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Rationale and Objectives: To establish an advanced automated bone marrow (BM) segmentation model on whole-body (WB-)MRI in
monoclonal plasma cell disorders (MPCD), and to demonstrate its robust performance on multicenter datasets with severe myeloma-
related pathologies.

Materials and Methods: The study cohort comprised multi-vendor, multi-protocol imaging data acquired with varying field strength
across 8 different centers. In total, 210 WB-MRIs of 207 MPCD patients were included. An nnU-Net algorithm was established for
segmenting the individual bone marrow spaces (BMS) of the spine, pelvis, humeri and femora (advanced segmentation model). For this
task, 186 T1-weighted (T1w) WB-MRIs from center 1 were used in the training set. Test sets included 12 T1w WB-MRIs from center 2 (1)
and 9 T1w WB-MRIs from centers 3-8 (Il). Example cases were included to showcase segmentation performance on T1w WB-MRIs with
extensive tumor load. The segmentation accuracy of the advanced segmentation model was compared to a prior established basic
segmentation model by calculating Dice scores and using the Wilcoxon signed-rank test.

Results: The mean Dice score on the individual BMS was 0.89 + 0.13 (testsetl)and 0.88 =+ 0.11 (test set ll), significantly higher than
the Dice scores of a prior basic model (p <0.05). Dice scores for the BMS of the individual bones ranged from 0.77 to 0.96 (test set ),
and 0.81 to 0.95 (test set Il). BM altered by myeloma-relevant pathologies, artifacts or low imaging quality was precisely segmented.

Conclusion: The advanced model performed reliable, automated segmentations, even on heterogeneously acquired multicenter WB-
MRIs with severe pathologies.
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Abbreviations: BM bone marrow, BMS bone marrow space, FL focal lesion, GMMG German-Speaking Myeloma Multicenter Group,
IMWG International Myeloma Working Group, MGUS monoclonal gammopathy of unknown significance, MM multiple myeloma, m-
protein monoclonal protein, MPCD monoclonal plasma cell disorder, PCI plasma cell infiltration, SFLCR serum free light chain ratio,
SMM smoldering multiple myeloma, WB whole-body

INTRODUCTION and tumor load (3,4) vary both among different patients and
atients with monoclonal plasma cell disorders within different tumor sites in the same patient. The assess-
(MPCD) exhibit considerable variability in clinical ment of progression risk in smoldering multiple myeloma

course and outcome (1). Genetic aberrations (1,2) (SMM) and staging of multiple myeloma (MM) both include
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plasma cell infiltration (PCI), monoclonal protein (m-pro-
tein), and cytogenetic aberrations (5—7). Whole-body MRI
(WB-MRUI) has proven valuable in assessing bone marrow
(BM) involvement in MPCD. The presence and number of
focal lesions (FLs) are particularly informative (8—11), while
the prognostic value of the different patterns of diffuse in-
filtration remains inconclusive (8—10,12,13). The current
diagnostic guideline of MM includes more than one FL as a
myeloma-defining criterion (14). Consequently, the Inter-
national Myeloma Working Group (IMWG) recommends
WB-MRI for diagnosis and monitoring in SMM as well as in
MM without osteolytic lesions in CT imaging (15). Recent
advancements suggest that assessing FLs beyond counting
them provides additional prognostic information. This in-
cludes evaluating their size (2,16), volume (13,17,18),
growth patterns (13), and radiological features (19,20).

The integration of automatic computational approaches,
such as deep learning, allows for the analysis of even analyze
large and complex imaging datasets with minimal to no time
constraint (21,22). Imaging features extracted from relevant
segmented structures can be incorporated in automated
models, predicting disease and patient characteristics (23). In
an approach to automize the underlying segmentation of the
regions of interest needed for subsequent machine-learning
analysis in patients with MPCD, several automated seg-
mentation models were presented for the bone and BM in
different sequences in MRI (24-32), including a prior work
of our group on whole-body BM segmentation on MRI
(33). Previous segmentation models on MRI face several
challenges that hinder their clinical application. These in-
clude the following: (1) limited model performance on ex-
ternal, multicenter imaging data, (2) segmentation
performance that is inferior to radiologists, (3) BM seg-
mented of a limited number of bones that is unrepresentative
of the overall tumor load, (4) segmented bones lacking in-
dividual labeling, or (5) models that lack robust segmentation
performance in datasets affected by severe pathologies.

