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Purpose:  To develop and validate MRSegmentator, a retrospective cross-modality deep learning model for multiorgan segmentation of MRI scans.

Materials and Methods:  This retrospective study trained MRSegmentator on 1200 manually annotated UK Biobank Dixon MRI sequences (50 participants),
221 in-house abdominal MRI sequences (177 patients), and 1228 CT scans from the TotalSegmentator CT dataset. A human-in-the-loop annotation
workflow used cross-modality transfer learning from an existing CT segmentation model to segment 40 anatomic structures. The model’s performance was
evaluated on 900 MRI sequences from 50 participants in the German National Cohort (NAKO), 60 MRI sequences from the Multi-Modality Abdom-
inal Multi-Organ Segmentation Challenge 2022 dataset, and 29 MRI sequences from TotalSegmentator MRI. Reference standard manual annotations
were used for comparison. Metrics to assess segmentation quality included Dice similarity coefficient (DSC). Statistical analyses included organ- and
sequence-specific means + SDs reporting and two-sided ¢ tests for demographic effects.

Results:  One-hundred thirty-nine participants were evaluated; demographic information was available for 70 (mean age, 52.7 years + 14.0 [SD], 36 female
participants). Across all test datasets, MRSegmentator demonstrated high class-wise DSC for well-defined organs (lungs: 0.81-0.96, heart: 0.81-0.94)

and organs with anatomic variability (liver: 0.82-0.96, kidneys: 0.77-0.95). Smaller structures showed lower DSC (portal or splenic veins: 0.64-0.78,
adrenal glands: 0.56-0.69). The average DSC on the external testing using NAKO data ranged from 0.85 + 0.08 for T2-weighted half-Fourier acquisition
single-shot turbo spin echo to 0.91 + 0.05 for in-phase sequences. The model generalized well to CT, achieving a mean DSC of 0.84 + 0.12 on abdominal

multiorgan segmentation CT data.

Conclusion:  MRSegmentator accurately segmented 40 anatomic structures on MRI and generalized to CT, outperforming existing open-source tools.

© The Author(s) 2025. Published by the Radiological Society of North America under a CC BY 4.0 license.

utomated segmentation of anatomic structures in medical
Aimaging enables precise organ volumetry, facilitates ana-
tomic context for artificial intelligence (AI)-based diagno-
sis, and supports quantitative imaging biomarker extraction
(1). Recent deep learning advances have led to robust CT
segmentation models like TotalSegmentator CT, which seg-
ments 104 anatomic structures (2); however, comparable
whole-body tools for MRI segmentation remain limited.

MRI segmentation poses distinct technical challenges.
Unlike CT’s standardized Hounsfield units, MRI signal in-
tensities vary across scanners and protocols, and motion or
field inhomogeneities artifacts are common (3). Anisotropic
voxels and lower spatial resolution further complicate con-
sistent segmentation. Despite these challenges, the higher
soft-tissue contrast and absence of ionizing radiation make
MRI the preferred modality for longitudinal studies and tis-
sue characterization.

Current MRI segmentation solutions are predominantly
organ-specific, focusing on individual structures like the
kidneys, prostate, or spleen (4-6). While these specialized

models result in high accuracy for their target organs, the
need to run multiple models for different structures limits
clinical workflow integration and adds computational over-
head. Recent multiorgan approaches have been proposed
(7-9), but their generalizability across MRI sequences and
external datasets remains unclear. The growing availability
of large-scale MRI repositories, such as the UK Biobank
(UKBB) Imaging Study, creates opportunities for devel-
oping more comprehensive segmentation tools that work
across multiple protocols and anatomic regions.

To address this need, we have developed MRSegmenta-
tor, an nnU-Net—based (10), cross-modality image segmen-
tation model that segments 40 anatomic structures in both
MRI and CT images. Our approach combines cross-modal-
ity learning from CT data (11) with a human-in-the-loop
annotation workflow to accelerate image annotation and
address MRI-specific challenges. We evaluate the model’s
performance across diverse MRI sequences using three exter-
nal datasets and demonstrate its ability to handle anatomic
variants.
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Abbreviations

Al = artificial intelligence, AMOS22 = Multi-Modality Abdominal
Multi-Organ Segmentation Challenge 2022, DSC = Dice similarity
coefficient, FDR = false discovery rate, HD = Hausdorff distance,
NAKO = German National Cohort (Nationale Kohorte), T2
HASTE = T2-weighted half-Fourier acquisition single-shot turbo
spin echo, 3D = three-dimensional, UKBB = UK Biobank, VC =
vessel consistency

Summary

MRSegmentator accurately segmented 40 anatomic structures on
MRI and CT across three external datasets.

Key Points

= In this retrospective study of 50 participants with whole-body
MRI, MRSegmentator achieved mean Dice similarity coefficients
(DSCs) of 0.91 + 0.05 (SD) for Dixon in-phase and 0.85 + 0.08
for T2-weighted half-Fourier acquisition single-shot turbo spin-
echo sequences.

