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Abstract

With the help of genome-wide association studies, more and more information about the back-
ground of various diseases gets discovered, but by far not everything is revealed yet, as the
genetic background is not enough to explain diseases. Another part that has to be solved, but
is still in the early stages, is the phenomics, as different phenotypes are risk factors for others.
In order to explain such a linkage of two or more phenotypes, factors like genes or metabolites,
have to be taken into consideration. An example for phenotypes that are risk factors for each
other would be obesity, which heightens the risk of getting diabetes which in turn heightens
the risk of getting heart diseases.
In order to be able to reveal more of those comorbidities, a systems biological approach like
calculating correlation networks or Gaussian Graphical Models is very useful, as the dependen-
cies of the phenotypes can be seen in those networks. This approach is already used at the
genomic and metabolic level with great success. However the phenomic datasets bring new
challenges with them, as there is a broad range of different measurements for the phenotypes,
which means a very heterogeneous dataset. One example, for such a difficulty would be the
fact, that phenotype data often contains binary data, which can only be handled by correlation
calculations and the more advanced mixed graphical models, but not by Gaussian Graphical
models.
In order to examine those problems those two methods were applied to the Qatar Metabolomics
Study of Diabetes. The most significant problems which were found during the examination
were the fact, that the dataset is very heterogeneous. Therefore three different methods for
the calculation of the correlation networks were used in order to differentiate between edges
between two binary phenotypes, a binary and a continuous phenotype and two continuous
phenotypes. Another problem that came with the binary phenotypes, was the problem of
imputing. The problem of finding the best method for imputing is difficult for continuous
phenotypes, but for the binary phenotypes, it gets even more difficult. This is due to the fact
that it is only possible to impute with two different values, which heavily biases the results,
as shown in this thesis. Therefore a complete dataset would be the most important thing, for
those researches, but can not be achieved in reality most of the time. Another problem that
had to be solved, was whether correcting for co-factors in the case of correlation networks
is really an advantage, or whether it is better not to correct for confounders. Based on the
results of this work the answer to this question is dependent on the questions that have to be
answered with the network. Therefore, sometimes the correction has advantages and some-
times no correction is better.
After solving those problems, the phenotype heart disease was examined. This was done by
building a network of all the related phenotypes and metabolites for it and examining the
relationships to the other phenotypes, like retinopathy or metabolites, like creatine. Another
question was which of the weight related parameters describe the overall health status of a
person best. Therefore another network was built, which showed that not one weight param-
eter is able to describe all the risk factors, but certain risks can be described best by certain
anthropometric measures. Therefore it is best to measure more than just one in order to get
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the risks for all the weight related diseases.
Ultimately the mixed graphical models would be a very useful tool, in order to discover new
and interesting correlations between phenotypes and metabolites, if the dataset allows it. This
means, if the dataset is not biased and has not to many missing values, which both lower the
specificity of the algorithm drastically. For such a dataset I would recommend a correlation
based network, which might not provide the best results, but is more stable towards missing
values.
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Kurzfassung

Genomweite Assoziationsstudien liefern immer mehr Hintergrundwissen über die verschieden-
sten Krankheiten, aber dieses Wissen reicht bei weitem noch nicht aus, da Krankheiten nicht
nur einen genetischen Grund haben können. Ein weiterer Grund weswegen ein Patient eine
Krankheit bekommen kann, ist auf Grund bestimmter Phenotypen. Die Untersuchung solcher
Phenotypverbindungen ist jedoch noch am Anfang. Da solche Verbindungen zwischen zwei
phenotypen die unterschiedlichsten Gründe haben kann, muss man zusätzliche Faktoren, wie
Gene oder Metaboliten mit einbeziehen. Ein Beispiel für eine solche Phenotypenverbindung
wäre Fettleibigkeit, welche das Risiko Diabetes zu bekommen deutlich erhöht. Diabetes
wiederum erhöht das Risiko auf Herzkrankheiten.
Ansätze der Systembiologie, wie das berechnen von Korrelationsnetzwerken, oder Gaußsche
graphische modelle sind sehr hilfreich, um weitere solcher Abhängigkeiten zweier Phenotypen
zu finden. Diese Methoden wurden schon mit großem Erfolg auf dem Gebiet der Metaboliten
und der Gene verwendet. Jedoch bringt der Phenotypdatensatz neue Herausforderungen mit
sich, da dieser mit vielen verschiedenen Methoden gemessen wurde, was einen sehr hetero-
genen Datensatz zur Folge hat. Eine Herausforderung, welche ein Phenotypendatensatz mit
sich bringt, wären zum Beispiel die binären Datenreihen, welche nur durch Korrelationen und
durch die gemischten graphischen modelle berechnet werden können, aber nicht mit Gaußschen
graphischen Modellen.
Um die Probleme zu untersuchen, wurden diese beiden Ansätze auf der ”Qatar Metabolomics
Study of Diabetes” angewendet. Das größte Problem, das durch die Untersuchung hervor
kam, war die Heterogenität des Datensatzes. Um zwischen den Korrelationen zweier binärer
Phenotypen, einem binären zu einem kontinuierlichen Phenotypen und zweier kontinuierlicher
Phenotypen zu unterscheiden, wurden drei verschiedene Methoden verwendet. Ein weiteres
Problem, das durch die binären Daten verursacht wurde, war ein Problem beim Imputen. Eine
richtige imputing Methode für kontinuierliche Daten zu finden ist schwierig, jedoch noch viel
schwieriger ist es eine gute Methode für binäre Daten zu finden. Dies hat den Grund, das
man bei binären nur mit zwei Variablen imputen kann, was, wie in dieser Thesis gezeigt, die
Ergebnisse stark verfälschen kann. Deswegen wäre ein vollständiger Datensatz sehr wichtig
für solche Untersuchungen, dies kann in der Realität aber nur selten verwirklicht werden. Ein
weiteres Problem war die Korrektur von Co-faktoren und ob es besser ist für solche Co-faktoren
zu verbessern, oder nicht. Basierend auf den Resultaten dieser Arbeit, ist dies aber abhängig
von der Fragestellung, welche beantwortet werden soll. Deswegen sollteman manchmal eine
Korrektur bevorzugen und manchmal nicht.
Nach dem diese Problem behandelt wurden, wurde ein Herzkrankheitsnetzwerk untersucht.
Dafür wurde ein Netzwerk mit allen relevanten Phenotypen, wie Retinopathy und Metabo-
liten, wie Kreatin, für Herzkrankheiten gebaut. Eine weitere Fragestellung, die durch ein
weiteres Netzwerk bearbeitet wurde, war welche anthropometrische Messung am besten die
Krankheitsrisiken, welche mit dem Gewicht in Verbindung zu bringen sind, zusammenfasst.
Aus dem Netzwerk geht hervor, dass man am besten nicht nur eine Messung vornimmt, son-
dern mehrere antropometrische Messungen.
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Letztenendes wären die gemischten graphischen modelle sehr hilfreich um neue und interes-
sante Korrelationen zwischen Phenotypen und Metaboliten zu finden, wenn es der Datensatz
zulässt. Für einen Datensatz, der sehr viele fehlenden Einträge hat, würde ich ein Korrelations-
netzwerk empfehlen, da es vielleicht nicht die selben Ergebnisse, wie ein graphisches modell
liefert, aber viel robuster gegenüber fehlende Daten ist.
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1 Introduction