In this study, we aimed to establish an advanced seg-
mentation model for BM from WB-MRIs with corre-
sponding MPCD diagnosis, which segments the BM of the
whole body with individual labeling of all bones. The model
was intended to perform robustly particularly in multicenter
data with severe pathologies, aiming for a performance
comparable to the interrater variability between radiologists.

MATERIALS AND METHODS

This retrospective study was conducted in accordance with
the Declaration of Helsinki and approved by the local in-
stitutional review board (S-537/2020) with waiver of in-
formed consent.

Study Cohort and Data Annotation

Imaging and clinical data were acquired at eight different
centers between 2015 and 2021 and subsequently processed

within the study between 2021 and 2024. Data were split by
center into training (center 1) and test sets (centers 2—8)
based on the respective data available.

The training set consisted of three different datasets.
Dataset 1 consecutively included SMM patients from the
Transregio-79B8  study  (ClinicalTrials.gov  identifier:
NCT01374412) (34) with WB-MRIs performed at center 1
between 2014 and 2019. Dataset 1 was defined in a previous
study with exclusion criteria being the usage of an older
MRI scanner at center 1, secondary malignancy, or the di-
agnosis of MGUS or MM at the time or the MRI scan (33).
In dataset 2, patients with newly diagnosed MM enrolled in
the  German-speaking ~ Myeloma-Multicenter ~ Group
(GMMG) HD?7 study (EudraCT identifier: 2017-004768-
37) and baseline WB-MRI consecutively performed at
center 1 between 2018 and 2020 were included (35). For this
previously defined dataset, unavailability of the composed
WB-MRI or the presence of a pelvic implant were applied as
exclusion criteria (25). Dataset 3 included by consecutive
selection the WB-MRUIs of patients with MPCD acquired
between 2015 and 2020 at center 1. This previously estab-
lished dataset was defined by the following exclusion criteria:
(1) scan performed at a PET-MRI scanner, (2) scan per-
formed after start of MM systemic therapy, (3) exam per-
formed at a 3 Tesla MRI scanner, or (4) inclusion in one of
the two aforementioned datasets (25).

The model was tested on two previously defined external,
independent test sets. Test set 1 included consecutively se-
lected patients with SMM and WB-MRI performed at
center 2 between February 2021 and March 2021. Exclusion
criteria were systemic treatment started before MRI scan or
the diagnosis of MGUS, MM or solitary plasmacytoma at the
time of the MRI scan. Test set 2 included a consecutive
selection of patients with newly diagnosed MM enrolled in
the GMMG HD?7 study and baseline WB-MRI performed
between 2018 and 2020. Exclusion criteria were (1) imaging
performed at center 1 or 2, (2) unavailable coronal MRI
scan, (3) unavailable composed coronal WB-MRI scan, (4)
missing information in the DICOM header, or (5) imaging
data not transferred to center 1. For this dataset, the two
WB-MRI scans from each imaging center with available data
were selected based on the lowest visually assessed tumor
load and minimal imaging artifacts (33).

Three WB-MRIs performed at center 2 between 2015
and 2021 were included by convenience selection as example
cases. Due to the moderate number and size of focal lesions
in the test sets, these cases served as additional examples to
showcase BM segmentation performance on WB-MRIs
with the utmost visual tumor load in WB-MRI. Inclusion
criteria were (1) presence of the most severe myeloma-re-
lated pathologic changes in the BM in the WB-MRI, and (2)
an available composed T1w WB-MRI. Exclusion criteria
were (1) inclusion in the training or test sets, or (2) prior
myeloma therapy.