= Across 60 Multimodality Abdominal Multiorgan Segmentation
Challenge MRI scans and 300 CT scans, mean DSCs were 0.79 +
0.11 and 0.84 + 0.12, respectively, demonstrating cross-modality
generalizability.

» Class-wise performance peaked in well-defined organs (DSC: lungs,
0.96; heart, 0.94) and varied for small structures (DSC: portal or
splenic veins, 0.64; adrenal glands, 0.56).

Keywords

MR-Imaging, Segmentation, Vision, Application Domain, Supervised
Learning, Type of Machine Learning

Materials and Methods

This retrospective study was conducted in accordance with
the Declaration of Helsinki and received approval from the
local ethics committee (EA4/062/20) with a waiver of pa-
tient consent.

Datasets

Six datasets of three-dimensional (3D) MR or CT images were
used (Fig 1). Training data included UKBB, an in-house data-
set, and the TotalSegmentator CT dataset. For testing, we use
MRI scans from the National German Cohort (NAKO), the
Multi-Modality Abdominal Multi-Organ Segmentation Chal-
lenge 2022 (AMOS22), and the TotalSegmentator MRI data-
set. We created our own annotations for the in-house, UKBB,
and NAKO datasets, selecting as many participants as we could
annotate within a 2-month time frame each. The AMOS22 and
both TotalSegmentator datasets included their own annotations.

UK Biobank Dataset

The UKBB is a large biomedical database containing genetic and
health information from a half million participants in the United
Kingdom (12). We accessed the MRI subset (Data-Field 20201-
2, October 2023), which contains whole-body MRI scans from
69571 participants. For our study, we selected 1200 sequences
from 50 randomly selected participants. Each participant’s MRI
data are divided into six 3D sections from the shoulders to the
knees, with in-phase, opposed-phase, fat-only, and water-only
images obtained using the Dixon technique for each segment.
This dataset is highly standardized, with consistent image size,
voxel spacing, and participant positioning within each region.
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Each sequence consists of 44—72 axial sections spaced 3—4.5 mm
along the z-axis. Access to the UKBB dataset for scientific re-
search is available upon request at hetps://ukbiobank.ac.uk.

In-House Dataset

We screened our in-house data for participants with kidney tu-
mors or cysts. From the resulting 690 participants, we randomly
selected 180. We also excluded scans from three participants
due to poor image quality. Some participants had multiple se-
quence types, resulting in a final dataset of 221 axial abdominal
MRI sequences from 177 participants. Tumors were less than 7
cm in size in 213 scans and up to 13 cm in the remaining eight
scans. The dataset has an approximately equal distribution of
T1, T2-weighted fat-saturated, and postcontrast T1-weighted
fat-saturated sequences. Images were acquired on Siemens Mag-
netom Avanto 1.5-T and Vida 3-T scanners with different sig-
nal intensity distributions and matrix sizes.

After acquisition, the sequences were exported and resized to
a uniform voxel spacing of 1 x 1 x 1 mm, resulting in sequences
consisting of 100 to 450 sections along the z-axis.

TotalSegmentator CT Dataset

TotalSegmentator CT (2) is a whole-body CT segmenta-
tion model that was released together with a publicly avail-
able dataset of 1228 CT examinations with a wide range of
different pathologies, scanners, and acquisition protocols.
To enable cross-modality segmentation capabilities, we in-
cluded the TotalSegmentator CT dataset to the training data.
From the 117 segmented structures, we selected a subset of
40 classes, consistent with the classes annotated for MR
images (Fig 2). The dataset is available at hrps://zenodo.org/
records/10047292.

NAKO Dataset

The German National Cohort (NAKO) is a population-based
prospective cohort study investigating the causes of the devel-
opment of major chronic diseases in the German population
(13). The study includes whole-body MRI scans of 30868
participants from the general population (14). We obtained a
subset of 900 MRI sequences from 50 participants (25 female,
25 male participants). For each participant, the data included
T1-weighted 3D volumetric interpolated breath-hold exam-
ination two-point Dixon sequences (in-phase, opposed-phase,
water-only, fat-only, and T2-weighted half-Fourier acquisition
single-shot turbo spin echo [HASTE] sequences) (Table 1).