1.1 Phenomics and the future challenge for systems
biology

In the recent years, genome-wide association studies (GWAS) had a big impact on systems
biology, as those studies provided a huge amount of data for genotype to phenotype interac-
tions. These information ended in big databases, which provide some insight in the phenotypes
and their genomic background. One major problem that can still not be answered with those
networks, is how two people with the same genetic background can have different phenotypes.
Therefore not only the genetics have to be examined but also the correlations between phe-
notypes and the metabolic background. Metabolites and phenotypes can also reflect different
influences on a disease, such as environmental factors, which sometimes have a huge impact on
diseases. One disease that can be caused through genetic background, as well as metabolomic
changes and influences of other phenotypes like weight of the patient would be diabetes. As
the GWAS will be able to provide the information for the genomic part in the near future, there
are still problems in order to understand diabetes. One would be the metabolomics part and
another one would be the phenomics part. The phenomics part is arguably the most challeng-
ing part, as there is a broad range of phenotype measurements and therefore the complexity
of the phenomic datasets and the processing of the complex phenomic datasets set the major
tasks for the systems biology.

1.2 Weight development, obesity and different weight
parameters

One of the major health concerns of the 21st century is obesity as it is one of the leading
causes of preventable death.[4] This is also getting worse, as obese children become obese
adults and face multiple health problems that are associated with obesity at younger ages.
This is also shown by the raise in number of obese people in the recent years. Figure 1.1
shows that the mean body mass index (BMI) increased in all the listed countries over the
last decade and that the overall highest mean BMI was located up until 2009 in the USA.
Thus also the comorbid diseases, that go along with a high BMI are getting more and more
of a problem. Those diseases are for example, heart diseases, osteoarthritis, obstructive sleep
apnea, certain types of cancer and type 2 diabetes.[25] Thus obesity overall also heightens the
risk of death. Figure 1.2 demonstrates that slight overweight is not severe, though very obese
people have to face a overall higher mortality rate. Normally the overall mortality rate is also
higher in the underweight group, except for one group, the age group 25-59 where a positive
effect of having underweight can be seen.

The fact that influences of obesity on human health develops to be a major concern, the
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1 Introduction

Figure 1.1: The amount of obese people in developed countries. Over the years
1990 to 2009 the percentage in all the shown countries rose drastically. Especially shocking
is the fact that some countries have more than 20% of obese people.[60] This figure was
taken from "www.downeyobesityreport.com/2012/06/"

Figure 1.2: The mortality rate for different BMI categories. Additional to the
overall population also always two comparable curves are shown. Those would be the
two age groups, the two gender groups and the smoking habit. The interesting thing to
see here is that for an age between 25 and 59 underweight is not crucial according to the
mortality rate, whereas the overall death rate is heightened in all the other groups by
underweight. Overall, the graph makes a big ”U”-turn, where the two extremes, obesity
and underweight, are not healthy for nearly every group.[76] This figure was taken from
"http://protonsforbreakfast.wordpress.com/category/obesity/".

health and pharmaceutical industry, developed different health parameters. Those anthropo-
metric measures take different parameters into consideration, are important, in order to be
able to categorize the patients. For example, the most used value is the body mass index
(BMI), which gives an estimation on how the weight to height relationship is. The BMI value
is calculated by the Equation 1.1. Most of the time there are different categories which divide
the people into different BMI increments which can be seen in Table 1.1. Those classifications
give an overall better understanding, what the BMI values mean.

