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Abstract

Background: Accurate segmentation of pelvic bones is an initial step to achieve accurate detection and localisation
of pelvic bone metastases. This study presents a deep learning-based approach for automated segmentation of nor-
mal pelvic bony structures in multiparametric magnetic resonance imaging (mpMRI) using a 3D convolutional neural
network (CNN).

Methods: This retrospective study included 264 pelvic mpMRI data obtained between 2018 and 2019. The manual
annotations of pelvic bony structures (which included lumbar vertebra, sacrococcyx, ilium, acetabulum, femoral head,
femoral neck, ischium, and pubis) on diffusion-weighted imaging (DWI) and apparent diffusion coefficient (ADC)
images were used to create reference standards. A 3D U-Net CNN was employed for automatic pelvic bone segmen-
tation. Additionally, 60 mpMRI data from 2020 were included and used to evaluate the model externally.

Results: The CNN achieved a high Dice similarity coefficient (DSC) average in both testing (0.80 [DWI images] and
0.85 [ADC images]) and external (0.79 [DWI images] and 0.84 [ADC images]) validation sets. Pelvic bone volumes
measured with manual and CNN-predicted segmentations were highly correlated (R? value of 0.84-0.97) and in close
agreement (mean bias of 2.6-4.5 cm?). A SCORE system was designed to qualitatively evaluate the model for which
both testing and external validation sets achieved high scores in terms of both qualitative evaluation and concord-
ance between two readers (ICC=0.904; 95% confidence interval: 0.871-0.929).

Conclusions: A deep learning-based method can achieve automated pelvic bone segmentation on DWI and ADC
images with suitable quantitative and qualitative performance.

Keywords: Pelvic bones, Segmentation, Multiparametric magnetic resonance imaging, Convolutional neural
network, Deep learning

Keypoints + It lays a foundation for the detection of pelvic bony
metastases.
+ 3D U-Net exhibits good performance for segmenta-
tion of normal pelvic bones.
+ A SCORE system was designed for the qualitative = Background
evaluation of segmentation. Multiparametric magnetic resonance imaging (mpMRI)
has previously demonstrated high sensitivity and speci-
ficity in diagnosing pelvic bone metastases [1]. As a
well-recognised and widely used sequence in onco-
*Correspondence: wangxiaoying@bjmu.edu.cn logic imaging, diffusion-weighted imaging (DWI) has
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intensity) and quantitative (apparent diffusion coeffi-
cient [ADC] maps) information for lesion detection and
characterisation [2—4]. Adverse bone events, such as
pathological fracture and spinal cord compression, were
often led by bone metastases [5, 6]. Therefore, timely and
accurate detection of bone metastases on DWI and ADC
images is of great significance in guiding patient care and
assessing therapeutic benefits.

When radiologists interpret pelvic magnetic resonance
imaging (MRI) images, bone metastasis location should
first be determined, followed by size and ADC meas-
urement of the metastatic foci. Thus, the initial step to
achieve accurate bone metastases detection on DWT and
ADC images requires accurate skeleton segmentation
with their semantic labels. It is the first step in developing
an automated method for quantifying skeletal metastatic
tumour burden. Deep learning techniques lead the trans-
formation of manual segmentation into automated seg-
mentation [7-9]. For example, fully convolutional neural
networks (CNNs) such as the U-Net model proposed by
Ronneberger et al. [10] and the V-Net model proposed by
Milletari et al. [11] have significantly increased the poten-
tial of automated image analysis to an unprecedented
level.

Previously, several studies have reported CNNs for seg-
mentation of normal bone structures on CT images and
bone scans [12, 13], however, only a few studies of auto-
matic segmentation of normal bone structures on MR
images are available. Quantitative evaluation is a routine
method for segmentation models, while qualitative eval-
uation has a better correlation with clinical practice [14].
Quantitative and qualitative evaluations are complemen-
tary, and together evaluate the segmentation model more
completely [15]. The purpose of this study is to develop
a 3D U-Net model to automatically segment different
pelvic bony structures on DWI and ADC images—lum-
bar vertebra, sacrococcyx, ilium, acetabulum, femoral
head, femoral neck, ischium, and pubis, which represent
the most frequent sites of bone metastases for prostate
cancer [16], and test its feasibility quantitively and quali-
tatively. This research may provide essential localisa-
tion information for subsequent research on pelvic bone
metastases.

Materials and methods

This retrospective study was performed with permission
from the local Institutional Ethical Committee. The need
for written informed consent was waived.

Patients enrollment

For algorithm development, we retrospectively col-
lected 288 patients who performed pelvic mpMRI scans
for suspected prostate cancer at our institution between
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August 2018 and August 2019. The inclusion crite-
ria included the following: (1) no sign of obvious bone
structure abnormality, (2) DWI images with low (0 s/
mm?) and high (800 or 1000 s/mm?) b values and ADC
maps accordingly reconstructed, and (3) good image
quality without obvious artefacts. The exclusion crite-
ria included those with: (1) pelvic surgical history, and
(2) bone diseases that occurred within the pelvis such as
primary bone tumour and necrosis. In total, 264 patients
remained enrolled for this study, with patients excluded
for various reasons including poor image quality (n=7),
those with primary bone diseases such as degeneration,
hemangioma and sarcoma (n=13), and those with a pel-
vic surgical history (n=4). Retrospectively, a further 60
consecutive pelvic mpMRI data were collected between
January 2020 and March 2020 from our institution that
satisfied the above inclusion criteria in order to provide
external validation (5 patients were excluded due to poor
image quality) (Fig. 1). All mpMRI data were de-identi-
fied before inclusion.

mpMRI data

A consecutive cohort of pelvic mpMRI data from our
hospital was retrospectively collected to develop and
test the algorithm used in this study. Details of the imag-
ing parameters and techniques of the DW1I sequence are
summarised in Table 1. The ADC maps were calculated
from two b values (0, 800 or 1000 s/mm?) using the cor-
responding scanner software.