The Dixon sequences consist of four 3D sections from the
shoulders to the knees, and the T2 HASTE scans consist of two
sections from the shoulder to the sacrum. We stitched the MRI
stations for each participant and modality using a self-devel-
oped open-source utdlity (https://github.com/ai-assisted-healthcare/
AIAH_utility) based on Simplel TK, resulting in 250 whole-body
MRI sequences across contrast types. The stitched Dixon se-
quences have a matrix size of 320 x 260 x 316, with voxel spacing
of 1.4 x 1.4 x 3.0 mm; and the stitched T2-weighted HASTE
sequences have a matrix size of 320 x 260 x 80, with voxel spac-
ing of 1.4 x 1.4 x 6.0 mm. Note that stitching is only done to
increase the interpretability of results and is not required for in-
ference (see also Fig S1).
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Training Data Evaluation Data

NAKO:
30868 participants of the general
(German) population from 03/2014 to
09/2019

UKBB:
66173 participants of the general (UK)
population from 2014 to 10/2023

random selection of
25 males and 25 females;
no exclusion criterion

random selection of 50 participants;
no exclusion criterion

50 participants, (24 scans each)
Total of 1200 scans (MRI) 50 participants, (18 scans each)

Total of 900 scans (MRI)

In-House:
screened for 690 patients with kidney
tumors from 01/2007 to 04/2022

AMOS:
60 participants / scans (MRI)
300 participants / scans (CT)

random selection of

180 participants

TotalSegmentator-MRI:
excluded 3 participants where medical 298 participants / scans (MRI)
—» experts could not create annotations
due to low sequence quality

) excluded 268 scans
from training folds

h 4
177 participants
Total of 221 scans (MRI)

> excluded 1 scan
with lacking header info

h 4
TotalSegmentator: Total of 29 participants / scans
1228 participants / scans (CT) (MRI)

Figure 1:  Study workflow with training and evaluation data. For training, data were obtained from the UK Biobank
(UKBB, an in-house dataset, and the TotalSegmentator CT dataset. For evaluation, data were used from the National Ger-
man Cohort (NAKO), the Abdominal Multi-Organ Segmentation challenge 2022 (AMOS22), and the TotalSegmentator
MRI dataset.
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Figure 2:  Sample segmentation output of MRSegmentator for all 40 classes. This includes spine, sacrum, hips, femurs, heart, aorta, inferior vena cava, portal or splenic
vein, iliac arteries and veins, left and right lungs, liver, spleen, pancreas, gallbladder, stomach, duodenum, small bowel, colon, left and right kidneys, adrenal glands, urinary
bladder, and muscles, specifically, gluteal muscles, autochthonous muscles, and iliopsoas muscles. The model was trained on diverse datasets including UK Biobank, in-house
clinical data, and CT scans, using a human-in-the-loop annotation approach. It demonstrates robust performance across various MRI sequences and can also segment CT
images.

AMOS22 Dataset and bladder, which we believe to be incorrectly annotated in
The AMOS22 was held at the Medical Image Computing and the AMOS22 scans (Fig S5). The specific sequence and scanner
Computer Assisted Intervention Conference in 2022 (11). The types are not disclosed in the AMOS22 article. The dataset is
accessible training and validation sections include 300 CT and available at hetps://zenodo.org/records/7262581.

60 MRI sequences and participants from multicenter, mul-

tivendor, multimodality, and multidisease participants, each TotalSegmentator MRI Dataset

with voxel-level annotations of 15 abdominal organs. We ex- TotalSegmentator MRI (9) is a whole-body MRI segmentation
cluded the classes prostate, as it is not part of our target classes, ~ model developed by D’Antonoli et al and is the successor of
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TotalSegmentator for CT images. Given the similar names of
the two models, the image modality will be specified when re-
ferring to both models. The model was released together with an
openly available dataset that consists of 298 MRI sequences, of
which D’Antonoli et al marked 30 as test data. We excluded one
test sequence (focused on the brain) due to incomplete header
information. This dataset includes sequences from different
MRI scanners, covering multiple body regions and including
different sequence types in axial, sagittal, and coronal planes. It
contains annotations for 59 anatomic structures; for our anal-
ysis, we selected the 40 structures that correspond to the seg-
mentation targets of MRSegmentator. The dataset is publicly
available at h#tps://zenodo.orgldoi/10.5281/zenodo. 11367004.

Target Anatomic Structures

Our datasets comprise MR images spanning from the shoulders
to the knees. The anatomic structures selected for segmentation
were chosen based on their inclusion in the TotalSegmentator
CT target classes, visibility and delineability in MRI, clinical rel-
evance, and consistent presence across the dataset. To improve
segmentation robustness, anatomically similar structures were
consolidated where MRI differentiation was challenging. For ex-
ample, vertebrae were grouped into a single spine class, and lung
lobes were merged due to poor tissue contrast and anisotropic
voxel spacing. After this consolidation, 40 structures across five
regions were finalized: the chest (heart, lungs, esophagus), gas-
trointestinal tract (liver, spleen, pancreas, gallbladder, stomach,
intestines, colon), retroperitoneum (kidneys, adrenal glands, uri-
nary bladder), musculoskeletal system (spine, sacrum, hips, fe-
murs, gluteal and iliopsoas muscles), and vessels (aorta, vena cava,
portal or splenic vein, iliac arteries or veins) (Fig 2).

Annotation Strategy

We developed a four-stage human-in-the-loop annotation
workflow to create high-quality segmentations.