14 Ulrich Neumaier, 2013
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1.2 Weight development, obesity and different weight parameters

BMI Classification
<18.5 underweight

18.5-24.9 normal weight
25.0-29.9 overweight
30.0-34.9 class I obesity
35.0-39.9 class II obesity
>40.0 class III obesity

Table 1.1: Different weight classifications by BMI.[81] Nevertheless there are some-
times little deviations in those categories, as some times other cofactors, like age or sex,
are taken into consideration.[29]

BMI =
weight

height2
(1.1)

Another well accepted anthropometric measure is the Waist-to-Hip Ratio (WHR) which
gives a good estimate on how the fat is distributed throughout the body. WHR is calculated
by dividing a persons waist circumference by the hip circumference (see Equation 1.2). With
the help of the WHR one can estimate, whether a person has more of an apple or a pear
shaped body (see Figure 1.3).[72] The apple shape is considered for men with a WHR over 1
and for women with an WHR over 0.8 and means, that the fat is mostly located around the
stomach area. The pear shaped persons carry most of their fat around the buttocks.[72] The
shape is not only a visual difference, but it is also a factor that influences the healthiness of a
person, as the pear shaped body form seems to be superior to the apple shaped body form, as
in general the pear shaped persons have a lower risk of getting obesity related diseases such
as diabetes or heart diseases.

WHR =
waist

hip
(1.2)

As the obesity issue got more and more interesting over the last decades, some other
anthropometric measures have been investigated, which try to combine previous knowledge
about the overall body fat percentage and the allocation of the fat in order to give a good
and easy estimate on how high the risks of getting obesity related diseases are for a patient.
One of those measures is the Body Adiposity Index (BAI) which takes into account the waist
circumference and the height, as those two are very correlated to the percentage of body fat.[6]
The BAI-value is calculated by the Equation 1.3 and was developed by Bergman et al. Another
example is the ”A Body Shape Index” (ABSI) which not only takes the waist circumference
into account, but also the BMI. The ABSI is calculated by the Equation 1.4. The ABSI is
a substantial risk factor for premature mortality and tries to unify the most frequently used
anthropometric measures, the BMI and the WHR.[36]

BAI =
100 · hipCircumference

height ·
√
height

− 18 (1.3)

ABSI =
WaistCircumference

BMI
2
3 · height 12

(1.4)
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1 Introduction

Figure 1.3: Different weight distribution and the apple and pear shape. Whereas
the apple shaped body has more fat above the waist and is likely to develop health
problems due to it, the pear shape body has more weight below the waist and shows less
obesity related problems.[72] This picture was taken from http://www.uofmhealth.org/

health-library/zm6365.

1.3 Diabetes

Diabetes is a metabolic disease examined by researchers all over the world, but the underlying
pathomechanisms are still not fully understood as many different factors can cause someone to
develop the disease.[83] One of the symptoms is a high blood sugar concentration, which can
be caused either by insufficient insulin production of the pancreas or because the cells do not
respond to the produced insulin.[42] The type of diabetes, where the β-cells in the pancreas
are lost, which leads to an insulin deficiency, is called type-1-diabetes mellitus (T1D). Apart
from that type-2-diabetes mellitus (T2D) is caused by insulin resistance but can also come
along, with an overall lower insulin secretion.

1.3.1 Type-2-diabetes mellitus

Diabetes type 2 makes more than 90% of all diabetes ailments worldwide.[43] In the USA, it is
the main reason for loss of sight, kidney failure and amputation.[58] Diabetes type 2 is caused
by a insulin resistance. Even though the β-cells of the pancreas may have an hyperfunction,
there is no response to the hormone in the different tissues although the insulin receptors
are viable. One reason for developing diabetes mellitus type 2 would be genetic background,
but there are also other disease-promoting factors, like obesity and physical inactivity.[84] In
general diabetes can be diagnosed with a blood sugar test.[85] The value which shall not be
overstepped is a fasting blood sugar value of 126 mg

dl
or higher, measured in the venous plasma.

Another test for the diagnosis of diabetes is called oral glucose tolerance test (OGTT). For
this test, the patient gets 75 gram of glucose and if the blood sugar value gets over 200 mg

dl
,

after a two hour waiting time, diabetes is confirmed.
In the early phases of diabetes, there is a lack of symptoms, which causes many cases of
diabetes to stay undiagnosed in the early phases. Some premonitions that could be seen in the
early stages of diabetes, would be frequent urination, feeling of weakness, thirst and dry skin.

16 Ulrich Neumaier, 2013

http://www.uofmhealth.org/health-library/zm6365
http://www.uofmhealth.org/health-library/zm6365


1.4 Heart disease

However, most of the time diabetes is firstly diagnosed, when the side effects appear. Those
comorbid conditions would be for example myocardial infarction, a stroke, renal insufficiency,
retina damage, diabetic neuropathy or a diabetic foot.[3] These diseases are most of the time
caused by the higher amount of sugar in the blood vessels, which can clump and block the
blood flow (see Figure 1.4). If the vessels are attached to nerves this can lead to diabetic
neuropathy (see Figure 1.6).[27]

Figure 1.4: The effects of high blood sugar on blood vessels. On the left hand
side one can see a healthy blood vessel, where nothing blocks the flow of blood. On
the right side however the blood flow is blocked or constricted, which can be caused
by the high amount of glucose in the blood of diabetes patients. This leads to the
side effects of diabetes like the diabetic foot or diabetic neuropathy, as those blocked
vessels are not capable of supporting the attached tissue with sufficient nutrition and
oxygen.[63] This figure was taken from "http://www.diabetesinfo.org.au/webdata/

images/Blood20vessels20harden20and20clot.jpg"