Algorithm development

The neural network model developed for the segmenta-
tion of pelvic bone structures on axial DWI and ADC
images is a 3D U-Net [17], which replaced all the 2D
operations of U-Net architecture with 3D counterparts
(Additional file 1). Considering the 3D nature of bones,
pelvic bone segmentation may be better performed using
3D U-Net, where 3D segmentation can utilise the inher-
ent dependency between the spatial location of multiple
slices [18] in contrast to 2D CNN which ignores 3D con-
tinuity of segmented bones between slices.

The developed CNN takes the combination of 264 DW1
images (=800 or 1000 s/mm? and 264 ADC images
acquired from three vendors as input, and each image
sequence was an independent input data. The CNN
model was developed with one input channel. The 264
patients were randomly divided into either the training
(n=208), validation (n=28) or testing (n=28) sets with
a ratio of 8:1:1. The independent dataset in the external
validation set (#=60) was used to evaluate further the
performance and generalizability of the 3D U-Net model.

The training set was used to fit the classifier weights,
and the validation set was used to tune the classifier
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288 patients who performed pelvic mpMRI scans for suspected prostate
cancer between 2018.08 —2019.08 and 65 patients from 2020.01 -
2020.03 were collected.

Excluded for following resons (2018.08 —2019.08 ):

1. Poor image quality (n = 7);

2. Patients with primary bone diseases such as degeneration
(n=13);

3. Patients with a pelvic surgical history (n =4)

Excluded for following resons (2020.02 —2019.08 ):

1. Poor image quality (n = 5);

| }

264 patients with eligible DWI 60 patients with

images and ADC maps from Zﬂglzl[e)([:) jnv; 1;*11 fariii
2018.08 —2019.08 >

2020.01 —2020.03

\4 A 4

Training set Validation set Testing set External set
(n=208) (n=28) (n=28) (n=60)
fit the tune the assess the
. . evaluate the model
weights of the architecture of performance of the externall
classifier the classifier specified classifier Y

Fig. 1 The workflow of patient enroliment and distribution

architecture. The testing set was used to assess the fully
specified classifier performance, and the external set was
used to externally evaluate the model using data collected
from various times (Fig. 1).

The original sizes of DWI images (acquired from three
vendors) were 24 x 180 x 156 (z, y, x); 25 x 256 x 256;
24 x 224-x 224. All the input images were unified and
resized to 64 x256x256 (z, y, x) before training in
order to maintain the optimal image features. All of the
images were normalised of pixel intensity to [0, 1]. The
CNN was coded by Python3.6, Pytorch 0.4.1, Opencv,
Numpy, SimplelTK, and trained on the GPU NVIDIA
Tesla P100 16G. A total of 300 epochs of training were
performed. The Adam Optimizer was employed to
minimise loss with a learning rate of 0.0001, a batch of
size 2, and a binary cross-entropy loss function. Other

hyperparameters tuning (such as weight initialisation and
dropout for regularisation) were randomly searched and
automatically executed in the validation set during U-Net
development.

Manual annotation

Under the supervision of a board-certified radiology
expert (with more than 15 years of reading experience),
a radiology resident with three years of reading experi-
ence evaluated all mpMRI examinations and, section by
section, manually labelled the pelvic bones (containing
bone marrow and cortex) on DWI images with high b
values. The labels were created with the following val-
ues: 1=lumbar vertebra, 2=sacrococcyx, 3=ilium,
4 =acetabulum, 5=femoral head, 6=femoral neck,
7 =ischium, and 8 =pubis. A connected domain (CD)
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Table 1 Imaging system and typical parameters
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MR Vendor

Algorithm Development” (N=264) External

Typical parameters (DWI sequence)

Training
set
(N=208)

Validation

(N=28)

Set
Testing  (N=60)
set

(N=28)

3.0T Discovery (Ge healthcare, Milwaukee, WI) N=157

3.0T Intera (Philips Medical Systems, Best, the Nether-
lands)

1.5T Avanto (Siemens Medical Solutions, Erlangen,
Germany)

N=20

N=20 N=41 B value: 0, 800 s/mm?
Imaging matrix:256 x 256;
Echo time: 60 ms;
Repetition time: 3000 ms;
Field of view: 360 mm;
Section thickness: 4 mm

Number of slices: 25

B value: 0, 1000 s/mm?;
Imaging matrix: 240 x 240;
Echo time:78 ms;
Repetition time: 4959 ms;
Field of view: 360 mm;
Section thickness:7 mm
Number of slices: 28

B value: 0, 800 s/mm?;
Imaging matrix: 156 x 180;
Echo time:54 ms;
Repetition time: 3300 ms;
Field of view: 360 mm;
Section thickness: 7 mm
Number of slices: 24

#The data in algorithm development were collected between August 2018 and August 2019

" The data in external set were collected between January 2020 and March 2020

Lumbar vertebra
Sacrococeyx
Ilium

Acetabulum

Femoral head
Femoral neck
Ischium

Pubis

Fig. 2 Reconstruction of manual segmentations of pelvic bones. A
multiclass label was created for the patients; 1 =lumbar vertebra,
2 =sacrococcyx, 3=ilium, 4 =acetabulum, 5 =femoral head,

6 ="femoral neck, 7 =ischium, 8 =pubis

is defined as the part of a label area with a continu-
ous structure in 3D space, and one label may contain
multiple CDs. As shown in Fig. 2, a lumbar vertebral
label is a single CD, while the ilium label contains two
CDs (one on the left, and one on the right). Therefore,
there are 14 CDs in the complete reconstructed pelvic
bone, including one lumbar vertebra, one sacrococcyx,
two ilia, two acetabula, two femoral head, two femoral
necks, two ischia and two pubes.