Presegmentation

First, we generated initial segmentations by applying the To-
talSegmentator CT model (2) to the MRI scans. To improve
performance of the TotalSegmentator CT model on MRI
scans, we used preprocessing steps including intensity inver-
sion and histogram equalization (15). For UKBB data, we
segmented water-only sequences and propagated labels to the
remaining Dixon sequences. While some structures like kid-
neys required only minor corrections, others such as muscles
and bones needed complete reannotation due to poor initial
segmentation quality.

Manual annotation

Second, one radiology resident (L.X.) with 1 and two radiol-
ogists (K.K.B., L.C.A.) with 8 years of experience in diagnos-
tic radiology refined and reviewed the presegmentations using
MONAI Label (16) and 3D Slicer (17). Overall, 40 different

classes were created, which are detailed in Figure 2.
Model training

Third, an nnU-Net (10) model was repeatedly trained, and each
time 50 new MRI sequences were annotated, enabling the gen-
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eration of more refined labels, which were reviewed and refined
again by the radiologists. This was repeated until the full training
dataset of 1200 UKBB sequences and 221 in-house sequences
was annotated. Once the annotation process was complete, we
trained the final nnU-Net with fivefold cross-validation on the
fully annotated images, resulting in the final MRSegmentator
model. This final training was performed using the 3 d_fullres_
no_flipping configuration of nnU-Net version 2 (hzps://github.
com/MIC-DKFZ/nnUNet) with an increased batch size of eight.
Other training parameters were kept at default values.

Test data annotation

Fourth, after the MRSegmentator model was trained, the
test data were manually annotated by the radiology resident
and quality checked and refined by one of two board-certi-
fied radiologists.

Statistical Analysis

We assessed segmentation performance using three metrics:
Dice similarity coefficient (DSC), 95th percentile Hausdorff
distance (HD), and a novel vessel consistency (VC) metric.
DSCs and HDs were calculated per structure and sequence
type, comparing model output against manual annotations. For
thin, elongated structures like blood vessels, where DSC and
HD can be misleading, we introduced VC as a complemen-
tary measure. VC is defined as the proportion of segmentations
containing exactly one single connected component for a given
class ¢:

number of images withexactly one connected component ¢

VC(c)=
) number of allimages withc

The VC provides additional information about anatomic
plausibility of vessel segmentations, putting emphasis on the con-
tinuity of the vessel segmentation (Fig S2). We further quantified
under- and oversegmentation relative to the reference standard
for each NAKO MRI sequence. To assess the impact of including
the CT scans in the training pool, we trained a second model
on MR images only and compared the results. To evaluate po-
tential demographic effects on segmentation quality, we analyzed
the relationship between DSC and participant characteristics in
the NAKO dataset, which offered balanced demographics (25
male, 25 female participants). Sex-based differences in segmen-
tation performance were assessed using independent two-sided
¢ tests, while age-related effects were evaluated using the Pearson
correlation coefficient, both implemented in SciPy version 1.10.0
(18). With 50 participants (1:1 male-to-female ratio), our study
achieved a power of 0.41 to detect medium-sized sex-based dif-
ferences (19).

At the time of writing, only one openly available whole-
body MRI segmentation algorithm exists (TotalSegmen-
tator MRI); therefore, for model comparison, we evaluated
MRSegmentator against TotalSegmentator MRI in matching
anatomic structures across all test datasets. All metrics are re-
ported as means + SDs unless otherwise specified. To adjust
for multiple comparisons, we reported the false discovery rate
(FDR) using the Benjamini-Hochberg procedure, and an
FDR < 0.05 was considered significant.
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Table 1: Data Composition of Training and Test Sets

A: Training Data

Parameters In-House

UKBB

TotalSegmentator CT

No. of partici- 177 (M: 121, F: 56)
pants

No. of scans 221 (M: 150, F: 71)
Age (median) (y) 37-83 (62)

50 (M: 19, F: 31)

1200 (M: 456, F: 744)
40-69*

1228 (M: 716, F: 510)

1228 (M: 716, F: 510)
15-98 (65)

Scanner types 1.5-T and 3-T MRI 1.5-T MRI 20 different models
Sequences T1 (2 =90) IN (2 = 300) CT (n=1228)
T2fs (n = 64) OPP ( = 300)
Tifs (n = 67) W (7 = 300)
F (» = 300)
B: Test Data
Variable NAKO (MRI) AMOS' TotalSegmentator MRI*

No. of partici- 50 (M: 25, F: 25)
pants
No. of scans

900 (M: 450, F:450)

MRI: 60 (M: 55, F: 45)
CT: 300 (M: 314, F: 186)
MRI: 60 (M: 55, F: 45)
CT: 300 (M: 314, F: 186)

29 M: 9, F: 11, n.a.: 9)

Héntze and Xu et al

T1 GRE W (r = 200)
T1 GREF (n = 200)
T2 HASTE (1 = 100)

Age (median) (y) 26-69 (52.5) MRI: 22-85 (50) 14-78 (60.5)
CT: 14-94 (54)
Scanner types 3-T MR MRI: 3 different models 13 different models
CT: 5 different models
Sequences T1 GRE IN (z = 200) MRI (7 = 60) MRI (7 = 29)
T1 GRE OPP (n = 200) CT (n = 300)

single-shot turbo spin echo, UKBB = UK Biobank.