1.4 Heart disease

Heart diseases are the number one reason for deaths in the U.S. and is also cause of disability.[28]
The most common reason to develop heart diseases is the blockage or constriction of the coro-
nary arteries, which can be caused for example by a too high amount of glucose in the blood.
Therefore heart diseases are a comorbid disease of diabetes.[50] This heart issue is developing
slowly, as the clots in the vessels are growing slowly and leads most of the time to heart at-
tacks. Heart diseases can also be an inborn error, like inborn deformities. One example would
be a deformity of the cardiac valve, which therefore can not close properly and causes heart
issues. This disease is called aortic regurgitation.[52] In order to lower the risks of getting
heart diseases, controlling the risk factors is vital. Therefore controlling the blood pressure,
lower the cholesterol, work out and reduce smoking is very important to lower the risks of
getting heart diseases.[56]

Ulrich Neumaier, 2013 17

"http://www.diabetesinfo.org.au/webdata/images/Blood 20vessels 20harden 20and 20clot.jpg"
"http://www.diabetesinfo.org.au/webdata/images/Blood 20vessels 20harden 20and 20clot.jpg"


1 Introduction

Figure 1.5: Neuropathy caused by damaged blood vessels On the left hand
side, there is a healthy blood vessel, which is able to provide enough blood, oxygen
and nutrition for the nerve it is attached to. On the right hand side the blood, oxy-
gen and nutrition supply by the vessel is not given any more, as the vessel is blocked
by glucose clumps, this leads to severe damage of the nerves, as they lack blood and
nutrients.[39] This figure was taken from "http://www.hyderabadendocrinology.com/

content/diabetes-and-neuropathy"

Figure 1.6: Aortic regurgitation On the left hand side a functional aortic valve can
be seen, which closes properly after the ventricle pumps blood into the aorta. In con-
trary on the left hand side, the valve does not close properly and blood leaks back
into the heart. This figure was taken from "http://www.heart-valve-surgery.com/

aortic-valve-regurgitation-symptoms.php"

1.5 Metabolomics

Metabolomics is one of the recently uprising fields that provides new and interesting insights
in diseases and their effects on an organism. Metabolomics means measuring concentrations
of endogenous and also exogenous metabolites in different tissues or body fluids under cer-
tain conditions. The metabolome represents a snapshot of all the metabolites in a biological
system and the influences of environmental factors. The metabolites are the smallest sub-
units, with which the proteins, the RNA and the DNA are put together (see Figure 1.7) by
all organisms. However different factors such as nutrition, environmental factors and medical
treatment complicate the examination of the metabolome. The nutrition which the patient
takes in, can lead to false conclusions, as the metabolites that are contained in the food
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1.5 Metabolomics

can alter the metabolite concentrations drastically. The environmental factors are also able
to influence the metabolite concentration, as the body reacts to the environmental changes,
which can be seen in the metabolite concentrations. Last but not least, drugs are certainly
able to change those concentrations as they target specific pathways in the body and thus
can block the production of some metabolites or cause an overproduction of others. As the
end product of the genetic setup, it can describe certain phenotypes best, as it provides a
functional readout of the physiological state.[9]

Figure 1.7: Coherences between DNA, RNA, proteins and metabolites: The
Metabolites at top are the smallest building blocks of all the compartments in the or-
ganism. As the metabolites are the smallest subunit of those four, it offers the best
resolution in order to understand the physiological state of any organism. It is also the
true functional endpoint of biological events.[55] This figure was taken from Rudnicki et
al.

In order to describe those relationships between the metabolites, networks are probably the
best approach. As a metabolic network in general is a system of different chemical reactions,
that are interconnected. One example for such a chemical reaction system would be the
biosynthesis of valine, leucine and isoleucine, which can be seen in Figure 1.8. Many of those
metabolic reaction systems are stored and can be viewed via metabolic database systems such
as the Kyoto Encyclopedia of Genes and Genomes (KEGG).[34] However one has to always
keep in mind that those networks are not absolute and may contain some errors. As well as
some are not really errors, but just a generalization problem as there might be certain circum-
stances, that are able to change those chemical reaction systems. Therefore in a metabolic
network in general an edge between two nodes means that there is a chemical reaction or
sometimes reaction pathway, where one node, or better one metabolite can react to another
metabolite.

Another type of network that is similar to the metabolite network is the signaling network.
However in signalling networks, the essential purpose is the regulation of other processes,
whereas the energy and mass flow, which is the main purpose of metabolic networks, is
just a requirement in order to describe the regulation of the other processes.[37] In order to
understand those metabolic networks, one has to combine different information like classical
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Figure 1.8: Valine, Leucine and Isoleucine biosynthesis. This picture shows the
chemical reaction system represented as a network in the KEGG database.[40]

biochemistry, genomics, functional genomics, network analysis and simulations. With the
development of measurement kits for metabolites, new databases and datasets that contain
the concentration of certain metabolites under certain conditions of an organism, are built.
Therefore also the network inferring algorithms get more and more important in the metabolic
context.