Since DWI and ADC images were co-registered by the
scanner (ADC maps were calculated from DWI images),
the manually segmented labels on DW1I images could be
matched to the ADC maps. The supervisor reviewed all
labels on ADC images that copied from DWI images and
made corrections wherever necessary. Images were man-
ually annotated with an image segmentation software
(ITK-SNAP 3.6; Penn Image Computing and Science
Laboratory, Philadelphia, Pa).

Quantitative evaluation

The Dice Similarity Coefficient (DSC) between CNN-
predicted and manual segmentation was computed to
evaluate the segmentation accuracy of DWI images and
ADC maps quantitatively. The DSC was defined as the
volume of overlap between the CNN-predicted and man-
ual segmentation, given by:

where P and M are the volume of voxels in the predicted
segmentation and manual annotation, respectively, and
PN M is the volume of voxels that are consistent between
the two methods. The DSC ranged between O and 1,
with higher values indicating a better segmentation
performance.
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The volume calculation also quantified the accuracy of
bone segmentation. The Bland—Altman method was used
to assess the volume difference between CNN-predicted
and manual segmentations.

Qualitative evaluation

A qualitative SCORE system established in this work
was used to evaluate the CNN-predicted results at the
CD level, which focuses on evaluating whether the pre-
dicted results meet the requirements for clinical appli-
cation. The evaluation criteria of DWI images and ADC
maps at the CD level are shown in Fig. 3. Given the dif-
ferent usage of DWI and ADC images in evaluating bone
metastases (i.e. DWI images for the qualitative diagno-
sis, ADC maps for quantitative measurement) [2, 3], the
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evaluation criteria are slightly different. For example, if
the location of the predicted CD overlaps the manually
annotated CD (i.e. Condition A), and the range of the
predicted CD is larger than the manual CD (A1), which
is clinically acceptable segmentation on DWI images for
which does not affect the detection and localisation of
lesions. While if the range of the predicted CD is smaller
than the manual CD (A2), that is clinically acceptable for
ADC images, eliminating the interference of other tissues
to ADC measurements.

The score of a single CD is between 0-10, where CDs
with the same label were used to calculate the average
label score, and the score at the patient level is the aver-
age value of all labels. A radiology expert (with more than
15 years of reading experience) assessed the predicted

AD

()

scores Condition A:

The location of predicted
CD overlaps manual CD

A
annotation

Manual
Manua

The range of predicted CD is
larger than manual label (A1)

DWI

The range of predicted CD is
smaller than manual CD (A2)

Condition A

The range of predicted CD
partially overlaps with manual
CD(A3)

The rest of predicted CD is Al

1
DSC _.1
—-[ 1-3 ]__’I The rest of predicted CD is A2 A2
annotation
—’{ The rest of predicted CD is A3
No. of the CD . ‘
—.l The rest of predicted CD is Al
> Condition B —
4-6 —’l The rest of predicted CD is A2
A3
—.l The rest of predicted CD is A3
The rest of predicted CD is Al Masnua]
27 A2/A3 anmotation
| Condition A H The predicted CD is A1/A2/A3

The rest of predicted CD is Al

0.6=DSC<0.75

The rest of predicted CD is A2

Condition B:
The location of predicted CD
does not overlap manual CD

Condition B H No. of the CD The rest of predicted CD is A3

]

The rest of predicted CD is

Al/A2/A3
The rest of predicted CD is Al ==y
— A2/A3
The rest of predicted CD is Manual
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i o The rest of predicted CD is
DSC <0.6 Condition B 1 4-6 '_.| ALA2/A3
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Fig. 3 The SCORE system and evaluation criteria on DWI images and ADC maps. According to the diagram of the SCORE system, the evaluation

of the predicted segmentations on DWIimages and ADC maps included three steps: firstly to calculate the DSC value of each label predicted

by the model, then to judge whether the location of the predicted CD of the label overlaps the manually segmented CD, and finally to calculate
the average scores of the labels according to the number of the predicted CDs that do not overlap with manual CD. Condition A means that the
location of the predicted CD overlaps manual CD, and the range of the predicted CD is larger than (A1) or less than (A2) the manual CD, or partially
overlaps with the manual CD (A3). CD connected domain, DSC dice similarity coefficient
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results according to the SCORE system. A resident (with
three years of reading experience) also qualitatively eval-
uated the segmentation performance of the model to
compare the consistency between readers.

