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1 Introduction
Obesity, often phenotypically described as the complication of too much adi-

pose tissue (Cypess 2022), is a global public health challenge and a heteroge-
neous chronic disease being associated with disorders of, for example, the en-
docrine or cardiovascular system. In 2022, 2.5 billion adults were overweight, of
these 890 million were living with obesity (World Health Organization 2024). Fol-
lowing the current international recommendation of the World Health Organization
(WHO) for the diagnosis of obesity, adults are classified based on the body mass
index (BMI, calculated by the ratio of weight in kilograms and squared height in
meters) as overweight (BMI≥25kg/m²) or obese (BMI≥30kg/m²). According to
the WHO guidelines, BMI is a surrogate marker and additional measurements
such as the waist circumference could help the diagnosis (World Health Organi-
zation 2024), but BMI alone does not provide insights into the heterogeneity of
the disease and an application to the diagnosis of (local) excess adiposity in the
individual patient is limited (Bray 2023). Besides other critique, for example, not
accounting for taller populations today compared to previous generations thereby
underestimating the health burden of obesity (Stefan et al. 2024), resulting from
its anthropometry-based definition, BMI is not a very good measure for the quan-
tity of adipose tissue in body, and more importantly, BMI is not able to differenti-
ate regional adipose tissue compartments and to assess their spatial distribution
within the body.

However, the important role of adipose tissue distribution for the characteriza-
tion of different types of obesity has already been described by Jean Vague in the
1950s concluding that a subtype of obesity with upper body predominance is as-
sociated to metabolic disorders (Vague 1956). Vague’s findings were reinforced
in the 1980s by Kissebah et al. who suggested that “a classification of obesity
based upon the pattern of body fat distribution may provide a means of assess-
ing the susceptibility of obese women to glucose intolerance, hyperinsulinemia,
and hypertriglyceridemia” (Kissebah et al. 1982). These initial findings relating
obesity of upper body predominance, referred to as central or abdominal obesity,
have been confirmed by several other studies in the following years (Krotkiewski
et al. 1983; Evans et al. 1984; Lapidus et al. 1984; Després et al. 1989). First
prospective population-based studies have found associations of abdominal obe-
sity and the risk of developing diabetes (Ohlson et al. 1985), “particularly in a
cohort with a BMI that was not in the range of obesity at the time of baseline
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examination” (Gupta et al. 2024).
All these early studies relied on anthropometric assessment of adipose tis-

sue distribution, for example, using waist-to-hip ratio measured by tape or using
calipers, but it was also in the 1980s that more precise imaging-based measures
have been developed. All these approaches have in common that they allow for
differentiation of adipose tissue compartments into subcutaneous adipose tissue
(SAT) and internal adipose tissue. Internal adipose tissue can further be classi-
fied into non-visceral internal adipose tissue (for example, paravertebral adipose
tissue) and visceral adipose tissue (VAT) (Shen et al. 2003). If VAT is defined
according to the origin of the term viscera, it refers to adipose tissue distributed in
the three ventral body cavities, i.e., intrathoracic, intraabdominal, and intrapelvic
adipose tissue. However, VAT commonly refers to the sum of intraabdominal and
intrapelvic adipose tissue which is reasonable as the pelvic and abdominal cav-
ity are anatomically connected (see Fig. 1.1). If necessary, Shen et al. propose
a more detailed subclassification into intra- and extraperitoneal components. In-
trathoracic adipose tissue is mainly distributed around the heart(Shen et al. 2003)
and can further be subclassified epicardial and pericardial adipose tissue (Iaco-
bellis 2022). Detailed differentiation of adipose tissue compartments and their
quantification thus allow for a more precise analysis of body composition.

In the first years, computed tomography (CT) imaging was initially used for the
localization and quantification of abdominal adipose tissue (Borkan et al. 1982)
but was soon extended to the whole body (Tokunaga et al. 1983). Thereafter,
imaging-based adipose tissue distribution was linked to glucose tolerance and di-
abetes (Sparrow et al. 1986; Shuman et al. 1986). One major drawback of CT
is the exposure to ionizing radiation, limiting its application in intervention stud-
ies with multiple visits, for example, effects of diet or exercise, and in cohorts of
healthy subjects. The development of imaging-based measures of body compo-
sition further involved dual energy X-ray absorptiometry (DXA) (Svendsen et al.
1993; Jensen et al. 1995). Similar to CT, DXA involves exposure to ionizing ra-
diation, and therefore, its (repeated) application in research, especially regarding
healthy participants, requires legal and ethical justification as well as considera-
tion of appropriate alternatives.

In 1989, magnetic resonance imaging (MRI) was proposed as a non-invasive
and radiation-free alternative for the analysis of body composition. In a pioneer-
ing work, Staten et al. acquired three axial slices at three body locations to allow
repeated measurements on a subject to determine changes in specific adipose
tissue compartments during an intervention (Staten et al. 1989). Similar to the
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applications of CT, MRI of the whole body was introduced to enable more precise
measurements of adipose tissue distribution, particularly of VAT, and its relation-
ship to anthropometry: in 1992, Ross et al. first acquired 10 mm-slices every 50
mm from head to feet in 27 men and 15 women (Ross et al. 1992; Ross et al.
1993). Additionally, the relationship between different adipose tissue compart-
ments and the interindividual phenotypic variability of adipose tissue distribution
in the whole body attracted increased interest (Thomas et al. 1998).

In the following years, numerous studies have implemented imaging-based
body composition analyses aiming not only to differentiate SAT and VAT but also
to investigate smaller adipose tissue depots and ectopic fat accumulations, i.e.,
the storage of lipids in tissues other than adipose tissue (Snel et al. 2012), for
example in hepatic or pancreatic tissue measured as proton density fat frac-
tion (PDFF) assessed by advanced quantitative chemical shift encoded imaging
(Reeder et al. 2010; Zhong et al. 2014). Additionally, bone marrow adipose tissue
(BMAT), which is considered a secretory (secreting growth- and cell differentia-
tion regulating cytokines) and metabolic organ (Pachón-Peña et al. 2022), has
been included in these analyses. BMAT is a distinct subtype of adipose tissue
(Suchacki et al. 2020) influenced by and influencing metabolic factors, such as
energy and bone metabolism (Pachón-Peña et al. 2022; Shu et al. 2022), and
is responding to nutritional interventions, for example expansion during caloric
restriction (Pachón-Peña et al. 2022).

Today, body composition analysis by MR-based localization and quantifica-
tion of adipose tissue compartments, using standardized definitions and delin-
eations of body regions and anatomical structures, can provide precise and ob-
jective measures of the heterogeneous distribution of adipose tissue. For ex-
ample, Thomas et al. proposed a new thin-on-the-outside fat-on-the-inside sub-
phenotype with increased metabolic risk (Thomas et al. 2012). In combination
with metabolic examinations using, for example, oral glucose tolerance tests or
euglycemic-hyperinsulinemic and hyperglycemic clamps, knowledge from adi-
pose tissue distribution can be used for metabolic and cardiovascular risk pre-
diction and identification of independent risk factors for type 2 diabetes and car-
diovascular diseases (Neeland et al. 2019; Wagner et al. 2022) by identification
of related subphenotypes of adipose tissue distribution (Yamazaki et al. 2022).
Furthermore, cluster analyses have been used to identify subphenotypes of pre-
diabetes which could be characterized, among other metabolic variables, by sin-
gle adipose tissue compartments (i.e., VAT, renal sinus fat, and liver fat) and
a metabolically healthy subtype of obesity (Wagner et al. 2021; Stefan 2008).
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Figure 1.1: Localization of adipose tissue compartments. Differentiation of
visceral (red) and subcutaneous (yellow) adipose tissue in the trunk
at the level of lumbar vertebrae L1 (a) and L5 (b) by semantic image
segmentation on a fat-selective Dixon MRI of a 31-year-old man. In-
traabdominal and intrapelvic adipose tissue depots are combined to
visceral adipose tissue. Localization of the spine (purple) is used to
match axial slices to distinct anatomical locations.

Besides cross-sectional and/or discrete cluster analysis, detailed adipose tis-
sue distribution is also used for clustering of longitudinal risk trajectories of car-
diometabolic diseases (Rospleszcz et al. 2019; Niedermayer et al. 2024) or anal-
ysis of disease heterogeneity, for example of type 2 diabetes, on continuous
scale tree-like graph representations (Schön et al. 2024). Additionally, increase of
BMAT, for example with aging, is likely to affect systemic disorders, for example, in
vertebral bone marrow: bone regeneration can be impaired due to excess fat ac-
cumulation (Ambrosi et al. 2017), functionality and support of mesenchymal stem
cells in hematopoiesis can be altered (Pachón-Peña et al. 2022). Furthermore,
there is an increased risk of osteoporosis and vertebral fractures as increased
BMAT is associated with lower bone mineral density (Jung et al. 2023; Beekman
et al. 2023). Further, PDFF, the corresponding imaging biomarker, and changes in
triglyceride composition assessed by localized single-voxel magnetic resonance
spectroscopy (1H-MRS) have been associated with an increased risk of fractures
independent of bone mineral density (Beekman et al. 2023).

Application of advanced body composition analysis to large cohort studies
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holds potential to advance the understanding of the role of adipose tissue distri-
bution on the development and states of metabolic diseases. Additionally, there is
the potential to illustrate the prevalence and associated cardiometabolic disease
burden of adipose tissue compartments on a population-based level. Advanced
body composition analysis may also help to identify potential regional, age- or
sex-specific characteristics, which might indicate the need for localized, person-
alized specific public health interventions. Moreover, MR-derived phenotypes of
adipose tissue distribution can be used to complement existing risk prediction
models and will improve individualized risk estimation. Eventually, this will inform
clinical decision making, as earlier identification of individuals at risk will lead to
more timely and individualized treatment.

After this general introduction to the medical background, the history and ap-
plications of body composition analysis, the upcoming sections will delve into
greater detail on the assessment of adipose tissue compartments using MRI
(sec. 1.1), on automated quantification methods (sec. 1.2), and on the cohort
data available (sec. 1.3). Based on the material presented, the research ques-
tions and contributions of this thesis are formulated (sec. 1.4).

1.1 Assessment of adipose tissue compartments

by magnetic resonance imaging

Magnetic resonance imaging (MRI) makes use of the magnetization properties of
atomic nuclei by first aligning the protons to a strong, uniform external magnetic
field. By irradiating additional energy using radiofrequency pulses at the corre-
sponding resonance frequency (depending on and perpendicular to the external
magnetic field), the protons enter an excited state, and their initial longitudinal
magnetization gets tilted to the transverse plane. During relaxation to the equilib-
rium, an induced voltage signal is measured using receiving coils (Kwok 2022).
Tissues can be characterized by two different relaxation times: T1 (longitudinal
relaxation time) and T2 (transverse relaxation time). T1 measures the rate at
which excited protons return to equilibrium and realign with the external magnetic
field, while T2 measures the rate at which excited protons lose phase coherence
among the nuclei spinning perpendicular to the main field. Adipose tissue (AT)
and lean tissues, for example, muscles or organs, are characterized by distinct
T1 and T2 values. Although T1 and T2 generally differ between different organs,
they are relatively constant for AT across different AT compartments.
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As reviewed by Bojorquez et al., relaxation times vary with respect to 1) the
external magnetic field strength, 2) inhomogeneities and/or non-uniformity of the
transmitted radiofrequency, 3) measurement methods, as reflected in contradic-
tions of reported values, "possibly because of inconsistent and different mea-
surement methods" (Bojorquez et al. 2017), 4) noise, "generally not considered"
in models fitting the received signal (Bojorquez et al. 2017) and 5) tissue patholo-
gies, as reported values generally stem from healthy individuals (Bojorquez et al.
2017). Stikov et al. also reported poor agreement between different methods
for the measurement of T1, "with the white matter T1 histogram peak in healthy
subjects varying by more than 30% depending on the method used" (Stikov et al.
2015). In general, AT has the lowest T1 making it appear brighter than lean tis-
sues in T1-weighted images. Application of T1-weighted sequences, using either
gradient echo imaging or (fast) spin-echo imaging techniques, are preferred for
capturing multiple slices quickly and effectively, separating AT from lean tissue
due to their shorter T1 relaxation times (Machann et al. 2013).

In the framework of the Tuebingen Diabetes Family Study (TDFS) standardized
data sets of T1-weighted fast spin echo whole-body MRI have been acquired in
more than 1,000 participants at 1.5 Tesla. In the Tuebingen Lifestyle Interven-
tion Program (TULIP) study, a longitudinal intervention study examining people at
risk to develop type 2 diabetes (T2D), SAT and VAT of 400 participants has been
quantified and standardized characterization of AT distribution along the cranio-
caudal body axis in the form of AT profiles was first taken into account (Machann
et al. 2005b). As part of the anatomical standardization, Machann et al. defined
VAT as the sum of intrapelvic and intraabdominal AT, measured from the femoral
heads to the cardiac apex (Machann et al. 2005b). In follow-up, it was found
that VAT and liver fat could be significantly reduced during lifestyle intervention
(Machann et al. 2010).

Dixon MRI leverages the chemical shift, which is the difference in resonance
frequencies of hydrogen protons depending on their chemical bonds. This results
in a frequency difference of about 430 Hz between water protons and methylene
protons (the dominant fat peak) at a magnetic field strength of 3 Tesla. This
frequency difference leads to distinct phase differences between water and fat
protons, which can be used in MRI. In particular, a 180-degree phase shift occurs
approximately every 1.23 ms at 3 Tesla, causing signals of water and fat protons
to alternate between in-phase (IP) and opposed-phase (OP) relationships. By
acquiring IP images (containing the sum of the signal contributions of water and
fat protons), for example, at an echo time of 2.46 ms and OP images (containing
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the difference of the signal contributions of water and fat protons), for instance,
at an echo time of 1.23 ms, water- and fat-selective images can be created by
subtraction or addition (Eggers et al. 2014) (see Fig. 1.2). Besides this ability to
distinguish between water and fat content within different types of tissue, even in
regions with inhomogeneous magnetic field distribution, the technique can also
be used to measure fat fraction (FF) at the voxel level (Dixon 1984; J Ma 2008;
Eggers et al. 2014).

a b c d

Figure 1.2: Example of two-point Dixon MRI. Whole-body two-point Dixon MRI
of a 31-year-old man. In-phase (a) and opposed-phase (b) images are
acquired and used to calculate fat- and water-selective images. The
fat-selective image (c) results from the subtraction of in- and opposed-
phase images, in contrast to the water-selective image (d) resulting
from addition.

In contrast to original two-point Dixon imaging, which acquires images at two
echo times (for example, IP and OP) but requires an internal reference for (mag-
nitude-based) FF estimation, multi-echo (usually using six echoes) Dixon imaging
addresses several confounding factors, i.e., T1 bias, (effective) T2* decay, spec-
tral complexity of fat, phase errors, and noise (Karampinos et al. 2018). For
example, to handle the spectral complexity of triglycerides, a precalibrated multi-
peak fat spectrum, typically derived from single-voxel 1H-MRS measurements of
the liver, is included into the signal model (Reeder et al. 2010; Bashir et al. 2015).
T1 bias is minimized by selecting a small flip angle for excitation of the mag-
netization. Presence of iron due to paramagnetic hematopoietic cells in vertebral
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bone marrow or iron overload in liver pathologies and presence of trabecular bone
leads to inhomogeneities of the magnetic field, resulting in rapid signal decay and
shortened T2* corrupting estimates of FF. This confounding effect needs distinct
correction during postprocessing or incorporation of T2* into the signal model
(Sollmann et al. 2021). After correction for confounding factors, the “density of
hydrogen protons attributable to fat, or the fraction of ‘unconfounded’ proton sig-
nal from mobile fat, normalized by the total hydrogen proton density from all mo-
bile proton species” (Reeder et al. 2010) (i.e., proton density fat fraction, PDFF)
allows for absolute quantification of FF. Initially developed for PDFF quantifica-
tion in the liver and “now established as the most accurate and precise method”
(Starekova et al. 2021), imaging-based assessment of PDFF is also of interest
for other organs and tissues, for example, in skeletal muscles, bone marrow, or in
the pancreas.

