Thesis

Al driven segmentation
of abdominal fat compartments

submitted by
Robert Piber

in partial fulfilment of the requirements for the degree of

Doktor der gesamten Heilkunde
(Dr. med. univ.)

at the
Medical University of Graz

executed at the
Department of Radiology

under the supervision of
Gernot Reishofer, PhD

Eva Hassler, MD

Graz, 13.11.2022



Declaration of Academic Integrity

| hereby confirm that the present diploma thesis is the result of my own independent
scholarly work. | also confirm that in all cases, where material from the work of others
(in books, articles, essays, dissertations, and on the internet) is acknowledged,
quotations and paraphrases are clearly indicated. No material other than that cited
in the reference list has been used. | have read and understood the Medical
University’s regulations and procedures concerning plagiarism.

Graz, 16.10.2022 Robert Piber m.p.



Table of contents

| Statutory declaration ......... ..o 2
Il Table Of CONENTS ... 3
1l ADDreviations ... 5
v LISt Of fiQUIES e 6
\% List Of tAbIES ..o 7
Vi ZUSAMMENTASSUNG ...ttt 8
Vi A S ACT .. 9
T NI OAUCHION e 10
1.1 How too much fat can lead to diSease ...........cccceeeeeiiiiiiiiiiiie e, 10
1.11 Energy and fat metabolisSm ..., 11
1.1.2  Regulation of fat storage and development of obesity ...........ccccccciiiieennennn. 14
1.1.3 Obesity and chronic disease ..........cccoooeiiiiiiiiiiiii i, 17
114 Body fat distribution and chronic disease...........ccccooeeiiiiiiiiiiiiiiiiiiecceeeeeee, 24

1.2 Methods for fat quantification ............ccccccrri 27
1.2.1 ANthropOmMELriC t00IS .....eeiiiiiiiiiiiieeee e eeeeeeeeenees 28
1.2.2  UKrasound (US) ..ot e e e e e e nneeee e e e e e as 29
1.2.3  Bioelectrical impedance analysis (BIA) ..........oooviiiiiiiiiiieeeieeee e 31
1.2.4  Computed tomography (CT) ......uueeeiiiiiiiieee e 32
1.2.5  Dual-energy X-ray absorptiometry (DEXA) ..o 32
1.2.6 Magnetic resonance imaging (MRI) ..o, 33
1.2.7 Other Methods .......coooiiii i 38

1.3 Fat segmentation...........ooooi i 38
1.3.1 Al driven segmentation ... 38

2 MEINOAS ... ———— 42
2.0 SUDJECES. .. 42
2.2 MREIMAGING oo 42
2.3 USIMaging.....ccoooiiiiii 43
2.4 POSE-PrOCESSING. .. eeeeiiiieeiiiiitiie et a ettt e e e e e e e e et e e e e e e s s e e e e e e e e e e e anneeeeeeas 43
241 FatSEgNEL ... 44
24.2 k-means clustering based method ............ccooooiiiiiici e, 46
243  Analysis and statisStiCS .......ccuuueiiiiiie e 47

2.5 Data security (/DatenNSCHULZ) .........cooiiiiiiiiiiiiiie e 48

3 RESUIES. ..ttt sttt ettt sttt nnttnnnnnnsnnnnnnnne 49

3.1 DemographiC data .........ccoii i 49



3.2 Adipose tissue compartments ... 50

3.3 SATpercentage ... 53
3.4  Sexual dimorphism in body fat-related parameters...........cccoooiiiiiiiiiiniiiinnen. 55
3.4.1 Differences in MRI measurements.........ccooooioiiiiiiiiiii e 55
3.4.2 Differences in US measurements ...........ccccvviiiieeie i 58

3.5 Comparisonofthemethods ... 58
3.5.1 MRI (FatSegNet vs. k-means based alg.) ........cccccoviiiiiiiiiiiiieeeeen 58
3.5.2 MRIVS. US et e e e e e e s e e e e e e e e annes 61

4 DISCUSSION - 65

41 (07012 (¢ [11=1 10 o FHTUT TR 70



Abbreviations

AAT = abdominal adipose tissue (= VAT + SAT)
Al = artificial intelligence

AT = adipose tissue

BMI = body mass index

CVD = cardiovascular disease

FSN = FatSegNet

HDL = high-density lipoprotein
IMAT = intermuscular adipose tissue (definition and differentiation: see chapter
1.1.4)

L1 = first lumbar vertebra

LS = fifth lumbar vertebra

LDL = low density lipoprotein

MetS = metabolic syndrome

MRI = magnetic resonance imaging
QOL = quality of life

SAT = subcutaneous adipose tissue
TAG = triacylglyceride

TG = triglyceride

US = ultrasound (B-mode)

VAT = visceral adipose tissue

WHO = World Health Organisation



List of figures

Figure 1: FatSegNet control masks ..., 46
Figure 2: Flowchart of subjectselection ... 48
Figure 3: VAT (A), SAT (B), AAT (C) volume and VAT-SAT-ratio (D) distributions as
measured by FatSegNet ... ... 52
Figure 4: VAT (A), SAT (B), AAT (C) volume and VAT-SAT-ratio (D) distributions as
measured by kK-means alg. ... 53
Figure 5: SAT perc. (incl.), sorted by SEX ......ccoiiriiiiii e 54
Figure 6: SAT perc. (excl.), sorted by SeX .......ccovuiiiiiiiiii e 54
Figure 7: BMI differences between the sexes ..., 55

Figure 8: Differences between the sexes throughout the AT compartment volumes
as measured by FatSegNet (FSN) ... 56
Figure 9: Differences between the sexes throughout the AT compartment volumes
as measured by K-means alg ........o.viiiiiii 57
Figure 10: Sex differences in the VAT-SAT-ratio as measured by FatSegNet (A) and
the k-means alg. (B) . ... 57
Figure 11: Sex differences in the SAT perc. (incl.) (A) and (excl.) (B) as measured

Figure 12: Regression variable diagrams showing the relationship between the
values for VAT (A = females, B = males), SAT (C = females, D = males), AAT (E =

females, F = males), and the VAT-SAT-ratio (G = females, H = males) created by

the two algorithm (x-axis = FatSegNet, y-axis = k-means alg.) .............c...ooenen. 59
Figure 13: Bland-Altman-plot for VAT (A), SAT (B), AAT (C); and the VAT-SAT-ratio
) T 60

Figure 14: Regression variable diagrams showing the relationship between the
values for SAT perc. US (incl.) and VAT (A = females, B = males), SAT (C =
females, D = males), and AAT (E = females, F = males) as measured by
FatSEegN et .. 62
Figure 15: Regression variable diagrams showing the relationship between the
values for SAT perc. US (incl.) and VAT (A = females, B = males), SAT (C =
females, D = males), and AAT (E = females, F = males) as measured by the k-

MEANS A0, Lttt e 63



List of tables

Table 1: SUDJECES @€ .. ..o 49
Table 2: Subjects’ BMI ... 50
Table 2: Overview of AT volumes and ratios; mean (SD); all volumes incm? ...... 50

Table 4: relative frequencies of overall AT volumes and ratios; all volumes in cm?

.......................................................................................................... 50
Table 5: relative frequencies of female AT volumes and ratios; all volumes in cm?
.......................................................................................................... 51
Table 6: relative frequencies of male AT volumes and ratios; all volumes in cm3.. 51
Table 7: SAT perc. as measured by US, incl. fibers ..., 54
Table 8: SAT perc. as measured by US, excl. fibers ..., 54

Table 9: Correlations of US-measured SAT perc. (incl. and excl. fibers) with the
measurements from FatSegNet and the k-means alg. in females .................... 61
Table 10: Correlations of US-measured SAT perc. (incl. and excl. fibers) with the

measurements from FatSegNet and the k-means alg. inmales ....................... 62



Zusammenfassung

Der Einsatz von kunstlicher Intelligenz (KI) in der Radiologie wird immer wichtiger, um die
Analyse und Interpretation der wachsenden Datenmengen zu beschleunigen, die durch die
sich sténdig verbessernde und weiter verbreitete Bildgebungstechnologie generiert werden.
Kl kann in Bereichen wie diesem erfolgreich eingesetzt werden, wo es schwierig ist, eine
Korrelation zwischen eingehenden und ausgehenden Daten mathematisch zu formulieren.

Angesichts einer bereits hohen und standig wachsenden Zahl von Ubergewichtigen
und fettleibigen Menschen und damit zusammenhangenden Erkrankungen werden
effizientere und genauere Methoden zur Messung der Koérperzusammensetzung —

moglicherweise Kl-gesteuert — bendtigt.

115 junge, mehrheitlich gut trainierte Proband*innen wurden mit der Dixon-MRT-Technik
untersucht und die Daten wurden anschlieRend in zwei vollautomatische
Segmentierungsalgorithmen eingespeist — einer davon deep-learning-basiert (FatSegNet),
der andere nicht (ein k-Means-basierter Clustering-Algorithmus), um das Volumen des
Fettgewebes (= adipose tissue = AT) innerhalb der Kompartimente zu bestimmen. Darlber
hinaus wurden dieselben Proband*innen per Ultraschall (US) untersucht. Die mit den
unterschiedlichen Methoden generierten Ergebnisse wurden dann miteinander verglichen
und auf geschlechtsspezifische Unterschiede hinsichtlich der Verteilung von AT Uber das

viszerale (VAT) und subkutane (SAT) Kompartiment untersucht.

Die abschlieBende Analyse wurde an 92 Proband*innen (48 Frauen, 44 Manner, 23.53 +/-
2.84 Jahre alt) durchgefuhrt. Die von beiden Algorithmen gemessenen Werte fur die
Volumina der AT-Kompartimente korrelieren gut, und die US-Messung des SAT korreliert

eng mit den von beiden Algorithmen gemessenen SAT-Volumina.

Insgesamt stimmen die im Rahmen dieser Arbeit gewonnenen Daten mit der aktuellen
Literatur Uberein, indem sie zeigen, dass die automatische Segmentierung von AT sehr
genau ist - umso mehr, wenn sie von einem Deep-Learning-basierten Algorithmus
durchgefiihrt wird. Auch die US-basierte Messung des SAT ist sehr genau und zuverlassig,
insbesondere wenn sie von erfahrenen Untersucher*innen durchgefiihrt wird, die eine hoch
entwickelte und standardisierte Methode anwenden. SchlieRlich stimmen unsere Daten mit
dem aktuellen Verstandnis des sexuellen Dimorphismus in AT-Verteilungsmustern Gberein,
wobei Frauen relativ mehr gesamtes AAT (= abdominal AT = SAT+VAT) und SAT, und

Manner relativ mehr VAT haben.



Abstract

The use of artificial intelligence (Al) in radiology becomes ever more important as a way to
speed up analysis and interpretation of the growing amounts of data generated by
constantly improving and more widely used imaging technology. Al can be applied
successfully in areas like this one, where mathematically formulating a correlation between

ingoing and outgoing data proofs difficult.

In the light of an already high and ever-growing number of overweight and obese people
and obesity-related disorders, more efficient and accurate methods for measuring body

composition — potentially Al driven - are needed.

115 young, mostly well-trained subjects were examined via the Dixon MRI technique and
the data was subsequently fed into two fully automatic segmentation algorithms — one is
deep-learning-based (FatSegNet), the other one is not (a k-means-based clustering
algorithm), in order to learn the volume of the adipose tissue (AT) within the compartments.
Furthermore, the same subjects were examined via ultrasound (US). The results generated
by the different methods were then compared to each other and examined for sex
differences concerning the distribution of AT over the visceral (VAT) and subcutaneous

(SAT) compartments.

The final analysis was performed on 92 subjects (48 females, 44 males, aged 23.53 +/-
2.84 years). The values for the volumes of the AT compartments measured by both
algorithms correlate well, and the US measurement of SAT correlates tightly with the SAT

volumes measured by both algorithms.

Overall, the data acquired via this thesis is congruent with the current literature in showing
that automatic segmentation of AT is highly accurate, even more so when done by a deep-
learning-based algorithm. Also, US-based measurement of (SAT) is highly accurate and
reliable, especially if done by experienced examiners implementing a sophisticated and
highly standardized method. Lastly, our data is in line with the current understanding of
sexual dimorphism in AT distribution patterns, with females having relatively more overall
AAT (= abdominal AT = SAT+VAT) and more SAT, and males having relatively more VAT.



1 Introduction

This thesis, “Al driven segmentation of abdominal fat compartments”, deals with
different segmentation methods for assessing the amount and distribution of
abdominal adipose tissue (AAT) in magnetic resonance imaging (MRI) data and its
relationship to ultrasound (US) measurements of subcutaneous adipose tissue
(SAT), and to other anthropometric measurements like body mass index (BMI). The
aim is to compare the results each method provides and to highlight differences
between females and males. An exact quantification especially of visceral and
abdominal adipose tissue is essential, and MRI is the most reliable method for
quantifying visceral adipose tissue (VAT) that is also not dependent on the use of
ionizing radiation. The amount of VAT in particular is associated with metabolic
dysfunction and its impact on chronic disease, quality of life, life span, and health

span.

1.1 How too much fat can lead to disease

Over the course of the last four to five decades, a public health crisis established
itself in the form of an ever-growing number of overweight and obese people and
the illnesses connected to that. The global rate of obesity has nearly tripled since
1975 [1], while the number of global deaths attributed to obesity nearly doubled
since 1990, with the number of people dying prematurely from obesity each year
sitting at about 4.7 million. Roughly 8 % of global deaths are attributable to obesity.
The numbers vary strongly between regions of the world. In typical western nations
the number is closer to 10 %, whereas in low-income countries like in sub-Saharan
Africa it is below 5 %. Also, the rate of obesity itself is highly diverse around the
globe, and strongly correlated to a regions socioeconomic status, and to the
alignment of its nutritional habits to typically western ones. The USA and middle
eastern countries like Saudi Arabia are leading the charts, with rates of 36.2 % and
35.4 %, respectively. In the USA, 6 % of the population are morbidly obese, even
(BMI > 40 kg/m?) [2]. The lowest rates are presented by Vietnam with 2.1 %, and
India and Cambodia with 3.9 %. The European countries find themselves mostly
with rates between 20 and 25 %, with Austria among them at 20.1 % [3].



Children are not spared either: In children, being overweight is defined by the child
being two standard deviations above the median weight for their height, according
to the WHO child growth standards [1]. By this definition, the number of overweight

children has more than quadrupled since 1975.