Statistical analysis

One-way analysis of variance was performed to compare
age and prostate-specific antigen (PSA) level (total PSA
[T-PSA], free PSA [F-PSA], F/T-PSA) among four data
sets (the training set, validation set, testing set and exter-
nal validation set). A Kruskal-Wallis test was applied for
the comparisons of these metrics among different ven-
dors. Comparisons of DSCs between testing and external
validation sets were performed using the Student’s t-test.
One-way analysis of variance was applied to compare
DSC values among different vendors, and the least sig-
nificant difference (LSD) was used for post hoc multiple
comparisons. To compare manual versus CNN-predicted
bone volume, linear regression and Bland—Altman analy-
ses were performed on both testing and external valida-
tion sets. The Student’s ¢-test was also used to compare
the mean scores between DWI and ADC images. SCORE
results between two readers were assessed using the sin-
gle-measure intraclass correlation coefficient (ICC), with
ICC>0.75 considered an excellent concordance. A two-
sided p<0.05 was considered statistically significant.

Results
Patient demographics
The demographics of patients are presented in Table 2
and Additional file 2. There was no significant difference
in age and PSA level (T-PSA, F-PSA, F/T-PSA) among
the four data sets (Table 2, p >0.05) and the three vendors
(Additional file 2: Table S1, p>0.05).

The different field-of-views among different MR scan-
ners may result in an unequal number of labels and CDs
in each dataset, where some patients may lack the section

Table 2 Demographics of patients among different dataset
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of pubis or lumbar vertebra. The distribution of different
CDs among the datasets can be seen in Fig. 4, where it
shows that all CDs of the bones had roughly equal distri-
bution among the four datasets, confirming the network’s
results are not biased.

Segmentation accuracy of pelvic bones

DWI and ADC images were independently inputted
to train the model. Also, both the DWI and ADC were
predicted independently to get their segmentation. As
shown in Table 3, the model achieved good segmentation
accuracy of pelvic bones in both testing and external vali-
dation sets, attaining average DSC values of 0.80+0.05
and 0.79£0.06 on DWI images and 0.8540.04 and
0.84+0.04 on ADC images. The average DSC values
from ADC images were higher than those of DWT images
(testing set: Ipwy vs apc=—%4238, Ppyr vs apc<0.001;
external validation set: tnwy vs apc=—5490, Ppwr vs
Apc <0.001).

Additionally, the DSC values among different vendors
on external validation sets for DWI and ADC images
were compared. As shown in Table 4, the images from
vendor 1 (3.0 T Discovery) attained significantly higher
DSC averages than vendor 2 (1.5 T Intera) and vendor 3
(1.5 T Avanto) (DWI images: Fyq s v vs v3 = 22.405, Py i
vavs v3<0.001; ADC images: Fy; s vy vs va = 13.420, Py
vavs v3 < 0.001).

Figure 5 shows the predicted section examples of eight
bony structures (lumbar vertebra, sacrococcyx, ilium,
acetabulum, femoral head, femoral neck, ischium and
pubis) from DWI and ADC images in the external vali-
dation set (Fig. 5a, c) and the corresponding overlapping
images with manual segmentations (Fig. 5b, d).

Volume calculation of pelvic bones
The overall bone volume between CNN-predicted and
manual segmentation strongly correlated (DWI images

Characteristic Algorithm development? (N =264) External Set* (N=60) FValue P value
Training set Validation set Testing set

No. of patients 208 28 28 60 - -

Age (mean, years) (SD) 67.13(9.75) 67.03 (9.93) 67.21(9.35) 65.38 (13.07) 0458 0.712

PSA (median, ng/ml)
T-PSA (range) 10.34 (0.15, 156.00) 9.01(0.77,1283) 8.96 (0.82,27.99) 8.14 (1.38,50.00) 1.349 0.259
F-PSA (range) 1.32(0.09, 23.46) 1.08 (0.46, 9.05) 1.32(0.34,3.53) 1.43(0.33,13.20) 0.342 0.795
F/T-PSA (range) 0.13(0.02,0.36) 0.13 (0.05,0.26) 0.16 (0.05,0.24) 0.14 (0.05,0.65) 2.077 0.104

SD standard deviation, PSA prostate specific antigen, T-PSA total PSA, F-PSA free PSA

#The data in algorithm development were collected between August 2018 and August 2019

" The data in external validation were collected between January 2020 and March 2020
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100%
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trainging set

0%
validation set

® Jumbar vertebra M sacrococcyx ® ilium

roughly equal distribution in different data sets

testing set external validation

acetabulum ®femoral head ™ femoral neck MWischium ™ pubis

Fig. 4 The distribution of different connected domains. The distribution of the connected domains among four data sets shows that all bones had

Table 3 The DSC values of 3D U-Net in pelvic bones segmentation on DWI and ADC images

Pelvic bones DWIimages ADC images
Testing Set” (N=28) External Set" (N=60) tvalue p value Testing set (N=28) External set(N=60) tvalue p value

Lumbar vertebra  0.83 +0.06 0.81+0.10 1220 0226  0.87+0.05 0.83+0.07 2564 0012
Sacrococcyx 0.84+£0.04 0.84+0.07 1.193 0236 0.86+£0.04 0.85+0.05 0.667 0.507
llium 0.82+0.06 0.80£0.10 1275 0206  0.87+004 0.86+0.03 0549 0584
Acetabulum 0.77£0.07 0.77£0.08 -0.007 0.994 0.82+0.08 0.82+0.08 0.256 0.799
Femoral head 0.85+0.06 0.84+0.07 0841 0403 0894006 0.87£0.06 1437 0154
Femoral neck 0.84+0.06 0.82+0.08 1402 0.165 0.89+0.04 0.87+0.08 1660  0.101
Ischium 0.81+0.07 0.77+0.10 1819 0.072 0.85+0.07 0.84+0.06 0894 0374
Pubis 0.68+0.08 065+0.11 0922 0359 0774006 0.76+0.08 0694 0490
AverageS 0.80£0.05 0.79+£0.06 1452 0150 0.85+£0.04 0.84+0.04 1.788  0.077