Applied as volumetric interpolated breath-hold examination (VIBE), Dixon MRI
is suitable for whole-body imaging: on a general population level, the Study of
Health In Pomerania (SHIP) first implemented MRI in a large cohort in Germany:
between 2008 and 2012, VIBE T1-weighted imaging was acquired in more than
3,500 study participants at 1.5 Tesla (Hegenscheid et al. 2009; Völzke et al.
2011). The German cohort of the European Prospective Investigation into Cancer
and Nutrition (EPIC) was the first study to acquire VIBE two-point Dixon imag-
ing at 1.5 Tesla on a population-based level (Wald et al. 2012; Neamat-Allah
et al. 2014). Within the Cooperative Health Research in the Region of Augs-
burg (KORA FF4) cohort, VIBE two-point Dixon imaging was first implemented
at 3 Tesla in 400 participants as part of a whole-body MRI assessment (Bam-
berg et al. 2016). Outside of Germany, population level imaging at a very large
scale is implemented in the UK Biobank (UKB), aiming at acquiring, besides brain
and cardiac MRI, whole-body (head to feet) VIBE two-point Dixon at 1.5 Tesla in
100,000 individuals (Littlejohns et al. 2020). By mid-2024, MRI data from more
than 85,000 participants have been acquired.

8



1.2 Localization and quantification of adipose

tissue compartments

Localization and quantification of AT compartments, subsumed under to term ‘as-
sessment’, i.e., estimating the volume of different depots, is based on the identi-
fication of regions of interest, for example, SAT and VAT by semantic image seg-
mentation, i.e., assigning a category to each voxel of an MR image (see Fig. 1.1),
followed by voxel counting. Counting uses the property of the MR images that vox-
els containing AT are brighter compared to voxels not containing AT. The relation-
ship between the number of voxels containing AT and the volume is established
by multiplication with the known voxel dimensionality (in-plane pixel dimensions
and the slice/partition thickness in 2D/3D MRI). Which AT compartments can be
evaluated depends mainly on positioning of research participants. For example,
AT in the upper extremities can be assessed in prone position with arms straight
above the head (Thomas et al. 1998; Machann et al. 2005b; Thomas et al. 2012),
whereas in supine position with arms against the body, the upper extremities usu-
ally are excluded. Machann et al. characterized insulin resistant participants by
lower percentage of AT in upper extremities compared to insulin sensitive partic-
ipants (Machann et al. 2005b). However, their results were preliminary due to a
very small sample size. There seems to be no obvious connection between AT
in the upper extremities as few other studies have considered AT in the upper ex-
tremities. For example, Gallagher et al. found no significant differences in arm AT
by diabetes status (Gallagher et al. 2009). Recent large cohort studies acquire
MRI in supine position, thereby excluding the analysis of upper extremity AT by
design.

Available methods for image segmentation developed over time and changed
in their approach from manual and semiautomatic to fully automated methods.
Crucial to all methods, is the anatomical standardization to obtain more objective
AT measurements, particularly regarding separation of VAT. Thomas et al. con-
sidered internal fat from the femoral heads to the slice containing the top of the
liver or the base of the lungs as visceral (Thomas et al. 1998). Another possibility
is taking the cardiac apex as a surrogate measure for the diaphragm which is not
visible on MRI [Machann2005]. In the past decades, automatization of the AT
quantification implemented histogram-/thresholding-based approaches in combi-
nation with manual drawing (Machann et al. 2005b), inclusion of prior anatomical
knowledge and region-growing (Thomas et al. 1998), fuzzy clustering in combina-
tion with region-growing (Würslin et al. 2010; Müller et al. 2011), statistical shape
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models (Wald et al. 2012) or (multi) atlas-based approaches (Borga et al. 2015).
More recently, with introduction of the seminal U-Net architecture Ronneberger
et al. 2015; Çiçek et al. 2016, deep learning (DL)-based methods have been pro-
posed for semantic AT segmentation (Estrada et al. 2020; Küstner et al. 2020;
Bhanu et al. 2022). A more general perspective on DL-based medical image seg-
mentation and a state-of-the-art implementation for many different applications
was introduced with nnU-Net that automated not only the image segmentation
itself, but also the design of the entire segmentation pipeline including topological
parameters of the model architecture as well as image pre- and postprocessing
(Isensee et al. 2021). Instead of developing a specialized method for every new
problem, the automatic adaptation capabilities of nnU-Net to the characteristics
of a given data set substantially simplified the error-prone and time-consuming
experimentation process of DL model optimization.

1.3 Cohort data

For the scope of this thesis, MRI data from two different cohorts of healthy sub-
jects are considered: The German National Cohort (NAKO Gesundheitsstudie,
NAKO) and prospective intervention studies in the framework of the German Cen-
ter for Diabetes Research (Deutsches Zentrum für Diabetesforschung, DZD).

1.3.1 German National Cohort

NAKO is a multidisciplinary, population-based, longitudinal cohort study that aims
to investigate the causes of widespread diseases, identify and better characterize
lifestyle and socioeconomic risk factors, and improve early detection and preven-
tion of major chronic diseases such as cardiovascular diseases, cancer, diabetes,
neurodegenerative and psychiatric diseases, musculoskeletal diseases, and res-
piratory and infectious diseases. Between 2014 and 2019, over 200,000 par-
ticipants aged 19 to 74 years were randomly selected and examined across 18
study centers. NAKO collects follow-up information on incident diseases through
a combination of active follow-up via written questionnaires at 2–3-year inter-
vals and passive follow-up via record linkages. All participants are invited for
re-examinations every four to five years to gather longitudinal data on changes in
risk factor profiles and various health functions (Peters et al. 2022).

For a subset of approximately 30,000 participants, whole-body MRI examina-
tions have been conducted at five imaging sites across Germany (Augsburg,
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Berlin, Essen, Heidelberg, and Neubrandenburg) using a dedicated neurologic
(morphologic and functional imaging of the brain), cardiovascular (morphologic
and functional imaging of the cardiovascular system), thoracoabdominal, and
musculoskeletal imaging protocol on standardized 3 Tesla whole-body scanners
(Magnetom Skyra, Siemens Healthcare, Erlangen, Germany). For thoracoab-
dominal imaging, a 3D VIBE two-point Dixon sequence is applied from head to
knee (Bamberg et al. 2015) (in contrast to UKB which included Dixon MRI from
head to feet). Details on the protocol are given in paper 1 (sec. 2.1). In July 2024,
the first MRI examinations of the second follow-up have been conducted.

1.3.2 German Center for Diabetes Research

Ongoing cross-sectional and interventional studies involving metabolic imaging
conducted within the framework of the DZD for the study of prevention and remis-
sion of T2D. Adaptions of lifestyle and lifestyle interventions, for example, modifi-
cations of diet and physical exercise, are standard procedures in the prevention
of T2D overarchingly aiming at the loss of body weight (≥7% for people with
prediabetes according to current standards of the American Diabetes Associa-
tion). Within TULIP or the multicentric Prediabetes Lifestyle Intervention Study
(PLIS), a combined approach of reduced energy intake from fat and saturated
fatty acids with increased dietary fiber intake accompanied by advised physical
exercise of three hours weekly over the course of one year (PLIS) or two years
(TULIP) is recommended. PLIS also included an intensified physical exercise
treatment of six hours per week, leading to more pronounced beneficial effects
on BMI, insulin sensitivity, and liver fat content (Fritsche et al. 2021). Sandforth et
al. showed that detailed AT monitoring can be used to study differences in par-
ticipants with successful remission of prediabetes compared to non-responding
participants: responders to remission of prediabetes were characterized by re-
duced VAT (Sandforth et al. 2023). Other studies, for example, the DiRECT trial
based in Newcastle, UK, focused on nutrition and implemented a total diet re-
placement (Lean et al. 2018), showing that 10% of the original intervention group
were still in remission at year five (Lean et al. 2024).

The imaging protocol of current DZD studies has adopted and extended the
thoracoabdominal MRI protocol of the NAKO: MR examinations applying 3D VIBE
two-point Dixon and multi-echo Dixon techniques were performed on a 3 T whole-
body scanner (Magnetom Vida, Siemens Healthcare, Erlangen, Germany). Sub-
jects were positioned head first in supine position on a 24-channel table-integrated
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spine-array coil. For homogeneous coverage of the body trunk, two 18-channel
body-array coils were placed on chest and lower abdomen. Multi-echo Dixon was
acquired in three axial slabs covering the trunk. Details on the protocol are given
in paper 2 (sec. 2.2) and paper 3 (sec. 2.3).

1.4 Objectives of the thesis

Retrospective analysis of large cohort studies as well as consecutive assessment
of adipose tissue compartments from MRI in ongoing cross-sectional and inter-
ventional studies depend on reliable, precise, objective, and time-saving methods
for image analysis. The publications comprising this thesis contribute to the stan-
dardization of MR-based localization and quantification of adipose tissue com-
partments in cohorts of healthy subjects by

1. reliable and precise quantification of visceral and subcutaneous adipose
tissue in the trunk, standardized between the femoral and humeral heads,
based on data from more than 11,000 participants of the NAKO by devel-
opment and evaluation of an automated deep learning-based segmentation
model.

2. enabling standardized assessment of subregional distribution of vertebral
proton density fat fraction in lumbar and thoracic vertebral bodies by devel-
opment of an automated deep learning-based segmentation model

3. estimation of proton density fat fraction from confounded fat fractions in the
liver, skeletal muscles, and vertebral bodies with high reliability by derivation
of linear correction equations from matching two-point and multi-echo Dixon
images of 100 study participants.
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2 Results and discussion

2.1 Analysis of volume and topography of adipose

tissue in the trunk: Results of MRI of 11,141

participants in the German National Cohort

Haueise T, Schick F, Stefan N, Schlett CL, Weiss JB, Nattenmüller J, Göbel-
Guéniot K, Norajitra T, Nonnenmacher T, Kauczor HU, Maier-Hein KH, Niendorf
T, Pischon T, Jöckel KH, Umutlu L, Peters A, Rospleszcz S, Kröncke T, Hosten N,
Völzke H, Krist L, Willich SN, Bamberg F, Machann J.
Analysis of volume and topography of adipose tissue in the trunk: Results of MRI
of 11,141 participants in the German National Cohort.
Sci Adv. 2023;9(19):eadd0433.

Methodological background and approach
As introduced in sec. 1.2, nnU-Net marked a paradigm shift in the development
and application of DL-based segmentation models to a variety of tasks facilitat-
ing iterative task-specific design and configuration choices, for example, model
architecture, training schedule, or image preprocessing. An additional feature of
nnU-Net is its data efficiency, which makes it particularly suitable for applications
with limited training data (Isensee et al. 2021). For segmentation of VAT and SAT,
training data need to be generated in a time-consuming process by manually an-
notating on average 180 axial slices (six to eight hours) per data set. Creation
of training data was based on the model by Küstner et al. (Küstner et al. 2020)
but needed several improvements: 1) stratification of data sets by sex, age, and
BMI, 2) removal of (partially visible) arms, 3) clear delineation of abdominopelvic
cavity, and 4) removal of vertebral and femoral BMAT.

The network topology of the U-Net model for the segmentation of SAT and VAT,
automatically configured by nnU-Net (Isensee et al. 2021), is shown in Fig. 2.1a.
For the block of each layer, Fig. 2.1b details the implementation. Exceptions to
the default kernel size of 3x3x3 for convolutions or 2x2x2 and 1x1x1 for strides,
are marked in Fig. 2.1a. For reasons of clarity, the four additional outputs at each
step of the decoder used for deep supervision, i.e., additional auxiliary losses
added in the decoder allowing gradients to be injected deeper into the network
and facilitating the training of all layers (Isensee et al. 2021), are omitted. Instance
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Figure 2.1: Network topology of nnU-Net model. Automatically configured U-
Net model for the segmentation of VAT and SAT (a) by nnU-Net (Isen-
see et al. 2021). Each resolution step in (a) consists of the block de-
tailed in (b). Exceptions to default kernel size for convolutions or stride
are given in (a). Downsampling from one resolution step to another
is implemented as strided convolution. Upsampling in the decoder
path is realized by transposed convolutions with strides matching the
corresponding downsampling operation in encoder path. Additional
outputs for deep supervision are omitted.

normalization is implemented as affine functions and LeakyReLU was used to
introduce nonlinearity. The model has a total of 30,758,784 trainable parameters.

nnU-Net prioritizes large patch sizes over large batch sizes, i.e., input patches
with a dimensionality of 128x112x128 (Depth×Height×Width) are fed into the
network using a batch size of 2. In the encoder path, for each image patch, the
number of channels is increased from one (the original grayscale color of the in-
put image) up to 320 in the deepest layer while the image size gets downsampled
according to the size of stride kernel, i.e., a stride of 2 bisects the size of the cor-
responding axis. In the decoder path, the process is reversed using transposed
convolutions (Zeiler et al. 2010) for upsampling with strides matching the corre-
sponding downsampling operation in the encoder path. The output convolution
with a 1x1x1 kernel follows the default block of the final layer of the decoder. The
remaining three channels represent the discrete segmentation mask created by
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the model with three classes: background (0), SAT (1), and VAT (2).
Five-fold cross-validated training optimizing the loss function, implemented as

the sum of cross-entropy and Dice loss (Drozdzal et al. 2016), of the segmen-
tation model was performed iteratively in two steps, starting with a baseline of
20 randomly selected training data sets with above-mentioned improvements in
manual data annotation. After the evaluation of the first nnU-Net training, data
sets of five participants with a low BMI of approx. 20 kg/m² per sex were added to
the training data set, as the segmentation of fine VAT structures was particularly
inaccurate in people with a low BMI.
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Figure 2.2: Comparison of two different strategies for training data set ex-
tension. Comparison of the model uncertainty (the lower, the better)
for the segmentation of SAT and VAT using two different strategies for
the expansion (adding n=10 data sets each, shown in green and blue)
of the baseline training data set (n=20, shown in red).

This manual extension strategy based on contextual reasoning was compared
with an active learning-inspired metric-based strategy, i.e., adding ten data sets
with highest mean model uncertainty. As shown in Fig. 2.2, the model uncertainty
score was lower for the training with 10 manually added data sets compared to
the metric-based strategy while both models showed improvements compared to
baseline. Mean Dice scores were also higher using the manual strategy based
on prior knowledge (0.948 for VAT, 0.973 for SAT) compared to the uncertainty-
based strategy (0.947 for VAT, 0.971 for SAT) and baseline (0.945 for VAT, 0.970
for SAT).
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Figure 2.3: Mean training metrics of nnU-Net model for segmentation of SAT
and VAT. Mean training and validation loss (a) from five-fold cross-
validated training and Dice scores for SAT and VAT (b) during training
a nnU-Net model for 1000 epochs.

Fig. 2.3 shows the training progress of the nnU-Net model for the segmentation
of SAT and VAT in terms of mean loss of training and validation splits (Fig. 2.3a)
and Dice score for SAT and VAT as evaluation metric (Fig. 2.3b). Mean duration
of one epoch of training was 298 seconds (approx. five minutes), resulting in an
average training time per fold of 83 hours on a NVIDIA V100 graphics card.
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Analysis of volume and topography of adipose tissue in
the trunk: Results of MRI of 11,141 participants in the
German National Cohort
Tobias Haueise1,2,3, Fritz Schick1,2,3, Norbert Stefan1,2,4, Christopher L. Schlett5, Jakob B. Weiss5,
Johanna Nattenmüller5,6, Katharina Göbel-Guéniot5, Tobias Norajitra7, Tobias Nonnenmacher6,
Hans-Ulrich Kauczor6, Klaus H. Maier-Hein8,9, Thoralf Niendorf10,11, Tobias Pischon12,13,14,15,
Karl-Heinz Jöckel16, Lale Umutlu17, Annette Peters18,19,20,21, Susanne Rospleszcz18,19,20,
Thomas Kröncke22,23, Norbert Hosten24, Henry Völzke25,26, Lilian Krist27, Stefan N. Willich27,
Fabian Bamberg5†, Juergen Machann1,2,3*†

This research addresses the assessment of adipose tissue (AT) and spatial distribution of visceral (VAT) and sub-
cutaneous fat (SAT) in the trunk from standardized magnetic resonance imaging at 3 T, thereby demonstrating
the feasibility of deep learning (DL)–based image segmentation in a large population-based cohort in Germany
(five sites). Volume and distribution of AT play an essential role in the pathogenesis of insulin resistance, a risk
factor of developingmetabolic/cardiovascular diseases. Cross-validated training of the DL-segmentation model
led to a mean Dice similarity coefficient of >0.94, corresponding to a mean absolute volume deviation of about
22 ml. SAT is significantly increased in women compared to men, whereas VAT is increased in males. Spatial
distribution shows age- and body mass index–related displacements. DL-based image segmentation provides
robust and fast quantification of AT (≈15 s per dataset versus 3 to 4 hours for manual processing) and assess-
ment of its spatial distribution from magnetic resonance images in large cohort studies.
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original U.S. Government
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under a Creative
Commons Attribution
License 4.0 (CC BY).