Also, the financial cost of high BMI is significant: It is estimated by the WHO to
amount to 990 billion US Dollars per year in expenditures for health-care services.
The costs are direct (in- and outpatient treatments) and indirect (e.g. value of lost

work, insurance) [4].

These alarming statistics make it all the more important to bring to even wider public
recognition that the metabolic syndrome or a dysfunctional energy and fat
metabolism in general are central driving forces in many of the most pressing health

issues in the developed world [5].

1.1.1 Energy and fat metabolism

Like every system in the human body, the energy metabolism also needs to be in
balance, or in homeostasis. This entails, that over a given period the amount of
energy introduced into the system roughly equals the amount of energy expended.
As long as this is the case, the bodyweight is maintained, even though changes in
body composition are possible (e.g., loss of a certain amount of adipose tissue and
simultaneous gain of a similar amount of muscle tissue [6], or the other way around).
Also, changes in bodyweight having little to do with energy metabolism are possible,
e.g., loss of stored glycogen and water weight when beginning a ketogenic
maintenance diet, loss of water weight through the means of sweating or certain
drugs (e.g., diuretics) or weight gain through foods that cause bloating or water
retention, etc., though these factors will not be taken into consideration with this
thesis. [7], [8], [9]

So, in general energy metabolism is about changing energy from one form (e.g.,
glucose, fatty acids) into another (e.g., mechanical energy for movement; energy to
run diverse cellular processes; heat). Depending on the circumstances, the
metabolism can work in an anabolic way, which means that supplied energy is used

to build complex, organic macromolecules (fats, proteins, carbohydrates). If these



same macromolecules are split up for (mechanical) work or heat production, the

metabolism is working in a catabolic way. [7], [8]

Energy is introduced into the system via food intake and use of the body’s energy
stores, the two most important of which are intramuscular as well as hepatic
glycogen stores and white adipose tissue (AT), which has a cellular structure built
on a single, large lipid droplet (making the cell turn “white” (=empty) after the fat
droplet is emptied during histological preparation), which squeezes the other cellular
content towards the periphery of the cell. Also, amino acids can be used for energy,
though they make up only around 5 % of the basal metabolic rate (BMR). Therefore,
their use for energy will be minimized, except when the body’s carbohydrate stores
run low, e.g., during fasting, where up to 15 % of the BMR can be provided by amino
acids. [7], [8], [10]

Energy is used up by all cells in the body for processes ranging from basic life
preserving functions like heartbeat, respiration, digestion, over physical and mental
work, growth of the body during adolescence, all the way to production of heat in
the context of thermoregulation. All tissues vary to some degree in their rate of
energy usage, though with skeletal muscle the range is exceptionally large, since it

is dependent on the amount of physical work done. [7], [8]

Now, the aforementioned energy stores are filled either by ways of food intake or by
transformation of one type of macromolecule into another. Amino acids, either
ingested or from muscle protein breakdown, are mostly used to synthesize structural
and functional proteins, but also to be directly oxidized, or to be transformed into
glucose during gluconeogenesis. Carbohydrates are one of the two main energy
suppliers. They are broken down for energy via glycolysis or stored as glycogen in
liver or muscle cells. Excess carbohydrates can be transformed into fatty acids via
acetyl-Coenzyme A and stored as triacylglycerides (TAGs), which is one way they
biochemically contribute to the development of obesity. Nutritional fats are digested
and can then be directly used for energy via beta-oxidation of the fatty acids or
transformation into ketone bodies, they can be used as building blocks for cell
membranes and hormones, or they can be stored as TAGs in the form of white
adipose tissue. These are the most important long-term energy reservoir. An

average person has approximately 180.000 kcal stored in this way [11], which is a



cushion big enough to enable us to spend our time doing more than searching for

food and eating.

Instead of storing TAGs for later use for energy, they, together with glucose, are
burnt for heat production by the so-called brown adipose tissue. Developed from the
same stem cells as muscle cells, brown AT comes from the mesoderm, and its name
derives from the cellular architecture, with not one single, large lipid droplet, but
several, and a way higher number of mitochondria, which are with their iron content
responsible for the color [12]. It is located only in specific sites throughout the body,
like the like in between the shoulder blades, paravertebrally, in the shoulders, and
the neck. It is designed for non-shivering thermogenesis and was therefore an
important factor for the evolutionary success of the mammals. Until as recently as
ten to fifteen years ago it was believed to play no significant role in the adult human,
but this view has changed after several studies within this timeframe showed,
among other things, relevant activation of brown fat in adults, particularly in relation
to cold exposure. Also, in recent years it has been suggested to have and studied
in relation to potential health benefits on different organ system, like the
cardiovascular, the gastrointestinal, and even the musculoskeletal system [13]. As
relevant as its role may be to our health and functioning, however, for this thesis it

L]

is not, and from now on “adipose tissue”, “fat”, “fatty tissue”, “bodyfat”, and similar

terms exclusively refer to white adipose tissue.

Within the white AT, the TAGs are stored mostly in the form of subcutaneous
adipose tissue (SAT), visceral adipose tissue (VAT), or intermuscular adipose tissue
(IMAT), at ratios dependent on factors like sex and various endocrinological,
metabolic, and genetic factors, some of which influence the metabolism to favor the
storage in the latter two forms, like, e.g., (systemically or locally) heightened

glucocorticoid levels [14] or increased systemic inflammation [15].

On another note, concerning terminology, the use of the term “adipose tissue”
makes more sense compared to calling it “fat” or “fatty tissue”, since it is composed
not only of proper adipocytes (fat cells), which make up about 80-90 % of the volume
and 20—40% of the number of cells. The remaining tissue is composed of fibroblasts,

blood vessels, blood, cells of the immune system, and nerve tissue [12] [16].

Furthermore, AT is not only a form of stored energy and a player in its own

regulation, but a major endocrine organ: On the one hand it can be regulated by the



central nervous system and by endocrine signals, but on the other hand it also sends
signals out itself. Among these are signal proteins are called adipokines, which
include leptin, adiponectin, plasminogen activator inhibitor-1, and hundreds more
[17], but also proteins of the renin-angiotensin system, complement components,
tumor necrosis factor alpha, and resistin. AT is also involved in metabolism of sexual
hormones like estrogen, and glucocorticoids. The degree of impact the endocrine
function of AT has is shown by the extent of the negative consequences of both
adipose tissue excess and deficiency on the functioning of the whole body, and

especially metabolism [18].

1.1.2 Regulation of fat storage and development of obesity

Fat, either coming from carbohydrates or nutritional fat, is stored in the body only
when there is excess energy in the system. This is called positive energy balance
[9]. During childhood and adolescence this is necessary (to a certain extent) to be
able to grow, but if it is maintained over a prolonged timeframe during adulthood it
leads to weight gain and possibly obesity. The higher the energy surplus and the
longer it lasts, the more pronounced the weight gain. The World Health Organisation
(WHO) defines normal, over-, and underweight via the body mass index (BMI),
which is calculated as bodyweight in kilograms (kg) divided by height in meters
squared (m?). The range for normal weight lies between 18.50 kg/m? and 24.99
kg/m?. Everything below that is underweight, 25-29.99 kg/m? is defined as
overweight or preobesity, and 30 kg/m? and upward is defined as obesity. Then,
there is further division into the subcategories mildly underweight (17-18.49 kg/m?),
moderately underweight (16-16.99 kg/m?), and severely underweight (<16 kg/m?) on
the low end, and obesity grade | (30-34.99 kg/m?), grade Il (35-39.99 kg/m?), and
grade Il (>40 kg/m?) on the high end [11].

Bodyweight, or to be more precise, the amount of fat stored in the body is regulated
by several mechanisms which in turn are influenced by many factors, some of which

are genetic and some environmental. [7], [8]

The genetic component seems to account for 40 - 50 % of the interindividual
variability in body weight. However, this influence varies strongly depending on

weight class. Among the normal-weight population, it accounts for about 30 %,



whereas in obese and severe obese people the genetic component seems to
amount to about 60-80 %. The distribution of AT also underlies significant genetic
influence ranging from 30 - 55 %. A minimum of 15 genes are causally related to
monogenic obesity, and the maijority of them is related to the leptin-melanocortin-
pathway, which again underscores the importance of leptin with regards to

bodyweight and -fat regulation [19].

Concerning environmental factors, a fairly popular review from the year 2006
specified ten more possible antecedents to the rise in obesity: “(1) insufficient sleep,
(2) endocrine disruptors (environmental pollutants that interfere with lipid
metabolism), (3) decreased variability in ambient temperature, (4) decreased rates
of smoking, because smoking suppresses appetite, (5) increased use of
medications that can cause weight gain (e.g., atypical antipsychotics), (6)
proportional increases in ethnic and age groups that tend to be heavier, (7)
pregnancy at a later age (which may cause susceptibility to obesity in children), (8)
epigenetic risk factors passed on generationally, (9) natural selection for higher BMI,
and (10) assortative mating leading to increased concentration of obesity risk factors
(this would increase the number of obese people by increasing population variance
in weight).” [20]

The recognition of the substantial genetic influence and societal factors like easily
accessible, hyper-palatable, cheap food, increased reliance on machines for
transportation, mechanized manufacturing, poor coverage of the importance of diet
and movement within the education system, and deliberate promotion and
distribution of unhealthy foods due to corporate interests, plus, possibly some of the
above-mentioned ten factors on the development of obesity constitutes very
important progress, since it can lead to a more well-rounded approach to confronting
the obesity epidemic than only applying to individual responsibility, possibly even in

a judgmental way.

For all physiological mechanisms concerning the amount of food taken in, the
hypothalamus is the central regulator, with the N. ventromedialis acting as the
“satiety center” and the lateral hypothalamus as the “feeding center” [7]. While there
are many messenger substances involved in short-term regulation of energy uptake

via regulation of appetite (e.g., ghrelin, cholecystokinin, insulin), the lipostasis



mechanism seems to play the biggest role in long-term regulation [21]. The amount
of stored fat is “communicated” to the hypothalamus by the amount of Leptin
released from AT — these two factors are directly proportional to each other — and
via a feedback loop the fat mass is kept constant. For each individual, by ways of
molecular and neuroanatomic presets, a setpoint for bodyfat is determined, which
can also change over time [22]. The mechanisms behind that change are poorly
understood, but seem to involve genetic, epigenetic, developmental, and
environmental influences [23]. This setpoint is biologically defended by means of
manipulating energy balance (the difference between energy uptake and
expenditure) by affecting appetite, thyroid hormone levels, sympathetic nervous
system activation, and physical movement. This way, further weight loss is
hampered and regain of lost weight is favored, so that the amount of body fat stays
at this setpoint [23]. This is the case for normal-weight individuals, as well as for
obese individuals [24]. And not only weight loss, but also weight gain is defended
against in lean individuals that are overfed [25], and even in obese individuals [26],

as long as the body fat setpoint stays the same. [7], [8]

The aforementioned Leptin seems to be a major player in these control circuits [27].
It is a hormone that is produced by adipocytes, and its plasma concentration is
directly proportional to the fat cell mass. So again, if the fat stores are full, the
hypothalamus senses this and in turn reduces food intake and increases energy
expenditure. If stored fat is low, the opposite occurs. Most obese individuals show
leptin levels that are significantly increased and even disproportionally high for their
increased bodyweight. This suggests that obesity is connected to some form of
resistance of the tissues to leptin, though the exact role (causal or instrumental?) of

this supposed leptin resistance is unclear. [28], [29]

Also, the well-known peptide hormone insulin plays a major role in the regulation of
adipose tissue. Macronutrient intake influences insulin levels, with carbohydrates
raising levels the most, and this in turn drives glucose and fatty acids into the AT
depots and keeps it there [30]. Still, macronutrient intake has yet to be convincingly
shown to cause differences in body composition, if provided in an isocaloric manner
[31]. Furthermore, insulin influences levels of circulating macronutrients, the release
of fat out of AT, signaling of energy status to components of the feeding circuitry,

and many other processes. But even though it seems like we have a deep



understanding of the hormone, the extent of insulin’s role in the development of

obesity is still not totally clear.

However, if the complex system of body fat regulation is hijacked by factors like
hyperpalatable, calorie dense foods, the potential comfort of modernity, and to little
focus of public policy on educating and incentivizing citizens in the direction of a
healthier lifestyle, and thereby an energy surplus is maintained over time, the circuits
go awry and the amount of stored bodyfat increases, which leads to the

development of disease.

1.1.3 Obesity and chronic disease

Having one’s weight sit at least within striking distance of the normal range
throughout one’s lifetime is crucial for longevity. Of course, there are individual
differences concerning a person’s ideal weight, and BMI is an imperfect measure
too, since it fails to take into account what the value of the number above the fraction
line is composed of (e.g. AT vs. muscle tissue), meaning that an individual person
can have a BMI a slightly above or below the normal range and be perfectly healthy,
but also that an individual can be (metabolically) unhealthy while having their BMI
be normal. However, in general it must be stated that being outside of the normal
weight range is strongly associated with negative health outcomes [7] [8] [32]
(except if it is upwards of the normal range and the underlying cause is not adipose
tissue but extra skeletal muscle mass, which is, up to a point, strongly associated

with positive health outcomes [33]).

On the lower end, anorexic people (BMI < 18.5) must deal with plenty of physical
consequences concerning all large organ systems in a myriad of ways. In general,
medical complications of anorexia nervosa are a direct result of weight loss and
malnutrition. Starvation induces protein and fat catabolism that leads to loss of
cellular volume and function, resulting in adverse effects on, and atrophy of, the
heart, brain, liver, intestines, kidneys, and muscles. And that does not even mention

the psychological suffering leading to and resulting from it. [34]

A BMI upwards of the normal range is intertwined with just as many acute and
chronic health problems. Most of the common chronic conditions such as kidney

disease, osteoarthritis, cancer, diabetes, sleep apnea, nonalcoholic fatty liver



disease (NAFLD), gallbladder disease, depression, hypertension, and most
importantly, CVD, are directly related to obesity [35], and the most important and

mostly strongly BMI-associated of them will be discussed in more detail below.

Also, when talking about mortality, there is a strong connection between obesity and
the chance of dying from CVD and cancer, and a significantly increased all-cause
mortality [35] [36] [37]. Studies found a J- to U-shaped association of BMI to
expected years of life lost (YLL). The maximum YLL for white men aged 20 to 30
with severe obesity, meaning a BMI > 45 kg/m?, might lose as much as 8 to 13 years
of their life, which is up to a 22% reduction in expected remaining life span,
calculated off of average life expectancy [38]. So, the Obesity Society came to the
conclusion that overall, there is a causal relationship between obesity and reduced

function, reduced quality of life, serious disease, and heightened mortality [39].