1.6 From bodyfluid samples to datasets

The first step of the measurement of metabolite concentration with the various methods that
can be used, is the collection of samples from the patients and their preprocessing. In order to
be able to measure the metabolite concentration later on, the metabolic reactions have to be
stopped in the biofluid. This can be done by shock freezing, denaturing of the enzymes and
by adding acids or some solvents, like chloroform.[66] This step is very sensible, as a wrong
method for stopping the reactions might also influence the metabolite concentrations.
However there are still other, unwanted parts in the solvent, which have to be separated.
These unwanted substances are for example proteins, parts of cell walls, DNA, RNA or some
salts. Therefore the solvent can be centrifuged in order to separate the metabolites from the
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rest of the solvent. Another method for the separation would be a solid phase extraction.[75]
The method that is taken is also dependent on the fluid, which is examined, as they have
different properties.[19]
The next step after dissolving the metabolites from the rest of the fluids, is to measure their
concentrations, which can be done in two general ways. The first one would be the targeted
metabolomics and the second one would be the metabolic profiling which is also called non-
targeted metabolomics.

1.6.1 Non-targeted metabolomics

Non-targeted metabolomics is the measurement of all metabolites in a solvent, which also
includes chemical unknowns. Therefore advanced chemometric techniques, like multivariate
analysis, have to be used for non-targeted metabolomics, in order to generate a dataset of
a manageable size. Afterwards those signals, that are saved in the database have to be
identified. This can be done by the usage of in-silico libraries, which match the signals to a
metabolite. Another method for identifying the signals is by experimental investigation. One of
the advantages of non-targeted metabolomics is the possibility to find new metabolites which
can be later on used for the targeted metabolomics approach. Nevertheless the time which is
needed for the detection of those new metabolites and the evaluation of the huge amounts of
raw data, which is produced by such an approach, is immense. The two companies, that are
using this approach are metabolon and chenomx.[49][32]

1.6.2 Targeted metabolomics

Targeted metabolomics is defined as the identification of pre defined metabolites, for which the
structure and biochemical features are known. In contrast to the non-targeted metabolomics,
the targeted metabolomics takes advantage of the fact that the metabolites which are examined
are known and therefore also their specific kinetics, end products and pathways to which
they contribute. This is why the sample preparation can be optimized for the given set of
metabolites, which are examined. Another advantage of targeted metabolomics is that the
relative abundancies and concentrations of the predefined metabolites can be determined more
precisely than with a nontargeted approach.[74] One company, that uses this approach would
be biocrates.[9]

1.7 Correlation networks

One way of analysing metabolite and phenotype datasets, is to calculate a correlation network.
The calculation of such networks however can be done in many different ways. One method
would be to calculate the Pearson correlation which can be seen in Equation 1.5. In this
equation, ρX,Y is the correlation coefficient between the two random variables X and Y, µX
and µY are their expected values, σX and σY are their standard deviation and E stands for
the expected value. The equation was developed by Karl Pearson.[64]

ρX,Y =
cov(X, Y )

σX · σY
=
E[(X − µX)(Y − µY )]

σX · σY
(1.5)

In order to get a network with metabolites or phenotypes as nodes and their correlation as
edges, this equation is used for all pairs of metabolites or phenotypes in the dataset, which in
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turn results in a correlation network.
Another possibility to calculate the correlation between two metabolites would be the Spear-
man correlation. The Spearman correlation is defined as the Pearson correlation coefficient
between ranked variables.[33] The advantage of the Spearman correlation over the Pearson
correlation, is that the Spearman correlation is a nonparametric measure of statistical depen-
dence.
But also more advanced methods that calculate partial correlations, like linear, logistic regres-
sion or the Gaussian Graphical Model can be used.

1.8 Gaussian Graphical Models

Gaussian Graphical Models (GGMs) is a recently arising method for studying gene associations
and lately also for metabolic interactions. GGMs are also known as ”covariance selection”
and ”concentration graph”.[73] GGMs are based on partial correlations and thus are able to
determine independence of two genes or metabolites in due consideration of all the other genes
or metabolites, that are considered as cofactors by the model. As a consequence, direct and
indirect interactions, can be distinguished, whereas a normal correlation network would fail
and would possibly predict both, a direct and an indirect interaction.

The differences between those two interaction types are depicted in Figure 1.9, where the
red arrow from node A to node C stands for a direct interaction. An indirect interaction is
always with any kind of intermediate, which is shown in the figure as blue dashed lines from A
to B and then from B to C. An indirect interaction can also have multiple intermediates.[73]

Figure 1.9: Difference between direct and indirect interactions. There are two
different pathways that go from A to C. One would be the red edge, which represents a
direct interaction. The other one would be the indirect interaction which is from node A
to node B and from node B to node C, depicted as blue, dashed lines.

From the biological point of view, a differentiation between a direct and an indirect interac-
tion means, that pathways can be distinguished more precisely, as the GGM filters out many
false positive edges. This means that the GGMs can distinguish, whether metabolite A directly
interacts with metabolite C, or maybe is degraded into C, or is somehow directly related to
metabolite C, or if there is any intermediate. Still there is one disadvantage, that GGMs have
compared to correlation networks. This is that correlation networks are able to handle binary
data. This is a big disadvantage in the case of phenomic data, as there are many binary
variables, like phenotypes, that describe if the patient has a disease or not. Therefore a more
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advanced method, the mixed graphical models, which can handle binary data, should be used
for phenotype data most of the time.
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2 Materials and methods

2.1 Qatar Metabolomics Study of Diabetes

The Qatar Metabolomics Study of Diabetes is a dataset which contains metabolite concen-
trations and phenotype data. The metabolite concentrations were measured in three different
tissues, blood, urine and saliva, with three different methods. Those methods were metabolon,
for blood, urine and saliva, biocrates for blood and chenomx for urine. Therefore there were
2473 different measurement series for metabolites for the 375 patients. The 111 different
phenotypes which are also gathered in the dataset are wide-ranging, as there are measure-
ments whether patients have diseases or not, measurements of blood parameters, such as the
hematocrit level and the percentage of neutrophils, but also different anthropometric mea-
surements, like the body mass index and waist to hip ratio. The metabolic measurements are
also wide ranging, as the three kits represent three different ways of measuring metabolites.
Therefore, there are many different metabolites measured and sometimes also the same ones
from different methods.