INTRODUCTION
The obesity pandemic is growing rapidly; in 2016, 39% of the adult
world population was overweight, and 13% were obese. The world-
wide prevalence has nearly tripled since 1975 (1). Abdominal
obesity, as manifested by increased visceral adipose tissue (VAT)
(2), shows a strong correlation to insulin resistance and is a key con-
dition of the metabolic syndrome, which is associated with the risk
of developing type 2 diabetes (3–5) and a major risk factor for a wide
range of other diseases (6, 7) such as cardiovascular diseases (8, 9)
and several types of cancers (10, 11).

Not only the volume of adipose tissue (AT) but also its regional
distribution are considered to play an essential role in the pathogen-
esis of insulin resistance (12, 13), implying the necessity to charac-
terize individuals for body fat distribution in addition to exclusively
determine simple anthropometric measures as, e.g., body mass
index (BMI) or waist-to-hip ratio, as, especially VAT shows a
better correlation to metabolic parameters (9, 14–17). For
example, regarding metabolically healthy obesity, in the Tübingen
Diabetes Family Study (TDFS), the metabolically healthy and
insulin-sensitive obese individuals were found to differ in liver fat
content, intramyocellular lipids, and VAT but not in body weight,
height, or waist circumference (WC), from the metabolically un-
healthy and insulin-resistant obese individuals (14). Furthermore,
in the TDFS, insulin secretion failure, insulin resistance, fatty liver
[measured by 1H magnetic resonance (MR) spectroscopy], and MR
imaging (MRI)–determined visceral obesity, but not BMI categories
or visceral obesity based on WC measurement, were independent
determinants of prediabetes (18). Therefore, noninvasive assess-
ment using whole-body MRI, which is able to precisely distinguish
between VAT and subcutaneous adipose tissue (SAT), has been es-
tablished (19) and can be regarded as gold standard for the

assessment of topography and quantification of AT. State-of-the-
art MRI techniques enable gapless acquisitions with high spatial res-
olution as provided by three-dimensional (3D) chemical shift selec-
tive MRI using Dixon-based techniques (20, 21). Large population-
based cohort studies such as the German National Cohort (GNC)
(22) or the U.K. Biobank (23) provide comprehensive databases for
the assessment of AT depots from MRI (24).

Volumetric localization and quantification of AT from MRI are
based on slice-wise semantic segmentation of AT compartments.
Manual segmentation requires trained personnel, is time-consum-
ing, is costly and—especially in large cohort studies using whole-
body images—not feasible in practice. Recent studies have imple-
mented automated segmentation algorithms using atlas-based seg-
mentation (21, 25, 26), statistical shape models (27, 28), or machine
learning (29–31) on 2D or 3D data using 2D and 3D segmentation
algorithms (32) and demonstrated the applicability of the methods
in small- to medium-sized populations.

Because of the success of deep learning (DL) algorithms in
medical image analysis (33), many task-specific and highly special-
ized DL models, often mainly focused on improving model training
evaluation metrics, have been proposed (30, 31, 34, 35). Because of
specific assumptions on input data and nontrivial, often undocu-
mented configuration, the applicability of most of these models in
a broader scientific setting is limited. Furthermore, these models do
not necessarily output anatomically accurate results despite im-
proved training evaluation metrics, as time resources are invested
in an iterative trial-and-error process during method design
instead of providing accurate examples of manual segmentation
(model-centric DL). Recently, this issue was addressed by the intro-
duction of nnU-Net (36). This framework quantitatively confirms
that the configuration (including data processing pipeline, training
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parameters, etc.) of a DL model has more impact on its performance
than architectural variations. Consequently, nnU-Net enables
cross-task generalization and can be used as an out-of-the-box
tool (36) paving the way toward data-centric artificial intelligence
that is focused on applications of DL by improving its underlying
data (37).

The purpose of this study is to assess the volume of different AT
compartments of the body trunk, i.e., VAT ranging from hip to
cardiac apex, and SAT, which is differentiated in subcutaneous ab-
dominal adipose tissue (SAAT) and subcutaneous thoracic adipose
tissue (STAT) using the cardiac apex as the boundary and their
spatial distribution along the craniocaudal axis, thereby demon-
strating the feasibility of using DL-based image segmentation in a
large population-based cohort undergoing MRI.

RESULTS
Automatic data processing using DL segmentation model
On the basis of 30 stratified randomly selected samples from the
GNC, fivefold cross-validated training of the nnU-Net segmenta-
tion model (exemplary results shown in Fig. 1) led to mean Dice
similarity coefficients (DSCs) for VAT, SAAT, and STAT of 0.947
± 0.033 (0.855 to 0.983), 0.981 ± 0.011 (0.933 to 0.993), and 0.955
± 0.028 (0.850 to 0.984), corresponding to a mean absolute volume
deviation of AT volume of −18.4, 27.5, and 20.3 ml, respectively.
Bland-Altman plots (see Fig. 2) showed good agreement and low
bias of manual and automated quantification of AT in all three com-
partments. Comprehensive cross-validation model performance
metrics are summarized in Table 1. Intrareader similarity (IRS) of
the main annotator is 0.916 (SAAT), 0.876 (STAT), and
0.777 (VAT).

On the basis of a population of 11,191 participants of the GNC,
the application of the trained segmentation model led to the uncer-
tainty-based detection of 217 (about 2% of the entire population)
potential outliers. After their manual inspection, 21 participants
(about 10% of the automatically initially classified outliers) had to
be excluded because of imaging errors (partial fat-water swaps) (see
Fig. 3, A and B) in the abdomen. False-positive outliers that could be
kept after manual inspection mostly include participants with very

low AT volume (see Fig. 3, C and D). Manual inspection of 1120
additional participants was unremarkable. In addition, two partic-
ipants had to be excluded because of corrupted image data, and 27
had to be excluded because of missing height or weight measure-
ments yielding a total of 11,141 participants (5708 males and
5433 females) for AT quantification to form the study population.
WC was available from 11,117 participants (5697 males and 5420
females). Anthropometric data of the analyzed study population
can be found in Table 2.

Assessment of AT volume and distribution
Regarding the entire study population, females were characterized
by significantly higher SAAT and STAT compared to males (7.68 ±
3.88 and 3.78 ± 1.77 liters for females and 6.17 ± 3.05 and 2.81 ±
1.17 liters for males, respectively; see Fig. 4, first and second
column, A, B, D, E, G, and H). Males had significantly higher
VAT volume (4.84 ± 2.36 liters for males and 2.51 ± 1.55 liters for
females; see Fig. 4, last column, C, F, and I).

Females showed a stronger correlation of SAAT, STAT, and VAT
with BMI compared to males. SAAT showed the strongest correla-
tion with BMI in both genders. All correlation coefficients are sum-
marized in Table 3. Moreover, normal-weight individuals of both
genders show variability in VAT (0.5 to 9.4 liters for males and
0.2 to 5.9 liters for females) and SAAT (0.7 to 8.9 liters for males
and 0.8 to 11.3 liters for females). The range of variability of VAT
(1.6 to 15.3 liters for males and 1.2 to 10.3 liters for females) and
SAAT (3.4 to 26.3 liters for males and 5.9 to 29.4 liters for
females) is even greater for obese individuals indicating the pres-
ence of the “thin outside fat inside” phenotype with a high share
of VAT despite being lean (38) and metabolically healthy obese in-
dividuals with a low share of VAT, despite being obese (14).

Regarding the association with age, SAAT and STAT showed
negligible correlation in both genders. VAT showed a moderate
but significant positive correlation with age in both genders (see
Table 3). Considering age decades, participants in the oldest
group of the study population (age > 60 years) had 3.33 ± 1.60
liters of VAT compared to 1.27 ± 0.75 liters (+162%) in the youngest
age group (age < 30 years) for women and 5.84 ± 2.34 liters of VAT
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compared to 2.18 ± 1.30 liters (+167%) for men with each age group
showing wide variability (see Fig. 4, G to I).

Using anthropometric measures routinely collected in clinical
practice (i.e., age, height, and weight) to explain the variation in
MRI-assessed AT compartments showed that the addition of WC
lead to an improved prediction for all AT compartments. While
VAT showed no gender-specific differences (R2 = 0.75 for men
and women), the variation of both subcutaneous AT compartments
was better explained in women (R2 = 0.90 for SAAT and R2 = 0.80
for STAT) compared to men (R2 = 0.81 for SAAT and R2 = 0.72 for
STAT). An overview of all models is provided in table S1.

Regarding the regional spatial distribution of VAT along the cra-
niocaudal axis, there were significant age-dependent differences in
the group of normal-weight males. VAT shifts from the pelvis to the
abdomen with increasing age. Normal-weight females do not show
such displacement (see Fig. 5, A and C). In addition, obese males
had less VAT in the pelvis region and showed an age-dependent dis-
placement of VAT towards the lower abdomen. This observation
did not apply to females with obesity (see Fig. 5, B and D). Consid-
ering SAT, especially in normal-weight females, a similar displace-
ment of AT from the pelvis to the abdomen was observed. Females
with obesity did not show any age dependency of the regional dis-
tribution of SAT, whereas males with obesity showed a similar re-
distribution of SAT (see Fig. 6, B to D).

DISCUSSION
Automated MR image segmentation for the analysis of AT com-
partments of the body trunk using nnU-Net yields state-of-the-
art performance without any manual configuration. On the basis
of 30 stratified randomly selected and manually annotated
samples from the GNC, the model offers robust and fast segmenta-
tion performance in terms of low SD in model evaluation metrics
(Table 1) and low detection rate of uncertainty-based outliers.
Moreover, an improvement of quantitative and qualitative measures
compared to the literature is achieved [e.g., increase in mean DSC
by 0.02 for SAT and 0.06 for VAT compared to Küstner et al. (30),
respectively]. With regard to the absolute volumetric error in AT
quantification, high agreement with the manual segmentation
could be achieved narrowing the reported quantification error
range (29). Only by using DL-based image processing, large data
sizes can be handled in a reasonable amount of time. For
example, using a trained nnUNet model for the segmentation of
data from a single individual takes about 15 s compared to 3 to 4
hours of pure manual segmentation.

Qualitatively, previous studies (30, 34, 35) revealed weaknesses
in the delineation of VAT leading to inaccurate AT quantification,
e.g., by including intermuscular fat around the spine, vertebral bone
marrow, the skeletal muscles, and parts of the pelvic cavity or by
completely ignoring abdominal AT compartments besides SAT.
The anatomically standardized segmentation of VAT and SAT

Fig. 1. Examples of successful segmentations. 3D view and exemplary coronal slice of segmented SAT (yellow) and VAT (red). (A and B) Male participant, 42 years; BMI,
34.5 kg/m2; SAAT, 10.5 liters; STAT, 4.2 liters; VAT, 6.8 liters. (C and D) Male participant, 26 years; BMI, 22.9 kg/m2; SAAT, 5.9 liters; STAT, 2.8 liters; VAT, 2.4 liters.
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obtained from nnU-Net overcomes these weaknesses. On the basis
of unremarkable model uncertainty scores and additional manual
review, the model performance directly translates to the large
study population of the GNC.

Results from this work are able to confirm and extend the find-
ings of smaller studies in terms of MR population size (16, 20, 39).
First, volumetric segmentation allows assessment of regional spatial

AT distribution along the craniocaudal axis leveraging the high
spatial resolution of the MR data. A recent study evaluates the asso-
ciation of AT volumes with cardiometabolic diseases but omits the
aforementioned advantages using models based on 2D projection
images (40). Second, increased population size will allow correla-
tions with anthropometric data, age effects, and sex differences in
a fine-grained way (9).

In the GNC, more than 95% of the participants are Caucasians
(22), and thus, the presented results most likely reflect this ethnicity
with generalizable accuracy. However, because the relations
between different AT compartments and their distribution within
different ethnic groups are similar within these groups, the de-
scribed methods are also applicable and can be used to describe
other ethnic groups in a similar manner.

Furthermore, MRI-assessed AT compartments, especially VAT,
yield deeper insight compared to basic anthropometric measures.
Independent of gender, anthropometric measures (age, height,
weight, and WC) explain 75% of the variation in VAT correspond-
ing to an estimated standard error of 1.18 liters in men and 0.77
liters in women, respectively. In a study using dual-energy x-ray ab-
sorptiometry, it has been reported that approximately 90% of the
variation in total fat mass is explained by age, height, weight, and
ethnicity (41). This study now provides information about the
impact of age and simple anthropometric measures on the variation
of SAAT, STAT, and VAT (table S1). Together, this study does not
intend to abandon any common (and cost effective) measures of
abdominal obesity in favor of (expensive) MRI but to show the po-
tential of this technique in terms of differentiation of AT compart-
ments, their volumetric quantification and the possibility of future
research of AT distribution along the craniocaudal axis—all of these
aspects will probably help in characterizing the general population,
taking into account the individual risk for metabolic diseases.

This study has some limitations. First, moderate IRS of the main
annotator introduces noise to the training labels of the segmenta-
tion model. This noise can lead to systematic errors that are hard to
detect as the model is optimized to reproduce the manual segmen-
tations. Second, the automated detection of the region of interest
can also introduce small systematic errors by missing VAT depots
accumulated close to the diaphragm. Third, this study does not

Fig. 2. Agreement of manual and automated segmentation. Bland-Altman plots showing the agreement of SAAT (A), STAT (B), and VAT (C) quantification.

Table 1. Model performance metrics. Mean validation metrics of the
class-wise confusion matrix and SD of the fivefold cross-validated model
training using a total of 30 annotated datasets.

SAAT STAT VAT

Accuracy 0.998
± 0.001

0.995
± 0.002

0.998
± 0.001

Dice 0.981
± 0.011

0.955
± 0.028

0.947
± 0.033

False discovery rate 0.022
± 0.014

0.050
± 0.037

0.047
± 0.032

False-negative rate 0.017
± 0.014

0.040
± 0.027

0.058
± 0.038

False-omission rate 0.001
± 0.001

0.002
± 0.001

0.001
± 0.001

False-positive rate 0.001
± 0.001

0.003
± 0.002

0.001
± 0.001

Jaccard 0.962
± 0.027

0.915
± 0.048

0.902
± 0.057

Negative
predictive value

0.999
± 0.001

0.998
± 0.001

0.999
± 0.001

Precision 0.979
± 0.015

0.950
± 0.037

0.953
± 0.032

Recall 0.983
± 0.014

0.960
± 0.027

0.942
± 0.038

True-negative rate 0.999
± 0.001

0.997
± 0.002

0.999
± 0.001

Relative error (%) 0.52 ± 1.87 1.17 ± 3.94 −1.25 ± 2.79
Absolute error (ml) 27.5 ± 140.9 20.3 ± 71.5 −18.4 ± 51.1
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evaluate additional variables associated with diseases (metabolic
data or laboratory parameters) and is limited to basic anthropomet-
ric data and image-based parameters. Fourth, an independent an-
notated testing dataset is missing and manual inspection of all
segmentation results is not feasible because of the size of the pop-
ulation. However, the low true-positive rate (7%) of the outlier de-
tection in combination with a manual check for anomalies (10% of
the study population) sufficiently minimizes the probability of

unidentified error. Fifth, the applied Dixon technique just allows
a binary decision in the presence of fat mass and is not capable to
detect small amounts of ectopic fat (e.g., in the liver, pancreas, or
skeletal muscles), which would add important additional informa-
tion on the metabolic condition of the individuals (14, 16, 39).

In conclusion, the results presented demonstrate the effective-
ness of the nnU-net model to provide automated assessment of
the volume and topography of AT in humans, with accuracy and

Fig. 3. Outlier detection. Examples of detected outliers based on model uncertainty. (A and B) True-positive detected outlier due to partial fat-water swap in the
abdomen; quantification of AT is not possible [(A) without model–generated segmentation and (B) model-generated segmentation]. (C and D) False-positive detected
outlier due to low AT volume [(C) without model–generated segmentation and (D) model-generated segmentation]; quantification of AT is possible.

Table 2. Study population. Anthropometric data and AT volumes obtained from automatic segmentation of the entire study population and anthropometrics of
the training data. *P < 0.05.