The mechanisms behind the relationship of overweight and obesity to morbidity and
mortality seem to heavily involve the immune system and a process or rather a state
called meta inflammation, which is a low-grade but chronically active state of
inflammation involving both the innate and the adaptive part of the immune system
[40] Meta-inflammation does not lead to any of the cardinal symptoms of
inflammation (redness, heat, swelling, pain, reduced function), even though there
are increased pro-inflammatory factors in the circulation and the immune system is
active, meaning it is subclinical. Nonetheless, over time it can lead to severe

problems throughout all major organ systems.

In chapter 1.1.2 it was mentioned that AT is an endocrine organ, but it was shown
that evolutionarily it also functions as an immune organ, playing an important role in
maintaining metabolic homeostasis. Obesity suppresses this function, because the
functioning of the immune system is affected by excess fat accumulation within the
AT. This excess fat can also lead to insulin resistance, and insulin resistance again

has been linked to meta-inflammation [40].

Furthermore, obesity seems to create hypoxic conditions within adipocytes by ways
of them expanding, and therefore decreasing the blood flow to surrounding
adipocytes. Therefore, they must shift to an anaerobic metabolism, which stimulates
inflammation via macrophages. On top of that, overfilling of the AT also seems to

increase the rate of classically activated M1 macrophages within AT, which



stimulate inflammation, and decrease the rate of alternatively activated M2

macrophages, which would lower inflammation [41].

Also, excess adiposity is one of the most important determinants of adipokines and

inflammatory factors associated with coronary plaque rupture [42].

1.1.3.1 Cardiovascular disease (CVD)

As alluded to before, obesity is an independent risk factor for cardiovascular disease
(CVD), which has been known for decades at this point. CVD includes coronary
heart disease, pectoral angina, myocardial infarction (MCI), congestive heart failure,
stroke, hypertension, and atrial fibrillation. Over the last decades a large body of

high-quality research has accumulated to confirm the association.

Studies including many thousands of participants looked at CVD, and many of them
specifically at the role of obesity in its development, and also at the connection
between CVD, obesity, and other risk factors such as diabetes. In [43] it was shown
that over three decades the lifetime-risk of suffering from CVD in women and men,
all with diabetes, which already increases the risk substantially, was even higher in
the obese (78.8% in women, 86.9 % in men) vs. in the normal-weight (54.8 % in

women, 78.6 % in men) group.

In another prospective study [44] following more than 7000 British men for 20 years
it was shown that major CVD developed at a significantly higher rate in obese
(24.9/1000) vs. in non-obese (13.9/1000) subjects. A noteworthy piece of data
coming from the study, apart from the clear association between CVD and
overweight and obesity, concerns the effect of weight loss. It significantly decreased
the risk for developing diabetes mellitus, but not for CVD, except in severely
overweight young men. The authors therefore concluded that the longer and the
more severely someone suffers from obesity, the more the positive effects of weight
loss on the cardiovascular system are limited. In concordance with this, [38] showed
that for a given degree of overweight or obesity a younger person, on average, had
more YLL (“expected number of years of life lost”, according to the calculation model
used in this study) than an older person with the same degree, suggesting that not
only the degree of overweight or obesity matters, but also how long a person walks

around with it.



The task of evaluating the consequences of obesity on not only manifest, but also
subclinical CVD (determined via coronary artery calcium, carotid artery intimal
medial thickness, and left ventricular mass), which mostly will be problematic in the
long-term, was undertaken by the researchers behind the Multiethnic Study of
Atherosclerosis [45]. They included just short of 7000 participants, who were free of
manifest CVD at the baseline examination. In white, African American, and Hispanic
populations the rate of overweight (60-85 %) and obesity (30-50 %) was higher than
in Chinese Americans (33 % overweight, 5 % obese). However, in all of these
populations a strong association between obesity and hypertension, coronary artery
calcium, an arteria carotis interna (ACI) intimal-medial-thickness over the 80th
percentile, arteria carotis communis (ACC) intimal-medial-thickness over the 80th
percentile and left ventricular mass over the 80th percentile was shown, despite the
higher rate of medication with antihypertensive and/or antidiabetic drugs. Even after
adjusting for other well-known risk factors for CVD, such as high systolic blood
pressure, high LDL, low HDL, high TAGs, diabetes mellitus, and smoking, the

associations persisted.

Also concerning the heart, earlier incidence of non-ST-segment-elevated
myocardial infarction (NSTEMI) shows a strong, inverse linear relationship with BMI.
The first NSTEMI can occur, depending on the degree of obesity, up to 12 years

earlier [42].

Furthermore, atrial fibrillation was shown to appear at a higher rate in overweight
and obese individuals [46]. After following people for over a decade (mean follow-
up: 13.7 years), about 10 % developed atrial fibrillation. With BMI having been
evaluated as both a continuous and a categorical (< 25, 25-30, < 30 kg/m?) variable,
a 4 % increased risk for the occurrence of atrial fibrillation per 1 unit increase in BMI

was detected, after correcting for other cardiovascular risk factors that is.

High BMI is also associated with hypertension, which in turn is a risk factor for CVD.
In a prospective study done in Norway on more than 15.900 women and more than
13.800 men, who did not show CVD or hypertension at baseline, the risk for
developing hypertension was 1.4 times higher in subjects whose BMI increased over
the duration of the study [47]. One more datapoint concerning the relationship
between obesity, hypertension, and diabetes specifically in women was put forward

by another large investigation, the Women’s Health Study [48]. It included 38.172



non-diabetic, cardiovascularily healthy subjects, and showed that higher blood
pressure correlated with higher BMI, and also with older age, a higher prevalence

of hypercholesterinaemia, and a family history of diabetes.

1.1.3.2 Diabetes mellitus

Within the same investigation, the Women’s Health study [48], where the main
outcome measure was time to incidence of type two diabetes mellitus, the mean
follow-up time was 10.2 years. After stratifying by BMI, they showed an age-adjusted
incidence rate of diabetes among obese women of 7.58/1000 within the
normotensive group and 20.53/1000 in the hypertensive group, compared to

0.63/1000 and 2.30/1000 respectively for subjects that were of a normal weight.
In [37] the contribution of the Nurses Health Studies (NHS) | and Il to the causes

and consequences of obesity were reviewed. Concerning Type Il Diabetes, they
found that the risk for developing it was at least 3.6 times as high even in the high-
normal BMI group (23-23.9 kg/m?) than it was in the low normal BMI group (< 22
kg/m?2), let alone the > grade Il obese group (BMI > 35 kg/m?), where the relative risk
(RR) was 93.2, compared to the low-normal (BMI < 22 kg/m?) group. On the other
hand, they also mentioned the positive effect of weight loss, with five or more

kilograms lost since age 18 being associated with nearly 50% lower risk.

Among people that already are diabetic, higher bodyweight and especially obesity
is associated with poorer blood glucose control, higher blood pressure, and higher
cholesterol, and therefore an even higher risk for both macro- and microvascular
disease. The American Center for Disease Control (CDC) also looked at people
older than 20 years in the U.S.A. who already had a diagnosis of diabetes mellitus
type Il and explored the connection to overweight and obesity. The results indicated
that the majority of people with diagnosed type Il diabetes were overweight or
obese. Fittingly, losing weight is associated with lower mortality and morbidity

among overweight and obese people with diabetes. [49]

Consistent with this observation, several more studies have shown that weight loss
is associated with a significantly lowered risk of developing diabetes and lower
diabetes-related morbidity and mortality. The aforementioned study of British men

[44] also looked at the effect of weight change during a 5-year follow-up, specifically



related to diabetes. It found the relative risk to be 1.76 among the subjects showing
a weight gain of at least 10 %, 1.0 among those with stable bodyweight, and a

lowered 0.62 among the population that lost weight.

Similarly, the Look AHEAD (Action for Health in Diabetes) study [50] examined over
5100 overweight patients with type 2 diabetes. They compared intensive lifestyle
intervention to usual support and education in the form of a randomized trial, and
weight loss was connected to improved diabetes control. At the one year mark the
intensive lifestyle intervention group had lost 8.6% of body weight, whereas the
supportive group had lost 0.7 %. So, the former resulted in clinically significant
weight loss in people with type 2 diabetes, and this was associated with better
diabetes control, reduced cardiovascular risk factors, and lower use of antidiabetic,

antihypertensive, and lipid-lowering medication.

In a large, prospective cohort study in the United States with a 14-year follow-up
done on middle-aged women [51] showed that after adjusting for age, BMI was the
dominant predictor of risk for incidence of diabetes mellitus type Il, and that there is
a dose-response-relationship, starting at a high-normal BMI (24 kg/m?). They also
looked at weight change as a predictor of risk and got similar results to the research
mentioned above. Weight gain above 5 kg was connected to higher risk in a dose-

dependent manner, just like weight loss greater than 5 kg was to significantly (ca.

50 %) lower risk. All the results were independent of a family history with diabetes.

These are only a few of many pieces of data showing the strong connection between
(the long-term risk of) type 2 diabetes and increasing bodyweight, and, conversely,
the lower diabetes-related morbidity and mortality with weight loss. Therefore,
encouraging diabetics (and all other patients for that matter) to reach and maintain
a bodyweight within the healthy range should absolutely be a priority for all diabetes-

care programs.

1.1.3.3 Cancer

Also, many large-scale studies have confirmed a significant association between
obesity and cancer. In the repeatedly cited review of the NHS | and Il and their

follow-up research [37] a correlation between higher BMI as well as increase in BMI



over the lifespan with the development of several types of cancers, among them

breast, colorectal, endometrial, ovarian, kidney, pancreatic, and others, is shown.

A prospective study from 2003 [52] followed more than 900.000 Americans who
were free from cancer at baseline for a mean 16 years and found a significant
association between obesity and cancer. Here once more the degree of overweight
or obesity mattered strongly as well. The researchers saw higher rates of death in
consequence of cancers in the gastrointestinal tract (esophageal, colorectal,
hepatic, gallbladder, pancreatic), the kidneys, and of non-Hodgkin lymphoma and
multiple myeloma in proportion to a higher BMI. The subjects with grade Il obesity
(BMI = 40 kg/m?) showed an overall cancer mortality which was 62% higher in

women and 52% higher in men compared to subjects with a normal BMI.

Specifically with breast cancer, not only its chance of occurring, but also of it being
fatal is positively connected to bodyweight, to weight gain, and also more specifically
to postmenopausal weight gain, while being negatively connected to weight loss
[53].

The degree to which high BMI contributes to cancer rates it also shown by [54],
where the authors estimate 30% of all colon cancer cases to be attributable to

overweight and obesity.

1.1.3.4 Other

Above normal bodyweight also affects the musculoskeletal system. Obesity is
directly connected to osteoarthritis, most strongly in the knee joint [55], but also in
the hip. Since osteoarthritis has a strong negative impact on patient’s quality of life,
this consequence of obesity and the importance of weight loss as a preventive and

therapeutic measure must be acknowledged.

Furthermore, obesity has been recognized as a strong predictor for non-alcoholic
fatty liver disease (NAFLD) [56], and just like in CVD, diabetes, and osteoarthritis,
weight loss is beneficial for a lower risk of developing, and a higher chance of benign

course of the disease [57].

Apart from the liver, other components of the gastrointestinal system also suffer
under the weight of obesity, like the gallbladder, the pancreas, and the colon, and

so does the psyche, since obesity has not only biological, but also substantial social



and psychological consequences, often leading to depression and other mental

ailments [58].

1.1.4 Body fat distribution and chronic disease

Thanks to the research conducted over the last decades we have come to know
that not only the overall amount of adipose tissue within a person’s body, but also
its distribution over the compartments (visceral, subcutaneous, intermuscular)

influences if, how quickly, and which type of disease is most likely going to form.

The relationship between morbidity and mortality and excessive amounts of
SAT is a looser one, compared to the one with VAT [59]. Therefore, the ratio
between the amount of visceral and subcutaneous abdominal adipose tissue (VAT-
SAT-ratio) can serve an important function as a predictor of cardiometabolic risk,
risk for cardiac events, and all-cause mortality [60] [61], which shows the importance
of accurately measuring it. If this could be done more easily, the inclusion of obesity
phenotypes (e.g., visceral metabolic or non-visceral “benign” obesity) into risk
profiles that are up to now based on blood pressure, blood lipid levels, age, sex,

etc., would be a great improvement [45].

Research in this direction has been going on for a while, but over the last decade it
became ever clearer that the fat stored in the form of intermuscular adipose tissue
(IMAT) and intramyocellular lipids (IMCL) acts in a similar way within the body as
VAT, in the sense that it is, per unit more so than SAT, complicit in furthering
metabolic dysfunction, for example via promoting insulin resistance [15]. In the case

of IMAT this is happening especially in muscle cells.

Several mechanisms seem to be involved in the comparatively higher morbidity with
VAT and IMAT, like a higher contribution to an inflammatory milieu, and insulin
resistance [62]. The accumulation of excess fat within abdominal adipose tissue is

associated closer with meta-inflammation [41].

A popular hypothesis first put forward by Bjorntorp in 1992 [63] is the “portal free
fatty acid” hypothesis. It tries to explain the destructive hyperglycemic,
hyperinsulinemic, hypertriglyceridemic state related to visceral obesity via a

dysfunctional liver metabolism. This is proposed to be the consequence of



heightened rate of free fatty acids in the portal circulation, which is itself the
consequence of the increased lipolysis (due to insulin resistance and therefore
resistance to its antilipolytic effects) in the visceral fat depot. However, in the years
since then it has been shown that a large part of the free fatty acids within the portal
circulation does not originate from the VAT [64], so this hypothesis can only be a
part of the story. [65]

Another part of it is related to insulin resistance. It has been suggested that
molecules released by the VAT might contribute significantly to its emergence.
Those molecules could be the free fatty acids, as alluded to before, just like pro-
inflammatory compounds produced in and released from VAT, like TNF alpha, the
interleukins 1 and 6, or resistin. A reduction in adiponectin levels could also be
involved since this has been shown before to be connected to lower sensitivity to
insulin. [65] [66]

Accumulation of excess VAT could also be indicating dysfunctional adipose tissue
which is not able to store the excess energy as it should. According to this model -
the lipid overflow model — it is in the end determined by the individual body’s ability
to deal with excess calories coming from overeating, not moving enough, or both,
whether the person develops features of the metabolic syndrome [65] [67]. The
metabolic syndrome is a condition composed of the four factors (especially
abdominal) obesity (BMI > 30 kg/m?), hypertension (RR > 140/90), dyslipidemia
(lowered HDL, increased TG) and insulin resistance/diabetes mellitus type 2 [68].
Research suggests that if the excess calories are taken up by non-insulin-resistant
SAT which can expand, metabolic syndrome is unlikely to develop, despite a
positive energy balance. If the AT is in any way dysfunctional however (e.g., insulin
resistant), the development of ectopic fat deposits is highly likely to happen. These
can be located around the viscera, in the liver, around the heart, or within skeletal

muscle tissue [67].