Clinical data collected within 90 days of WB-MRI exams
were obtained and included age, sex, body-mass-index
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TABLE 1. List of Scanners with Respective MRI Sequence Parameters Used for the Data Sets

Center (Dataset) Scanner (s) (Field

Coronal T1-Weighted Turbo Spin Echo

Strength) In-Plane Resolution

Slice Thickness,
Distance Factor

Repetition Time, Echo Time

Center 1, Dataset 1
Siemens Magnetom Aera (1.5 T)
Siemens Magnetom
Symphony (1.5 T)
Center 1, Dataset 2
Siemens Magnetom Aera (1.5 T)
Center 1, Dataset 3

0.6 mm x 0.6 mm
1.3 mm x 1.3 mm

1.3 mm x 1.3 mm

Siemens Magnetom Aera (1.5 T) 0.6 mm x 0.6 mm or
1.3 mm x 1.3 mm
Center 2
Siemens Magnetom Avanto®™ (1.5 T) 0.7 mm x 0.7 mm to
Siemens Magnetom Avanto (1.5 T) 1.3 mm x 1.3 mm
Center 3
GE Optima MR450w (1.5 T) 0.9 mm x 0.9 mm
Center 4
Siemens Magnetom Aera 0.9 mm x 0.9 mm
Center 5
Philips Ingenia (1.5 T) 1.0 mm x 1.0 mm
Center 6
Siemens Magnetom Avanto™ (1.5 T) 1.3 mm x 1.3 mm
Siemens Prismaf™ (3.0 T) 1.3 mm x 1.3 mm
Center 7
Philips Ingenia (1.5 T) 1.0 mm x 1.0 mm
Center 8

Siemens Magnetom Area (1,5 T) 1.2mm x 1.2 mm

5 mm, 10% 550 ms/9.5 ms
5 mm, 20% 739 ms/12 ms
5 mm, 10% 528 ms/8.4 ms
5 mm, 10% 528 ms-876 ms/

8.4 ms-9.5 ms

5 mm, 10-20% 438 ms—-627 ms /

6 ms-11 ms

8 mm, 0% 429 ms/9.0 ms
5 mm, 25% 650 ms/8.7 ms
6 mm, 10% 351 ms/17.5 ms
6 mm, 0% 439 ms/11 ms
6 mm, 0% 439 ms/11 ms
6 mm, 17% 412 ms/4.0 ms
5 mm, 10% 720 ms/8.2 ms

T, Tesla

(BMI), disease stage, serum free light chain ratio (SFLCR),
m-protein, and PCI.

Imaging

In this study, non-contrast coronal T1w turbo spin echo (tse)
images of WB-MRI scans were used. Datasets with WB-
MRUI of patients with MPCD were acquired at center 1 to 8
using seven different MRI scanner models from three dif-
ferent vendors with diverse sequence parameters. Details on
the MRI acquisition parameters used at each center are
presented in the Table 1.

For establishing the advanced version of the automated
segmentation model, the bone marrow spaces (BMS) con-
taining the BM of the humeri, femora, pelvis, sacrum, lumbar
vertebrae (L1-L5), thoracic vertebrae (T1-T12) and cervical
vertebrae (C2—C7) were manually delineated in each image of
the composed T1w WB-MRIs and individually labeled using
the Medical Imaging Interaction Toolkit (MITK) (36). Da-
taset 1 comprised WB-MRIs with manual segmentation of 30
BMS:s that had been previously segmented in a separate study.
The basic segmentation algorithm established in this preceding
study was employed to automatically segment the BMS in the
WB-MRIs of datasets 2 and 3 (33). The automated BM
segmentation for datasets 2 and 3 was manually refined
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through manual correction by a medical doctor with four
years of experience in image segmentation as well as imaging
of the BM in MM (E.B.). BMS in test set 1 and 2 were
manually segmented in a prior study (33).

Algorithmic Architecture

The advanced automated segmentation model was trained
on T1w WB-MRIs with 30 individually labeled BMSs using
the 3D nnU-Net segmentation framework (37). Within the
preprocessing of the nnU-Net framework, WB-MRUIs of the
training set were resampled to the median spacing of 5.5 mm
(z-axis), 0.5859375 mm (y-axis), and 0.5859375 mm (x-
axis). Test imaging data was resampled accordingly.

In addition to the 3D nnU-Net segmentation framework,
two consecutive automated postprocessing steps were im-
plemented. The right and left femora, humeri, and pelvic
bones were automatically relabeled to ensure correct assign-
ment to the respective sides (step 1) (33). This step was es-
tablished to reduce mislabeling of symmetrical BMS. This
relabeling process was based on the relative position of the
sacral bone centroid and the centroids of the segmented bones.
Specifically, the algorithm automatically verified whether the
position (left/right of the sacral bone) matched the assigned
label. If the ratio of the volumes of the right and left pelvic
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BMS was 0.75 or less, an additional automatic postprocessing
step was initiated, as this condition indicates that parts of one
bone may have been incorrectly labeled as belonging to the
opposite side (step 2). In this step, labels were automatically
reassigned based on a sagittal plane defined by the geometrical
center of the sacral BMS. Model training was performed using
PyTorch, version 1.12, in Python, version 3.10. To assess
real-world clinical applicability, the model was evaluated on a
NVIDIA GeForce RTX 4070 Ti.