Male Female
Means ± SD Range Means ± SD Range

Study
population

n 5708 – 5433 –
Age (years) 52.1 ± 11.4 20–72 51.7 ± 11.3 20–72
Height (kg) 178.2 ± 7.0 152.8–204.6 164.9 ± 6.5 126.4–189.0
Weight (kg) 86.9 ± 14.3 45.8–191.6 71.2 ± 14.4 37.9–157.5
BMI (kg/m2) 27.4 ± 4.1 15.6–49.4 26.2 ± 5.2 16.2–54.6
WC† (cm) 97.4 ± 12.1 63.2–165.0 86.1 ± 13.1 54.0–150.0

SAAT (liters) 6.17 ± 3.05 0.66–26.3 7.68 ± 3.88 0.83–29.4
STAT (liters) 2.81 ± 1.17 0.36–13.6 3.78 ± 1.77 0.38–16.0
VAT (liters) 4.84 ± 2.36 0.54–15.3 2.51 ± 1.55 0.22–10.3

Training data‡ n 15 – 15 –
Age (years) 44.5 ± 14.7* 24–69 44.9 ± 13.4* 23–64
Height (kg) 175.5 ± 8.0 164.4–190.6 164.5 ± 8.2 152.6–176.5
Weight (kg) 81.0 ± 15.3 58.7–111.9 66.1 ± 20.0 46.7–106.4
BMI (kg/m2) 26.6 ± 6.4 20.0–37.5 24.6 ± 7.9 18.2–37.0
WC (cm) 91.9 ± 14.6 72.7–125.0 82.0 ± 17.5 64.1–111.6

†Analysis included all individuals with WC data available (n = 5697males and n = 5420 females). ‡Differences between the complete study population and the
training subset are tested for significance.
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Fig. 4. Anthropometric associations.Association and linear regression of AT compartments with BMI [SAAT formales (A) and females (D), STAT formales (B) and females
(E), and VAT for males (C) and females (F)] and with age [SAAT (G), STAT (H), and VAT (I)].

Table 3. Correlations with anthropometric data. *P < 0.05 and **P < 0.001.

SAAT STAT VAT

Male Female Male Female Male Female

Age 0.07** 0.15** 0.22** 0.28** 0.40** 0.41**

Height 0.10** −0.03* 0.05** −0.10** −0.01 −0.11**
Weight 0.85** 0.91** 0.78** 0.82** 0.71** 0.74**

BMI 0.86** 0.93** 0.81** 0.87** 0.77** 0.79**

WC† 0.85** 0.89** 0.83** 0.86** 0.85** 0.84**

†Analysis included all individuals with WC data available (n = 5697 males and n = 5420 females).
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precision equivalent to that of skilled human observers. This ap-
proach and the results obtained from the large population of the
GNC are relevant for both epidemiological and clinical perspec-
tives. On the basis of automated MR image analysis, meaningful ep-
idemiological data illustrating prevalence and associated
cardiometabolic disease burden of AT compartments allow to iden-
tify gender-specific and regional characteristics. By complementing
existing risk prediction models with characterization of body fat dis-
tribution, improved and individualized risk estimation will be pos-
sible, as earlier identification of individuals at risk will lead to more
timely and individualized prevention and treatment.

MATERIALS AND METHODS
German National Cohort
The GNC (NAKO Gesundheitsstudie) is a population-based, longi-
tudinal multicentric cohort study in Germany enrolling >200,000
participants selected randomly from the population. Its main objec-
tive is to identify and to characterize risk factors for major chronic
diseases (e.g., diabetes mellitus and cancer) (22). For a subset of ap-
proximately 30,000 participants, whole-body MRI examinations
have been conducted at five imaging sites using dedicated neurolog-
ic, cardiovascular, thoracoabdominal, and musculoskeletal imaging
protocols (42). All local on-site institutional review boards in charge

of the five imaging sites approved the GNC, and written informed
consent of all participants was obtained before study enrollment.

MRI data acquisition
MRI was performed at five sites using 3-T whole-body scanners (all
MAGNETOM Skyra, Siemens Healthineers, Erlangen, Germany)
using a standardized acquisition protocol (42). Imaging of the
body trunk was performed using a dedicated T1-weighted 3D
VIBE two-point DIXON sequence in axial orientation with 3 mm
in section thickness, 1.4 mm–by–1.4 mm in-plane voxel size, echo
times of 1.23 and 2.46 ms, and a repetition time of 4.36 ms accord-
ing to the GNC protocol (42). From this, fat- and water-selective
images are automatically calculated on the scanners. For the sake
of data minimization, only fat-selective images are used in the anal-
yses. The data used in this study were obtained from the first GNC
release of MRI data, which includes 11,191 participants being
screened between May 2014 and December 2016.

Segmentation model
For the automated, retrospective analysis of the MR data, a stratified
(age and BMI) random sample of 30 (15 males and 15 females; de-
mographics are provided in Table 2) manually segmented fat-selec-
tive MR images was used to train a 3D U-Net model (nnU-Net, full-
resolution configuration) (36) to perform the segmentation of VAT
and SAT. The 3D nnU-Net model was trained out of the box for

Fig. 5. Spatial distribution of VAT. Age dependency of the regional distribution of VAT along craniocaudal axis. (A) Males with a BMI of <25.0 kg/m2, (B) males with a BMI
of >30.0 kg/m2, (C) females with a BMI of <25.0 kg/m2, and (D) females with a BMI of >30.0 kg/m2. Error bars show SEM.
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1000 epochs using fivefold cross-validation providing the mean (i.e.,
the output of an ensemble) of the five resulting independent models
as resulting segmentation as suggested by the authors (36). The
model-generated segmentations were evaluated by DSC and by
the actual volume of the AT compartments and the percentage of
the error.

Manual segmentation
The manual labeling process was performed by a doctoral student
under the supervision of two experienced medical physicists. IRS
was assessed after a 2-month interruption by resegmentation
from scratch of randomly chosen axial slices from the 30 originally
annotated datasets.

To assess VAT, defined as AT inside the abdominal cavity in-
cluding retroperitoneal structures such as the kidneys, pancreas,
or duodenum, in a standardized manner, AT accumulated around
the heart is excluded. The manual segmentation was performed
from the middle of the femoral heads to the cardiac apex, since
the thoracic diaphragm cannot be detected on the MR images.
SAT was segmented ranging from the middle of the femoral
heads to the middle of the humeral heads (see red dashed lines in
Fig. 7 indicating the different levels). By design, nnU-Net implicitly
recognizes these inferior and superior boundaries with no need for
an explicit adaption of the model to the region of interest.

Fig. 6. Spatial distribution of SAT. Age dependency of the regional distribution of SAT along craniocaudal axis. (A) Males with a BMI of <25.0 kg/m2, (B) males with a BMI
of >30.0 kg/m2, (C) females with a BMI of <25.0 kg/m2, and (D) females with a BMI of > 30.0 kg/m2]. Error bars show SEM.

Fig. 7. Manual segmentation. (A) Red dashed lines indicating the limits of the
ranges of manual segmentation (femoral heads to cardiac apex for VAT and
SAAT and cardiac apex to humeral heads for STAT, respectively) and (B and C)
axial examples of manual segmentations of SAT (yellow) and VAT (red).
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Uncertainty-based outlier detection
Because of the large population size of the cohort, an automated
measure for outlier detection in the segmentation based on mean
pairwise DSC of the cross-validated training folds to estimate the
model’s uncertainty (43) was used. Participants are classified as out-
liers if the model uncertainty is three interquartile ranges below the
first quartile of all participants. Detected outliers were reviewed
manually by three different scientists. In addition, random datasets
up to 10% of the study cohort were manually checked for anomalies.

Fat quantification and spatial distribution
For the analysis of the associations of AT depots and anthropomet-
ric data, SAT was differentiated in SAAT and STAT using the cardiac
apex as the boundary. The regional spatial distribution of the AT
compartments was described by considering the percentage of
total AT of the trunk along the craniocaudal axis.

Anthropometric data
Body height and weight were assessed using standardized measur-
ing instruments across the study centers (all Stadiometer 274 for
height and medical Body Composition Analyzer 515 for weight,
both seca GmBH, Hamburg, Germany). WC was measured at the
midpoint between the iliac crest and the lowest rib. The study par-
ticipants should come to the measurements with an empty bladder,
should not have been physically active in the last hour, and should
not lie down 10 min before the measurements (44). For further anal-
yses, normal weight was defined as BMI ≤ 25 kg/m2, whereas
obesity was defined as BMI ≥ 30 kg/m2.

Statistical analysis
Data are reported as means ± SD unless stated otherwise. Bland-
Altman plots are were used to visualize the agreement between
manual and automated AT quantification. IRS was measured as
DSC using true-positive, false-positive, and false-negative annotat-
ed image pixels. Model performance was evaluated using class-wise
metrics of the confusion matrix, e.g., DSC or precision. The associ-
ation of AT compartments and anthropometric (gender, age, and
BMI) data was assessed using linear regression and Pearson’s corre-
lation coefficient. Two-sample Welch’s t test was used for the deter-
mination of gender-related differences. The explained variation in
MRI-assessed AT compartments by anthropometric measures is
modeled using multiple linear regression models. SEM was used
in the visualization of regional AT distribution. P < 0.05 was con-
sidered statistically significant in this study. All statistical analyses
were performed in Python 3.8 using SciPy 1.5.4 and R version 4.2.0.

Supplementary Materials
This PDF file includes:
Table S1

View/request a protocol for this paper from Bio-protocol.
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2.2 Automated shape-independent assessment of

the spatial distribution of proton density fat

fraction in vertebral bone marrow

Haueise T, Stefan N, Schulz TJ, Schick F, Birkenfeld AL, Machann J.
Automated shape-independent assessment of the spatial distribution of proton
density fat fraction in vertebral bone marrow.
Z Med Phys. Published online January 30, 2023.

Methodological background and approach
In general, there are two different approaches for measuring PDFF in the bone
marrow of the vertebral bodies: Averaging the signal intensity in circular ROIs,
usually placed in a single slice in the center of the vertebral body under inves-
tigation, or averaging over the entire volume of the vertebral body. Principally,
circular ROIs can be placed in the image more quickly than manual delineation of
the vertebral bodies.
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Figure 2.4: Comparison between manual and automatic assessment. Man-
ual assessment of proton density fat fraction in vertebral bone marrow
from six-point Dixon MRI using circular regions of interest (ROI) in a
single slice in the center of vertebral bodies from the lumbar and tho-
racic spine (L3 to Th11) from 10 participants. ROI-based approach
leads to systematic overestimation compared to volumetric assess-
ment.
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However, this approach assumes a homogeneous distribution of the BMAT in the
vertebral body and neglects possible inhomogeneities or (intra- and interindivid-
ual) differences in its distribution. Three-dimensional imaging with a sufficiently
small partition thickness makes it possible to detect these inhomogeneities.

In addition to interindividual differences, the vertebral bodies also differ intrain-
dividually in terms of their volume or position in relation to axial images along the
spine. This can lead to further inaccuracies in the quantification of BMAT.

Considering volumetric quantification, delineation of vertebral bodies should
only include trabecular bone. Therefore, postprocessing, for example, binary ero-
sion with a small structuring element, is employed to ensure that no compact
bone or vertebral endplates are included.

Figure 2.4 illustrates the difference between manual ROI-based quantification
of PDFF in BMAT for five different vertebral bodies (L3 to Th11) compared to the
volumetric approach based on six-point Dixon MRI from 10 study participants.
Details on imaging and study population are given in the publication. In general,
the manual approach overestimated PDFF. Differences between the two methods
ranged from 8.1%pt in L3 to 5.5%pt in Th11.

Using dependent t-tests with α = 0.05 and Bonferroni correction for multiple
comparisons, all found differences were significant (L3: t9 = 9.42; P < .001, L2:
t9 = 9.36; P < .001, L1: t9 = 10.4; P < .001, Th12: t9 = 5.46; P = .002, Th11:
t9 = 8.90; P < .001).

Similar to sec. 2.1, a nnU-Net model was trained on 30 manually annotated
data sets to automatically segment the vertebral bodies along the spine from fat-
selective Dixon MRI. Before evaluating the segmentations, erosion with a 3x3
matrix-of-ones used as structuring element is applied.
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Abstract

This work proposes a method for automatic standardized assessment of bone marrow volume and spatial distribution of
the proton density fat fraction (PDFF) in vertebral bodies. Intra- and interindividual variability in size and shape of ver-
tebral bodies is a challenge for comparable interindividual evaluation and monitoring of changes in the composition and
distribution of bone marrow due to aging and/or intervention. Based on deep learning image segmentation, bone marrow
PDFF of single vertebral bodies is mapped to a cylindrical template and corrected for the inclination with respect to the
horizontal plane. The proposed technique was applied and tested in a cohort of 60 healthy (30 males, 30 females) indi-
viduals. Obtained bone marrow volumes and mean PDFF values are comparable to former manual and (semi-)automatic
approaches. Moreover, the proposed method allows shape-independent characterization of the spatial PDFF distribution
inside vertebral bodies.

Keywords: Bone marrow; CSE MRI; Deep learning; PDFF; Segmentation

1 Introduction

The composition and regional distribution of hematopoi-
etic (red) bone marrow (BM) in the vertebral bodies is vari-
able and subject to age- and gender-dependent changes in
healthy individuals (healthy aging) [1–4]. Furthermore, sig-
nificant changes in composition can occur due to metabolic

diseases (e.g. diabetes type 2), osteoporosis or hematological
diseases [5–9]. In addition, there are various therapeutic
strategies such as systemic chemotherapy and local radio-
therapy that change the composition of BM [10–13].

In order to study the properties of BM and to monitor
changes without radiation exposure, quantitative magnetic
resonance imaging (qMRI) and magnetic resonance

q Supported in part by a grant (01GI0925) from the German Federal Ministry of Education and Research (BMBF) to the German Center for Diabetes
Research (DZD e.V.). T.J.S. receives funding by the Deutsche Forschungsgemeinschaft (DFG, German Research Foundation) – Project No. 427826188 /
SFB 1444. Methodical tools were developed with support of the Deutsche Forschungsgemeinschaft (DFG, German Research Foundation) – Project No.
428224476/SPP 2177.
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spectroscopy (MRS) have been applied [14–17]. In contrast
to single voxel 1H-MRS, which has been considered the ref-
erence standard for the analysis of composition of BM but is
limited to localized focal regions of a few cm3 and therefore
not able to assess the spatial distribution of fat and water
inside vertebral bodies, quantitative imaging techniques
can be used to measure the bone marrow proton density
fat fraction (BMPDFF) in a three-dimensional volume cover-
ing the complete anatomical region of interest. As vertebral
bone marrow is characterized by short T2* times due to the
presence of iron containing paramagnetic hematopoietic
cells [18] and trabecular bone [17], multi-echo Dixon tech-
niques with consideration of the spectral fat signal compo-
nents and correction of the signal decay of the measured
components are currently considered the gold standard for
volumetric determination of BMPDFF (e.g. 6-point Dixon
[19]).

Quantitative assessment of BMPDFF can be performed
using different strategies: Evaluation of regions of interest
(ROIs) (e.g. central circular ROIs [1,5]), manual segmenta-
tion of the bone marrow cavity [20,21], or automatic seg-
mentation using deep learning incorporating multiple
sagittal image slices [22]. However, all those approaches
do not adequately consider the different size and interindi-
vidual variability in shape of the vertebral bodies: the regio-
nal distribution and inhomogeneity of BMPDFF inside the
vertebral body are often neglected. A standardized, shape-
independent method which is able to monitor features of
PDFF distribution inside vertebral bodies and to compare
changes in subgroups regarding anthropometric and clinical
parameters (e.g. insulin sensitivity) is still missing.

In this work, a shape-independent method for the stan-
dardized analysis of BMPDFF inside vertebral bodies is pre-
sented. Therefore, a three-dimensional deep learning (DL)-
based vertebral body segmentation model is used to generate
shape-independent BMPDFF distribution maps of the lumbar
spine that allow, besides the quantification of BMPDFF, an
interindividual analysis of sub-regional distribution patterns
inside the vertebral bodies.

2 Materials and methods

2.1 Subjects

For testing the proposed method, imaging data of a study
cohort of 60 healthy Caucasian volunteers without bone
malignancies in their medical history (30 females) was ana-
lyzed. The subjects were split in two age groups for males
and females using the median age of 50 years as threshold
(15 females <50 years, 33.9 ± 9.6 years, 24.9 ± 7.3 kg/m2;
15 females >50 years, 59.9 ± 6.2 years, 26.1 ± 6.3 kg/m2;
15 males <50 years, 32.6 ± 8.3 years, 26.3 ± 4.9 kg/m2; 15
males >50 years, 60.0 ± 6.5 years, 26.9 ± 3.7 kg/m2).