2.2 Metabolic measurement kits

The general procedure of creating metabolite datasets would be to differentiate the fluid,
that you examine, in order to separate the metabolites from each other and then, to mea-
sure the masses of the different metabolites in order to calculate the concentrations of
them.[5][67][22][71] Different separation methods would be Gas chromatography [67], High-
performance liquid chromatography (HPLC)[22], or capillary electrophoreses[71]. It is also
possible to directly examine the fluid, without separating it beforehand, with the flow injection
analysis (FIA)[77][1]. The mass measurement is mainly done by mass spectrometry, but it
can also be done by Nuclear Magnetic Resonance (NMR). Following are three different ap-
proaches from three different companies, which were applied to the Qatar Metabolomics Study
of Diabetes.

2.2.1 Biocrates

Biocrates uses a targeted metabolomics approach, which means, that there is a set of pre-
defined metabolites that are examined with the kit. In the case of the Qatar Metabolomics
Study of Diabetes the AbsoluteIDQ p180 kit was used. This kit is able to identify 186 different
metabolites from 5 different compound classes. Those are:

1. Acylcarnitines

2. Amino acids

3. Hexoses
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4. Phospho- and sphingolipids

5. Biogenic amines

The methods which are used in order to measure the concentration are first, a flow injection
analysis with mass spectrometry and secondly a high performance liquid chromatography with
mass spectrometry. These methods can also detect metabolites at a very small amount of a
sample.[8]

2.2.2 Metabolon

Metabolon uses in contrast to biocrates a non-targeted metabolomic approach, which means
that they do not only search for a pre defined set of metabolites, but test the fluid for all
its metabolites.[49] Therefore also concentrations of unknown metabolites are measured with
this method. In order to examine the samples a multi-step process is used. The first step is a
liquid chromatography with mass spectrometry with the use of electrospray ionisation in order
to produce ions. The second step is, like the first step, a liquid chromatography with mass
spectrometry, but here the metabolites were not ionised by an electrospray ionisation. The
third step would be a gas chromatography with a mass spectrometry. With the help of those
three methods, the biochemical profiles are created. Then those profiles are compared to a
reference database under the usage of retention index and mass spectrum, in order to identify
them.

2.2.3 Chenomx

Chenomx uses like metabolon a non-targeted metabolomic approach, but in contrast to
metabolon and biocrates, the quantifying step is done by nuclear magnetic resonance (NMR).
The advantages of a NMR based detection mechanism is that there is no need to separate
the fluid before the andalysis, as NMR is capable of detecting hundreds of metabolites simul-
taneously. Therefore the identifying step also differs to metabolon and biocrates, as it uses
targeted profiling. This means that they use compound signature libraries, which are mod-
eled to behave like the pure spectra of the individual compounds under similar experimental
conditions.[32]

2.3 Correlation network for phenotypes

In order to investigate the relationships between phenotypes, correlation networks were built
from the phenotypes in the dataset. To this end, the correlation between two phenotypes
have to be calculated, which can be done by several different methods. As there were binary
and quantitative data parts and due to the fact, that I wanted to correct for confounder as
much as possible, I used three different methods for the calculation. All the methods were
implemented in Matlab version R2011b and can be found on the additional cd.

2.3.1 Phenotype data preprocessing

In order to apply the correlation methods later on, some preprocessing had to be done, like
grabbing out the important phenotypes from the whole dataset as well as handling the missing
values.
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Phenotype filtering

In general all the information that is provided in a dataset is interesting, but nonetheless
some phenotypes can be redundant or can cause issues with some correlation methods and
therefore have to be filtered out. First of all redundant phenotypes would be phenotypes,
which are derived from another phenotype. One example would be the phenotype ”abnormal
cholesterol”, when we have the cholesterol value. The ”abnormal cholesterol” just takes the
cholesterol value and divides it into two groups by a certain cutoff. Thus correlations to
the cholesterol value is expected to be more precisely and more meaningful than the derived
phenotype.
A second matter for neglecting a phenotype, would be if what it describes is not informative.
An example for such a phenotype would be ”other complications” where even if there is a
correlation between this phenotype and another one, no true statement can be given, as the
phenotype can be anything. The third and last exclusion criterion would be due to lack of
data. Examples for extreme cases in Figure 2.1, would be the birthplaces of the grandparents
(phenotypes 36 to 39), where there are less than 10 entries which can not give any reasonable
results.

Figure 2.1: True entries in the dataset. There is a large difference in the amount of
data available for some phenotypes, which can cause problems for some of the evaluation
steps. As some phenotypes had only few true entries, they were excluded from further
examination steps.