Comparison with Basic Segmentation Model

The advanced model was compared to a previously established
basic model for segmentation accuracy. In comparison to the
basic model, the training dataset for the advanced model was
more than three times the size of the earlier training set.
Furthermore, the advanced model was trained on a high pro-
portion of WB-MRUIs from patients with MM, with the ob-
jective of including a substantial number of cases with severe
pathologies in the training dataset. The training set of the basic
model included manual segmentations of 30 BMS from 50
WB-MRIs of patients diagnosed with SMM (33). Therefore,
the training data of the basic model only included WB-MRIs
with lower tumor burden, as defined by the IMWG criteria for
diagnosing SMM (14). Training data of the advanced seg-
mentation model also included the training data of the basic
model (dataset 1). Comparability between the advanced and
basic models was ensured by using the identical test sets, as well
as an interrater reference established in the prior study, based on
segmentations of three WB-MRIs by two radiologists (33).

Statistical Analysis

The accuracy of the automated segmentations in the test sets
was evaluated by calculating the Dice score for every

TABLE 2. Patient and Disease Characteristics

individual BMS. Additionally, the mean Dice score of the
individual BMS was calculated. The Dice scores of the basic
and advanced segmentation model were compared using the
Wilcoxon signed-rank test. P-values < 0.05 were considered
statistically significant. All statistical metrics were generated
using scikit-learn and SciPy packages in Python, version 3.10.

RESULTS
Descriptive Statistics

Patient and disease characteristics of the training and test sets
of the advanced segmentation model are provided in
Table 2. Figure 1 provides an overview on the datasets uti-
lized for the training and testing of the advanced segmen-
tation model. The advanced automated segmentation model
was trained and tested using 186 WB-MRIs from 182 pa-
tients (106 of whom had corresponding MM diagnoses)
acquired at centers 1 and 21 WB-MRIs from 21 patients
with (SYMM acquired at centers 2—8. Three example cases
were included to showcase the efficacy of the segmentation
models in the context of extensively myeloma-altered BM.
The advanced model mostly included WB-MRIs from pa-
tients diagnosed with MM (106/186 patients), followed by
SMM (75/186 patients), whereas the basic model only in-
cluded WB-MRIs with corresponding SMM diagnosis (50/
50 patients) (Supplementary Table 1).

Performance of the Advanced Automated Whole-Body
Bone Marrow Segmentation Model

For the fully automated segmentation of the individual
BMSs, interference time for each WB-MRI was 18 min.
Table 3 presents the mean Dice score for each BMS, as well

Training Set Test Set 1 Test Set 2 Exemplary Cases
WB-MRlIs 186 12 9 3
Center Center 1 Center 2 Center 3 - 8 Center 2
Patient Characteristics
Age in Years 62; 54-67 55; 49-61 54; 50-60 55; 47-62
Male sex 114; 61% 9; 75% 7; 78% 2; 67%
BMI in kg/m? (n missing values) 27; 25-27 28; 25-32 28; 25-33 (5) 31; 29-39
Disease Characteristics
MGUS 5 0 0 0
SMM 75 12 0 0
MM 106 0 9 3
SFLCR (n missing values) 22; 5-133 (13) 6; 2-17 36; 10-323 19; 14-109
M-Protein in g/l (n missing values) 21; 11-36 (30) 15; 11-22 (5) 35; 24-44 (5) 34; 24-61
PCl in % (n missing values) 20; 12-39 (43) 10; 9-14 (6) 28; 11-50 (1) 19; 12-38