Unless otherwise specified, data are mean DSC value + standard deviations. DSC: Dice similarity coefficient

#The data in training set were collected between August 2018 and August 2019
"The data in external set were collected between January 2020 and March 2020

$ Average indicates the mean value of all the pelvic bones

in testing set: R*=0.94, Fig. 6a; DWI images in external
validation set: R*=0.85, Fig. 6c; ADC images in testing
set: R*=0.97, Fig. 6e; ADC images in external validation
set: R*=0.94, Fig. 6g). When compared with the manual
method, the automated CNN method slightly overes-
timated bone volume on both DWI images (testing set:
mean bias=4.5 cm?® 95% limits of agreement [LoA]
were — 8.3 cm® and 17.3 cm?, Fig. 6b; external validation
set: mean bias=2.6 cm? 95% LoA were —20.6 cm® and
25.9 cm®, Fig. 6d) and ADC images (testing set: mean

bias=4.3 cm? 95% LoA were —4.0 cm® and 12.6 cm?,
Fig. 6f; external validation set: mean bias=4.2 cm?, 95%
LoA were —9.7 cm® and 18.1 cm?, Fig. 6h). The detailed
volume difference between CNN-predicted and manual

segmentations of pelvic bones is provided in Additional
file 3.

SCORE results of pelvic bones
To identify if the qualitative segmentation results of the
developed 3D U-Net model meet the requirement for



Liu et al. Insights Imaging (2021) 12:93 Page 8 of 13

Table 4 The DSC values of 3D U-Net in pelvic bones segmentation on external validation set grouped by vendors

Pelvic bones DWI images ADC images

Vi*(n=41) V2°(n=11) V3%(n=8) Fvalue pvalue V1*(n=41) V25(n=11) V3%(n=8) Fvalue pvalue

Lumbar vertebra  0.82+£0.10*  0.76+0.13 0.76+0.06 2307 0.109 0.854+0.07 0.80+0.06 0.80+0.08 2756 0073

Sacrococcyx 0.84+0.05* 081£005* 073£0.11 12582  0.000 0.87£0.04* 0.83+0.05 0.83£0.05 4111 0.021
llium 0.82+0.04* 0.78+0.03 0.714+£0.07 27470  0.000 0874003* 0874+003* 081+£003 15708 0.001
Acetabulum 0.80+0.06* 0.71£0.08 069+£0.08 13876  0.000 0.844007* 0824+007* 070£0.12 10273  0.001

Femoral head 0.86+0.06* 081+£006* 079+£0.10 4.053 0023 0.88+0.06* 088+007* 082£0.05 2703 0076
Femoral neck 0.84+006* 0.82+007* 0.74+£0.13 5828  0.005 0.87+0.08 0.88+£0.06 0.8440.03 0870 0425

Ischium 0.8040.10*  0.70£0.08 0.70£0.07 6.877  0.002 0.85+£0.06* 082+£0.04 0.7840.08 6.315  0.003
Pubis 0694009 061+0.14 060+0.11 6.212  0.004 0.77+£0.09* 0.78+£0.04* 067+£0.05 6.299  0.003
Average® 0.81+£0.04* 0.75£0.05 0.714+£007 22405  0.001 0.8540.04* 0834003 0.784+£0.04 13420  0.001

Unless otherwise specified, data are mean DSC value + standard deviations. DSC: Dice similarity coefficient
*#V1 indicates Vendor 1: 3.0 T Discovery; *V2 indicates Vendor 2: 1.5 T Intera; #V3 indicates Vendor 3: 1.5 T Avanto
" indicates a significantly high DSC value

Lumbar vertebra
Sacrococcyx
Ilium

Acetabulum

Femoral head

Femoral neck

Ischium

- Pubis

Fig.5 Examples of the comparison between CNN-predicted and manual segmentations. a Section examples of eight bones on DWIimage; b The
corresponding overlapping images between manual segmentation (white background) and CNN-predicted segmentation; ¢ Section examples

of eight bones on ADC image; d The corresponding overlapping images between manual segmentation (white background) and CNN-predicted
segmentation

clinical application, two readers scored every single CD  high scores and excellent concordance between the two
on DWI and ADC images on testing and external vali- readers (ICC=0.904, 95% confidence interval: 0.871—
dation sets (Fig. 7). A summary of the average scores at  0.929) confirmed the feasibility of using the CNN
the patient level is provided in Table 5. The relatively clinically.
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Fig. 6 Agreement of bone volume assessments between CNN-predicted and manual segmentations. a, ¢ Linear regression and (b, d) Bland—
Altman analysis of bone volume assessments from DWI images. e, g Linear regression and (f, h) Bland—Altman analysis of bone volume estimates

from ADC images
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DWTI score: 10
ADC score: 8

Fig. 7 SCORE results on DWIand ADC images. a The range of the CNN-predicted segmentations of sacrococcyx (yellow label) and ilium (deep
blue label) was slightly more extensive than the manual segmentations (white background), attaining DSC values of 0.92 and 0.88, respectively.
According to the SCORE system, 10 on the DWI image and 8 on the ADC image were obtained. b The range of the CNN-predicted segmentation
of lumbar vertebra (light blue label) was slightly smaller than manual segmentation (white background) with a DSC value of 0.82. According to the
SCORE system, 8 on the DWIimage and 10 on the ADC image were obtained