Handling missing values for the correlation network

As not all the phenotypes, that had missing values could be left out, as it would mean to
throw away half of the dataset, I only deleted the phenotypes with many missing values, like
the before mentioned birthplace of the grand parents. First of all there were two ways to handle
the missing values, on the one hand impute the missing values and on the other hand use only
the data which is given. In order to calculate the pairwise correlation between two phenotypes,
using only the given data is much better, as there are no errors due to a correlation of the
imputed values. A fact, why in some cases the deletion of missing values is not used, is that
much power is lost if it is applied to the whole dataset. This is due to the fact that if there
is a missing value in any phenotype, the data for either the whole patient with the missing
value,or the whole phenotype has to be deleted. This means that there is much information
lost. In the case of Table 2.1 a global deletion of the missing values would delete rows one,
two and six, as there are missing values. However this would mean, if the correlation between
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whole phenotype matrix
Phenotype1 Phenotype2 Phenotype3 ...

1 NaN NaN ...
2 1 NaN ...
3 3 4 ...
4 4 6 ...
5 1 2 ...

NaN 6 1 ...

Table 2.1: Example matrix with missing values. In this made up example ma-
trix, the disadvantages of a globally used deletion of missing values can be seen, as also
the second row would be deleted, even though it contains valid data for the correlation
calculation between Phenotype1 and Phenotype2.

phenotype and confounder matrix
Phenotype1 Phenotype2 Confounder1 Confounder2

1 NaN 6 1
2 1 1 3
3 3 3 2
4 4 4 4
5 1 2 5

NaN 6 5 6

Table 2.2: Pairwise correlation matrix This is the matrix, which is assembled from
the two phenotypes, for which the correlation shall be calculated and the confounder
matrix, which is similar for nearly all the phenotypes. This matrix is assembled and the
missing values, here depicted as NaN, are cut out, before the calculation of each pairwise
correlation between two phenotypes.

the phenotypes Phenotype1 and Phenotype2 is calculated, not only the rows, for which one
of the two phenotypes have a missing value, but also the second row, where none of those two
phenotypes have a missing value has been deleted. In order to not have this unnecessary data
loss, I made a second matrix, which contained the data for the two phenotypes, for which I
wanted to calculate the pairwise correlation and the confounders for which I wanted to correct
and deleted the missing values there. The resulting matrix for this can be seen in Table 2.2.
Through this approach only the data is lost, where one of the phenotypes or confounders have
a missing value and not valid data points.

2.3.2 Binary to binary

For the correlation between two binary variables, I used the χ2-test, which is an approximation
for the Fisher’s exact test. The Fisher’s exact test was not applicable, due to the fact that it
can only be used with small numbers.[45] For this part a correction for confounders was not
possible, as the χ2 test does not incorporate confounders. The χ2-test is calculated by the
Formula 2.1 and in general gives a good estimate on how far an observed frequency is apart
from the expected frequency.[44] For this calculation I used the Matlab function crosstab and
built up a matrix with the resulting p-values, that filled the first spots of the whole phenotype
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to phenotype matrix.

χ2 =
∑ (ObservedFrequency − ExpectedFrequency)2

ExpectedFrequency
(2.1)

2.3.3 Binary to continuous

For this part I used logistic regression, which is able to correct for confounders if needed. This
equation is realized in Matlab by the function glmfit, which is a method for logistic regression.
For this method one has to define the parameters of the Equation 2.2, first. In this case X1

to Xn are defined as one of the two phenotypes and n − 1 co-factors. The other phenotype
defines the Y . β1 to βn is a measure on how strong Y depends on the appropriate X and β0
is the basis value, without the influences of the variables.

Logit(Y1/0|Xi = xi) = β0 + β1X1 + ...+ βnXn (2.2)

2.3.4 Continuous to continuous

The continuous to continuous part could have been calculated by a Gaussian graphical model,
as there are only continuous phenotypes. However in order to make it at least some kind of
comparable to the rest of the network, I used a linear regression approach. Besides, the GGM
can not be used to its full potential, as it only takes into account half of the dataset, the
continuous part and therefore the correction which is included in a GGM can only correct for
half the dataset, which would still be more than by the linear regression. Therefore calculating
this part with a linear regression might not be the best solution, but it makes it more com-
parable to the rest of the network. In order to include it in the whole phenotype correlation
matrix, I calculated this with the Matlab function corr and corrected it beforehand with the
function CorrectLM. Thus the calculation is done by the equation 2.3. Here ε is the error
of the equation, and β1 to βp describe how much the according X influences the examined
phenotype Y.

yi = β1 · xi1 + ...+ βp · xip + εi (2.3)

2.3.5 Assemble the three parts

In order to assemble the results from the different methods, I made one common matrix, where
I put all the results in the according spots. Thus the matrix, which was assembled contains
three different parts, which can be seen in Figure 2.2. Still the matrix was not complete after
the assembling, as the results where biased by multiple testing. This was fixed by using an
FDR approach for multiple testing correction, which was applied to the different parts.

2.4 Linear regression for the linkage of phenotypes to
metabolites

The linkage between phenotypes and metabolites was calculated by a linear regression. This
was done using an R-script which was coded by Professor Karsten Suhre, which calculates a
linear correlation and corrects for the inputted co-factors. As the phenotypes are also included
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Figure 2.2: Correlation matrix for phenotypes. The matrix was assembled from
three different parts, the binary to binary part, the binary to continuous part and the
continuous to continuous part.

in this examination, the same assumptions as for the phenotype correlation calculations are
valid here as well. This means, only the correlations from the previously selected phenotypes
to the metabolites have been calculated, as well as the same co-factor correction was used.
At the metabolite level there were only those metabolites excluded which had only few valid
values. The calculated values for the correlation between phenotypes and metabolites have
been added to the already calculated phenotype to phenotype matrix. Therefore three quarters
of the correlation matrix are filled out (see Figure 2.3).