Note.— AMOS = Abdominal Multi-Organ Segmentation challenge, F = female, GRE = gradient echo, GRE-F = fat-only, GRE-IN = in-
phase, GRE-W = water-only, NAKO= German National Cohort, OPP = opposed-phase, T2 HASTE = T2-weighted half-Fourier acquisition

Data Availability

To facilitate research applications and further development, we
have made MRSegmentator’s code, and trained weights are pub-

licly available at hzzps:/igithub.com//hhaentze/ MRSegmentator.

Results

Participant Characteristics

We used three datasets for testing. Exclusion criteria are il-
lustrated in Figure 1. The NAKO dataset included 30868
participants, from which we randomly selected 50 (median
age, 52.5 years; IQR, 12.75 years; 25 male, 25 female partici-
pants), yielding a total of 900 MRI sequences. The AMOS22
dataset included 60 MRI sequences and 300 CT scans from
diverse patient populations (MRI: median age, 50 years; age
range, 22-85 years; male-to-female ratio 1.2 to 1; CT: me-
dian age, 54 years; age range, 14-95 years; male-to-female
ratio, 1.7 to 1). Individual-level demographic data were not
available for AMOS22, so we report aggregated statistics as
published in the original dataset description. The TotalSeg-
mentator MRI dataset contained 298 MRI sequences, from
which we selected 30 sequences assigned to the test set by
D’Antonoli et al; one was excluded due to missing header in-
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formation, resulting in 29 MRI sequences (median age, 60.5
years; IQR, 23.75 years; nine male, 11 female participants,
age and sex unknown for nine scans). Detailed participant
demographics are provided in Table 1.

Segmentation Performance

On NAKO data, MRSegmentator achieved average DSCs rang-
ing from 0.85 + 0.08 (SD) for T2 HASTE sequences to 0.91
+ 0.05 for T1l-weighted Dixon in-phase sequences (Table 2).
Performance on the AMOS22 dataset yielded mean DSC scores
0f 0.79 £ 0.11 for MRI and 0.84 + 0.12 for CT. The highest
DSCs were observed for well-defined organs (lungs: 0.96, heart:
0.94) (Fig 3) and organs with anatomic variability (liver: 0.96,
right kidney: 0.95, left kidney: 0.93). Small structures proved
most challenging, particularly the portal or splenic vein (0.64)
and adrenal glands (0.56 for AMOS22).

VC analysis of NAKO gradient echo examinations demon-
strated high reliability for major vessels. The aorta and inferior vena
cava were consistently segmented as single connected structures
(VC, 100% [200 of 200]; and 92% [184 of 200], respectively)
(Table 3). Iliac veins showed higher consistency (left: 0.95 [189
of 200], right: 0.85 [170 of 200]) than arteries (left: 0.69 [137 of
200], right: 0.60 [119 of 200]), while the portal or splenic vein


http://radiology-ai.rsna.org
https://github.com//hhaentze/MRSegmentator

Segmenting Whole-Body MRI and CT for Multiorgan Anatomic Structure Delineation

Hdntze and Xu et al

Table 2: Comparison of Dice Similarity Coefficient and Hausdorff Distance between MRSegmentator and TotalSegmenta-
tor MRI

Dice Similarity Coefhicient Hausdorff Distance

Dataset MRSegmentator  TotalSegmentator MRI  MRSegmentator TotalSegmentator MRI
NAKO in-phase (40 classes) 0.91 + 0.05* 0.83 + 0.07 7.5 + 14.8* 15.1 + 20.3
NAKO opposed-phase (40 classes) 0.88 £ 0.05* 0.82 + 0.06 8.4+ 15.0* 12.7 £17.4
NAKO water-only (40 classes) 0.87 + 0.05* 0.81 + 0.06 8.5+ 15.0* 13.1 + 16.3
NAKO fat-only (40 classes) 0.88 + 0.06* 0.80 + 0.07 8.3 + 14.8* 15.6 + 20.6
TotalSegmentator MRI data (40 classes) 0.74 + 0.21 0.75 + 0.22* 16.1 + 21.7 15.9 + 21.5
NAKO T2 HASTE (24 classes) 0.85 + 0.08* 0.75+0.10 8.5 +7.0* 14.1+9.5
NAKO in-phase (24 classes)* 0.90 + 0.06* 0.82 + 0.08 6.2+7.2% 11.3+8.1
AMOS22 MRI (13 classes) 0.79 +0.11* 0.75+0.12 8.4 +7.0% 10.0 + 8.7
AMOS22 CT (13 classes)* 0.84 +0.12 0.84 +0.11* 8.6 +11.7 8.1 + 10.2*
NAKO in-phase (13 classes)* 0.88 + 0.09* 0.78 +0.12 4.3+ 3.6% 10.1 + 6.0