Differences in BMI between age groups were not significant
for both genders (p = 0.4067 and p = 0.3837, respectively).

The study was approved by the local ethics committee
and written informed consent was obtained from all subjects
prior to participation.

2.2 MR examinations

MR examinations were performed on a 3 T whole-body
scanner (Magnetom Vida, Siemens Healthcare, Erlangen,
Germany). Subjects were positioned head first in supine
position with a spine-array coil mounted on the patient table
of the scanner. For homogeneous coverage of the body
trunk, an 18-channel body-array coil was placed on the
lower abdomen. A 3D volumetric interpolated breath-hold
examination (VIBE) 6-point chemical-shift-encoding (CSE)
Dixon sequence covering the lumbar spine was executed
using the following parameters: matrix size 160x104, field-
of-view 380x313 mm, in-plane voxel size 1.2 x 1.2 mm, sec-
tion thickness 3 mm, TE = 1.09, 2.46, 3.69, 4.92, 6.15 and
7.38 ms, TR = 13 ms, flip angle 4�, encoding acceleration
with Caipirinha, factor 2 in both, phase-encoding and slice
encoding directions, bandwidth 1078 Hz/pixel, acquisition
time TA = 17 s (breath-hold). The PDFF maps were gener-
ated inline on the console of the scanner applying the ven-
dor’s algorithm, correcting for microscopic magnetic field
inhomogeneities (T2*) and applying a multi-peak fat model
[23].

For acquisition of training data for the DL model, a sim-
ilar T1-weighted VIBE two-point Dixon sequence with 1.4 x
1.4 mm in-plane voxel size, 3 mm section thickness,
TE = 1.23 ms and TR = 4.36 ms was applied.

2.3 Automated evaluation of BMPDFF using deep
learning-based image segmentation

For automated segmentation of the vertebral bodies, a
DL-based 3D U-Net model (nnU-Net, full resolution config-
uration) [24] was derived from an independent stratified
(gender, age, BMI) MRI data set of 30 subjects from local
ongoing studies as described above (see Sec. 2.2). The
manual labeling process of lumbar vertebrae was performed
by a doctoral student (T.H.) under the supervision of two
experienced medical physicists (>25 years of experience,
F.S., J.M.).

The model was trained out-of-the-box (i.e. without the
manual tuning of any hyperparameters) using a five-fold
cross-validation scheme over 1000 epochs, providing the
mean (i.e. the output of an ensemble) of the five independent
models as resulting segmentation as suggested in [24].

The model-generated segmentations were evaluated using
metrics of the class-wise confusion matrix as well as by the
volumetric error (spatial accuracy of the model) compared to
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the manual ground truth segmentation from the training set
as well as on a manually segmented stratified random sample
of 12 subjects from the study cohort.

For further validation of the obtained BMPDFF quantifica-
tion from the trained DL model, an independent, open access
reference database of lumbar BMPDFF values (MyoSeg-
menTUM spine) [25] was used.

After application of the trained DL model on the four
groups of the study cohort, volumetric characterization
(mean, min, max and SD of all voxels) of BMPDFF was
derived from the automatic segmentations of the 6-point
Dixon MR images by averaging over all voxels of the seg-
mented vertebral body.

2.4 Creation of standardized BMPDFF distribution maps

Based on the automatically obtained segmentations (see
Fig. 1A–C), each vertebral body is projected onto a stan-
dardized cylindrical shape using slice-wise linear interpola-
tion of the PDFF map. After this registration of each
vertebra to a standard cylindrical shape, three perpendicular

BMPDFF standardized distribution maps corresponding to the
mid-transverse, mid-sagittal and mid-coronal plane of each
vertebra can be derived and used for further analysis (see
Fig. 1D).

The cylindrical shape is defined in terms of sampling
points used for interpolation. In the mid-transverse plane
of each vertebra, an elliptical base area is constructed using
20 and 16 sampling points on the major and minor semi-
axes, respectively. First, the PDFF map is interpolated
row-wise along the direction of the horizontal axis. Second,
column-wise interpolation in the direction of the dorsoven-
tral axis is performed. According to the elliptical template
shape, the rows are resampled to yield the PDFF distribution
map. The mid-coronal and mid-sagittal planes are con-
structed using the center-of-mass of the segmented vertebral
body. Analogously, row-wise interpolation along the hori-
zontal or dorsoventral axis is followed by interpolation in
head-feet direction. Along the longitudinal axis, 20 sampling
points are used.

To correct for the vertebral body inclination in the trans-
verse plane, the segmented 3D PDFF image volume is

Figure 1. Workflow of the creation of standardized BMPDFF distribution maps. Based on automated segmentation of vertebrae (A, B), raw
BMPDFF values (C) are mapped to a standardized cylindrical shape using linear interpolation along horizonal and dorsoventral axes (D).
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rotated by detecting the inferior edge in the mid-sagittal
plane of each vertebra. Its inclination angle is obtained using
Hough transform of the segmentation map.

The extent to which the inclination correction has an
influence is investigated by analyzing mean BMPDFF, range
and SD of BMPDFF. SD is considered a measure of inhomo-
geneity of BMPDFF inside the vertebral body.

The generated standardized distribution maps are com-
pared to the corresponding raw PDFF image slices and the
volumetric assessment from the segmentation model in
terms of the metrics mentioned above.

2.5 Statistical tests

All data are reported as mean ± SD unless stated
otherwise.

Performance of the segmentation model is evaluated
using class-wise metrics of the confusion matrix, e.g. Dice
similarity coefficient (DSC).

Bland-Altman plots are used to visualize the agreement
between the automated volumetric quantification of BMPDFF

and the values derived from the proposed standardized distri-
bution maps.

Welch’s t-test or Mann-Whitney u-test are selected to
compare the different strategies for quantification and
assessment of differences in anthropometric measures, as
appropriate. p-values <0.05 were considered statistically
significant.

All statistical analyses were performed in Python 3.8
using SciPy 1.8.0.

3 Results

3.1 DL-based segmentation

The evaluation of the cross-validated training metrics
shows that the segmentation model precisely segments the
vertebral bodies of the lumbar spine, both in terms of mean
DSC (0.894 ± 0.026) and mean volumetric error (1.41
± 0.26 ml, corresponding to 8.63 ± 2.15 %) across all lum-
bar vertebrae. The cross-validation metrics are summarized
in Table 1.

On a random sample of the study cohort (n = 12, see Sec.
2.3), mean DSC (0.901 ± 0.024) and mean volumetric error
(1.52 ± 0.29 ml, corresponding to 7.48 ± 1.24 %) of all ver-
tebrae of the lumbar spine were found comparable within the
standard deviation.

External validation using MyoSegmenTUM spine refer-
ence data [25] shows good agreement in terms of BMPDFF

values. For female and male subjects <50 years, differences
in sample size and anthropometrics are not significant (15
females <50 years, 29.9 ± 7.1 years, 26.0 ± 1.6 kg/m2,
p = 0.2039 and p = 0.5771, respectively; 15 males <50

years, 30.5 ± 4.9 years, 27.4 ± 2.8 kg/m2, p = 0.4117 and
p = 0.4901, respectively). In both groups, differences in
BMPDFF of the lumbar spine are also not significant from
L5–L1 compared to the study cohort (p = 0.6840–0.8525
for females and p = 0.1031–0.8176 for males, respectively).

3.2 Standardized distribution maps

The correction for the inclination of the vertebral body
did not result in any significant change of the obtained mean,
range or SD of BMPDFF compared to their initial value with-
out the correction in both the generated distribution maps as
well as in the corresponding PDFF image slices. One excep-
tion was found for L5 in the group of females >50 years
(p = 0.0357 and p = 0.0293 for the generated maps and the
PDFF image slices, respectively).

Mean BMPDFF obtained from generated distribution maps
do not show any significant differences across genders and
age groups compared to the values obtained from the PDFF
image slices and the volumetric assessment.

A significant overestimation of the minimum BMPDFF

(up to 6.1 % for females >50 years compared to the mean
volumetric BMPDFF) occurred in L1 for both genders and
age groups (p = 0.0141 for females <50 years, p = 0.0017
for males <50 years, p < 0.001 for females >50 years,
p = 0.0032 for males >50 years). For females in both age
groups, a similar overestimation (up to 6.3 % for females
>50 years) of the minimum BMPDFF was found in L2. Cor-
recting for the inclination angle reduces the difference to the
volumetric minimum from 5.3 % for females >50 years up to
non-significance in L5 for female subjects in both age
groups (p = 0.1385 for females <50 years and p = 0.1664
for females >50 years, respectively).

The inhomogeneity of BMPDFF as expressed by SD was
significantly underestimated in L1 for all groups except
females <50 years. Correcting for the inclination results in
an approximation to the volumetric assessment but differ-
ences remain significant.

In some other cases (underestimation of SD in L2 and L3
for males >50 years, overestimation of the minimum in L4
for males <50 years), significant deviations from the corre-
sponding volumetric assessment were found. By correction
for the inclination, significant underestimations of SD in
L4 for males of both age groups (p = 0.0817 for males
<50 years, p = 0.0623 for males >50 years) in L5 for males
<50 years (p = 0.4853) and of the maximum in L2 for males
>50 years (p = 0.0639) are eliminated.

Except for the minimum BMPDFF, all other metrics from
the generated distribution maps are highly correlated
(R2 = 0,6813 for SD in males <50 years up to R2 = 0,9812
for mean BMPDFF in females <50 years) with the volumetric
BMPDFF. In most cases (except SD for females <50 years,
maximum for females >50 years, mean and maximum for
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males >50 years) the inclination correction leads to a slightly
worsened correlation between the values obtained from the
generated distribution maps and the respective volumetric
assessment.

Regarding the mean BMPDFF, Bland-Altman analysis
reveals a low negative bias of the generated distribution
maps compared to the volumetric assessment (see Fig. 2).

When applied to the study cohort, significant differences
in mean BMPDFF with respect to age are found in both gen-
ders and all vertebrae. Across genders, females and males
<50 years show significant differences in mean BMPDFF in
all vertebrae except L4. Differences between females and
males >50 years are not significant. Along the lumbar spine,

mean BMPDFF monotonically decreases from L5 to L1 (ex-
cept in the group of females <50 years) (see Fig. 3).

The range of BMPDFF extends from 35 % in L1 of
females <50 years to 72 % in L5 of females >50 years. In
females of both age groups, the range and inhomogeneity
decrease from L5 to L1, whereas in males of both age groups
the maximum range is found in L3 (see Table 2).

Qualitatively, the distribution maps show variable pat-
terns across age groups and gender (see Fig. 4). The increase
of mean BMPDFF as well as the qualitative increase of inho-
mogeneity can be displayed for the purpose of visual
inspection.

4 Discussion

Inhomogeneous composition and distribution of PDFF in
vertebral (red) bone marrow (BMPDFF) as well as intra- and
interindividual spatial variability between vertebral bodies
along the spine and across different subjects pose a particular
challenge on the systematic, reproducible and standardized
evaluation of BMPDFF. In this work, the proposed method
tackles these challenges by generating standardized distribu-
tion maps of vertebral bodies corrected for their inclination.
These maps show high correlation with mean BMPDFF, its
range and its quantitative inhomogeneity obtained from the
direct unstandardized volumetric assessment using DL-
based image segmentation. The presented segmentation
model allows for the precise and fully automated (and there-
fore time-saving) quantification of BMPDFF similar to strate-
gies reported in the literature [20,25–27]. The proposed
standardized registration of vertebral bodies on a unified
spatial structure allows both, direct shape-independent com-
parison of different vertebral bodies of an individual subject

Table 1
Mean validation metrics of the class-wise confusion matrix and standard deviation of the five-fold cross-validated model training using a
total of 30 annotated data sets.

L5 L4 L3 L2 L1

Accuracy 0.999 ± 0.001 0.999 ± 0.001 0.999 ± 0.001 0.999 ± 0.001 0.999 ± 0.001
DSC 0.848 ± 0.190 0.916 ± 0.087 0.907 ± 0.076 0.898 ± 0.106 0.900 ± 0.080
FDR 0.148 ± 0.193 0.077 ± 0.103 0.100 ± 0.098 0.106 ± 0.125 0.103 ± 0.103
FNR 0.132 ± 0.121 0.087 ± 0.084 0.081 ± 0.079 0.092 ± 0.106 0.088 ± 0.010
FOR 0.001 ± 0.001 0.001 ± 0.001 0.001 ± 0.001 0.001 ± 0.001 0.001 ± 0.001
FPR 0.001 ± 0.001 0.001 ± 0.001 0.001 ± 0.001 0.001 ± 0.001 0.001 ± 0.001
Jaccard 0.767 ± 0.200 0.856 ± 0.133 0.837 ± 0.118 0.828 ± 0.144 0.826 ± 0.113
NPV 0.999 ± 0.001 0.999 ± 0.001 0.999 ± 0.001 0.999 ± 0.001 0.999 ± 0.001
Precision 0.852 ± 0.193 0.923 ± 0.103 0.900 ± 0.098 0.894 ± 0.125 0.897 ± 0.103
Recall 0.868 ± 0.122 0.913 ± 0.084 0.919 ± 0.079 0.908 ± 0.106 0.912 ± 0.010
TNR 0.999 ± 0.001 0.999 ± 0.001 0.999 ± 0.001 0.999 ± 0.001 0.999 ± 0.001
Rel. error (%) 7.81 ± 7.62 6.07 ± 8.14 8.42 ± 7.27 8.85 ± 7.14 11.9 ± 7.79
Abs. error (ml) 1.65 ± 2.97 1.02 ± 1.31 1.33 ± 1.19 1.40 ± 1.18 1.65 ± 1.08

FDR false discovery rate, FNR false negative rate, FOR false omission rate, FPR false positive rate, NPV negative predictive value, TNR true negative rate.

Figure 2. Bland-Altman plot showing agreement between BMPDFF

values derived from using all voxels from 3D segmentation and
mean value of standardized distribution maps.
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as well as interindividual comparability or analyses in
anthropometrically matched groups. As a downside, the
method relies on DL-based image segmentation as an expen-
sive (in terms of time and computational complexity) prepro-
cessing step that also needs a manually segmented training
data set. Training data were labeled in fat-selective images
but – due to the heterogenous composition of bone cavity
– delineation will probably lead to identical results using
other contrasts as water selective, in-phase and/or opposed
phase images available from the applied CSE sequence.
However, a 3D dataset with sufficient spatial resolution is
mandatory in order to avoid partial volume effects by inclu-
sion of structures assigned to compact bone. Reported under-
or overestimations of single metrics (e. g. minimum
BMPDFF) do not show a clear systematic, but are related to
each other: overestimation of the minimum (as found in
L1) decreases the range of possible values of BMPDFF

thereby reducing the standard deviation which is expressed
in an underestimation of BMPDFF inhomogeneity.

Spatial standardization to provide an interindividual com-
parison of MRI-assessed biomarkers is common practice in
other body regions as CSE-based MRI enables reliable
assessment and depiction of fat and, especially, its distribu-
tion in different organs. For example, the body structure is
standardized for the assessment of whole-body adipose tis-
sue topography along the longitudinal axis of the body
[28]. When multi-point Dixon techniques are applied to
organs such as the pancreas [29,30] or skeletal muscle
[31,32] to quantify ectopic lipids, or for the quantification
of intrahepatic lipids [23,33], the distribution of fat has
mainly been taken under consideration in the pancreas dif-
ferentiating fat content for head, body and tail [34] or skele-
tal muscle [32]. On the other hand, the liver is mostly
considered as a whole by selecting a dedicated ROI in a

Figure 3. Quantified BMPDFF of the lumbar spine in the four groups of the study cohort: females <50 years (blue), males <50 years
(orange), females >50 years (green), males >50 years (red).

Table 2
BMPDFF (%) in dependence of gender and age as obtained from the distribution maps.