This ectopic AT around and within muscles, a compartment similar in size to that of
VAT in many people [69], needs clarification around its terminology [15], [35]. In
parts of the literature the acronym IMAT is being used to represent intermuscular
adipose tissue, at other times it is used for intramuscular AT, involving the
combination of extramyocellular lipids (EMCL) and intramyocellular lipids (IMCL).

IMCL is composed of lipid droplets within muscle cells, which are increased in insulin



resistant, obese people, but also in world class endurance athletes, which indicates
that they are not in all cases associated with harm to the individual [70]. Here, “IMAT”
will be used for intermuscular AT, containing the AT in between different muscle
groups and within the muscle fascia, as well as larger accumulations of EMCL within
the muscle tissue. IMAT has been shown to rival VAT as an independent risk factor
for cardiovascular disease [71], insulin resistance, and type 2 diabetes melllitus,
metabolic dysfunction, inflammation, decreased muscle strength, quality, and
activation, decreased mobility, higher risk for hip fracture, and more [15]. Therefore,
it is important to be able to accurately measure it in order to have another factor
helping in identifying individuals at risk for these conditions. So far, the literature
shows that this is best done by MRI, which seems to quantify it most accurately, and

without the dangers posed by ionic radiation [72].

The accumulation of visceral, but also generally ectopic fat, is furthered by many
factors. Several of those have been identified, for example smoking, genetic
susceptibility, and neuroendocrine factors [65]. The latter include for example
increased activation of the hypothalamus-pituitary-adrenal-axis (HPA-axis), and
therefore increased levels of cortisol. The hormone has been known for a long time
to influence body fat distribution, favoring the deposition along the trunk, and

especially around the viscera [14].

The implications of the effects of visceral adiposity have been examined in
numerous large, high-quality studies by now. The IDEA study from the year 2007
[73] looked more specifically at abdominal obesity by factoring in waist
circumference in addition to BMI, and evaluated the connection to CVD and diabetes
mellitus in 168.000 primary care patients from 63 countries, including Austria. Of all
the participants, 27 % of the women and 24 % of the men were obese, with an
additional 30 % of women and 40 % of men being overweight. A waist circumference
greater than normal (over 102 cm in men and over 88 cm in women, as defined by
the National Cholesterol Education Programme (NCEP)) was present in 48 % of
women and 29 % of men. CVD was present in 13 % of the women and 16% of the
men, and diabetes mellitus in 11 % of the women and 13 % of the men. Their
statistical analysis shows a significant increment in the rate of CVD and diabetes
mellitus with both increasing BMI and waist circumference. The relationship to CVD

and diabetes mellitus is undisputable in both cases, but its strength is even greater



with waist circumference. Interestingly, this interrelation is detectable even in normal

weight patients.

Within the aforementioned Multiethnic Study of Atherosclerosis [45], waist
circumference was also recorded. However, the authors used BMI as the measure
for obesity of their data analysis, which obviously makes sense with the WHO
definition being based on it. They did not comment on waist circumference
specifically, apart from mentioning it in the same breath with BMI and thereby
suggesting that the two measures are tightly correlated. Still, it might be inferred
from looking at the study in detail that waist circumference is at least as good at
predicting the risk for CVD.

Another study [37] also found waist circumference or waist-hip-ratio to be an
independent predictor of the risk for developing diabetes mellitus, with higher waist-
hip-ratios (> 0.88) posing up to three times the risk of lower (< 0.72) ones. The same
was found for the waist circumference, with an up to six times greater risk with a

circumference greater than 96.5 cm compared to under 71 cm.

Another ethnic group that has received attention recently is the Asian population,
which appears to be more prone to visceral adipose tissue deposition at lower BMI
values.91 This factor could contribute to the explanation, at least in part, of why
Asians may be more susceptible to developing type 2 diabetes mellitus at lower BMI

values than whites [74].

Also, it was concluded before [75] that associations between fitness (inversely) and
BMI directly) to the non-alcoholic fatty liver disease (NAFLD) grow stronger when

visceral obesity is included in the statistical analysis.

1.2 Methods for fat quantification

As established in chapter 1.1, due to its role in energy metabolism, energy storage,
and as an endocrine organ, AT plays an essential role in human functioning,
physiologically and psychologically, and excessive amounts of bodyfat lead to
increased risk for lower quality of life, disease, and death. Also, within the basic
molecular components of the human body (water, fat, proteins, and minerals), the

AT component shows the greatest variability in between, as well as within individual



humans. So, firstly to establish a baseline, and secondly to assess the efficacy of
intervention programs over the mid- and long-term [76], it is important to possess

accurate and efficient methods for its quantification.

Since the first half of the twentieth century people have experimented with different
methods based on a variety of models in order to determine body composition.
Then, over the latter half of the last century, a shift took place in the western world
from the main problem being a lack of food to it being an excess of food, especially
of highly palatable, calorie dense, cheap, and widely available food. This was one
of the main factors leading to a rise in the rate of overweight and obesity throughout
the population of developed nations, and as an obvious consequence to a rise in
obesity-associated disease. All of this furthered the interest in body composition and
body fat and its quantification, which led to, among many things, a steep increase

in the quality and availability of body composition measurement methods and tools.

1.2.1  Anthropometric tools

The simplest methods rely mainly on anthropometry, like the hip-waist-ratio or the
skinfold method. The former one uses the circumference of the waist right in the
middle between the lowest rib and the top of the iliac crest and divides it by the
circumference of the hips at the widest point of the buttocks with the tape wrapped
around horizontally (according to the WHO [77]) to create a ratio which can be used
as a proxy for the relationship between the amounts of subcutaneous and visceral
AT. Therefore, it can be used as a predictor of cardiovascular health and

cardiovascular mortality [78].

The skinfold method relies on a Caliper (a device used to measure the size of
whatever is pinched between its tips) to determine the thickness of pinched up skin
in defined spots throughout the body. According to the International society for the
advancement of kinanthropometry (ISAK) these sites are at the biceps, triceps,
subscapular, iliac crest, supraspinale, abdominal, front thigh and the medial calf.
The thickness of these skinfolds, together with other measurements like waist
circumference, height and weight are then inserted into a formula. This is arguably

one of the simplest and most accessible methods, though it is not trivial to use



precisely the right measurement spots in order to make the data comparable and

valid [79]. Also, the interobserver-variability is potentially high. [80]

1.2.2 Ultrasound (US)

Ultrasound (US) has also been applied to the assessment of body fat for over half
a century. Its underlying principle is the reflection of ultrasonic waves from
whichever material the beam interacts with. This beam comes in the shape of short
pulses that are sent through the tissue and the returning echo is registered (pulse-
echo-technique). Depending on the difference in resistance between two tissue
types at their interface, different amounts of sound are reflected. However, US is not
as popular a method yet, even though it has some undisputable advantages, like
the non-invasiveness, availability, low time cost, and the fact that no damaging
radiation is needed. More strong points of US as a tool are its relatively low price,
its size and, as a consequence, its portability. With US, body fat is determined by
finding certain spots on the body. Those could either be the ISAK spots used in the
skinfold method, some of those plus some others, or entirely different ones
(depending on the exact method and on the person or team applying it). The spots
or areas are then scanned, which means moving the transducer about 5 mm in
either direction for spots or moving it across longer distances for areas, like the
thigh. The resulting image must be interpreted. Here, several caveats must be
mentioned. For one, fascia can be misjudged for an interface between two tissue
types, since both appear as uninterrupted white streaks. Interfaces must be
interpreted and the two tips of the electronic calipers for measurement must be
placed reliably and accurately. This can be done more objectively and comparably
the more practice the examiner has had. A partial way around this could be opened
up by automatic interface recognition devices which might be commercially available
at some point [81]. The determined values for the thickness of the AT layer at the
different spots might then be inserted into a formula, which leads right to another
area of heterogeneity, since there is an array of different formulas used by different

people and gadgets.

Apart from assessing overall body fat percentage, US is also applicable for regional

measurements, like in the liver or skeletal muscle. Also, there are methods for



estimating VAT from US measurements, like the abdominal wall fat index for
example. It uses the maximum thickness of preperitoneal fat and divides it by the
minimum thickness of subcutaneous fat at the abdomen to create a ratio which
correlates closely with the ratio of visceral to subcutaneous abdominal fat attained
by computed tomography (CT) [82] [83].

However, currently there are no universally agreed upon standards in US
measurement of adipose tissue, be it subcutaneous or visceral, be it the pressure
of the probe on the site, or the formulas into which the values are inserted. Also, the
interobserver variability can be quite high, though the comparability gets better

which sufficient practice, as mentioned above. [80] [84] [85] [86]

There have been very promising attempts at standardizing US SAT measurement
though. Mduller et. al. [87] described their method in their 2015 paper. First, they
propose the use of a 3-5 mm thick gel layer to avoid compression of the easily
compressible AT. Concerning the settings, high frequencies of 9-18 MHz are
recommended for assessing people with very low SAT thickness (e.g., athletes), in
order to accomplish a precise depiction of the contours and therefore accurate
measurement, since a fraction of a millimeter’s difference can change the overall
picture quite a bit in subjects with SAT layers spanning only a few millimeters. In
obese people with SAT layers measuring several centimeters across for example,
an error margin of, e.g., 0.1 mm does not make a relevant difference, so with those
subjects the frequency can be lower. The speed of sound in AT with 1450 m/s is

slower than in other soft tissues.

After image acquisition, an image segmentation algorithm for the highest possible
accuracy in detection of the SAT contour was applied [88]. Following that, the FAT
software, by rotosport.com, is used for distance evaluation. The software not only
determines distance, but also recognizes fibrous structures within the AT and

provides the user with distances with fiber included and also excluded.

Since the above mentioned ISAK sites are not ideal for US measurement because
they are not providing optimal clarity of image and also require deeper knowledge
of and experience with anthropometry, a new set of sites was proposed, that are
easily and repeatably detectable. Furthermore, the sites had to fulfill criteria like
measurements for finding them having to be relative to the person’s height, them

being representative of the person’s whole body to compensate for individual SAT



distribution patterns, or a uniform SAT thickness pattern in the surrounding area.
The proposed sites are located on the upper abdomen (UA), lower abdomen (LA),
erector spinae (ES), distal triceps (DT), brachioradialis (BR), front thigh (FT), medial
calf (MC), lateral thigh (LT), and an optional site on the external oblique (EO). Not
only were the sites carefully selected along the aforementioned criteria, but also the

way in which they are measured is highly standardized.

By now, this method has been applied successfully in a range of different subject
populations, including obese [89] and anorectic [90] subjects, and athletes like
gymnasts and swimmers [87], elite judokas [91], and junior rowers [92]. The
interobserver-reliability seems to be very high, given that the examiner is properly
trained. Also, no other method can determine SAT layer thickness with the same
accuracy. [93] [94]

1.2.3 Bioelectrical impedance analysis (BIA)

A method which poses very little problems in terms of interobserver variability is
Bioelectrical impedance analysis (BIA). It works by sending a very small, non-
dangerous electrical current through the subjects’ body via electrodes most often
fixed to the hands/wrists and feet/ankles, in order to measure the electrical
resistance and reactance. Water has lower impedance (which is resistance plus
reactance) than fat. By the differences in impedance the water content of the whole
body can be determined, which can then be used to assess lean body mass (LBM)
and, by subtracting LBM from the total body mass, body fat content. To make this
work, the body is divided into five cylinder-shaped, fat-free parts (the trunk, two legs,
two arms) with AT assumed to be an insulator. On the arms and legs the model of
homogenous distribution of AT and water works better than on the abdomen. Still,
there are some models which estimate abdominal AT well, but even they cannot be
used to differentiate between abdominal SAT and VAT. The models also become
more inaccurate with variation in limb length, and they are influenced by the current
state of the tissue. Inflamed tissue from e.g., preceding exercise or the hormonal or
hydrational status of the subject can change the outcome, just as the subject’s age,

sex, physical activity, and ethnicity change the models having to be used.



The method’s benefits lie in its relatively low cost and wide availability. Also, it can
distinguish between intra- and extracellular water. Its problems lie in its inability to
accurately determine VAT and fat within organs such as the liver or musculature.
[80] [95].