DWI score: 8
ADC score: 10

Table 5 The summary of patient scores on DWI and ADC images

Dataset Sequences Reader 1# Reader 2"
Mean scores tvalue p value Mean scores tvalue p value
Testing Set DWI 7.94+£1.04 —1.168 0.248 782+1.10 — 1.587 0.118
ADC 822+0.78 820+£0.83
External validation DWI 8.0340.71 — 1.684 0.095 8.1040.69 —1.291 0.199
ADC 826+0.77 823+£0.72

Unless otherwise specified, data are mean =+ standard deviations

# Reader 1 refers to a radiology expert with more than 15 years of reading experience

“ Reader 2 refers to a radiology resident with 3 years of reading experience

Discussion

In this study, a 3D U-Net model was trained to seg-
ment normal bony structures on pelvic DWI and ADC
images to provide localisation information for subse-
quent detection of pelvic bone metastases. This method
has been successfully used for segmentation of the lung
lobes on Computed Tomography (CT) scans—a task that
solves similar challenges related to the localisation of
lung tumours [18]. In this research, the 3D U-Net model
achieved good segmentation performance on pelvic
bones with high average DSC values on testing and exter-
nal validation sets. The quantitative volume comparison
between CNN-predicted and manual segmentations was
highly correlated and in close agreement.

Both quantitative and qualitative evaluations were done
to determine the value of the 3D U-Net model for clinical
applications. Generally, quantitative evaluation indica-
tors are horizontally comparable among different tech-
nical studies [19-21]. However, the specified qualitative
evaluation is more important when faced with different

clinical problems raised in clinical research, which yields
the difference between basic and clinical research in this
field. Taking the evaluation of this semantic segmentation
(multiple areas of pelvic bones) as an example, the quan-
titative evaluation indicators include DSC values and vol-
ume comparisons between CNN-predicted and manual
segmentations. However, considering the different usage
of DWI and ADC images on bone metastases evaluation,
identical quantitative results on DWI and ADC images
may result in different evaluation criteria and clinical
acceptability [2, 22, 23]. Besides, on ADC maps, the DSC
of lumbar vertebra in the testing set was significantly
larger than in the external set (¢=2.564, p=0.012), while
the difference has no clinical significance since the DSC
values were large enough (both with >0.80).

Undefined performance metrics adapted to clinical
requirements represent one of the barriers to the clinical
evaluation and adoption of fully automated segmenta-
tion methods [24]. At present, the majority of qualitative
evaluations of automated medical image segmentations
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are mainly based on visual observation [25-27], and
the lack of standardised criteria on visual observations
can introduce some degree of variability and inconsist-
ency between intra- and inter-readers. It is therefore
vital to ensure uniformity on the qualitative evaluation
standard. In this study, a SCORE system was formulated
to promote standardisation in the qualitative evalua-
tion of pelvic bone segmentation on DWI and ADC
images, potentially diminishing estimation variability and
increasing precision.

DWI was primarily used to detect bone metastases.
When the prediction range is slightly more extensive
than the manual segmentation (i.e., A1) on DWI, it is
still acceptable for lesion detection. The ADC map was
mainly used to measure ADC values. The ROI used for
the ADC value measurement should be contained within
bone structures. Therefore, the slightly smaller range of
CNN prediction than the manual segmentation (i.e., A2)
can meet the demand of ADC value measurement.

Notably, these results present a trend that the ADC
images outperformed the DWI images in terms of the
average DSC value in both the testing (Ppy; s apc < 0.001)
and external validation sets (Ppyy s apc<0.001), while
the SCORE results showed no significant difference
between DWI images and ADC images (p>0.05). We
believe this is due to greater variation in signal intensity
of DWI images than in ADC images among the differ-
ent MR units, resulting in a lower DSC value. However,
considering the clinical usage of DWI images for lesion
localisation, the lower DSC value due to overestimation
is not necessarily a flaw according to the SCORE system
thus allowing for bias. The segmentation performance on
DWI and ADC images acquired from vendor 1 was better
than vendors 2 and 3 (DWI images: Py, v vs ys v3<0.001;
ADC images: Py, s vy vs v3 < 0.001), which may be due to
more data from vendor 1 were acquired in the clinical
practice and collected during model development. These
results remind us that multiple and multi-vendor data
are necessary for segmentation algorithm development
instead of single-vendor algorithms that are not suitable
for real clinical applications.

Comprehensive clinical research based on deep learn-
ing is usually divided into multiple sequential steps, with
each step employing deep learning or traditional image
processing methods [28, 29]. Regarding the segmenta-
tion of kidney stones on CT images, the kidney is firstly
segmented by the deep learning method, after which
the high-density stone is identified using the traditional
threshold segmentation method [30]. The division of the
complex clinical tasks can not only improve the accept-
ability of the model but can also save training resources,
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which highlights the value of the clinicians participat-
ing in model training. This research focused on one of
the sequential tasks to detect pelvic bone metastases
using the deep learning method, aiming to achieve the
localisation of pelvic bones. An algorithm for detecting
bone metastases is to subsequently develop and, finally,
achieve automation of both detection and localisation of
pelvic bone metastases.