Data presented as median with interquartile range for continuous variables and n (%) for categorical variables. Data corresponding to each
WB-MRI utilized in this study is given for the training and test sets of the advanced automated segmentation model. The test sets of the
advanced segmentation model were defined in an earlier study and used to compare the results with the earlier ver-
sion (33). MGUS, monoclonal gammopathy of unknown significance; MM, multiple myeloma; m-protein, monoclonal protein; PCI, plasma cell
infiltration; SFLCR, serum free light chain ratio; SMM, smoldering multiple myeloma; WB-MRI, whole-body MRI
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Dataset 1
WB-MRIs of patients with
SMM acquired within
Transregio79B8 imaging
study at Center 1
(NCT01374412) between
14.8.2014 and
20.12.2018 (n=67)

Consecutive WB-
MRIs of patients
with SMM acquired
at center 2
between 1.2.2021
and 31.3.2021
(n=12)

Baseline WB-MRIs
of patients with
newly diagnosed

MM acquired
within GMMG-HD-7
study at centers 3-
8 (EudraCT: 2017-

Dataset 2
Consecutive WB-MRIs of
patients with MM
acquired within GMMG-
HD7 study at center 1
(EudraCT 2017-004768-
37) between 23.8.2018
and 10.9.2020 (n=54)

Dataset 3
Consecutive WB-MRIs
from patients with MPCD
acquired at center 1
between 1.1.2015 and
10.7.2020 (n=65)

A 4

A

004768-37)
between
24.11.2018 and
29.09.2020 (n=9)

A 4

Consecutive WB-
MRIs of patients
with MPCD
acquired at center
2 between
01.01.2015 and
09.04.2021
(n=107),
Convenience
selection of the 3
wb-MRIs with the
most extensive
radiological tumor
load as exemplary
cases to showcase
performance of
segmentation
model

A 4

Training Set
186 WB-MRIs of 182
patients with MPCD
acquired at center 1

External Test
Setl
12 WB-MRIs of 12
patients with SMM
acquired at center
2

External Test
Set 2
9 WB-MRIs of 9
patients with MM
acquired at
centers 3-8

Exemplary Cases
3 WB-MRIs of 3
patients with MM
and high
radiological tumor
load acquired at
center 2

Figure 1. Overview of the datasets used for training and testing of the segmentation model. Datasets were used as defined in two prior
studies (25,33). GMMG, German-speaking Myeloma-Multicenter Group; MM, multiple myeloma; SMM, smoldering multiple mye-

loma; WB, whole-body.

as the overall mean Dice score of all individual BMSs. In test
set 2, the mean segmentation performance (Dice score of
0.88) was nearly equivalent to that observed in test set 1
(Dice score of 0.89). Test set 1 contained a smaller number of
pathologies that were less severe compared to those observed
in test set 2, which was characterized by a higher tumor load,
more diverse acquisition parameters and the presence of
implants that affected image quality.

Comparison of the Advanced Segmentation Model to a
Prior Established Basic Model and Interrater Reference

Figure 2 depicts delta Dice scores, which are used to evaluate
the segmentation accuracy of the established model in
comparison to a prior basic model and an interrater re-
ference. In both test sets, the mean performance of the
advanced segmentation model across all individual BMS
(test set 1: Dice score 0.89 £ 0.13, test-set 2: dice score

2828

0.88 £ 0.11) was found to be equivalent to the interrater-
variability (dice score 0.88 =+ 0.01) previously established
by two radiologists (33). In test set 1, the improvement
observed in the advanced model's performance in compar-
ison to the basic model was relatively minor (0.89 + 0.13
vs. 0.87 * 0.06; p = 0.021). This was likely due to the
fact that test set 1 only included WB-MRIs of SMM patients
with good image quality, which is similar to the training set
of the basic model (33). However, in test set 2, which in-
cluded multicentric imaging data with variable quality and
severe pathologies, the mean Dice score for the BMSs seg-
mented by the advanced model exhibited a marked im-
provement compared to the basic model (0.88 * 0.11 vs.
0.83 + 0.11; p = 0.039). The advanced segmentation
model demonstrated inferior performance to the interrater
reference standard for some individual thoracic BMSs.
Problems of mislabeling of individual thoracic vertebrae
appeared less frequent for the advanced model compared to
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TABLE 3. Segmentation Performance