Note.—We compared MRSegmentator and TotalSegmentator MRI models on data from the German National Cohort (NAKO), the Ab-
dominal Multi-Organ Segmentation challenge (AMOS22), and the TotalSegmentator MRI dataset. We report the Dice similarity coefficient,
where larger values indicate better performance, and Hausdorff distance (HD), where smaller values indicate better performance. Both met-
rics are accompanied by their SD. All false discovery rates (FDRs) were smaller than 0.001 except the comparisons on the TotalSegmentator

MRI data with FDR = 0.017 for the DSC and FDR = 0.787 for the HD. GRE = gradient echo, T2 HASTE = T2-weighted half-Fourier

acquisition single-shot turbo spin echo.
* Indicates significantly higher values.

"'The NAKO T2 and the AMOS22 data have fewer annotated classes. To allow a fair comparison to the NAKO GRE sequences, we addi-
tionally report the results for the classes subset on the in-phase sequences, as a representative for the GRE scans.
# For the AMOS22 CT dataset, we use TotalSegmentator CT instead of TotalSegmentator MRI as a baseline model.

typically appeared as multiple components (VC: 0.40 [79 of 200]).
A second model, which we trained without CT scans, showed
equal performance for NAKO MRI but reduced DSC scores in
the AMOS22 CT set (0.59 vs 0.84). Demographic analysis re-
vealed superior segmentation quality in male participants (DSC =
0.89 + 0.02) compared with female participants (DSC = 0.87 +
0.02) in NAKO gradient echo sequences (P = .009), with the larg-
est differences in adrenal glands (left ADSC = 0.13, right ADSC
= 0.10) and duodenum (ADSC = 0.11). Participant age positively
correlated with DSC (r = 0.37, FDR = 0.009; Fig S6).

Comparison with TotalSegmentator MRI

Across NAKO and AMOS22 datasets, MRSegmentator out-
performed TotalSegmentator MRI (NAKO: 0.91 + 0.05 [SD]
vs 0.83 + 0.07; AMOS22: 0.79 + 0.11 vs 0.75 + 0.12; FDR <
0.001 each) and had lower HD values (NAKO: 7.5 mm + 14.8
vs 15.1 mm + 20.3; AMOS22: 8.4 mm + 7.0 vs 10.0 mm + 8.7;
FDR < 0.001 each) for all classes. The performance difference
was most pronounced in abdominal organs (liver: 0.96 vs 0.89,
spleen: 0.91 vs 0.84, pancreas: 0.82 vs 0.73) and blood vessels
(aorta: 0.93 vs 0.85, inferior vena cava: 0.86 vs 0.78) (Fig S4).

On the TotalSegmentator MRI test set, overall DSCs were
comparable (0.74 + 0.21 vs 0.75 + 0.22, FDR = 0.017), with
MRSegmentator excelling in abdominal organ and vessel seg-
mentation, while TotalSegmentator MRI demonstrated better
performance in musculoskeletal structures.

Failure Cases and Sequence-specific Performance

Despite robust overall performance, we could identify specific
failure patterns. Left-right confusion occurred occasionally in the
pelvic region, evidenced by large HDs for femurs (left: 37.8 mm,
right: 18.9 mm) and left iliopsoas muscle (left: 19.6 mm, right
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6.0 mm). In the kidney tumor subset, MRSegmentator accu-
rately segmented kidneys with tumors larger than 7 cm (n = 8, Fig
4), though some oversegmentation occurred with irregular tumor
borders. The model showed inconsistent performance in postne-
phrectomy cases, correctly identifying single kidneys in validation
data but occasionally misclassifying colon as kidney in test data.
On average, the model’s errors were more often due to under-
segmentation than oversegmentation (Table 4). Segmentation
failures were least frequent in in-phase sequences. In water-only
sequences, the model tended to oversegment, while in fat-only
sequences, it often failed to capture structures completely. The
highest variability was observed in T2-HASTE, where underseg-
mentation fraction quartiles ranged from 0.07 to 0.29 (Fig 5).