Substantial diversities across mpMRI images (differ-
ent patients and vendors) make automated segmentation
challenging for real clinical applications. In this study, a
3D U-Net model was supplied with MR data collected
from three independent vendors with various param-
eters. The performance demonstrated the high robust-
ness of the model to different technical parameters and
scanner types, which would greatly benefit patients who
undergo different scans in MRI examinations during rou-
tine clinical care. Moreover, to simulate clinical applica-
tion scenarios, independent and consecutive MR datasets
were collected from different periods as a source for
external validation and to evaluate the generalizability of
this CNN.

There are several limitations to this research. Like all
supervised learning techniques, this method relies heav-
ily on manual annotation which gives rise to user vari-
ability. No images with metastasis have been included in
the dataset, and this CNN was not tested on pelvic bone
structures containing metastatic lesions. Thus its per-
formance in the segmentation of such cases still needs
to be verified, and the generalisation of the model to the
presence of these lesions need further confirmation. The
SCORE system for qualitative evaluation of segmenta-
tion established by a radiology expert at our institution
may be subjective and limited, and may necessitate a con-
sensus from several experts from multiple institutions
for actual clinical research. Furthermore, the 3D U-Net
model was only trained and validated with retrospec-
tive data, while prospective evaluation still needs to be
conducted, particularly on benign bone abnormalities
and common imaging artifacts. Multicentre data may be
required before the algorithm can be deployed in a clini-
cal workflow.

Conclusions

In conclusion, the presented 3D U-Net CNN can achieve
automated and accurate segmentation of pelvic bones
without metastases on DWI and ADC images acquired
from different MR vendors. This work presents a prom-
ising step toward a highly desired automated mpMRI-
based imaging methodology to detect skeletal metastases.



Liu et al. Insights Imaging (2021) 12:93

Abbreviations

3D: Three-dimensional; ADC: Apparent diffusion coefficient; CD: Connected
domain; CT: Computed tomography; DSC: Dice similarity coefficient; DWI:
Diffusion-weighted imaging; F-PSA: Free prostate-specific antigen; ICC: Intra-
class correlation coefficient; LoA: Limits of agreement; mpMRI: Multiparametric
magnetic resonance imaging; PSA: Prostate-specific antigen; T-PSA: Total
prostate-specific antigen; WB-MRI: Whole-body MRI.

Supplementary Information

The online version contains supplementary material available at https://doi.
0rg/10.1186/513244-021-01044-z.

Additional file 1. The network architecture of 3D U-Net.
Additional file 2. The Demographics of patients among different vendors.

Additional file 3. The percent of volume difference between CNN-
predicted and manual segmentations of pelvic bones on DWI and ADC
images.

Authors’ contributions

All authors contributed to the study conception and design. XL, CH and YPC
performed the material preparation and data collection. XL manually edited
the annotations under the supervision of XYW. HW, JYW and XDZ performed
data interpretation and statistical analysis. The first draft of the manuscript was
written by XL and all authors read and approved the final manuscript.

Declarations

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

Received: 5 January 2021 Accepted: 21 June 2021
Published online: 07 July 2021

References

1. Robertson NL, Sala E, Benz M et al (2017) Combined whole body and
multiparametric prostate magnetic resonance imaging as a 1-step
approach to the simultaneous assessment of local recurrence and meta-
static disease after radical prostatectomy. J Urol 198:65-70

2. Padhani AR, Tunariu N (2018) Metastasis reporting and data system for
prostate cancer in practice. Magn Reson Imaging Clin N Am 26:527-542

3. Padhani AR, Lecouvet FE, Tunariu N et al (2017) METastasis reporting and
data system for prostate cancer: practical guidelines for acquisition, inter-
pretation, and reporting of whole-body magnetic resonance imaging-
based evaluations of multiorgan involvement in advanced prostate
cancer. Eur Urol 71:81-92

4. Gao G,Wang C, Zhang X et al (2017) Quantitative analysis of diffusion-
weighted magnetic resonance images: differentiation between prostate
cancer and normal tissue based on a computer-aided diagnosis system.
Sci China Life Sci 60:37-43

5. Perez-Lopez R, Lorente D, Blackledge MD et al (2016) Volume of bone
metastasis assessed with whole-body diffusion-weighted imaging is
associated with overall survival in metastatic castration-resistant prostate
cancer. Radiology 280:151-160

6. Tsuda, Yasunaga H, Horiguchi H, Fushimi K, Kawano H, Tanaka S (2016)
Complications and postoperative mortality rate after surgery for patho-
logical femur fracture related to bone metastasis: analysis of a nationwide
database. Ann Surg Oncol 23:801-810

7. Litjens G, Kooi T, Bejnordi BE et al (2017) A survey on deep learning in
medical image analysis. Med Image Anal 42:60-88

8.

20.

21

22.

23.

24.

25.

26.

27.

Page 12 of 13

Dreyer KJ, Geis JR (2017) When machines think: radiology’s next frontier.
Radiology 285:713-718

Ding J, Cao P, Chang HC, Gao Y, Chan SHS, Vardhanabhuti V (2020) Deep
learning-based thigh muscle segmentation for reproducible fat fraction
quantification using fat-water decomposition MRI. Insights Imaging
11:128

. Ronneberger O, Fischer P, Brox T (2015) U-Net: convolutional networks

for biomedical image segmentation. In: Medical image computing and
computer-assisted intervention—MICCAI 2015. Lecture notes in com-
puter science, pp 234-241

. Milletari F, Navab N, Ahmadi S-A (2016) V-Net: fully convolutional neural

networks for volumetric medical image segmentation. In: 2016 fourth
international conference on 3D vision (3DV), pp 565-571