Bone Marrow Space Test Set 1 Test Set 2
Mean of All Individual Bones

0.89+0.13 0.88+0.11
Individual Bones
C2 0.87 = 0.06 0.86 = 0.09
C3 0.84+0.09 0.86 = 0.06
C4 0.85+0.06 0.86 = 0.06
C5 0.86 = 0.05 0.82+0.08
C6 0.82+0.10 0.85+0.04
C7 0.85+0.06 0.83+0.08
T 0.87 £0.03 0.81+0.12
T2 0.88+0.03 0.88+0.03
T3 0.87 = 0.06 0.86 = 0.04
T4 0.83+0.19 0.88+0.05
T5 0.78+0.29 0.88+0.09
T6 0.77+0.34 0.88+0.10
T7 0.85+0.26 0.84+0.19
T8 0.86 +0.26 0.84+0.15
T9 0.90+0.10 0.81+0.29
T10 0.94 +0.02 0.83+0.29
T11 0.94 +0.02 0.91 +0.04
T12 0.93+0.01 0.92+0.02
L1 0.93+0.02 0.90 +0.04
L2 0.93+0.02 0.91 +0.05
L3 0.94 +0.02 0.90 = 0.06
L4 0.93+0.02 0.90 = 0.07
L5 0.93+0.02 0.87 =£0.08
Sacral Bone 0.88+0.03 0.84 £0.04
Right Pelvis 0.92+0.01 0.91 +0.01
Left Pelvis 0.92 +0.02 0.90 £0.02
Right Femur 0.95+0.01 0.95+0.02
Left Femur 0.96 +0.01 0.95+0.01
Right Humerus 0.94+0.03 0.90+0.07
Left Humerus 0.94 +£0.02 0.92+0.03

Dice score and standard deviation are given for the established
advanced segmentation model of this study on predefined external,
independent test sets (33). C, cervical vertebra; T, thoracic ver-
tebra; L, lumbar vertebra

the basic model. However, mislabeled vertebrae were still
observed in a small number of cases. Figure 3 illustrates
segmentations of both models for a representative WB-MRI
with high tumor load and artifacts, providing a realistic ex-
ample for assessing the segmentation performance. A com-
parison of the segmentations performed by the two models
revealed that the advanced model achieved a mean Dice
score of 0.88 for the individual BMSs of the WB-MRUI, as
reported for test set 2 in total. The basic model (mean Dice
of the individual BMS: 0.75) demonstrated a markedly in-
ferior segmentation performance, with a Dice score below
0.9 achieved for 20 out of 30 BMS segmentations (advanced
model: 12 out of 30). In eight cases out of 30 BMS seg-
mentations, the calculated Dice scores were below 0.8 (ad-
vanced model: 2/30). For the advanced model, the low Dice
scores for cervical vertebra 7 and thoracic vertebra 1 were
due to partial mislabeling, with each being incorrectly

assigned as the other by the advanced automated segmenta-
tion model.

To examine the model's performance in the context of
BM altered by severe pathologies in WB-MRI, three ex-
emplary cases with an exceptionally high tumor load were
additionally segmented by both the basic and advanced
models. A comprehensive visual analysis revealed that the
advanced model successfully segmented BM with large FLs,
ensuring that these areas are fully included in the segmen-
tation without being left out, whereas the basic model ex-
hibited limitations. Figure 4 illustrates representative MR
images alongside the automated segmentations performed by
the advanced model for the three example cases.

DISCUSSION

In this study, we established an advanced automated seg-
mentation model for BM in T1w WB-MRIs, demonstrating
robust performance even in the presence of pathological
alterations to the BM, as well as varying imaging quality and
acquisition parameters. The segmentation performance on a
multicenter, independent test set was comparable to that of a
radiologist’s interrater reference, representing a significant
improvement over a prior automated segmentation model
presented by our group (33). Upon visual examination of
example cases, it was observed that the advanced segmen-
tation model appeared to have a greater capacity to en-
compass myeloma-altered BM than an earlier established
model.