Discussion

This retrospective study addressed the lack of comprehensive
whole-body MRI segmentation tools by developing MRSeg-
mentator, an nnU-Net-based cross-modality model trained on
CT and MRI to segment 40 anatomic structures. Evaluated on
three external datasets, MRSegmentator showed mean DSCs
0f 0.91 + 0.05 (SD) on NAKO Dixon in-phase sequences and
0.79 £ 0.11 on AMOS22 MRI, outperforming the only other
available whole-body MRI model (TotalSegmentator MRI:
DSC 0.83 + 0.07 on NAKO and 0.75 + 0.12 on AMOS22;
FDR < 0.001). VC exceeded 92% for major vessels, and objec-
tive cross-modality training yielded robust generalizability.
Comparison with existing methods shows that MRSegmen-
tator achieves competitive performance against specialized sin-
gle-organ models. Our spleen and liver segmentation accuracy
(DSC: 0.95 and 0.96, respectively) matches dedicated models
(0.96, 0.95) (20,21), while multiorgan performance for abdominal
structures performance (DSC for liver, spleen, kidneys, pancreas:
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Figure 3:  Class-wise Dice similarity coefficients [DSCs) obtained by the MRSegmentator on the four gradient echo
modalities of the dataset from the German National Cohort (NAKO). The box plots show the distribution of DSC values for
each of the 40 anatomic structures segmented by the model. The boxes represent the IQR, with the median DSCs marked
by the horizontal line within each box. The whiskers extend to the minimum and maximum values within 1.5 times the IQR,
and any outliers beyond this range are represented by single points. The left kidney segmentations with a DSC of zero are
false positives for a single patient whose left kidney was removed.

Table 3: Vessel Consistency in External NAKO GRE Data

Fraction of Samples with Average No. of Components

Vessel VvC More Than One Component if Segmented Incorrectly
Aorta 1.00 (200/200) 0.00 (0/200) NA

Inferior vena cava 0.92 (184/200) 0.08 (16/200) 2.06 + 0.25

Portal or splenic vein 0.40 (79/200) 0.60 (121/200) 2.60 £ 0.87

Iliac arteries left 0.69 (137/200) 0.32 (63/200) 2.60 + 0.85

Iliac arteries right 0.60 (119/200) 0.41 (81/200) 2.54 +0.88

Iliac veins left 0.95 (189/200) 0.06 (11/200) 2.18 + 0.40

Iliac veins right 0.85 (170/200) 0.15 (30/200) 2.13+0.43

Note.—Vessel consistency (VC) refers to the proportion of segmentations where a given vessel class is represented by a
single connected component. A higher VC indicates that the model effectively treats the vessel as a unified entity. For
the gradient echo sequences of the German National Cohort, MRSegmentator did not fail to segment any structure;
therefore, the fraction of samples with multiple components is directly related to the inverse of the VC. The final
column presents the average number of components detected when multiple components were identified. For example,
segmentations of the portal or splenic vein exhibit a VC of 40% (79 of 200), indicating that in 60% (121 of 200) of
cases, multiple components are detected. The average number of components observed in these cases is 2.6, suggesting a
high degree of fragmentation in the segmentations for this vessel class. NA = no data available.
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Figure 4:
tafions generated by MRSegmentator. The model accurately localizes and segments the kidneys even in the presence of large tumors, demonstrating its robustess in handling
pathologic cases. In the fourth sample, the missing right kidney due to a previous nephrectomy is correctly not segmented by the model.

Table 4: Segmentation Failure Types in External NAKO
Data

Undersegmentation Oversegmentation

MRI Sequence Fraction Fraction
GRE in-phase 0.08 (0.10) 0.07 (0.06)
GRE opposed-phase  0.09 (0.11) 0.10 (0.06)
GRE water-only 0.08 (0.11) 0.10 (0.07)
GRE fat-only 0.09 (0.13) 0.09 (0.06)
T2 HASTE 0.11 (0.21) 0.07 (0.10)

Note.—Segmentation failure types across different MRI sequenc-
es from the German National Cohort (NAKO). Segmentation
failures are measured relative to the reference standard, distin-
guishing between under and oversegmentation. The table reports
the median and IQR of segmentation failures across 40 target
structures across all participants. Undersegmentation is generally
more prevalent, except in water-only sequences, where overseg-
mentation is more common. The highest undersegmentation
rates are observed in T2 HASTE and fat-only sequences. GRE =
gradient echo, T2 HASTE = T2-weighted half-Fourier acquisi-

tion single-shot turbo spin echo.

0.96, 0.91, 0.94, 0.82 for NAKO MRI; 0.96, 0.95, 0.95, 0.81 for
AMOS22 MR, respectively) is close to that of recent organ-spe-
cific approaches, such as those reported by Kart et al (0.98, 0.96,
0.98, 0.89) (5). Given the widespread adoption of the nnU-Net
architecture, observed performance variations are primarily attrib-
utable to differences in training data. Incorporating CT scans into
the training pipeline improved segmentation accuracy on CT im-
ages (DSC, 0.59-0.84) but did not demonstrably affect the qual-
ity of MR image segmentation. We could not observe evidence
that multimodality training improves single-modality inference,
as reported in studies like the AMOS22 challenge (11). Notably,
MRSegmentator’s ability to process both MR and CT images with
a single model (CT DSC, 0.84), achieving segmentation quality
on par with TotalSegmentator CT, the current reference standard
in multdorgan segmentation in CT, offers practical advantages over
modality-specific solutions, potentially streamlining clinical and
research workflows. This versatility may outweigh slightly inferior
performance compared with specialized models.