1.2.4 Computed tomography (CT)

Computed tomography (CT) as an imaging method that allows three dimensional,
high-definition capturing of either the whole body or any parts of it can also be used
in research on body composition. It works by applying a quantity of X-ray beams
from all sides to the subject to produce cross-sectional images. With a CT scan it is
possible to differentiate between visceral and subcutaneous AT compartments, and
also to precisely quantify AT within skeletal muscle or the liver, though for very low
amounts of liver fatty tissue it is less accurate, which makes it less usable for
diagnosis of low stage fatty liver disease [96]. Though it can produce very accurate
and broad data, the method has a few downsides, with possibly the biggest being
the necessary amounts of ionizing radiation that must be sent through the body of
a (in the context of research on body composition often healthy) subject. However,
together with magnetic resonance imaging (MRI) CT is considered to be the gold
standard, especially when it comes to measuring AT in a circumscribed region,

although the soft tissue contrast is superior in MRI. [80] [97]

1.2.5 Dual-energy X-ray absorptiometry (DEXA)

Another method that is very widespread is called dual-energy X-ray absorptiometry
(DXA- or DEXA). Throughout the world most larger hospitals possess a DEXA
scanner. Its ubiquity in internal medicine and radiology departments is not due to its
use in body composition measurement though. Instead, it is the most common tool
for measuring bone mineral density (BMD) and therefore diagnosing and observing
osteoporosis or osteopenia, for which it is considered the gold standard. A DEXA
scanner uses minor doses of ionizing radiation (more specifically X-ray beams) to
create data about the density of a subject’'s bones (“‘densitometry”). Two X-ray

beams with different energy contents are applied. Bone and soft tissue attenuate



the radiation at different levels, the attenuation changes with the energy of the X-
ray beams, and also the ratio of the attenuation coefficients changes. Therefore, by
using total absorption at the different energy levels it is possible to subtract out the
soft tissue share of the absorption, leaving only the bone absorption, from which
BMD can be approximated. In much the same way, DEXA scans can be used to
calculate AT mass by subtracting out lean body mass and minerals. Though in
clinical practice they are more often used for BMD measurement, DEXA scans also
play a role, in part due to their wide availability. Also, they are commonly used in
research concerning bodyfat distribution, muscle mass, sarcopenia, and the like. A
problem that DEXA scans have is that they do not allow for accurate differentiation
between SAT and VAT, because the visceral and part of the subcutaneous AT are
inseparable within the image. Therefore, the distribution over these two
compartments can only be estimated using an anatomical model predicting the
diameter of the subcutaneous layer of AT. [80] [98] [99]

1.2.6 Magnetic resonance imaging (MRI)

Magnetic resonance imaging (MRI) is one of the most important and widely used
imaging modalities in today’s medical landscape. Put simply, an MRI scanner is a
big and strong magnet, which sends radio waves through the body. The emitted
signals are detected by a radiofrequency receiver, and then translated into an image
by a computer. It enables us to acquire images in various anatomical planes without
repositioning of the patient. The images can be used for volume-interpolation,
multiplanar reconstruction and three-dimensional analysis. More advanced
approaches like diffusion, spectroscopy, and perfusion make precise tissue
characterization possible, and with functional MRI activity in parts of the brain during
certain actions or states can be visualized, contributing significantly to an
understanding of the underlying networks. Compared to CT scans and X-ray
images, MRI images exhibit superior soft-tissue contrast, which makes it perfectly
suitable for the examination of soft tissue-dominant parts of the body. The excellent
differentiation between grey and white matter within the central nervous system
makes MRI the superior option for many conditions of it, including demyelinating

diseases, different forms of dementia, cerebrovascular disease, numerous



infectious diseases, and epilepsy. For imaging of the musculoskeletal system MRI
is widely used, especially for the diagnostics of joint disease and injury, spine
imaging (e.g. diagnostics of prolapsed discs), and muscle disease and injury. Also,
MRI does not use ionizing radiation, which makes it a great tool in general, but
especially for studying healthy subjects (e.g. in a research setting) and even

children.

Among the disadvantages are the higher cost per imaging session when compared
to CT scans. Also, and more importantly, patient comfort can be a matter of
contention, since the acquiring time for images is extended, the device is far louder,
and the patient must stay in a confining tube under these circumstances. Some
patients are excluded from MRI scans due to metal parts within their body, which
can cause serious injury to patients and medical staff. On the analysis and
interpretation front, the unique artifacts to which MR images are subject must be

mentioned. These must be recognized and dealt with. [80] [100] [101]

Concerning fat assessment, with MRI it is possible to measure AT and lean tissue
precisely and directly within many compartments of the body, even AT tissue
infiltrating organs, to a degree. This is done using fat-water-imaging with prior

separation of fat and water via fat suppression techniques.

1.2.6.1 The Dixon technique

One of the most popular of these fat suppression techniques is the one named after
the American physicist Thomas Dixon. He was the first to describe it in 1984, and
though it was not too popular in its early days, technological advancements in MRl
hardware and software helped it evolve to a point where it can comfortably be used

in clinical and research scenarios [102].

This MRI sequence aims at completely suppressing fat. To achieve this, it relies on
the different magnetic properties of protons in fat and water molecules. The
frequencies at which the protons resonate in the two tissues are offset, so at certain
times they are out of phase with each other. This aspect is known as chemical shift,

and it enables us to distinguish between the two types of tissues.

With the Dixon technique two images are acquired: A conventional in-phase (IP)

spin echo image and another one in which water and fat signals are 180° out-of-



phase (OP). From these two images a water-only and a fat-only image can be

created, which allows for direct, image-based water and fat quantification.

IP=W+F
OP=W-F

W and F are the signal contributions from water and fat, respectively. Water and Fat

images can be calculated from IP and OP images with:

%[IP+OP] = % [(W+F) + (W-F)] = % [2W] = W — Water-only image

and

%[IP-O0OP] = % [(W+F) - (W-F)] = % [2F] = F — Fat-only image

So, in contrast to other techniques the suppression of fat happens during

postprocessing, not while the images are acquired.

The Dixon method has several advantages over other fat suppression techniques.
For one, it provides a more uniform and artefact-resistant fat signal suppression. So,
in comparison with techniques such as Fat-Sat/CHESS (chemical-shift selective) it
can show proper images in areas where there might be an inhomogeneous
magnetic field, like close to metallic hardware. Also, Dixon techniques provide a
higher signal-to-noise-ratio (SNR) and are applicable together with enhanced T1-
weighted sequences, as opposed to, for example, the STIR (short tau inversion
recovery) sequence. Other advantages are the possibility of combination with
different sequence types (e.g. spin echo, gradient echo, steady state free
procession sequences) and weightings (e.g. T1, T2 and proton density), and the
provision of images with and without fat suppression in a single recording session.
Also, the ability to show the presence of microscopic fat and to quantify the amount
of fat gives the technique great potential for even more widespread clinical use in

the future. It is already used in that regard, for example in the staging of liver



steatosis, in the quantification of intramuscular AT in disorders of the
musculoskeletal system, like Duchenne’s muscular dystrophy, but also in neoplastic
and non-neoplastic diseases of the blood and bone marrow to detect and quantify
bone marrow infiltration by measuring potential reduction in the proportion of fat

within the bone marrow.

Dixon’s disadvantages involve its reliance on very modern equipment in order for it
to function, and the greater image acquisition time, which is about twice as long as
with other fat suppression techniques such as CHESS. Also, even though it is less
prone to artifacts, large things like metal prosthesis do remain a potential
interference factor. Furthermore, there are artifacts which occur distinctively in Dixon
images, where in circumscribed areas a substitution of fat and water signal takes
place. One way around this problem is the use of multiple echoes. These sequences
are known as Dixon 3-point and 6-point sequences, and they need to be used in
combination with a specific algorithm to break down fat and water signals. This
process is far more complicated than the mere additions and subtractions the Dixon
2-point method utilizes, but it avoids the interchanging of fat and water signals by
enhancing the strength of the separation between them. [80] [102] [103] [104] [105]
[106]

1.2.6.2 MRI vs. DEXA

An important factor when comparing different techniques is accuracy. In this case
the quest for accuracy is complicated by the fact that there is no undisputed basic
truth. Though the consensus moves more and more in the direction of tomographic
techniques being the gold standard to which non-tomographic methods should be
compared to assess their accuracy, the tomographic techniques vary from each
other. One way to help with that is via the use of physical models, although these
are limited insofar as they leave out the obstacles brought on by anatomical
variations, which do occur frequently in real human subjects. Furthermore, not all
methods measure the same physical properties. To use the same example as Borga
et. al. in their review [80]: When comparing MRI, which measures fat in volume units,

to DEXA, which measures fat in weight units, in order to convert one measurement



unit to the other, constant density must be assumed, which might be inaccurate at
times. [107]

However, when talking about total body AT and lean tissue (LT), data acquired by
DEXA comes reasonably close to MRI data, but less so when looking at VAT. The
divergence from the MRI data becomes even greater with increasing VAT volume,
so DEXA becomes less useful in that regard in overweight and obese subjects. Also,
DEXA is the least accurate when measuring arm AT [76], which is problematic
insofar as MRI also becomes less precise here due to a weakening signal in the
outer ranges of the image. The big advantage of DEXA is the synchronous
acquirement of data about the skeletal system (bone density and mass). [80] [108]
[109] [110]

1.2.6.3 MRl vs. US

It must be said that both methods have their advantages and disadvantages. MRI
makes it possible to directly measure the volume of AT throughout different
compartments of the body, including the visceral AT compartment, with high
accuracy. On the contrary, US techniques can only ever indirectly determine the
amount of AT within the body, mostly by measuring distances, like the thickness of
the subcutaneous AT layer in different spots, and then rely on mathematical ways
of deducing AT volumes or percentages from it, which works fine for SAT, but is
limited for the determination of VAT, although there are VAT measuring approaches
which seem promising [111].

A big advantage of US is its size and portability, and also its low cost, compared to
MRI, which has its bigger downsides in these categories.

One of MRI’s biggest strengths, the objectivity, reproducibility, and standardization,
is one the US technique’s greatest limitations, since there is no universally accepted
and used measurement technique and the results are highly dependent on the skill
and routine of the examiner. Developments in ultrasound devices as well as
software designed specifically for assessing body composition could help in
mitigating these limitations [81]. Also, there are very promising methods [87] which
might aid in reaching higher standardization of body composition assessment via
US, and which have proven themselves in different subject populations already (as
described in chapter 1.2.2). [84]



1.2.7 Other methods

There is also a spectrum of highly invasive or in vitro techniques for quantifying
bodyfat in living persons and also in cadavers, like letting subjects inhale or inject
water-accumulating or fat-accumulating substances, or dissecting and chemically

analyzing cadavers, but these are way besides the focus of this thesis.

1.3 Fat segmentation

At this point, the gold standard for fat quantification is still the manual segmentation
of fat from images created with the Dixon technique on MRI. This process is very
lengthy and tedious though. So, especially for research, reliable and user-friendly
automated segmentation is urgently needed. However, there are difficulties to be
maneuvered, brought on by varying anatomy, tangled structure of the abdominal
organs and thus the AT between them, potential organ motion, blood flow and
breathing during image acquisition, or weak contrast between SAT and VAT. Also,
with most automated segmentation methods the accuracy declines the more obese

the subject is.

1.3.1 Al driven segmentation

The use of artificial intelligence (Al) in radiology is a highly topical subject. The
discipline is based upon using machines for medical diagnostics and with each new
generation the performance is enhanced and consequently the amounts of data
created grow larger and larger. Therefore, it becomes ever more important to make
use of tools for accelerated analysis and interpretation of this data. Also, this way
different patterns and correlations in the data, which could be of assistance in
qualification and quantification of disease-promoting factors and more, might be

recognized.

Within machine learning, deep learning plays a significant part. Deep neural
networks are grounded on the human brain’s way of processing inputs. The

networks learn to do a job by contemplating specific cases, similar to the way a



human takes information from his daily experiences and draws conclusions from it.

This entails that data is needed for the system to learn.

Neural networks have input and output levels, and at least one hidden level
containing the “neurons” (processing units) tasked with transforming the incoming
data into something that can be utilized by the output layer. The strength of the
signal at a link between neurons is determined by the inputs, which are weighted

and tallied up in the manner of a linear combination.

Division of labor between the hidden layers is common, with different types of
conversions being done on the incoming information by different layers. The
direction of the signal goes from the input to the output level, with an activation

function at the end, regulating the output amplitude.

The weightings of the inputs as well as the activation function can be altered by
learning. The learning process is governed by a rule, stating that it must change and
adapt the parameters of the neural network so that the network gets an input which

enables it to create a favoured output [112].

In short, deep neural networks recognize patterns in data and use them to work out
intricate problems, and especially when it comes to imaging, deep learning performs
extraordinarily well. Since the field of radiology collects information from images, it
seems obvious to apply it here. So far deep learning has been used successfully in
computer-assisted diagnosis, especially in segmentation, but also in medical image

detection and in classification, for example.

[112] [113] [114] [115]

1.3.1.1 Different approaches

So far, several automatic and semi-automatic fat segmentation methods, many of
them based on shape and intensity characteristics, have been developed and
tested. There is fuzzy-clustering [116], which relies on a general model of fat
distribution leaning on a gray-level histogram of the image and also includes spatial
information. It is applicable both to water-saturated and non-water-saturated MRI
images. On top of this model an automated segmentation algorithm using fuzzy c-

means clustering is implemented, and then followed by a thresholding step. An



advantage over formerly attempted methods is the consideration of not only full-,
but also partial-volume fat voxels, which overall do contain large amounts of fat. The
identification of those partial-volume voxels is aided by the aforementioned spatial
information included in the model. One potential downside of the method is the

neglecting of signal differences from internal organs.

A similar method is known as K-means clustering [117]. Here, a clustering algorithm
is first applied to the images in order to distinguish the subject from the background.
Next, contours must be defined, which is accomplished by another algorithm that
also removes isolated background pixels. Then a region-growing routine is needed,
before so-called snakes are applied to designate the inner border of the SAT- and
the outer borders of the VAT- and the AAT-areas. A histogram analysis of the
intensity of the MRI image is then performed to deduce a local minimum between
the lean tissue and adipose tissue peak, so it can serve as a reference. With this
reference it can then be determined if the signal intensity of a voxel lies above or
below it, with above meaning the voxel is considered to be only AT. With this
method, a visual user interface is provided for simplified supervision and manual
correction of the segmentation process. If this is brought to use, the method is
relatively reliable and accurate, and especially much faster, when compared to

manual segmentation.

Over the last few years, fully convolutional neural networks (F-CNNs) have been
developed and widely implemented for pixel- or voxel-wise image segmentation.
They allow for the exclusion of any preparational techniques, like division of the
image into smaller parts, because they automatically do extraction and integration-
type steps by which they heighten the quality of the prediction models. The newer
types of these softwares, like the SD-net or DenseNet [118] [119], do an even better
job in dealing with anatomical variation. Also, they will probably improve the
automatic segmentation field even further since they encourage reusability and

information circulation across the network.

Relatively recently, a new architecture for two-dimensional F-CNN in the form of the
competitive dense fully convolutional neural network (CDFNet) was introduced by
Estrada et al. [120]. Its heightened performance is due to a maxout activation unit,
which allows for the generation of specialized sub-networks that set out for distinct

structures during the training process. This way, the recognition of more complicated



elements is promoted, while simultaneously reducing the quantity of training

parameters in comparison to the networks mentioned above. [120]

[112] [113] [114] [115]

1.3.1.1.1  FatSegNet

Based on this CDFNet architecture, Estrada et al. introduced the fully automatic
deep learning pipeline FatSegNet in 2019 [121], with the purpose of even more
accurate segmentation of abdominal VAT and SAT. It works with Dixon MRI images,
and it is supposed to operate in three steps. First, it has to localize the region of
interest, i.e. the abdominal area, which it does by implementing models from the
aforementioned CDFNet on coronal and sagittal planes in a semantic segmentation
approach. Secondly, the abdominal visceral and subcutaneous AT have to be
segmented, which is also done by using CDFNet models, but this time on coronal,
sagittal, and axial planes. Thirdly, in the manner of a view aggregation step the

generated label maps are assembled into a single final segmentation.