Despite advances in machine-learning-assisted image
analysis, existing models utilizing different underlying algo-
rithm concepts have only presented precise segmentation
performance for individual BMSs or bones on MRI
(24,25,29,30,31). By focusing only on a small group of
bones, further overall application of the segmentation model
is limited. For WB-MRUI application, Arabi et al. presented
an atlas-based bone segmentation model on Dixon MRI for
attenuation correction in PET/MRUI, achieving the best re-
sult with a Dice coefficient of 0.76 (28). Ceranka et al. de-
veloped a multi-atlas bone segmentation model on 10 T1w
WB-MRIs of five healthy volunteers and five prostate cancer
patients with bone metastases, evaluating different label-
fusing strategies. The mean Dice score for the binary classi-
fication of bone versus background was 0.89 in a leave-one-
out cross-validation setting (32). Candito et al. recently
presented a multistep, atlas-based registration model for bone
segmentation in diffusion-weighted WB-MRI, achieving
mean Dice scores of 0.77 to 0.68 for different spinal regions,
0.65 for long bones, and 0.70 for the pelvis (20). In the
respective study, bones were not individually labeled, and
intervertebral discs were not excluded from the spinal seg-
mentations (26). In comparison to atlas-based and classifi-
Lavdas et al
convolutional neural network trained on manually annotated

cation forest-based models, found a

T2w WB-MRI to achieve superior performance in terms of
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Figure 2. Delta Dice Scores of the established advanced segmentation model compared to the basic model and interrater reference. The
difference in the respective mean Dice scores are presented for the advanced segmentation model compared to the basic segmentation
model (blue color) or compared to the interrater reference (orange color) for the bone marrow spaces (33). Positive delta Dice scores resulted
from a higher Dice Score of the advanced model for the respective bone marrow space in a test set compared to the Dice scores of the basic
model or an interrater reference. Delta Dice scores are displayed for test set 1 (a) and 2 (b) individually. C, cervical vertebra; T, thoracic

vertebra; L, lumbar vertebra.
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Figure 3. Exemplary visual comparison of both segmentation model versions. On the left, an exemplary non-contrast T1- weighted WB-
MRI scan of external test set 2 is shown with lower imaging quality due to motion and composing artifacts, particularly in the cervical MRI
section, presenting challenging conditions for segmentation. The 69-year-old male subject was newly diagnosed with multiple myeloma
International Staging System (ISS) Il at the time of the MRI scan. In the center, the automated segmentations performed by both the basic
and advanced model are displayed in 3D in turquois and red, respectively. For reasons of clarity and comprehensibility, individual seg-
mentations of each version are displayed in a single color. A merged 3D model illustrates the overlap in segmented voxels of both model
versions. Despite lower imaging quality, both model versions segmented most of the bone marrow accurately. On the right, Dice scores for
the automated segmentations of both the basic and advanced (ADV) model are given. Dice scores < 0.8 and < 0.9 are highlighted in red and
orange color. Compared to the extensive mislabeling of segmented cervical BMS by the basic model, the advanced model segmented every
individual vertebra and performed correct labeling. In the automated segmentation by the basic model, cervical and thoracic vertebrae have
been partly mislabeled, leading to a very low Dice score. BMS, bone marrow space; C, cervical vertebra; T, thoracic vertebra; T1w, T1-

weighted; L, lumbar vertebra; WB, whole-body.

pooled Dice score across various segmented structures. In
their convolutional neural network model, the automatic
segmentation of the spine and pelvic bones, including fe-
murs, resulted in a Dice score of 0.87 and 0.81, respectively.
These scores were based on fivefold cross-validation ex-
periments that included 34 artifact-free MRI datasets (27).
While all these models undoubtedly represent substantial
contributions to this research field, these prior models were
established on relatively small datasets and tested using cross-
validation only. As a result, there was a lack of external test
sets for a model evaluation regarding a potential real-world
clinical application. Additionally, the models did not provide
individual labeling of each bone, and the reported perfor-
mance of most of the models was inferior to the interrater
variability between radiologists. In a previous work, our
group presented a basic automated segmentation model for
30 BMS on T1w WB-MRI based on the nnU-Net archi-
tecture (37). This model was trained on a relatively limited
training set of 50 WB-MRUIs from patients with SMM (33),
which are defined as patients with low tumor load and few