L5 L4 L3 L2 L1

Females <50 Min 9.9 ± 3.8 12.4 ± 5.9 9.9 ± 5.1 9.0 ± 3.9 7.6 ± 3.3
Max 50.5 ± 14.6 50.6 ± 15.8 50.2 ± 16.5 46.0 ± 14.5 42.7 ± 11.4
SD 6.5 ± 2.5 5.8 ± 2.2 6.4 ± 2.4 5.6 ± 2.4 4.9 ± 1.8

Males <50 Min 12.1 ± 5.2 12.8 ± 5.0 7.3 ± 4.9 10.1 ± 5.2 10.4 ± 5.3
Max 57.4 ± 6.8 54.5 ± 6.4 60.9 ± 7.3 60.9 ± 14.1 54.8 ± 10.4
SD 7.5 ± 1.4 6.8 ± 1.3 8.2 ± 1.1 7.6 ± 2.9 5.9 ± 1.2

Females >50 Min 18.0 ± 5.2 18.4 ± 6.0 17.0 ± 5.8 15.9 ± 6.1 13.3 ± 5.3
Max 89.2 ± 15.7 85.6 ± 15.6 80.8 ± 13.7 78.4 ± 13.5 73.9 ± 9.4
SD 11.3 ± 3.1 10.6 ± 3.0 10.5 ± 2.3 10.0 ± 2.5 9.2 ± 1.6

Males >50 Min 18.5 ± 8.4 16.6 ± 8.4 10.6 ± 5.8 11.4 ± 6.7 11.8 ± 4.2
Max 82.0 ± 14.6 79.1 ± 12.0 76.3 ± 13.8 76.1 ± 7.7 71.6 ± 10.0
SD 8.8 ± 3.2 9.1 ± 1.5 9.8 ± 1.6 9.8 ± 1.8 8.6 ± 1.4
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representative part of the tissue. Thus, both approaches are
found in the evaluation of BMPDFF [1–3,17].

Given the high reproducibility of CSE-based MRI
between platforms of different field strengths and vendors
[35,36], it furthermore enables detection of short-term [34]
and long-term changes [37] in PDFF. Using the proposed
method, the standardized analysis of short- and long-term
changes might also be of interest for the clinical and epidemi-
ological characterization of bone marrow, e.g. in the field of
hematological diseases [12,13,38], osteoporosis [8,39,40],
Modic change classification, i.e. pathological alterations by
endplate degeneration with subchondral bone marrow

changes [41] as well as after clinically indicated physical
inactivity [42] or in analysis of interindividual and matched
distribution patterns in large epidemiological studies like
UK Biobank [43] or the German National Cohort [44].

4.1 Limitations

First, the relatively small number of subjects (n = 15,
each with 5 vertebral bodies) in analyzed subgroups harms
the generalizability of the results such that a potential
broader variability including special cases may not be ade-
quately covered. An epidemiological study studying the

Figure 4. Standardized horizontal distribution maps of L3 showing qualitative differences between the four groups of the study cohort:
females <50 years (A), males <50 years (B), females >50 years (C), males >50 years (D).
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number and type of vertebral deformities [39] indicates that
vertebral deformities occur mostly along the longitudinal
axis (crush, wedge or biconcave deformities). Therefore,
the proposed method based on the mid-transverse plane of
the vertebrae should not be impaired. Furthermore, the study
was not carried out to assess differences in age- and gender
subgroups with high statistical significance, but to test a
strategy for anatomically standardized assessment of
BMPDFF and its distribution in vertebral bodies. An exten-
sion to subjects with, e.g., osteoporosis is subject to future
studies. Second, the study is based on the hypothesis that
the deep learning-based automatic segmentation of vertebral
bodies allow for an accurate quantification of BMPDFF.
Although this assumption seems reasonable, further research
may focus on its verification. Third, there are no data on
metabolic status and/or on bone health available in the study
cohort which might allow an evaluation of spatial BMPDFF

distribution in relation to metabolic alterations (as insulin
resistance, type 2 diabetes) and/or osteoporosis. Forth, the
application of the method is only shown on the vertebrae
of the lumbar spine. However, the translation to images cov-
ering the whole spine is possible.

5 Conclusion

The proposed method based on automated deep learning-
based image segmentation can not only be used for robust
and precise measurement of BMPDFF based on the segmen-
tation of the whole vertebral body but also to visualize its
spatial distribution pattern inside the vertebral body. The
method can serve as a tool to overcome biases in the assess-
ment of representative BMPDFF originating from varying
quantification techniques and enables the systematic analysis
of distribution patterns in groups of individuals. Further
investigations of these distributions have the potential to
deepen the understanding of the functionality of vertebral
BMPDFF and may thus help in evaluation of large-scale epi-
demiological studies as well as in follow-up analyses in
patients with hematological diseases or therapy response.
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2.3 Comparison of the accuracy of commercial

two-point and multi-echo Dixon MRI for

quantification of fat in liver, paravertebral

muscles, and vertebral bone marrow

Haueise T, Schick F, Stefan N, Machann J.
Comparison of the accuracy of commercial two-point and multi-echo Dixon MRI
for quantification of fat in liver, paravertebral muscles, and vertebral bone marrow.
Eur J Radiol. 2024;172:111359.

Methodological background and approach
While the previous sections focused on the tissue level of body composition
(wangFivelevelModelNew1992), the perspective in the following section shifts
more to the molecular level. Dixon-type imaging is used for quantification of fat
fractions (FF) in tissues. However, besides other sources of bias outlined in sec.
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Figure 2.5: Spectrum from visceral adipose tissue. Relevant metabolites for
characterization of triglyceride composition are shown in a spectrum
from visceral adipose tissue from a 38-year old woman. The dominant
methylene peak is numbered 6. Other numbers mark vinyl (1), diallylic
(2), α-methylene (3), allylic (4), β-methylene (5), and methyl (7) peaks.
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1.1 that can be addressed during image acquisition, for example, T1 bias by using
small flip angles, the underlying signal model is a key element in chemical shift-
encoded imaging that can lead to substantial bias in FF quantification (Hernando
et al. 2010; Reeder et al. 2009). Selection of the signal model involves three key
decisions: 1) magnitude or complex fitting, 2) single or multi-peak modeling of
triglyceride spectrum, 3) correction for effective transverse relaxation (T2*) decay
(Hernando et al. 2010).

Two-point Dixon methods usually use a simple signal model considering fat as
a single peak at -420 Hz relative to water at 3 T (corresponding to the methylene
peak labeled 6 in Figure 2.5) (Eggers et al. 2014) without incorporating T2* effects
(Bydder et al. 2008). In fact, the spectrum of triglycerides is more complex and it
is possible to resolve up to 10 different peaks depending on field strength and T2*
(Peterson et al. 2021). Hence, using a multi-peak signal model, for example, in-
cluding seven peaks as the method used in the following does (Zhong et al. 2014),
demonstrated agreement with gold-standard MRS, not only in terms of correla-
tion but also regarding slope (Reeder et al. 2009). Figure 2.5 shows an example
of a typical spectrum from VAT showing relevant metabolites for characterization
of triglyceride composition. T2* decay leads to a decrease of the amplitudes of
water and fat components in the MR signal with increasing echo time leading to
nonnegligible errors in FF estimation (Bydder et al. 2008) that can be of clinical
importance, for example, in the quantification of liver fat in the presence of iron
(Westphalen et al. 2007).

a b
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Figure 2.6: Proton density fat fraction and T2*. PDFF (a) and T2* map (b) from
a 64 year-old man highlighting the liver, Th10 vertebra, and a pair of
skeletal muscles. Mean PDFF of the liver was 5.4%, 7.6% in skeletal
muscle, and 35.4% in Th10. Mean T2* was 20.3 ms in the liver, 11.4
ms in skeletal muscle, and 5.5 ms in Th10.
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When applying commercial methods, the signal model’s implementation is a
closed system, and potential bias from its design choices, characterization of
methods like two-point Dixon imaging is necessary prior to application. For ex-
ample, considering quantification of BMAT in the NAKO, only T1-weighted two-
point Dixon imaging is available for the complete spine leading to confounded FF
estimates. Since different tissues can have different T2* times, the following char-
acterization of a commercial two-point Dixon technique also includes tissues with
shorter T2*, i.e., skeletal muscles or BMAT. Figure 2.6 shows PDFF (a) and T2*
map (b) highlighting the liver, vertebral body Th10, and a pair of skeletal muscles.
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A B S T R A C T   

Purpose: Excess fat accumulation contributes significantly to metabolic dysfunction and diseases. This study aims 
to systematically compare the accuracy of commercially available Dixon techniques for quantification of fat 
fraction in liver, skeletal musculature, and vertebral bone marrow (BM) of healthy individuals, investigating 
biases and sex-specific influences. 
Method: 100 healthy White individuals (50 women) underwent abdominal MRI using two-point and multi-echo 
Dixon sequences. Fat fraction (FF), proton density fat fraction (PDFF) and T2* values were calculated for liver, 
paravertebral muscles (PVM) and vertebral BM (Th8–L5). Agreement and systematic deviations were assessed 
using linear correlation and Bland-Altman plots. 
Results: High correlations between FF and PDFF were observed in liver (r = 0.98 for women; r = 0.96 for men), 
PVM (r = 0.92 for women; r = 0.93 for men) and BM (r = 0.97 for women; r = 0.95 for men). Relative deviations 
between FF and PDFF in liver (18.92 % for women; 13.32 % for men) and PVM (1.96 % for women; 11.62 % for 
men) were not significant. Relative deviations in BM were significant (38.13 % for women; 27.62 % for men). 
Bias correction using linear models reduced discrepancies. T2* times were significantly shorter in BM (8.72 ms 
for women; 7.26 ms for men) compared to PVM (13.45 ms for women; 13.62 ms for men) and liver (29.47 ms for 
women; 26.35 ms for men). 
Conclusion: While no significant differences were observed for liver and PVM, systematic errors in BM FF esti
mation using two-point Dixon imaging were observed. These discrepancies – mainly resulting from organ-specific 
T2* times – have to be considered when applying two-point Dixon approaches for assessment of fat content. As 
suitable correction tools, linear models could provide added value in large-scale epidemiological cohort studies. 
Sex-specific differences in T2* should be considered.   

1. Introduction 

Excess accumulation of ectopic fat within various anatomical com
partments in the human body has been recognized as a significant in
dicator of metabolic dysfunction, insulin resistance, and various 
diseases, such as type-2 diabetes, atherosclerosis, multiple myeloma or 
osteoporosis [1–3]. Non-invasive and reliable quantification of fat 
accumulation within specific tissues, such as bone marrow (BM) in 
vertebral bodies, musculature, and liver, is pivotal for understanding 
their impact on health and disease [4–7]. 

Magnetic resonance imaging (MRI) and volume localized spectros
copy (MRS) have emerged as important tools in this endeavor. Modern 
MRI techniques provide non-invasive assessment of macroscopic fat 
distribution [8,9] as well as ectopic fat accumulation within organs and 
tissues [10–12] with high spatial resolution. Among the various MRI 
methods available, Dixon-type imaging has gained substantial attention 
for its ability to distinguish between water and fat content within tissues 
[13] even in regions with inhomogeneous magnetic field distribution. 
Further, Dixon MRI can be used to measure fat fraction (FF) at the voxel 
level. 
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However, the choice of Dixon MRI sequence and the methods 
employed for postprocessing of recorded imaging data can significantly 
affect the accuracy and reliability of FF measurements as reflected, e. g., 
in the compromise between acquisition time, image resolution, and 
accuracy. 

In contrast to two-point Dixon imaging, which acquires images at 
two echo times (in-phase/opposed-phase) enabling calculation of fat- 
selective images, but requires an internal reference for (magnitude- 
based) FF estimation, multi-echo Dixon imaging allows for absolute 
quantification of fat fraction defined as proton density fat fraction 
(PDFF). Commercially available multi-echo Dixon sequences have been 
optimized for PDFF quantification in the liver by implementation of T1- 
insensitive acquisition, T2*-correction, and consideration of the spectral 
complexity of fat [14]. For this purpose, they are validated in terms of 
linearity, precision and reproducibility in multisite, multivendor phan
tom studies [15–17] and in vivo [18–20]. As reviewed by Starekova 
et al., widespread application of imaging-based PDFF assessment justify 
the assumption of this as a reference [20]. 

PDFF quantification is also of interest for other organs and tissues, e. 
g. paravertebral muscles (PVM) or vertebral bone marrow (BM) [21,22]. 
However, lipids in red BM in vertebral bodies are metabolically distinct 
from other fat depots [23] and their assessment is confounded, as 
paramagnetic hematopoietic cells and the presence of trabecular struc
tures influence the microscopic magnetic field distribution inside the 
vertebral bodies [24]. Additionally, water and lipid signals in red BM 
often show similar spectral signal intensities [25]. BM fat is subject of 
several studies analyzing its associations, e. g., with body composition, 
osteoporosis or degeneration of intervertebral discs [26–28]. Therefore, 
precise quantification of vertebral BM fat content using Dixon-based MR 
sequences is necessary. 

Aim of the present study is the systematic comparison of two-point 
Dixon imaging with multi-echo Dixon imaging as a reference in a 
cohort of healthy individuals to investigate and assess biases of fat 
quantification in liver, PVM, and BM of thoracic and lumbar vertebral 
bodies. 

2. Materials and methods 

In this analysis, data from 100 healthy volunteers who self-reported 
as White individuals (50 women, sex defined based on self-report) 
participating in ongoing studies involving metabolic imaging, which 
were related to the Tübingen Diabetes Family Study [6], in Tübingen, 
Germany, were included. All individual studies were approved by the 
Ethics Committee of the University Hospital Tübingen and written 
informed consent was obtained from all participants prior to 
participation. 

MR examinations were performed on a 3 T whole-body scanner 
(Magnetom Vida, Siemens Healthcare, Erlangen, Germany). Subjects 
were positioned head first in supine position on a 24-channel table- 
integrated spine-array coil. For homogeneous coverage of the body 
trunk, two 18-channel body-array coils were placed on chest and lower 
abdomen. A 3D volumetric interpolated breath-hold examination (VIBE) 
two-point Dixon sequence (regular product functionality) and a multi- 
echo Dixon VIBE sequence (LiverLab option) using six echoes were 
applied in three axial slabs covering the trunk. Sequence parameters of 
both acquisitions are summarized in Table 1. 

Two-point FF maps from two-point measurement were calculated 
offline using fat-selective (F) and water-selective (W) images by voxel
wise application of the formula FF = F/(F + W). Multi-echo PDFF maps 
were generated inline on the console of the scanner by the vendor’s 
algorithm, correcting for microscopic magnetic field inhomogeneities by 
modeling of an effective transverse relaxation time (T2*) and spectrally 
complex fat dephasing [14]. 

For objective measurements without manual and subjective place
ment of single ROIs, fat quantification was performed using automati
cally generated segmentation masks of liver [29], ten vertebral bodies of 

the thoracic and lumbar spine (Th8–L5) [30], and PVM (right/left 
erector spinae and psoas major muscles) [31] by averaging voxel fat 
fraction map values inside each segmented fat compartment. By 
applying two-dimensional erosion in the axial plane using a 3x3 matrix 
as structuring element, edge pixels were excluded. T2* was measured 
from the corresponding maps using the mean value over the same 
generated segmentation masks. 

All data are reported as mean (SD) unless stated otherwise. Linear 
correlation analysis and Bland-Altman plots were used to quantify and 
visualize the bias and agreement between FF and PDFF. Differences are 
expressed as percentages ([FF-PDFF]/mean %). Deviations from FF 
compared to PDFF are reported as “relative” percentages ([FF-PDFF]/ 
PDFF %) unless stated otherwise. Welch’s t-test was selected to test for 
statistically significant differences between women and men. Holm- 
Bonferroni method was applied to correct p-values for multiple testing 
when comparing vertebral bodies. p < 0.05 was considered statistically 
significant. All statistical analyses were performed in Python 3.8 using 
SciPy 1.8.0 and statsmodels 0.13.2. 

3. Results 

Imaging errors (e. g. partial fat–water swaps in the liver) and errors 
during computation of PDFF led to the exclusion of five participants. 
One participant was excluded due to a potentially pathologically low 
PDFF in BM, not fulfilling the assumption of a “healthy volunteer”. The 
analyzed study population is characterized in Table 2. An exemplary 
coronal PDFF map is shown in Fig. 1. 

FF estimation showed high correlation with PDFF in the liver (r =
0.98, for women; r = 0.96, for men, see Fig. 2a), in PVM (r = 0.92, for 
women; r = 0.93, for men, see Fig. 2b) and BM averaged along the spine 
(including vertebral bodies Th8–L5; r = 0.97, for women; r = 0.95, for 
men, see Fig. 2c). Correlation strength was significantly different for 
men and women (p < 0.05). In the liver, fitted sex-specific linear 

Table 1 
Sequence parameters. MRI acquisition parameters as applied on a whole-body 
scanner (Magnetom Vida, Siemens Healthcare, Erlangen, Germany).   