With this approach, even though less parameters are necessary, other deep
learning systems are outcompeted. The developers had a set of demands which
FatSegNet had to meet. For one, it had to be fully automatic. Also, it should only
segment the adipose tissue within the abdomen. Thirdly, it had to be resilient against
variations in body form, in order to be applicable throughout heterogenous
populations. FatSegNet seems to have met all those criteria. It shows very high test-
retest reliability, and its applicability throughout a population with highly divers
anatomical features, both in terms of absolute fat mass as well as bodyfat

distribution, was proven in a large cohort study. [112] [121]



2 Methods

From 2016 to 2017, in a cooperative effort between the department of radiology and
the department of biophysics at the Medical University of Graz, imaging data for

further investigation concerning amount and distribution of bodyfat was obtained.

The goal of this thesis is to use this imaging data created via the Dixon MRI
technique, have it analyzed by the algorithm FatSegNet and in that manner gain
some insights into connections between total amount of bodyfat, its distribution over
the compartments, anthropometric data, and sex. Also, the data will be compared
to data generated from the same MRI measurements using a k-means based
segmentation algorithm, and to US bodyfat measurements taken from the same

subjects.

It is important to mention that this thesis was done after approval by the ethics
committee of the Medical University of Graz (EK (20-295 ex 08/09), Chairperson
Prof. Wolfram Mdller).

2.1 Subjects

A collective of 115 young, healthy, mostly well-trained women and men was
examined. The subjects were duly advised about the nature, course, significance,
and implications of the research beforehand, and written informed consent was

obtained.

2.2 MRIlimaging

The subjects underwent scanning with a three-dimensional 2-point Dixon MRI
sequence, using a 3 Tesla scanner (Magnetom PRISMA, Siemens Healthineers,
Erlangen) in a supine position. The body coil was used for signal reception. The
scan parameters were as follows: acquisition time = 14 s, echo time = 1.24 ms,
repetition time TR = 4.66 ms, flip angle = 8.99 degrees, scanning sequence = GR,
sequence variant = SP/OSP, Imaging Frequency = 123.25 ms, Number Of Phase
Encoding Steps = 201, Percent Phase Field Of View = 72.22, Pixel Bandwidth =
915, Software Version = syngo MR E11, Acquisition Matrix size = 208x288, SAR
0.55, Photometric Interpretaton = MONOCHROME2, Pixel Spacing



1.3889\1.3889, Window Center Width Explanation = Algo1. For each subject MRI
images were recorded in 368 layers of 1.4 mm slice thickness, reaching from the
upper thigh to the upper chest area, during one single breath hold with arms laying

at the sides.

2.3 US imaging

Furthermore, the subjects were examined via US for the absolute mass as well as
percentage of subcutaneous adipose tissue throughout the whole body (both
including, as well as excluding, the fibrous structures around the measurement
spots). This was done using a standardized method developed for measurement of
the SAT layer thickness and, ultimately, bodyfat mass and percentage. A portable
B-mode US device with a linear probe, a 3-5 mm thick US gel layer to avoid tissue
compression, and high frequencies of 18 MHz were used to assure the highest
possible precision of the measurements. The measurements took place on sites
(upper abdomen (UA), lower abdomen (LA), erector spinae (ES), distal triceps (DT),
brachioradialis (BR), front thigh (FT), medial calf (MC), lateral thigh (LT)) that were
carefully selected along criteria like easy and repeatable detectability, being relative
to the subject’s height, and being representative of a person’s whole body, in spite
of individual SAT distribution patterns. Furthermore, an image segmentation
algorithm and a distance evaluation software were applied in order to further
improve accuracy. The method, the rationale behind it, and past successful

performances of it are described in further detail in chapter 1.2.2 and in [87].

2.4 Post-processing

For this thesis, the MRI data was examined to determine which area is the most
representative in order to quantify the amounts of abdominal SAT and VAT. The
considered factors were having as little lung tissue and as little of the pelvic organs
as possible skewing the image. Therefore, and because it is easily repeatable, it
was decided to consider only the image layers in between the most ventrocranial
point of L1 and the most ventrocaudal point of L5 in the sagittal view, which is a

region highly similar to the ones used in other work with automated segmentation of



abdominal adipose tissue [121] [122]. Using RadiAnt DICOM Viewer for 3D
multiplanar reconstruction, for each subject the slice numbers corresponding to the
above-mentioned anatomical structures were determined and arranged in an Excel
file, together with other data on the subjects, including subject-code, age at the time
of measurement, sex, height, weight and BMI. Subsequently, only the slices in
between those numbers were converted into two nifti files per subject — one for the
fat image and one for the water image - using Fiji — Imaged. Those nifti files were
then arranged into a folder structure fit to be fed into the fully automated deep

learning pipeline FatSegNet.

24.1 FatSegNet

The prepared MRI data was then analyzed by FatSegNet. Working on abdominal
Dixon MR, it uses a 2.5 D strategy to segment AAT with high accuracy.

As mentioned briefly in chapter 1.3.1.1.1, the network operates in three steps: At
first, the region of interest, in this case the abdominal area in between the most
ventrocranial point of L1 and the most ventrocaudal point of L5, is located by two
independent CDFNets in the sagittal and the coronal plane, which extract bounding
boxes from each predicted label map. These boxes are then aggregated into one
final region map. Secondly, within this map three CDFNets, one each for the
coronal, sagittal, and axial view, segment the AT. Thirdly, a view aggregation
network combines the maps from the first two steps into an ultimate segmentation.
The multiplanar approach is put in place in order to help with the recognition of

poorly visible structures resulting from imperfect lateral resolution.

The CDFNet architecture [120] was implemented into FatSegNet because its
robustness and broad applicability had already been demonstrated in a similarly
challenging endeavor [123]. It shows improved learning of small and complex
anatomical structures without an increase in the number of necessary parameters.
The CDFNet was created by adapting the Dense-U-Net [118] via insertion of maxout
activation units. This Dense-U-Net shows the typical architecture with four dense-
block encoders, four dense-block decoders and a bottleneck layer, where each
dense-block is built on short-range skip-connections between convolutional layers.

With this dense connection method, many convolutional layers are piled upon each



other, with the input of one layer being directly connected to the output of the
previous layer. Thereby, reusability of features and information distribution are
advanced. As presented in 2015 with the introduction of the U-Net [124], classic
long-range skip-connections among all encoding and decoding blocks having the
same spatial resolution are used to enhance gradient flow and recovery of spatial
information. Also, with these CDFNets competitive learning via maxout-activation
units, which are simple feed-forward activation functions that pick the maximum
value from their inputs, increases the performance significantly [125] by inducing
many sub-networks for specific tasks and simultaneously reducing the number of

learning parameters.

For managing the two ways of competition within the network that are thereby
raised, namely local and global, two architectural blocks are introduced: The
Competitive Dense Block (CDB) deals with local competition. It connects maxout
activations of all preceding layers as input to the current layer, and the output of the
current layer as input to all following layers in the same block, thus creating dense
connections. Global competition is handled by a Competitive Un-pooling Block
(CUB). The aforementioned long-range skip-connections from all four encoder

CDBs feed into the CUB, which transfers features into the respective decoder CDB.

The bottleneck layer inbetween the encoder and decoder pathways is made up by

a 2D convolutional layer and a batch normalization. [121]

The view aggregation network unites the probability maps of the CDFNets
responsible for the coronal, sagittal, and axial plane with the use of filters (1 x 1 x 1
3 D convolution) and batch normalization, and a concluding softmax layer gives the
ultimate prediction probabilities. In comparison to the hard-coded weighting
methods that are usually used, such as voting and averaging, this approach weights

every view seperately. [121]

The data thus created includes numerical and graphical components. Among the
former are height (cm), average circumference (cm), average area (cm?), total
volume (cm?), SAT volume (cm?3), VAT volume (cm?®), AAT volume (cm?), VAT/SAT
ratio, VAT/AAT ratio, SAT/AAT ratio, and the volume (cm?) of the water components
of the same compartments and their respective ratios. The latter are comprised of
control images [figure 1] for each subject, which enable the user to visually inspect

the data and check for obvious mistakes possibly made by the algorithm, like



missegmentation of arm tissue (even though this should already be prevented by
the view aggregation model built into FatSegnet), which could then manually be
corrected for. In our case, no mistakes of this sort were found. The generated data

was subsequently integrated into the aforementioned Excel file.

Figure 1: FatSegNet control masks

2.4.2 k-means clustering based method

Also, the MRI data were fed into a second algorithm, a k-means-clustering-based
method, by a research group from the Gottfried Schatz Research Center’s
biophysics department, also at the Medical University of Graz. Python was used for
the implementation of the algorithm used for SAT and VAT classification. The
borders of the SAT compartment were defined by a contour detection algorithm.
Thus, a mask of the upper body, excluding the arms, was created. A k-means
clustering algorithm [126] was tasked with determining fat and non-fat pixels on the
base of fat-only and water-only images. Using the SAT contour pixels as seeds, the

SAT area in each slice’s fat-only image was seed-filled, with the fat pixels not



contained within the SAT area being assumed to represent VAT. The voxel volume
was calculated from the slice thickness and the pixel size, and there was no free
space between slices or pixels. The algorithm scanned for outliers too, and

corrected 80 of the SAT values, and 112 of the VAT values by linear interpolation.

This same research group had also gathered other data from the subjects, including
information about their ethnicity, handedness, preferred sport, training level, weekly
training hours, years of training and anthropometric data like their sitting-height, leg-
length, mass-index (MI), cormic-index (C), waist-, hip-, bicep-, and thigh-

circumference (m), waist-hip-ratio, and waist-sitting-height-ratio.

All this data, together with the outcome of the k-means clustering algorithm’s
computing of the MRI images, was provided via an Excel file to be partially included

into the statistical analysis for this thesis.

2.4.3 Analysis and statistics

The analysis was done using Microsoft Office Excel and IBM SPSS Statistics 27.0.
Overall, of the 115 subjects that data was collected from originally, 16 were
excluded, since only on the remaining 99 all three measurement methods were
correctly and thoroughly performed: Dixon MRI plus fat segmentation via
FatSegNet, Dixon MRI plus fat segmentation via the k-means based clustering
algorithm, and body fat measurement via US. On these 99 subjects, descriptive
statistics were applied to display basic information about frequencies, percentiles,
minima, maxima, means, standard deviations, and percentages. This was done in
numerical and in graphic fashion, using tables, histograms, bar charts, pie charts,
and boxplots with fences. Thereafter, it was decided (especially due to the relatively
small sample size) that extreme outliers (datapoints beyond a lower outer (Quartile
1 - 3*Interquartile range) or upper outer (Quartile 3 + 3*Interquartile range) fence in
the boxplot) were to be excluded, just like subjects with obvious extreme
measurement errors with one or more of the three methods. This way, another

seven subjects were left out of the final analysis.



Figure 2: Subject selection process

All subjects that MRI scans were
performed on in 2016 and 2017
(n=115)

16 subjects excluded since not all
three measurement methods were
performed correctly

A 4

Subjects included in the statistical
analysis (n = 99)

7 subjects excluded due to being
+ extreme outliers

Subjects considered in the
final analysis (n = 92)

Since it is required for certain tests, normal distribution was tested for. This was
done visually via assessment of histograms with included curves, and Q-Q-plots,
and mathematically via the Kolmogorov-Smirnov- and Shapiro-Wilk-tests. For
comparison of the different variables in the sexes and the measurement methods,
t-tests, regression variable diagrams, and bar charts were used. The extent of
correlation in metric data was determined via the Pearson correlation coefficient (r),
whereas for determination of the correlation between nominal and non-normal
metric data the eta coefficient (n?) was used, which is interpreted as showing the
influence of the nominal feature on the metric feature. Also, for further information
about the congruency of the measurement methods, the Bland-Altman-method was
used. This is a procedure which tries to answer the question if one method of
measurement could be replaced by another based on fluctuation [127]. For all tests,

two-sided p-values < 0.05 were considered significant.

2.5 Data security

To ensure data privacy, access to the base data was only given at a computer within
the department of radiology building, and each patient was anonymized before

beginning further analysis of the data.



3 Results

3.1 Demographic data [Tables 1, 2]

Of the remaining 92 subjects, 48 (52.2 %) were female and 44 (47.8 %) were male.
The average age at baseline was 23.53 years (SD +/- 2.84 years), with the youngest
person being 18, the oldest being 36 years old. The male subjects were with 24.02
years (SD +/- 3.02 years) on average just short of one year older than the females
with 23.08 years (SD +/- 2.61 years). Most subjects were in their twenties, with 95
% being between the ages of 20 and 28.

The BMI ranged from a minimum of 17.31 kg/m? to a maximum of 28.43 kg/m?, with
the average being 22.05 kg/m? (SD +/- 2.22 kg/m?). 95 % had a BMI of 26 kg/m? or
lower and 89 % lie between 18.5 and 25, meaning that most of the subjects were of
a normal weight, going by WHO definitions. Males showed a higher mean BMI than
females with 22.97 kg/m? (SD +/- 2.32 kg/m?) versus 21.20 kg/m? (SD +/- 1.74 kg/m?)
respectively. The overall minimum and maximum both come from male subjects,
whereas the female minimum is 17.62 kg/m? and the female maximum 24.72 kg/m?.
Concerning percentiles, 95 % of males display a BMI of 27 kg/m? or under, and 86
% lie between 18.5 and 25 kg/m2. With females, 95 % of the subjects’ BMIs lie in
the defined normal range between 18.5 and 25 kg/m? The values for BMI are
normally distributed, as confirmed by visual analysis of the histogram and the Q-Q-

plot and also via the Kolmogorov-Smirnov- and the Shapiro-Wilk-Tests.

Table 1: Subjects” age

age overall age females age males
N 92 48 44
mean 23.53 23.08 24.02
SD 2.84 2.61 3.02
min. 18 18 20
max. 36 29 36




Table 2: Subjects’ BMI

BMiI overall BMI females BMI males
N 92 48 44
mean 22.05 21.20 22.97
SD 2.22 1.74 2.32
min. 17.31 17.62 17.31
max. 28.43 24.72 28.43

3.2 Adipose tissue compartments

The segmentation done via FatSegNet and the k-means based clustering algorithm
resulted in the following [Tables 3, 4, 5, 6] values for the volumes of the VAT, SAT,
and AAT compartments, and the VAT-SAT-ratios:

Table 3: Overview of AT volumes and ratios; mean (SD); all volumes in cm?