pathologies in the BM. Although the basic model demon-
strated satisfactory performance in an external test set com-
prising cases with high imaging quality and low tumor load,
comparable to a radiologist (test set 1), it exhibited a notable
decline in segmentation accuracy on a multicenter test set 2,
which included WB-MRIs of MM patients with high tumor
load and heterogeneous imaging quality (33). As demon-
strated in this preceding study, a very good performance in
relatively straightforward cases does not necessarily guarantee
that a model will also perform well in real-world application,
where cases with high tumor load or discrepancies in tech-
nical imaging parameters are encountered. Consequently, it
is imperative to exercise caution when interpreting high
performance metrics reported in other studies, particularly if
it is unclear whether the model has been tested in cases with
high tumor load and heterogeneous, multicenter imaging
data, or whether the high metrics result from testing in cases
with mainly physiological findings. In our present study, the
advanced segmentation model demonstrated a markedly
improved performance when trained on a larger quantity of
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Figure 4. Differences in the automated bone marrow segmentations altered by focal lesions performed by both model versions. For the
exemplary case 1 (a,b,c), case 2 (d,e,f), and case 3 (g,h,i) with radiologically assessed high tumor load and multiple myeloma diagnosis,
bone marrow spaces containing prominent focal lesions were segmented incompletely by the basic model (33). The advanced segmentation
model segmented the focal lesions in full. T1w, T1-weighted; WB, whole-body.

data, particularly cases with severe pathologies. This resulted
in a significant enhancement in its performance on both
external, independent test sets. Notably, the segmentation
performance on the multicenter test set 2 was quite com-
parable to the interrater reference with a mean Dice score of
0.88, as previously established. This level of performance was
not achieved by the earlier basic model (mean Dice score of
0.83) of our group (33). Additionally, the segmentation
model presented herein demonstrated a reduction in outliers,
contributing to more reliable automated segmentation.
Further studies are required to ascertain whether the model is
capable of accurately segmenting all relevant pathologic BM
in other diseases where WB-MRI is a valuable tool for
disease evaluation, such as in prostate and breast cancer with
metastatic bone disease (38—40). Further applications of the
segmentation model could include automated assessment of
vertebral fractures, and automated tracking of disease
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trajectory. The presented segmentation model could also be
a crucial first step in a two-step approach for FL detection or
segmentation, whereby the search volume for FLs is pre-
defined.

On MRUI, histogram parameters of the BM have been re-
ported to serve as potential predictors for high-risk patients
(41), defined by the revised international staging system (7),
and high-risk cytogenetic aberrations (42) in MM. Studies on
radiomics in (S)MM have demonstrated that BM contains
predictive information on several clinical aspects, including
PCI (25), high-risk cytogenetic status (43,44), treatment as-
sessment (45-47), and survival (48). Within these studies,
radiomics models were established based on a limited number
of selected BMS, which were segmented from MRIs with
corresponding MPCD diagnoses. Consequently, these models
were unable to leverage the information from the entire BM
for their predictions, instead including information from a
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very limited and potentially non-representative sample.
Conversely, our automated advanced segmentation model
precisely encompasses most of the myeloma-relevant BM,
thereby highlighting its capacity to capture the heterogeneous
distribution of tumor load in MM (3,4). Future radiomics
models may incorporate whole-body BM in a fully automated
concept, paving the way for more comprehensive radiomics
models. Additionally, the automated and precise segmentation
of whole-body BM could allow to compute whole-body
novel myeloma imaging markers.

This study has several limitations, including its retro-
spective design. Despite achieving state-of-the-art segmen-
tation results for 30 BMS in T1w MRI, the current model
does not yet encompass BM segmentation of the lower legs,
skull, shoulder girdle, or rib cage. The automated segmen-
tations of individual thoracic BMSs did not consistently align
with the interrater reference. The anatomical proximity and
similar shape of the thoracic BMS and their corresponding
thoracic bones may contribute to this challenge. However,
the mean Dice score of the individual BMSs was comparable
to the reference, with the automatic segmentations success-
fully incorporating myeloma-relevant pathologies. While the
presence of implants may influence segmentation accuracy,
this was not systematically evaluated in our study. This study
was limited to T1w coronal MRI data, which is currently
not part of the WB-MRI protocol according to MY-RADS
(49), but is a central standard sequence included in the core
clinical protocol of our centers and in ongoing multicentric
trails in our country. BM segmentation might benefit from
integrating multi-sequence MRIs or even other imaging
modalities like CT for better anatomical detail. Future stu-
dies will aim to validate the established model prospectively.

In conclusion, this study presents an automated segmen-
tation model with very high segmentation performance for
the BM from T1w WB-MRIs in MM, including individual
labeling of each bone. Most importantly, the automated
segmentation performance remained consistently high even
across multicenter test cases with high tumor load, per-
forming at a level comparable to the interrater variability
between radiologists.
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