Two-point 
Dixon 

Multi-echo Dixon 

Matrix size 320x161 160x104 
Field of view / mm x mm 550x395 380x313 
In-plane resolution / mm x 

mm 
1.4 x 1.4 1.2 x 1.2 

Slice thickness / mm 3 3 
Partitions per slab 80 80 
TE / ms 1.23, 2.46 1.09, 2.46, 3.69, 4.92, 6.15, 

7.38 
TR / ms 4.36 13 
Flip angle / Degree 9 4 
Bandwidth / Hz/Pixel 1042 1078 
TA / s 12.6 16.2 

TE: Echo times TR: Repetition time TA: Acquisition time. 

Table 2 
Study population. Anthropometric data of the study population. Range of the 
values is presented in square brackets.   

Women Men 

N 47 47 
Age / years 42.7 (14.8) 

[20–67] 
46.1 (15.9) 
[23–76] 

Height /cm 167.9 (7.1) 
[148.5–185.0] 

180.9 (8.2)*** 

[163.0–198.2] 
Weight / kg 75.7 (19.1) 

[46.2–112.0] 
87.5 (16.0)** 

[59.0–144.6] 
BMI / kg/m2 27.1 (7.5) 

[15.5–40.4] 
26.8 (4.6) 
[18.9–37.9] 

Sex differences: **p < 0.01, ***p < 0.001. 
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regression models predicting PDFF from FF along with 95 % CI of 
regression parameters were: PDFF = 0.83 [0.79 to 0.88] x FF + 0.15 
[− 0.17 to 0.48] for women; PDFF = 0.83 [0.76 to 0.90] x FF + 0.61 
[− 0.07 to 1.28] for men. In PVM, the fitted models were: PDFF = 1.38 
[1.20 to 1.56] x FF − 2.34 [− 3.49 to − 1.20] for women; PDFF = 1.29 
[1.14 to 1.44] x FF − 2.23 [− 3.20 to − 1.26] for men. In BM, the fitted 
models were: PDFF = 0.86 [0.85 to 0.88] x FF − 5.89 [− 6.82 to − 4.97] 
for women; PDFF = 0.81 [0.79 to 0.84] x FF − 1.19 [− 2.32 to − 0.05] for 
men. 

As detailed in Table 3, differences between FF and PDFF in liver and 
PVM are not significant for both sexes (p = 0.41 and p = 0.79 for women; 
p = 0.68 and p = 0.25 for men, respectively). Liver FF was increased 
compared to corresponding PDFF by 18.92 % in women and by 13.32 % 
in men. In PVM, FF was increased by 1.96 % in women and by 11.62 % 
in men. In contrast, FF in vertebral BM was significantly increased 
compared to PDFF by an average over all analyzed vertebral bodies of 
38.13 % in women (ranging from 34.98 % in L5 to 41.00 % in Th9) and 
by an average of 27.62 % in men (ranging from 25.65 % in Th9 to 29.73 
% in Th12). Across both sexes, bias in liver FF was 12.21 %, 5.27 % in 
PVM and 27.78 % in BM (see Fig. 3). With increasing mean fat content, 
bias in PVM and BM decreased (see Fig. 3b and 3c). In PVM, this even led 
to a shift from overestimation to underestimation of PDFF (see Fig. 3b). 
For mean fat fractions above 5 %, bias in the liver was almost constant 
(see Fig. 3a). 

Considering FF estimation alone, apparently significant differences 
were found between different vertebral bodies, which could not be 

confirmed in PDFF quantification. In women and men, significant dif
ferences between PDFF in lower lumbar vertebrae (L4 and L5) and the 
mid thoracic spine (Th8–Th10) were found. In men, L1 and L2 were also 
significantly different from Th8–Th10 (see Fig. 4). 

As measured from multi-echo Dixon, differences in T2* times be
tween different vertebral bodies were not significant for women and 
men. Mean T2* in BM and liver were significantly higher for women 
compared to men (8.72 ms for women, 7.26 ms for men, p < 0.001, in 
BM; 29.47 ms for women, 26.35 ms for men, p < 0.05, in the liver; see 
Table 4). Sex differences in PVM were not significant (p = 0.74). For 
both sexes, mean T2* in BM was significantly lower compared to PVM 
and liver (p < 0.001). 

Derived sex-specific linear regression models for BM PDFF (see 
Fig. 2c) can be used to correct for the bias in FF estimation. After 
application, FF overestimation was reduced to 0.04 % along the spine 
and across both sexes (see Fig. 5b). Additionally, apparently significant 
differences between FF and PDFF in the vertebral bodies, cannot be 
removed by linear correction. 

4. Discussion 

This study systematically compared two-point Dixon and a multi- 
echo Dixon sequences for the quantification of fat fraction in liver, 
paravertebral muscles (PVM) and bone marrow (BM) in vertebral bodies 
of the thoracic and lumbar spine (Th8–L5) in healthy subjects. 

Fig. 1. Exemplary imaging data. Water-selective image slice from two-point 
acquisition (a) highlighting analyzed regions-of-interest and corresponding 
PDFF map (b) of a 28-year old man (BMI 22.3 kg/m2, 3.50 % liver PDFF, 3.71 % 
muscle PDFF, 33.90 % mean bone marrow PDFF). (c) Coronal PDFF map of a 
58-year old man with high liver and muscle PDFF (BMI 35.2 kg/m2, 20.4 % 
liver PDFF, 8.64 % muscle PDFF, 39.27 % mean bone marrow PDFF). 

Fig. 2. Comparison of FF and PDFF. Comparison of two-point FF estimation with multi-echo PDFF quantification in the liver (a), paravertebral muscles (b) and in 
vertebral bone marrow (Th8–L5) (c). 

Table 3 
Measured fat fractions. Fat fraction measurements (in “absolute” %) in liver, 
paravertebral muscles and vertebral bone marrow (Th8–L5) using a two-point 
and multi-echo Dixon sequence.   

Women Men 

In % PDFF FF PDFF FF 

Liver 4.73 (4.00) 5.48 (4.72) 6.29 (5.96) 6.84 (6.91) 
PVM 6.55 (1.93) 6.46 (1.30) 5.90 (1.83) 6.28 (1.32) 
Th8 30.51 (10.61) 41.92 (12.02)+++ 33.62 (7.79) 42.49 (9.69)+++

Th9 29.66 (9.24) 41.02 (10.87)+++ 33.79 (7.80) 42.30 (9.63)+++

Th10 31.03 (9.99) 42.10 (11.66)+++ 34.42 (7.64) 43.26 (9.98)+++

Th11 32.05 (10.08) 43.71 (12.52)+++ 36.10 (8.09) 45.84 (9.72)+++

Th12 34.49 (11.65) 47.02 (12.81)+++ 38.06 (8.44) 48.95 (9.39)+++

L1 35.20 (10.99) 48.23 (12.25)+++ 38.88 (8.45) 49.81 (9.24)+++

L2 36.39 (11.24) 49.08 (12.16)+++ 40.18 (8.40) 51.19 (9.22)+++

L3 38.11 (11.66) 50.91 (12.56)+++ 41.22 (8.62) 52.18 (9.27)+++

L4 39.54 (12.33) 52.32 (13.19)+++ 41.35 (8.71) 52.78 (9.88)+++

L5 40.39 (13.18) 53.46 (14.28)+++ 43.54 (8.94) 54.61 (9.65)+++

Intra-sex sequence differences: +++p < 0.001; PVM: paravertebral muscles, 
PDFF: proton density fat fraction, FF: fat fraction from two-point Dixon 
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Significant differences in the estimation of vertebral BM fat fraction, 
despite very high correlation, were found. Using sex-specific linear 
regression models (as shown in Fig. 2c) for the correction of two-point 
FF in BM, bias between the corrected FF values and the multi-echo 
PDFF values can be removed (see Fig. 5). However, apparently signifi
cant differences between FF of single vertebral bodies could not be 

removed in the present analysis. This suggests that multi-echo mea
surements seem to be more suitable for in-depth analysis of BM fat 
beyond mere fat quantification. 

Deviations between “confounder-corrected” fat quantification based 
on multi-echo Dixon PDFF maps and simple estimations from two echoes 
can stem from multiple sources: First, differences in T1 for the water and 
fat components of different tissues. As reviewed by Bojorquez et al., at 3 
T, T1 in the liver ranges from 725 to 809 ms, lies between 898 and 1420 
ms in muscle and is with a range between 106 and 586 ms notably 
shorter in BM [32]. More specifically, de Bazelaire et al. reported 809 ms 
for liver, 898 ms for paravertebral muscles and 586 ms for bone marrow 
in L4 using an inversion-recovery method and multiple spin-echo tech
nique [33]). Second, different fat-to-water ratios can lead to under- or 
overestimation [34], and will scale with the flip angle of the acquisition, 
as well as with flip angle heterogeneity, especially in vertebral bodies 
due to trabecular structures. Although the applied two-point sequence is 
characterized by stronger T1-weighting compared to the multi-echo 
sequence, a resulting T1-effect is assumed to be less pronounced in 
BM due to shorter T1 (see above). Third, when not accounted for, the 
spectral complexity of fat will also cause the deviations to be dependent 
on the choice of echo times. T2* relaxation will reduce the signal in
tensity of later echoes, so the order of in-phase and opposed-phase 
echoes will become important. Especially inside the vertebral bodies, 

Fig. 3. Agreement of FF and PDFF. Bland-Altman plot comparing relative deviations between two-point FF estimation with multi-echo PDFF quantification in the 
liver (a), paravertebral muscles (b) and in vertebral bone marrow (Th8–L5) (c). 

Fig. 4. Apparently significant differences. Holm-Bonferroni corrected p-values of apparently significant differences between FF and PDFF in vertebral bodies (*p 
< 0.05, **p < 0.01, ***p < 0.001) in women (a) and men (b). 

Table 4 
T2*. Mean T2* times for analyzed fat compartments as obtained from automatic 
calculation during image reconstruction using multi-echo Dixon sequence.  

In ms Women Men 

Liver 29.47 (5.22) 26.35 (8.51)* 
PVM 13.45 (2.38) 13.62 (2.43) 
Th8 8.99 (1.52) 7.59 (1.50)*** 

Th9 8.95 (1.47) 7.58 (1.49)*** 

Th10 8.69 (1.30) 7.11 (1.47)*** 

Th11 8.46 (1.24) 7.17 (1.47)*** 

Th12 8.78 (1.33) 7.26 (1.45)*** 

L1 8.76 (1.12) 7.39 (1.38)*** 

L2 8.59 (1.01) 7.25 (1.39)*** 

L3 8.56 (1.00) 7.12 (1.27)*** 

L4 8.50 (0.99) 7.11 (1.23)*** 

L5 8.90 (2.44) 7.02 (1.20)*** 

Sex differences: *p < 0.05, ***p < 0.001; PVM: paravertebral muscles. 
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heterogeneous trabecular structures and paramagnetic hematopoietic 
cells directly affect T2*. 

This study has some limitations. First, only two different MR se
quences from one manufacturer are considered. However, as images are 
taken from ongoing studies and the sequences used are also applied in 
large epidemiological cohort studies like KORA or NAKO Gesundheits
studie [35,36], the results are of interest for a wide range of applications, 
as multiple studies investigated MRI-assessed BM fat and its correlation 
to body fat distribution, physical activity, as well as metabolic diseases, 
osteoporosis or its characterization after transplantation 
[3,26,28,37–40]. In other large-scale epidemiological cohort studies, 
such as UK Biobank, two-point Dixon imaging is also applied [41]. 
Furthermore, the underlying problem is in principle independent of 
sequence parameters and manufacturers: two-point measurements al
ways have the problem of limited potential for confounder correction. 
However, no quantitative statement can be made about other manu
facturers, but the results of the study can provide a qualitative indication 
of the expected level of error and the need for correction. Particularly in 
the liver, T2* can shorten dramatically in disease (iron overload) [42]. 
Thus, a fixed-factor T2* correction in two-point Dixon reconstruction 
may not be feasible. Second, the consideration of multi-echo Dixon PDFF 
as a baseline for comparison is not a true gold standard, as, inter alia, the 
adjustment for T2* correction is not ideal due to generally shorter 
effective relaxation times and owing to potential differences in the 
spectral composition of fat in bone marrow, which is calibrated for the 
liver [25]. Third, significant sex differences in FF inside the vertebral 
bodies, as well as in T2*, are not accounted for in two-point recon
struction. Finally, it has to be mentioned that the findings are limited to 
healthy subjects and might differ in patients with chronic liver disease 
[20], patients with neuromuscular disorders (muscular dystrophies) 
[21], or patients with hematological diseases undergoing cytostatic 
treatment or radiotherapy [40,43], where micro- and macroscopic al
terations of the respective tissue have to be considered. 

5. Conclusion 

This study suggests that using two-point Dixon imaging for quanti
fication of fat fraction in vertebral bone marrow reveals higher 

systematic errors compared to liver and/or muscle. Due to the high 
correlation between two-point and multi-echo FF estimation, simple 
tools such as linear models could be used to compensate for these sys
tematic errors, as long as the acquisition parameters remain unchanged, 
when analyzed in large-scale epidemiological studies. Significant sex 
differences in T2* inside the vertebral bodies suggest the need for sex- 
specific reconstructions. 
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3 Discussion
Application of advanced MR-based body composition analysis, especially when

performed in large cohort studies, has the potential to enhance our understanding
of how adipose tissue (AT) distribution affects the onset and progression of me-
tabolic diseases. By grouping of study participants according to their AT volume
and distribution to identify body composition phenotypes with distinct allocations
of abdominal and ectopic AT depots, this approach can also reveal the prevalence
and associated cardiometabolic disease burden of different AT compartments at
a population level, aiding in the identification of region-specific, age-specific, or
sex-specific characteristics. Furthermore, MR-derived phenotypes of AT distribu-
tion can augment current risk prediction models, thereby improving individual risk
assessments presumably indicating the necessity for targeted, personalized pub-
lic health interventions and offering a more detailed and nuanced understanding
of risk factors compared to traditional methods (Linge et al. 2024; Agrawal et al.
2023; Niedermayer et al. 2024).

A core methodology is the standardized, reliable, precise, and efficient local-
ization and quantification of single AT compartments using, for example, deep
learning (DL)-based image analysis. In summary, the presented results from pa-
per 1 (see. sec. 2.1) demonstrate the effectiveness of applying a DL-based model
for automated assessment of volume of visceral AT (VAT) and subcutaneous AT
(SAT) in the trunk achieving precision comparable to skilled human observers in a
fraction of time. Based on 30 carefully curated and manually annotated examples,
i.e., by selection of 15 men and 15 women stratified by age and BMI, we success-
fully derived a tool for anatomically standardized assessment of VAT and SAT, i.e.,
from the femoral heads to the cardiac apex or the humeral heads, respectively,
to quantify the volumes of VAT and SAT from more than 11,000 participants from
the German National Cohort (NAKO), a large cohort of study participants from
the general population.

Additionally, evaluation of integrity and plausibility of the results by uncertainty-
based outlier detection showed the feasibility of handling data from large cohorts
when manual checking of the complete sample is time-consuming, and there-
fore, not feasible. A further advantage of the pairwise comparative approach was
the observation that the segmentations of the model differed strongly mainly in
cases where image reconstruction errors (partial fat-water swaps) were present.
This allowed further image errors to be identified and excluded from the analysis,
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including in the data of the already quality-assured NAKO cohort.
Furthermore, approaching quantification of AT compartments by semantic seg-

mentation allows analyzing the topography, for example, the distribution of VAT
and SAT (or their ratio) along the craniocaudal body axis. Our extension of this
approach to the quantification of bone marrow adipose tissue (BMAT) can be
considered as an exemplary case for the possibility of increasing the level of de-
tail of future body composition analyses on large cohorts. Using standardized
shape-independent quantification of proton density fat fraction (PDFF) in verte-
bral bone marrow, as proposed in paper 2 (see sec. 2.2), additionally provides
visualization of subregional, i.e., intravertebral, distribution patterns of vertebral
bone marrow PDFF and thereby enables systematic analysis. Future investiga-
tions of these distributions will presumably enhance our understanding of ver-
tebral bone marrow functionality, aiding large-scale epidemiological studies and
follow-up analyses, for example, in patients with hematological diseases, which
affect the composition of red bone marrow, or therapy responses.