FatSegNet k-means
VATvol | SATvol | AATvol | VAT/SAT | VATvol | SATvol | AATvol | VAT/SAT
female | 289.4 1709.6 | 1999.0 | 0.17 (+/- | 319.5 1503.0 | 1822.5 | 0.22(+/-
(+/- (+/- (+/- 0.07) (+/- (+/- (+/- 0.09)
135.7) 564.2) 654.2) 124.8) 563.4) 638.7)
male 4234 1443.8 1867.2 0.29 (+/- | 557.5 1292.2 1849.7 0.46 (+/-
(+/- (+/- (+/- 0.11) (+/- (+/- (+/- 0.16)
245.5) 645.1) 819.0) 291.1) 595.4) 786.1)
overall | 353.5 1582.5 | 1936.0 | 0.23(+/- | 433.3 1402.2 | 1835.5 | 0.33(+/-
(+/- (+/- (+/- 0.11) (+/- (+/- (+/- 0.17)
206.2) 615.5) 736.4) 249.7) 585.4) 709.1)

Table 4: relative frequencies of overall AT volumes and ratios; all volumes in cm?

FatSegNet k-means
VATvol | SATvol | AATvol | VAT/SAT | VATvol | SATvol | AATvol | VAT/SAT
mean 353.5 1582.5 | 1936.0 | 0.23 433.3 1402.2 | 1835.5 | 0.33
median | 301.1 1485.8 1737.2 0.21 376.2 1255.2 1680.1 0.31
SD 206.2 615.5 736.4 0.11 249.7 585.4 709.1 0.17
min. 69.1 665.0 858.9 0.05 106.5 585.6 830.5 0.1
max. 1312.9 3409.6 4194.65 | 0.61 1731.3 3265.4 4257.7 0.98




Table 5: relative frequencies of female AT volumes and ratios; all volumes in cm?

FatSegNet k-means
VATvol | SATvol | AATvol | VAT/SAT | VATvol | SATvol | AATvol | VAT/SAT
mean 289.4 1709.6 1999.0 0.17 319.5 1503.1 1822.5 0.23
median | 265.7 1610.0 1877.9 0.16 293.4 1423.9 1715.6 0.21
SD 135.7 564.2 654.2 0.07 124.8 563.4 638.7 0.09
min. 69.1 756.2 923.0 0.05 106.5 618.2 830.5 0.1
max. 743.0 3093.18 | 3535.4 | 0.41 769.2 2948.1 | 34039 | 0.58

Table 6: relative frequencies of male AT volumes and ratios; all volumes in cm?

FatSegNet k-means
VATvol | SATvol | AATvol | VAT/SAT | VATvol | SATvol | AATvol | VAT/SAT
mean 423.4 1443.8 | 1867.2 | 0.30 557.4 1292.2 | 1849.7 | 0.46
median | 359.5 1213.4 1573.8 0.29 466.4 1084.8 1658.2 0.44
SD 245.5 645.1 819.0 0.11 291.1 595.4 786.1 0.16
min. 177.0 665.0 858.9 0.13 268.2 585.6 938.6 0.14
max. 13129 | 3409.6 | 4194.7 | 0.61 1731.3 | 3265.4 | 4257.7 | 0.98

In all compartments and with both algorithms, the minimum and maximum stray
relatively far from each other. In the VAT compartment as measured by FatSegNet,
the difference is especially large. With 69.1 cm?® vs. 1312.9 cm? the most
voluminous VAT compartment is about 19 times as large as the least voluminous
(compared to ca. 5-times larger maximum than minimum each in the SAT and AAT
compartment volumes). When sorted by sex, the range shrinks, but the maximum
VAT volume still remains 10-times as large as the minimum in females, and 7.5-
times as large in males, and the SAT and AAT maxima 4-times as large as the

respective minima in females and ca. 5-times in males.

The situation is very similar when measured with the k-means based clustering
algorithm: When comparing the largest VAT volume of 1731.3 cm? to the smallest
one with 106.5 cm?, the most voluminous VAT compartment is 16 times as large as
the least voluminous, while in the SAT and AAT compartments the maximum
volumes are ca. 5-fold the values of the minimum volumes. Here as well, the range
decreases after sorting by sex. Still, the maximum VAT volume remains 7-times as
large as the minimum in both females and males, and the SAT and AAT maxima
4.5-times as large as the respective minima in females and ca. 5-times in males.
So, with FatSegNet the range between the minimum and maximum volumes is

slightly larger than with the k-means based method.



Furthermore, the datasets are approaching a normal distribution, but are distinctly
skewed towards the minimum. So, the distribution takes the form of the maximum
case of an extreme value type | distribution (Gumbel probability density function for
the maximum case, [figures 3, 4]). The VAT compartments show the highest values
for skewness (FatSegNet: 1.970; k-means: 2.563). After sorting by sex, the
skewness is slightly lower in females, and even more pronounced in males. Also,
most of the VAT volume datapoints measured by either algorithm are scattered
tightly around the mean, with less than 5 % of the subjects having VAT volumes
exceeding 750 cm?, and less than 25 % having ones exceeding 500 cm?, so the
distribution is very peaked, with an extreme upper-tail (Kurtosis: FatSegNet: 5.4; k-
means: 9.3). This is less pronounced in females than in males. Concerning the SAT
and AAT volumes as measured by FatSegNet, the distribution is far more even in
this dimension (kurtosis: 0.3 for SAT; 0.4 for AAT), with the values approaching the
bell curve. As measured by the k-means based algorithm, the data are more tail-
extreme with the SAT and AAT volumes as well (kurtosis: 0.8 for SAT; 1.2 for AAT).

Figure 3: VAT (A), SAT (B), AAT (C) volume and VAT-SAT-ratio (D) distributions as
measured by FatSegNet (FSN)
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Figure 4: VAT (A), SAT (B), AAT (C) volume and VAT-SAT-ratio (D) distributions as
measured by k-means alg.
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3.3 SAT percentage

The determination of the percentage of subcutaneous fat not just in the abdominal
region, but throughout the whole body resulted in the measurements displayed
below [Tables 7 and 8]. The values were determined in the conventional way, with

fibrous structures around and within the AT included (“incl.”), as well as excluded
(“excl.”).
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Table 7: SAT perc. as measured by US, incl. fibers

SAT (incl.) overall SAT (incl.) females SAT (incl.) males
N 92 48 44
mean 11.2 14.4 7.8
median 11.8 14.4 7.2
SD 4.0 2.1 2.6
min. 3.2 10.0 3.2
max. 20.2 20.2 13.8

Table 8: SAT perc. as measured by US, excl. fibers

SAT (excl.) overall SAT (excl.) females SAT (excl.) males
N 92 48 44
mean 9.9 13.0 6.6
median 10.6 13.0 6.0
SD 3.9 2.1 2.4
min. 2.6 8.9 2.6
max. 18.8 18.8 12.2

The average body fat percentages are 11.2 % (incl.) and 9.9 % (excl.), with the
minima at 3.2 % (incl.) and 2.6 % (excl.), the maxima at 20.2 % (incl.) and 18.8 %

(excl.), and 95 % of the subjects falling between 4 and 18 % (incl.), respectively
between 3 and 16 % (excl.).

Concerning the distribution of the data, the values for SAT percentage are showing
two peaks in the histogram [figures 5, 6], with the lower one reflecting the male

average (7.8 % incl., 6.6 % excl.) and the higher one reflecting the female average

(14.4 % incl., 13.0 % excl.). When sorted by sex, the values for both sexes are

distributed normally, once more proven by the Kolmogorov-Smirnov- and Shapiro-

Wilk-Tests and graphical analysis of histograms and Q-Q-plots.

Figure 5: SAT perc. (incl.), sorted by sex
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3.4 Sexual dimorphism in body fat-related parameters

Distinct differences between the sexes were observed in most variables. Obviously,
the sexes vary in weight and height, which leads to the differences in BMI (T-value:

-4.16, p < .001, 95 % Cl: (-2.61)-(-0.92)) [figure 7].

Figure 7: BMI differences between the sexes
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The BMI overall shows a significant correlation to the volume of the abdominal AT
(FatSegNet: r(90) = 0.40, p < 0.001; k-means alg.: r(90) = 0.53, p < 0.007). The
correlation is stronger in females than in males, and it is stronger with the SAT
(females: r(46) = 0.66, p < 0.001; males: r(42) = 0.40, p = 0.007) than with the VAT
(females: r(46) = 0.339, p = 0.019; males: r(42) = 0.172, p = 0.265) compartment,
since with male subjects there is not even a significant correlation between BMI and

VAT volume.

3.4.1 Differences in MRl measurements

When looked at seperately in female and male subjects and in the two segmentation
algorithms, VAT volume (FatSegNet) on average is higher in males (423.4 cm?) than
in females (289.4 cm?) (n2 = 0.326, p = 0.001), whereas SAT volume (FatSegNet) is
higher in females (1709.6 cm?®) than in males (1443.8 cm?) (n? = 0.217, p = 0.038).
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When both these compartment volumes (FatSegNet) are put together in the form of
AAT (AAT = VAT + SAT) the aforementioned differences go in the direction of
evening each other out, but still the overall absolute mass of AT in the abdominal
area is on average higher in females (male avg. = 1867.2 cm?, female avg. = 1999.0
cm?), though the effect size is very small (n?2 = 0.090, p = 0.039) [figure 8]. With the
k-means clustering based segmentation algorithm [figure 9], the numbers are
trending in the same direction, with VAT volume on average being higher in males
(557.5 cm?) than in females (319.5 cm?) (n2 = 0.479, p < 0.001), SAT volume being
higher in females (1503.0 cm?) than in males (1292.2 cm?) (n? = 0.181, p = 0.044),
and both volumes with their differences put together almost cancelling each other
out (male avg. = 1849.7 cm?, female avg. = 1822.5 cm?®) (n2 = 0.019, p = 0.045),

even though here the females show a slightly higher AAT volume on average.

Figure 8: Differences between the sexes throughout the AT compartment volumes as
measured by FatSegNet (FSN)

B VAT_VOL FSN
B SAT_VOL FSN
M AAT_VOL FSN

2,000,00

1.500,00

mean

1.000,00

500,00

0,00

female male

sex

56



Figure 9: Differences between the sexes throughout the AT compartment volumes as
measured by k-means alg.
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Concerning the VAT-SAT-ratio [figure 10], large and significant differences between
the sexes can be observed (FatSegNet: nz2 = 0.566, p < 0.001; k-means: n? = 0.660,
p < 0.001). The values created by FatSegNet (females: 0.17; males: 0.30) as well
as the ones created by the k-means algorithm (females: 0.23; males: 0.46) show a

mean VAT-SAT-ratio about twice as high in males compared to females.

Figure 10: Sex differences in the VAT-SAT-ratio as measured by FatSegNet (A) and the k-
means alg. (B)
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3.4.2 Differences in US measurements

The whole-body SAT percentage as measured by US also shows significant
differences (T-test: SAT perc. (incl.): T-value: 13.6, p < 0.001, 95 % CI: 5.65-7.58;
SAT perc. (excl.): T-value: 13.6, p < 0.001, 95 % CI: 5.48-7.35) between the sexes
(figure 11), with the female distribution peaking at higher values (mean SAT perc.
incl.: 14.40 %, excl.: 13.00 %) than the male one (mean SAT perc. incl.: 7.78 %,
excl.: 6.58 %).

The correlation between BMI and the SAT percentage (incl.) is there - and
significant, and very similar in strength in females and males (females: r(46) = 0.403,
p = 0.005; males: r(42) = 0.384, p = 0.010).

Figure 11: Sex differences in the SAT perc. (incl.) (A) and (excl.) (B) as measured by US
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3.5 Comparison of the methods

3.5.1 MRI (FatSegNet vs. k-means based alg.)

The graphical comparison of the data [figure 12] created by the two algorithms
indicates that they produce, on average, very similar outcomes. Overall, FatSegNet
tends to measure lower VAT, higher SAT, and higher overall AAT, compared to the
k-means algorithm.

For VAT, SAT, AAT, and the VAT-SAT-ratio there is a strong and significant
correlation between the results put out by the two algorithms in both female (VAT:
r(46) = 0.98, p < 0.001; SAT: r(46) = 0.98, p < 0.001; AAT: r(46) = 0.98, p < 0.001;
VAT-SAT-ratio: r(46) = 0.94, p < 0.001) and male (VAT: r(42) = 0.62, p < 0.007;
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SAT: r(42) = 0.91, p < 0.001; AAT: r(42) = 0.86, p < 0.001; VAT-SAT-ratio: r(42) =
0.55, p < 0.001) subjects, with a stronger correlation in females. This is also shown
in the regression variable diagrams. Three subjects (50, 51, 52), all male, are lying

distinctly further from the regression line than all others.

Figure 12: Regression variable diagrams showing the relationship between the values for
VAT (A = females, B = males), SAT (C = females, D = males), AAT (E = females, F = males),
and the VAT-SAT-ratio (G = females, H = males) created by the two algorithm (x-axis =
FatSegNet, y-axis = k-means alg.)
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The Bland-Altman-plot also indicates that FatSegNet and the k-means based
algorithm get similar results out of the Dixon MRI images, since most of the values
for the differences between FatSegNet's and the k-means based algorithm’s
numbers for VAT, SAT, AAT, and the VAT-SAT-ratio are scattered right around the
mean of the differences and lie in between the fences [figure 13]. Again, three
subjects, the same ones that were mentioned regarding the regression variable

diagrams (50, 51, 52), are lying far outside the upper and lower fences.

Figure 13: Bland-Altman-plot for VAT (A), SAT (B), AAT (C); and the VAT-SAT-ratio (D)
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The BMI does not correlate strongly or significantly with the VAT-SAT-ratio

measured by either algorithm (FatSegNet: r(90) = 0.08, p = 0.456; k-means alg.:
r(90) = 0.05, p = 0.635).

3.5.2 MRIlvs.US

When comparing the MRI based methods to the US measurements, the correlation

of the US-measured SAT percentages (incl. and excl. fibers) with the values for the

VAT and SAT, as well as the combined AAT compartments is strong and significant

with measurements from both algorithms, and in both sexes. In male subjects, the

correlation is slightly stronger [Table 10] than in female subjects [Table 9].

Furthermore, the FatSegNet measurements correlate slightly stronger with the US

measurements than the k-means measurements do, especially when it comes to

the correlation with the values for the VAT compartments.

Looking at the VAT-SAT-ratios, no clear correlations with the US measurements

can be found, only a small trend towards an inverse relationship, but none of the

values were shown to be significant.

Table 9: Correlations of US-measured SAT perc. (incl. and excl. fibers) with the
measurements from FatSegNet and the k-means alg. in females

FatSegNet k-means alg.