. Lindgren Belal S, Sadik M, Kaboteh R et al (2019) Deep learning for seg-

mentation of 49 selected bones in CT scans: first step in automated PET/
CT-based 3D quantification of skeletal metastases. Eur J Radiol 113:89-95

. Ulmert D, Kaboteh R, Fox JJ et al (2012) A novel automated platform for

quantifying the extent of skeletal tumour involvement in prostate cancer
patients using the Bone Scan Index. Eur Urol 62:78-84

. Moeskops P, de Bresser J, Kuijf HJ et al (2018) Evaluation of a deep learn-

ing approach for the segmentation of brain tissues and white matter
hyperintensities of presumed vascular origin in MRI. Neuroimage Clin
17:251-262

. Kirisli HA, Schaap M, Klein S et al (2010) Evaluation of a multi-atlas based

method for segmentation of cardiac CTA data: a large-scale, multicenter,
and multivendor study. Med Phys 37:6279-6291

. Cooperberg MR, Broering JM, Carroll PR (2010) Time trends and local

variation in primary treatment of localized prostate cancer. J Clin Oncol
28:1117-1123

. Cicek O, Abdulkadir A, Lienkamp SS, Brox T, Ronneberger O (2016) 3D

U-Net: learning dense volumetric segmentation from sparse annota-
tion. In: International conference on medical image computing and
computer-assisted intervention. Springer, pp 424-432

. ZhuY,Wei R, Gao G et al (2019) Fully automatic segmentation on prostate

MR images based on cascaded fully convolution network. J Magn Reson
Imaging 49:1149-1156

. WanT, Shang X, Yang W, Chen J, Li D, Qin Z (2018) Automated coronary

artery tree segmentation in X-ray angiography using improved Hessian
based enhancement and statistical region merging. Comput Methods
Programs Biomed 157:179-190

Sedghi Gamechi Z, Bons LR, Giordano M et al (2019) Automated 3D
segmentation and diameter measurement of the thoracic aorta on non-
contrast enhanced CT. Eur Radiol 29:4613-4623

Grovik E, Yi D, Iv M, Tong E, Rubin D, Zaharchuk G (2020) Deep learning
enables automatic detection and segmentation of brain metastases on
multisequence MRI. J Magn Reson Imaging 51:175-182

Jacobs MA, Macura KJ, Zaheer A et al (2018) Multiparametric whole-body
MRI with diffusion-weighted imaging and ADC mapping for the identifi-
cation of visceral and osseous metastases from solid tumors. Acad Radiol
25:1405-1414

SunW, Li M, Gu Y, Sun Z, Qiu Z, Zhou Y (2020) Diagnostic value of whole-
body DWI with background body suppression plus calculation of appar-
ent diffusion coefficient at 3T versus (18)F-FDG PET/CT for detection of
bone metastases. AJR Am J Roentgenol 214:446-454

Vorontsov E, Cerny M, Régnier P et al (2019) Deep learning for automated
segmentation of liver lesions at CT in patients with colorectal cancer liver
metastases. Radiol Artif Intell 1:180014

Gaonkar B, Beckett J, Villaroman D et al (2019) Quantitative analysis

of neural foramina in the lumbar spine: an imaging informatics and
machine learning study. Radiol Artif Intell 1:180014

Aguilar C, Edholm K, Simmons A et al (2015) Automated CT-based
segmentation and quantification of total intracranial volume. Eur Radiol
25:3151-3160

LiuH, Cao H, Song E et al (2019) A cascaded dual-pathway residual net-
work for lung nodule segmentation in CT images. Phys Med 63:112-121


https://doi.org/10.1186/s13244-021-01044-z
https://doi.org/10.1186/s13244-021-01044-z

Liu et al. Insights Imaging (2021) 12:93

28.

29.

30.

Liu F, Zhou Z, Samsonov A et al (2018) Deep learning approach for
evaluating knee MR images: achieving high diagnostic performance for
cartilage lesion detection. Radiology 289:160-169

Christe A, Peters AA, Drakopoulos D et al (2019) Computer-aided diag-
nosis of pulmonary fibrosis using deep learning and CT images. Invest
Radiol 54:627-632

CuiY,Sun Z, Ma S et al (2020) Automatic detection and scoring of kidney
stones on noncontrast CT images using STON.E. nephrolithometry:

Page 13 of 13

combined deep learning and thresholding methods. Mol Imaging Biol.
https://doi.org/10.1007/511307-020-01554-0

Publisher’s Note

Springer Nature remains neutral with regard to jurisdictional claims in pub-
lished maps and institutional affiliations.

Submit your manuscript to a SpringerOpen®
journal and benefit from:

» Convenient online submission

» Rigorous peer review

» Open access: articles freely available online
» High visibility within the field

» Retaining the copyright to your article

Submit your next manuscript at » springeropen.com



https://doi.org/10.1007/s11307-020-01554-0

	Fully automated pelvic bone segmentation in multiparameteric MRI using a 3D convolutional neural network
	Abstract 
	Background: 
	Methods: 
	Results: 
	Conclusions: 

	Keypoints
	Background
	Materials and methods
	Patients enrollment
	mpMRI data
	Algorithm development
	Manual annotation
	Quantitative evaluation
	Qualitative evaluation
	Statistical analysis

	Results
	Patient demographics
	Segmentation accuracy of pelvic bones
	Volume calculation of pelvic bones
	SCORE results of pelvic bones

	Discussion
	Conclusions
	References