Since only two-point Dixon MRI covering the entire spine were acquired in the
NAKO, our findings suggest that using two-point Dixon imaging for fat fraction
quantification in vertebral bone marrow presents higher systematic errors com-
pared to liver or skeletal muscle. The possibility of their compensation using
simple linear models (see sec. 2.3), can be beneficially translated from the DZD
studies to the NAKO as acquisition parameters remained constant. This transfer-
ability of the results from paper 2 and paper 3 to the NAKO was in fact intended,
as data from more than 30,000 participants from the baseline examination were
made available by the end of 2023 as well as data from recently completed and
ongoing follow-ups are expected in the near future, providing a large sample for
detailed analysis of AT distribution and its longitudinal trajectories (Rospleszcz
et al. 2019; Niedermayer et al. 2024). Additionally, as standardized imaging pro-
tocols in ongoing (multicentric) DZD studies include whole-body Dixon MRI (and
are expected to do so for many years), the methods developed in this thesis will
further be applied.

However, the results presented are subject to limitations and challenges. First,
all segmentation models applied are derived from data in a supervised man-
ner, i.e., there is a need for manually annotated training examples. This task
is time-consuming, implicitly subjective in the way delineations between different
AT compartments are realized, and therefore a source of noise in model train-
ing process, especially when performed by multiple persons to save time, and
bias. This is closely related to a second important limitation, namely, the seg-
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mentation models are only validated against a very small test data set that was
not used during training. Therefore, regular visual inspection of the model out-
puts is necessary but – once again – biased by subjectivity. Third, all cohorts
are subject to a limiting specificity of study populations or conditions: data are
acquired from (at least different) scanners from the same manufacturer and not
validated for applicability to images from other devices. First tests using data
acquired with scanners from different vendors, for example, in multicentric DZD
cohorts like PLIS or UKB, provide promising preliminary results and indicate that
an application could be possible without further adaptation of the segmentation
tools developed in this thesis. A more in-depth evaluation has not yet taken place
and is still pending. More disruptive is a look at the included study populations:
In the NAKO, a vast majority of participants self-identified as White individuals, in
DZD studies race/ethnicity is not even collected but assumed to also be a White
majority. With more than 80% of people with future type 2 diabetes living in low-
and middle-income countries (GBD 2021 Diabetes Collaborators 2023) and with
type 2 diabetes "becoming more and more a disease of inequity" (Jumpertz von
Schwartzenberg et al. 2024), more diverse study populations are urgently needed
to validate the proposed methodology to be reliably working with imaging data
from non-White individuals. Especially in this context, the costs and limited avail-
ability of MRI as the underlying imaging method represent a disadvantage of the
proposed analysis approaches. Surrogate markers, for example, fat mass ratio
derived from DXA, have been linked to cardiometabolic diseases and can help to
identify individuals with unhealthy AT distributions without requiring whole-body
MRI (Agrawal et al. 2024).

Since the introduction of nnU-Net (Isensee et al. 2021) at the latest, the basic
problem of (supervised) medical image segmentation can be considered solved
from a methodological and technical perspective, provided that a well-curated
training data set is available. Although further optimizations are always possible,
for example, by development of time-saving annotation strategies (Gotkowski et
al. 2024), acknowledging the above-mentioned fact enables broad applications of
the methodology, for example to questions of body composition related to meta-
bolic research, as exemplified in this thesis.

It has been pointed out that there is an innovation bias towards new model ar-
chitectures in the field (Isensee et al. 2024). However, unreliable evaluations due
to inadequately chosen validation metrics (Reinke et al. 2024), many new model
architectures fail to prove superiority in comprehensive benchmarking (Isensee
et al. 2024). On the other hand, technical developments in the field of DL re-
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search, for example, foundations models like GPT-4 (OpenAI et al. 2024) that
are highly flexible and able to adapt to many different tasks, and are resource-
intensive (i.e., data collection, computational resources, and environmental costs)
(Moor et al. 2023) and mainly driven by large actors from industry like OpenAI or
Google. In April 2024, the Helmholtz Association announced the Helmholtz Foun-
dation Model Initiative funding, among others, the development of a foundation
model trained on nearly five million 3D medical images including MRI, CT and
PET (Helmholtz Invests 23 Million in Research on AI Foundation Models 2024).
Multi-modal foundation models are expected to contribute to clinical use cases,
for example, by supporting radiologists throughout their workflow (Zhang et al.
2024).

However, from the application-oriented perspective of this thesis, further devel-
opments of the proposed methods will enrich body composition analysis with a
more detailed (sub-) segmentation of AT compartments.

3.1 Future work

Foremost, future work includes the extension of the proposed methodology to
a more fine-grained analysis of AT compartments, for example, further subdivi-
sion of VAT as proposed by Shen et al. (Shen et al. 2003), or by inclusion of
additional AT compartments and ectopic fat depots that could have metabolic im-
plications. Due to the proximity of epicardial AT to the coronary arteries and the
atrial myocardium, it is thought to influence the development and morphology of
atherosclerotic plaques by serving as a mediator of local inflammation (Talman et
al. 2014) and likewise linked to several cardiovascular diseases (Iacobellis 2022).
In the KORA study, an independent link between epicardial AT and left ventricular
dysfunction was demonstrated (Rado et al. 2019). In addition to its association
with hypertension, atherosclerosis and chronic kidney disease, elevated renal si-
nus fat is associated with a distinct subphenotype of prediabetes (Zelicha et al.
2018; Wagner et al. 2021), increased intramuscular fat is associated with a reduc-
tion in insulin-stimulated glucose uptake into the muscle cells (insulin resistance
of the muscles) (Brøns et al. 2017), and ectopic fat accumulation in the pancreas
is related to impaired glucose secretion (Wagner et al. 2022).

In combination with additional metabolic parameters, data from NAKO can
be used to further investigate, delineate, and substantiate phenotypes of body
composition, for example, the thin-on-the-outside fat-on-the-inside subphenotype
(Thomas et al. 2012) or metabolically healthy obesity with high insulin sensitivity
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(Stefan 2008). Broadening the perspective to include lifestyle and socioeconomic
risk factors could provide further hints to predisposition and pathogenesis and
could make a valuable contribution to their prevention or interventional treatment.

Furthermore, AT profiles as proposed by Machann et al. (Machann et al.
2005b) have not yet been considered for further research purposes. A productive
extension of body composition phenotyping by inclusion of AT topography would
make use of the complete information acquired by 3D whole-body MRI. For ex-
ample, paper 1 revealed sex-, age-, and BMI-related differences in craniocaudal
distribution of VAT and SAT.

As outlined by Gupta, detailed body composition analysis can also help to fur-
ther investigate the relationship of (visceral) adiposity and the pathogenesis and
prognosis of various cancers which “is evident, yet still poorly understood” (Gupta
et al. 2024). Results from NAKO might help to uncover this relationship.

Sneed and Morrison concluded in a recent review that “implementation of body
composition methods into healthcare settings can augment clinical decision mak-
ing and future studies should focus on the use of these techniques in areas of
clinical research.” (Sneed et al. 2021) From a clinical and individual-based per-
spective, the applicability of advanced Dixon MRI in daily routine and MR-based
body composition analysis are subject to time- and cost constraints. Using sonog-
raphy for the measurement of abdominal AT thickness could be a more feasible
alternative saving time and offering the possibility of carrying out a risk classifi-
cation with simpler means. Validity and reproducibility have already been docu-
mented in the pretest of the NAKO (Schlecht et al. 2014; Schlecht et al. 2016)
and gold standard results obtained from the methodology presented can be used
in further analyses on a large sample aiming at deriving possible reference val-
ues (B Fischer et al. 2020). Derivation of simpler and more accessible markers or
the development of methods for faster assessment of AT distribution could help
tackling the “disease of inequity” (Jumpertz von Schwartzenberg et al. 2024).

However, MRI can also provide additional insights in the relationship between
brown AT that is, independent of BMI, inversely correlated with risk for devel-
oping various cardiovascular disorders (Gupta et al. 2024; Becher et al. 2021).
MR spectroscopy has recently been used to distinguish brown AT from white AT,
as in brown AT the main methylene resonance had shorter T2 relaxation times
and lower proton densities of unsaturated and polyunsaturated fat, presumably
originating from lower fatty acid fluidity or increased iron content found in the
mitochondrial cells present in brown AT (Ouwerkerk et al. 2021). Imaging-based
analysis of fatty acid composition (Schneider et al. 2019) is an emerging research
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topic and a potentially useful technique in providing additional information from
MR-based body composition analysis. Another “missing variable in many of the
earlier discussions of adiposity was the health, or quality, of adipose tissue”, po-
tentially being “as important as adipose tissue mass and location as a predictor
and determinant of metabolic health” (Gupta et al. 2024) and could be addressed
by imaging inflammation and fibrosis (Vishvanath et al. 2019; A Fischer et al.
2021).

Finally, aiming for collection of data of a diverse population and its intersectional
examination should be a major part of future research (Harari et al. 2021). For
example, paper 3 found significant sex differences in T2* within vertebral BMAT
and therefore suggests the necessity for sex-specific image reconstruction and
postprocessing.

3.2 Conclusions

Standardized MR-based localization and quantification of adipose tissue com-
partments are useful for the analysis of large-scale epidemiological studies al-
lowing for accurate interindividual comparisons and spatial analysis of tissues,
particularly in the context of varying anatomical and physiological conditions.
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4 Summary
Obesity is a global public health challenge and a heterogeneous chronic dis-

ease associated with disorders of, for example, the endocrine and cardiovascular
system. In 2022, 2.5 billion adults were overweight, of which 890 million were
living with obesity; the global prevalence has almost tripled since 1975. Start-
ing in the 1950s, research has shown that the distribution of adipose tissue in
the body plays a crucial role in characterizing different phenotypes of obesity and
that subphenotypes of abdominal obesity are associated with metabolic diseases.
This necessitates a closer examination of the distribution of adipose tissue. Non-
invasive imaging techniques such as magnetic resonance imaging (MRI) are par-
ticularly suitable for this purpose. They are also used in large cohort studies such
as NAKO, aiming to investigate the causes of chronic population-wide diseases.
Retrospective analyses of large cohort studies as well as the consecutive eval-
uation of adipose tissue compartments from MRI in ongoing cross-sectional and
intervention studies are dependent on standardized, reliable, precise, objective
and time-saving methods for image analysis.

The aim of this work is to contribute to the standardization of MR-based lo-
calization and quantification of adipose tissue compartments by adapting and
evaluating an existing deep learning-based image segmentation tool (nnU-Net)
for the standardized quantification of visceral and subcutaneous adipose tissue
and to demonstrate its applicability on image datasets of more than 11,000 par-
ticipants of the NAKO. Furthermore, a method for the standardized evaluation of
the fat fraction and its subregional distribution in the hematopoietic bone marrow
of the vertebral bodies is developed. In addition, a method for correcting con-
founded measurements of fat fraction in the liver, muscles and bone marrow of
the vertebral bodies is proposed.

The results show that the developed segmentation model can be used effec-
tively for automatic localization and quantification as well as for characterizing the
distribution of visceral and subcutaneous adipose tissue along the body axis. Fur-
thermore, it was shown that the developed method for analyzing the fat fraction
in bone marrow provides robust and precise results and enables the investiga-
tion of group-specific distribution patterns within the vertebral bodies. In addition,
the comparison of commercially available two-point and multi-echo Dixon MRI in
bone marrow shows higher systematic errors in the quantification of fat fraction
compared to liver and muscle. This error can be corrected using linear models
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derived from the data.
The presented approaches for standardized MR-based analysis of body com-

position and their applications in a large population-based cohort study contribute
to a better understanding of the influence of adipose tissue distribution on meta-
bolic diseases, allow the identification of specific phenotypes associated with car-
diometabolic risk and thus provide an essential contribution to risk stratification.
In future work, the proposed methods for adipose tissue quantification are to be
applied to the more than 30,000 MR image data sets of the NAKO. Furthermore,
the methodology is to be extended to additional (ectopic) fat compartments and
used, for example, to quantify epi-/pericardial adipose tissue or the fat fraction in
the pancreas.
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5 German summary
Adipositas ist eine globale Herausforderung für die allgemeine Gesundheit der

Bevölkerung und eine heterogene chronische Krankheit, die mit Störungen z. B.
des endokrinen oder kardiovaskulären Systems einhergeht. Im Jahr 2022 waren
2,5 Milliarden Erwachsene übergewichtig, von denen 890 Millionen mit Adiposi-
tas lebten; die weltweite Prävalenz hat sich seit 1975 fast verdreifacht. Seit den
1950er-Jahren zeigen Forschungsergebnisse, dass die Verteilung des Fettgewe-
bes im Körper eine entscheidende Rolle für die Charakterisierung von verschie-
denen Phänotypen der Adipositas spielt und Subphänotypen von abdomineller
Adipositas mit Stoffwechselerkrankungen in Verbindung stehen. Dies führt zu
der Notwendigkeit, die Verteilung von Fettgewebe genauer zu untersuchen. Dazu
eignen sich besonders nicht-invasive bildgebende Verfahren wie die Magnetre-
sonanztomographie (MRT), die auch in großen Kohortenstudien, z. B. der NAKO
Gesundheitsstudie zur Erforschung der Ursachen chronischer bevölkerungswei-
ter Krankheiten, zum Einsatz kommt. Retrospektive Analysen großer Kohorten-
studien sowie die konsekutive Auswertung von Fettgewebskompartimenten aus
der MRT in laufenden Querschnitts- und Interventionsstudien sind auf standardi-
sierte, zuverlässige, präzise, objektive und zeitsparende Methoden zur Bildana-
lyse angewiesen.

Das Ziel dieser Arbeit ist es, einen Beitrag zur Standardisierung der MR-basier-
ten Lokalisierung und Quantifizierung von Fettgewebskompartimenten zu leisten,
indem ein auf Deep Learning basierendes Bildsegmentierungswerkzeug (nnU-
Net) für die standardisierte Quantifizierung von viszeralem und subkutanem Fett-
gewebe entwickelt und evaluiert wird, und dessen Anwendbarkeit auf Bilddaten-
sätzen von mehr als 11.000 Teilnehmenden der NAKO gezeigt wird. Weiterhin
wird eine Methode zur standardisierten Auswertung der Fettanteils und dessen
subregionaler Verteilung im blutbildenden Knochenmark der Wirbelkörper entwi-
ckelt. Außerdem wird eine Möglichkeit zur Korrektur von störgrößenbehafteten
Messungen des Fettanteils in Leber, Muskulatur und Knochenmark der Wirbel-
körper vorgeschlagen.

Die Ergebnisse zeigen, dass das entwickelte Segmentierungsmodell sowohl
zur automatischen Lokalisierung und Quantifizierung als auch zur Charakterisie-
rung der Verteilung von viszeralem und subkutanem Fett entlang der Körperach-
se effektiv eingesetzt werden kann. Weiterhin wurde gezeigt, dass die entwickelte
Methode zur Analyse des Fettanteils im Knochenmark robuste und präzise Er-
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gebnisse liefert und die Untersuchung gruppenspezifischer Verteilungsmuster in-
nerhalb der Wirbelkörper ermöglicht. Außerdem zeigt der Vergleich von kommer-
ziell verfügbaren zweipunkt- und multiecho-Dixon-Methoden im Knochenmark
höhere systematische Fehler in der Quantifizierung des Fettanteils im Vergleich
zur Leber bzw. Muskulatur. Mittels aus den Daten abgeleiteter linearer Modelle
lässt sich dieser Fehler korrigieren.

Die vorgestellten Ansätze zur standardisierten MR-basierten Analyse der Kör-
perzusammensetzung und deren Anwendungen in einer großen, bevölkerungs-
basierten Kohortenstudie tragen zum besseren Verständnis des Einflusses der
Fettverteilung auf metabolische Erkrankungen bei, ermöglichen die Identifizie-
rung spezifischer Phänotypen, die mit einem kardiometabolischen Risiko verbun-
den sind und liefern somit einen essentiellen Beitrag zur Risikostratifizierung.
In zukünftigen Arbeiten sollen die vorgeschlagenen Methoden zur Fettquantifi-
zierung auf die insgesamt mehr als 30.000 MR-Bilddatensätze der NAKO an-
gewendet werden. Außerdem soll die Methodik auf zusätzliche (ektope) Fett-
kompartimente ausgeweitet werden, und beispielsweise zur Quantifizierung von
epi-/perikardialem Fett oder dem Fettanteil in der Bauchspeicheldrüse eingesetzt
werden.
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