VAT SAT AAT VAT/SAT | VAT SAT AAT VAT/SAT
SAT r(46) = r(46) = r(46) = r(46)=- |r(46)= | r(46)= |r(46)= | r(46)=-
perc. 0.42,p 0.72,p 0.71,p 0.15,p= | 0.35,p 0.67,p 0.66, p 0.34,p=
(incl) =0.003 |<0.001 |<0.001 |0.294 =0.014 | <0.001 | <0.001 | 0.019
SAT r(46) = r(46) = r(46) = r(46)=- | r(46) = r(46) = r(46) = r(46) = -
perc. 0.43,p 0.72,p 0.71,p 0.15,p= | 0.37,p |0.68,p |0.67,p |0.33,p=
(excl.) =0.003 |<0.001 |<0.001 |0.309 =0.011 | <0.001 |<0.001 |0.021




Table 10: Correlations of US-measured SAT perc. (incl. and excl. fibers) with the
measurements from FatSegNet and the k-means alg. in males

FatSegNet k-means alg.
VAT SAT AAT VAT/SAT | VAT SAT AAT VAT/SAT
SAT r(42) = r(42) = r(42) = r(42) = r(42) = r(42)= | r(42)= r(42) =-

perc. 0.62,p 0.86, p 0.86, p 0.007,p | 052,p |087,p |0.85p |0.26,p=
(incl) <0.001 |<0.001 |<0.001 |=0.965 <0.001 | <0.001 |<0.001 | 0.092

SAT r(42) = r(42) = r(42) = r(42) = r(42) = r(42)= | r(42)= r(42) =-
perc. 0.62,p 0.86, p 0.86, p 0.007,p | 052,p |088,p |0.86p |0.26,p=
(excl.) <0.001 |<0.001 |<0.001 |=0.964 <0.001 | <0.001 |<0.001 |0.088

The same relationship can be shown in graphical fashion [Figures 14 and 15]. The
strongest MRI-to-US-measurement relationship as shown in numbers, as well as

graphics (the narrowest distribution around the regression line), independent from
type of algorithm or sex, exists between the abdominal SAT compartment volumes

and the US - SAT percentages.

Figure 14: Regression variable diagrams showing the relationship between the values for
SAT perc. US (incl.) and VAT (A = females, B = males), SAT (C = females, D = males), and
AAT (E = females, F = males) as measured by FatSegNet
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Figure 15: Regression variable diagrams showing the relationship between the values for
SAT perc. US (incl.) and VAT (A = females, B = males), SAT (C = females, D = males), and
AAT (E = females, F = males) as measured by the k-means alg.
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4 Discussion

Automatic fat segmentation

Until recently, MRI imaging with fat suppression techniques such as the Dixon
technique with subsequent manual segmentation of the AT has been the gold
standard when it comes to exact and direct quantification of AT [80] [97] [128].
However, as automatic segmentation methods are becoming more accurate, faster,
and easier to use, they increasingly occupy that position [129]. Now it remains to be
determined which type of Al algorithm is best suited for this task. However, the
existing literature suggests that deep-learning-based neural networks such as
FatSegNet are superior in their accuracy, especially when it comes to measuring
VAT [113] [121]. This is most likely due to FatSegNets greater ability to deal with
the complexity of the anatomy around the abdominal organs and other structures. It
owes this to the underlying structure, which facilitates the training of complex tasks
via boosting the formation and development of specialized sub-networks targeted —
in this case - at specific parts of the anatomy by encouraging local and global
competition within the network [120]. Also, FatSegNet is superior in speed (about
one minute of computation time for the volume of a whole subject) and adaptability,
since it, being based on deep learning, can be retrained and redesigned easily [121].
Our results are in line with the literature in that they show that compared to
FatSegNet, our control data acquired via the simpler, more rigid k-means-clustering
based method, which relies on pixel clustering, region growing, and active contours
(snakes) for the identification of the divisions between the background and the AT
compartments within each slice [117] [121], gets slightly deviating values for the
amount of AT within a person’s abdomen. This overestimation of SAT and more
prominently VAT is at least in part due to it (and similar methods) attributing voxels
displaying parts of the intestines to fat because their intensity value is often higher

than the lean-to-fat threshold, and also due to partial volume effects [117].

Still, our overall results delivered by both methods are very similar. For VAT, SAT,
AAT, and the VAT-SAT-ratio there is a strong and significant correlation between
the results put out by the two algorithms in both females and males, with stronger
correlations in females (see chapter 3.4.1). The Bland-Altman-plot also indicates

that FatSegNet and the k-means based algorithm get similar results out of the Dixon



MRI images. However, three subjects (numbers 50, 51, and 52), all male, are lying
far outside the upper and lower fences here in the Bland-Altman-plot, as well as
distinctly further from the regression line in the regression variable diagrams,
compared to all others. In all three of these subjects, one algorithm measures very
high values, and the other one measures very low values. The values themselves
do not classify as outliers, but the difference between them does. Overall, this
indicates measurement errors specifically with these three subjects. However, after
manually examining the subjects’ control images, we could not pin down the error’'s
source. Though, our most promising hypothesis comes down to the k-means based
algorithm having classified gluteal muscle as AT and therefore erroneously

showcasing higher values.

SAT measurement via MRI and US

Another important finding of the thesis concerns the strong correlation between the
SAT values as determined by MRI measurement with the Dixon technique and
application of an Al algorithm for segmentation, and the SAT percentages calculated
from US measurements. In our data, the strongest MRI- to US-measurement
relationship, independent from type of algorithm or sex, exists between the
abdominal SAT compartment volumes and the US - SAT percentages. The
segmentation done by FatSegNet correlates slightly stronger with the US
measurements than the one done by the k-means algorithm does. This
demonstration of accuracy when comparing the US method to the gold standard of
MRI plus segmentation [80] further justifies the application of US-based methods
using SAT layer thickness measurements plus calculations [87] for the quantification
of SAT. This is especially important since the US-based methods are, in addition to
sharing one of the main advantages of the MRI-based methods - not using ionizing
radiation, a lot cheaper, faster, and easier to use. US devices are, especially
compared to an MRI scanner, small in size and easily transportable. However, the
US technique’s greatest limitations lie in the areas of reproducibility and
standardization, since there is no universally accepted and used measurement
technique and the results are highly dependent on the skill and routine of the
examiner. Though in this case, with experienced examiners and a sophisticated

method [87], the US data holds up very well when compared to the gold standard.



Other research comparing SAT measurements done by US methods to those done
by MRI- [130] [131] as well as CT-based methods [132] come to the same
conclusions: There is higher inter- and intraobserver reliability in tomographic
methods but, especially when also considering their other advantages, the US
methods easily hold up well enough to justify their use and especially their further

development.

VAT measurement via US

In our data the correlation between SAT percentages determined by US and VAT
volumes determined by MRI plus FatSegNet also turns out to be significant, with the
FatSegNet measurements correlating slightly stronger with the US measurements
in comparison to the k-means measurements. It might even be strong enough to
further justify the use of US-SAT measurement as another proxy for estimating
visceral adiposity, especially when other correlates like waist circumference, or
waist-hip-ratio are factored in as well. Still, the relationship between US-measured
SAT and MRI-measured VAT is of course distorted as a consequence of individual
(e.g., sex- or age-related) differences in the distribution of bodyfat over the
compartments. However, since there are several methods for determining VAT itself
via US, this is the more promising path. The US measurements included in this
thesis only measured the SAT percentage, but other research looked at US-based
VAT measurement methods and deemed them reliable in comparison to
tomographic imaging-based measurement. So far, these methods are based on the
abdominal wall fat index (AFI) [133], mesenterial fat thickness (MFT) [134], intra-
abdominal fat thickness (IAFT) [135], measurement of peri- and para-renal fat [136],
and a few others. So, a fair amount of selection must occur to be able to specify
which of the methods are the most reliable, and which ones might be best suited for
distinct subject populations, like pregnant women [131]. Of course, MRI makes it
possible to directly measure the volume of AT throughout different compartments of
the body, including the visceral AT compartment, with higher accuracy, but has its
own disadvantages, especially in terms of practicality and cost (see above).
Considering those, the US-based methods for assessing visceral adiposity are
definitely an area which justifies further development and extended use in the future,

especially as the methods become even more reliable.



Sex-related differences in measurement and body fat

When looking at relationships between measurement methods and compartments
while stratifying the data by sex, distinct differences between female and male
subjects were observed in most variables. Concerning AT compartment volumes,
with the FatSegNet segmentation, VAT volume on average is higher in males (423.4
cm?) than in females (289.4 cm?), whereas SAT volume is higher in females (1709.6
cm?) than in males (1443.8 cm?®). With the overall AAT (AAT = VAT + SAT) the
aforementioned differences go in the direction of evening each other out, but still the
overall absolute mass of AT in the abdominal area is on average higher in females
(male avg. = 1867.2 cm?, female avg. = 1999.0 cm?). With the k-means clustering
based segmentation algorithm the numbers are trending in the same direction. This
means the sex differences in compartment volume show up even in absolute
numbers. So, when considering them in concordance with female subjects’ on

average significantly lower body weight, they are even more distinct.

Concerning the VAT-SAT-ratio (a strong predictor of cardiovascular risk and all-
cause mortality [60] [61]), large and significant differences between the sexes can
be observed. The values created by FatSegNet (females: 0.17; males: 0.30) as well
as the ones created by the k-means algorithm (females: 0.23; males: 0.46) show a
mean VAT-SAT-ratio about twice as high in males compared to females. Other
research found very similar differences with very similar magnitudes, like VAT-SAT-

ratios about twice as high in men compared to women [137].

In females, there is overall stronger agreement between the two algorithms when it
comes to AT volumes. This might be traced back to the k-means based method’s
lower accuracy when it comes to segmenting VAT (see two pages above or [117]).
Males have, on average, more VAT and less SAT than females, and both algorithms
are more in line with each other when measuring SAT compared to measuring VAT.
So, in males the compartment in which one of the algorithms (the k-means based
one) is more prone to error is, on average, significantly larger. Therefore, the

correlation between the results presented by the two algorithms is weaker in males.

The SAT percentages as measured by US also show significant sexual
dimorphism, with the female distribution peaking at higher values (mean SAT perc.
incl.: 14.40 %, excl.: 13.00 %) than the male one (mean SAT perc. incl.: 7.78 %,



excl.: 6.58 %). This is once more in line with the current understanding that females

have, on average, more subcutaneous AT [138].

So overall, concerning sex differences our results line up nicely with the well-
established and consensually accepted typical male and female bodyfat distribution
patterns [137] [138] [139] [140] [141] [142], with males having relatively more VAT
and less AAT, and females on the other hand having relatively more SAT and more
AAT, and males therefore having a higher VAT-SAT-ratio.

Subject population and limitations

Concerning specifics of this thesis, it must be said that even though the subjects are
very similar in the sense that they are all athletically active young women and men,
it is still a relatively heterogenous population concerning their AT-related data. This
might be attributable to the fact that there are athletes ranging from long distance
runners, who typically have a very low BMI and bodyfat-percentage, all the way to
judokas and powerlifters, who have a higher BMI and oftentimes also a higher
bodyfat-percentage. Also, the range reaches from recreational/hobby-athletes up to
top athletes. Consequently, the volumes of AT within the compartments and the
bodyfat-percentages are also very heterogenous, covering a span ranging from very
low to high-normal values (e.g., VAT volumes from 69.1 cm?® up to 1312.9 cm?® - a
19-fold difference; or SAT-percentages from 3.2 to 20.0 %) compared to healthy
adults [143] [144]. After sorting the data by sex, the range between the minima and
maxima shrinks, but remains significant, and is overall slightly larger with FatSegNet
than with the k-means based method. This also speaks to the fact mentioned in the
introduction (chapter 1.2, first paragraph) about AT being the body compartment

with the largest inter- and intraindividual variability.

Furthermore, correlation of BMI with total VAT volume is often described to be poor
[121], mainly because VAT constitutes a much smaller fraction to total adipose
tissue than SAT [145]. With our population this was different, which might be due to
the overall volumes of AT being relatively low. In overweight and especially obese
people on the other hand, the low correlation between the BMI and VAT volume

clearly underlines the need for direct, reliable VAT measurement.



Another noteworthy feature of the subject population concerns the distribution of the
data for the AT volumes, which takes the form of the maximum case of an extreme
value type | distribution in both sexes and all compartments. This means most
subjects lie very close to the mean, but a wider distribution is shown above,
compared to below the mean (see chapter 3.2, [fig. 3.1] and [fig. 3.2]). This means
the data are not normally distributed, which had to be expected, since real-valued
random variables are represented in the form of a normal distribution [146], but the
subjects in this study were not selected randomly, but instead for being young
athletes, so they do not represent the general population. Therefore, most subjects
were of an extraordinarily low bodyfat percentage and of a medium BMI (mean BMI
22 kg/m?), a few were very skinny, and almost none were overweight, let alone

obese.

On that note, it must be mentioned that this study did not include any severely obese
subjects. Consequently, our methods were not tested in this population, though it is
one where automatic segmentation algorithms are reported to be more prone to
error [147], especially ones that are not deep-learning-based [117]. Concerning
FatSegNet however, it can be assumed to perform just as well in severely obese
people, since it was tested on subjects up to a BMI of 47.7 kg/m? taken from the

Rhineland-Study population [121].

Another point worth mentioning refers to the aforementioned intermuscular adipose
tissue (IMAT) (see chapter 1.1.4), which occupies an increasingly important spot in
our models for understanding metabolic dysfunction, obesity, different patterns of
body fat distribution, as well as the mechanisms leading to and the morbidity
resulting from those [15] [62]. With Dixon MRI however, IMAT is not registered, so
any imaging and segmentation methods also capable of capturing IMAT might assist
in painting an even more comprehensive picture of an individual’s risk for future

ailment.

4.1 Conclusion

The data acquired via this thesis is congruent with the current literature in showing
that a non-deep-learning-based automatic segmentation algorithm, while producing

reasonably reliable outcomes when segmenting AT from Dixon MRI images, does



not show the same level of accuracy in measuring abdominal adipose tissue (AAT),
especially visceral adipose tissue (VAT), that a deep-learning-based algorithm like
FatSegNet does.

Furthermore, we could show that, compared to Dixon MRI plus subsequent AT
segmentation, US-based measurement of subcutaneous adipose tissue (SAT) is
highly accurate and reliable, especially if done by experienced examiners

implementing a sophisticated and highly standardized method.

Lastly, our data is in line with the current understanding of sexual dimorphism in AT
distribution patterns, with females having relatively more overall AAT and more SAT,

and males having relatively more VAT.
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