signal Normalisation 
	Evaluation Criteria 
	Spinal Canal Segmentation 
	Intensity Signal WBDWI Normalisation 


	Results 
	Spinal Canal Segmentation 
	Intensity Signal WBDWI Normalisation 

	Discussion and Conclusions 
	References