Since the initial submission of this work, new whole-body MRI
segmentation models have emerged, including TotalSegmentator
MRI. On the NAKO dataset, MRSegmentator achieves higher
DSC values across all structures and sequences, though annotation
bias may contribute to this advantage, as the same radiologists an-
notated both the training and test data. However, on the AMOS22
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The first row depicts manually annotated kidneys (red) and tumors (blue) in eight different MRI scans. The second row shows the corresponding kidney segmen-

dataset, where no such bias exists, MRSegmentator still outper-
forms across all classes. When tested on the TotalSegmentator
MRI dataset, where annotation practices may favor their model,
MRSegmentator maintains a comparable overall DSC (0.74 vs
0.75) while demonstrating superior segmentation performance for
17 structures, particularly abdominal organs and blood vessels.

That said, TotalSegmentator MRI supports a broader range
of structures, particularly femoral muscle groups such as the
quadriceps femoris and sartorius. For studies focused on mus-
culoskeletal anatomy, it thus provides valuable additional seg-
mentations. Rather than declaring one model superior, these
results highlight that MRSegmentator excels in abdominal
segmentation, while TotalSegmentator MRI offers a broader
selection of muscle classes. Both models have distinct strengths
depending on the research application.

To address the limitations of the voxel-based metrics DSC and
HD, we introduced the VC metric, which revealed that large ves-
sels such as the aorta are consistently segmented as single structures
(VC, 1.0), whereas smaller vessels such as the portal or splenic vein
often appear fragmented (VC, 0.40). This metric provides insights
not captured by traditional DSC measurements, particularly rele-
vant for elongated structures. We observed sex differences in perfor-
mance, with higher accuracy in male participants (ADSC = 0.02,
FDR = 0.009), likely reflecting anatomic differences in muscle mass
and organ positioning rather than technical limitations. Both the
TotalSegmentator CT and in-house datasets are male-dominated
and have a more diverse participant pool than our UKBB data.
On the other hand, metrics like DSC tend to be less accurate for
smaller structures, and female participants generally have smaller
body volumes, which may also explain the observed differences.
While we highlight these metric differences, further research is
needed to assess their clinical relevance. The model showed robust
performance on pathologic cases, successfully segmenting kidneys
with large tumors, while occasionally struggling with postoperative
anatomy. Training models to detect rare pathologies and missing
structures is challenging due to limitations in available data. One
potential solution is to integrate synthetic MRI data designed to
include these specific structures (22). The model occasionally con-
fused left and right structures, likely due to nnU-Net’s patch-wise
design, limiting global context. A whole-image postprocessing step
could help mitigate this but would need to address edge cases and
metadata inconsistencies.

MRSegmentator will allow researchers to obtain biomarkers rel-
evant for various research questions and clinical tasks. For instance,
total kidney volume has been shown to correlate with glomerular
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Segmentation Failures Across MRI Sequences

Segmentation-Failure Type
0.5 | EEE under-segmentation
I over-segmentation

e o
w =
L .

e
N
|

Segmentation-Failure Fraction

0.11
0.0 1

S R & &

b R

) o &

& &’ & & %ﬁ
[€) L
MRI Sequence Type
Figure 5:  Segmentation failure types are shown across different MRI sequences from the German National Cohort

[NAKO). The box plots illustrate the distribution of failure fractions for 40 target sfructures across 50 selected participants
from the NAKO dataset, categorized by MRI sequence type. Segmentation errors are measured relative to the reference
standard, distinguishing between undersegmentation and oversegmentation. Undersegmentation is generally more preva-
lent, except in water-only sequences, where oversegmentation is more common. The highest undersegmentation rafes are
observed in T2 HASTE and fat-only sequences. F = fat-only, GRE = gradient echo, IN = in-phase, OPP = opposed-phase,
T2 HASTE = T2-weighted half-Fourier acquisition single-shot turbo spin echo, W = water-only.

filtration rate, a key indicator in polycystic kidney disease (23). Ad-
ditionally, iliac artery tortuosity may serve as a predictor of biologic
age (24), while the fat fraction within the autochthonous muscles
can assist in stratifying the risk of incidental, nontraumatic vertebral
fractures in the lower thoracic spine among elderly patients (25).

Our study had several limitations. First, the human in the
loop may have introduced annotation bias; however, strong per-
formance on fully independent external datasets suggests mini-
mal impact. Second, the UKBB training data, while numerous
in sequences (1200), represents only 50 unique participants,
potentially limiting anatomic variety. This limitation is partially
mitigated by including diverse in-house and TotalSegmentator
CT data. Third, the observed sex-based performance differences
highlight the need for more balanced training datasets.

In conclusion, objective cross-modality segmentation with
MRSegmentator provided reproducible, high-accuracy delinea-
tion of whole-body anatomy on MRI. The capability of segment-
ing CT and MR images makes it a valuable tool for researchers
and clinicians. We will continue to work on MRSegmentator by
focusing on expanding the range of supported anatomic struc-
tures and pathologic conditions while maintaining the model’s
cross-modality capabilities.
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