Figure 2.3: Nearly finished correlation matrix for phenotypes and metabolites.
With the correlations between the phenotypes and metabolites, which were calculated by
linear regression, three quarters of the whole matrix are filled up, only the metabolite to
metabolite part is still missing.
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2.5 Finish the correlation matrix and build networks

The last quarter of the correlation matrix was filled up by a Gaussian Graphical Model, which
was calculated by Kieuh Trinh Do during her masters thesis.[15] Therefore the whole correla-
tion matrix was finished and can be seen in Figure 2.4.

Figure 2.4: Finished correlation matrix for phenotypes and metabolites. With
the results of Gaussian Graphical Model, which Kieu Trinh Do calculated for the different
metabolites, the whole phenotype to metabolite matrix was filled up.[15]

In order to make networks from the whole calculated matrix, I compiled a binary matrix
from the correlation matrix. The cells of the binary matrix were filled with a 1 if there was a
significant correlation in the according cell of the correlation matrix and a 0 when there was
no significance. A significance cut-off decided whether a value was significant or not. As the
matrix is assembled by three parts, it is also possible to take three different cut-offs, one for
the phenotype to phenotype part, one for the phenotype to metabolite part and another one
for the metabolite to metabolite part. Those cut-offs were adjusted to the question that had
to be answered and whether a very sparse or a very densely connected network is better for
answering the question.
The network then afterwards was drawn according to the binary network, where a 1 meant
that an edge was drawn and a 0 means no edge had to be drawn. This step was done by a
script called writeYED, which is a tool, that was coded by the group of Fabian Theis at the
Helmholtz institute munich and writes an .graphml-file which can be visualized by the graph
editor yEd.
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2.6 Size and Node reduction in the networks

In order to examine different parts of the network, as well as for the examination of specific
phenotypes, I shrinked the network according to the phenotypes of interest. This was done by
simply taking the whole correlation matrix, with all the relationships between phenotypes and
metabolites and a 1 for a relationship between two nodes and a 0 for no relationship and look
for directly related phenotypes and metabolites. A dummy network is shown in Figure 2.5.

Figure 2.5: Dummy network Here the phenotypes are shown as circles and metabolites
as squares. The light yellow phenotype is the phenotype of interest.

The algorithm can be divided into three different steps. The first step would be to find
all the phenotypes that are directly related to the phenotype of choice. Figure 2.6 shows the
results of the first step, here node 1 is the phenotype of interest.
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Figure 2.6: The first step of the network extraction algorithm. In this step, the
phenotypes (2 and 3) that are directly related to the phenotype of interest (1) are added
to the graph.

In the second step all the metabolites, which were related to the phenotype, or phenotypes
of interest where added to the network as well as the connections between the metabolites.
The resulting network is shown in Figure 2.7.

Figure 2.7: The second step of the network extraction algorithm. In this step
of the algorithm, the directly linked metabolites are added to the graph as well as the
connections between the metabolites. The added parts are shown in green.

In the third and last step, I looked for the connections between the phenotypes which were
added in the first step and also between the phenotypes and the metabolites. This means,
there are no new nodes added in this step, but the existing nodes are just connected to each
other. The resulting network can be seen in Figure 2.8.
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Figure 2.8: The third step of the network extraction algorithm. Here, the first
order phenotypes and metabolites are connected to each other. The added edges are
depicted in green.

2.7 yED

In order to construct, visualize, and explore networks an Editor is needed, as looking onto the
correlation matrix alone is very incomprehensible.[86] For this purpose there are some different
editors, the one I chose is yEd. The yEd editor is a freely downloadable program, which can
be found at the yWorks homepage and its custom layout is shown in figure 2.9. It is a Java
based graph editor, developed and constantly updated by yWorks. The output file is a so
called .graphml-file but the graphs themself can also be exported as a graphic file, like .jpg
or as .pdf. This makes it a useful tool for systemsbiology, as the networks, which are inferred
through the different algorithms, can be written as .graphml-file and thus visualized and post
processed in the editor and then exported afterwards for example as pdf.

2.8 Graphmodel and graph explanation

In order to make the networks easier understandable and also to point out some features of
the network some different visual properties between nodes and edges are necessary. In order
to make something visible in a network there are different possibilities:

1. colour of the node

2. shape of the node

3. size of the node

In my opinion the colour code is the best for the viewer as too many shapes are hard to
see for the eye, if they are small enough, which is the case if one generally looks at least at
several hundred nodes. Thus the only thing that can be still seen at large scale is the colour.
Therefore I made two colour codes, one for the edges and one for the nodes.
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Figure 2.9: Layout of the yEd graph editor. In the center, there is the editing
panel where your network is located. In the upper left, there is an overview panel, which
is useful if you zoom in on larger networks, as you can see, which part of the network
you currently look at. At the left side in the middle, the direct neighbourhood of your
currently selected node can be seen. Whereas on the bottom left side, there is a list of
all the nodes sorted by the name. Here you can also search for certain nodes by name.
At the top right there are the different nodes which can be drawn. On the bottom right
you can see the properties, like colour, name or location, of your currently selected node
or edge, or whatever you selected in the graph panel.

2.8.1 Node colour code

First of all I emphasized the phenotypes with a yellow colour in order to be able to distinguish
easily between metabolites and phenotypes. As phenotypes can be divided so differently in
various clusters, due to many overlaps like some similar characteristics, same risk factors or
similar genetic reasons, I decided not to cluster the phenotypes any further. Most of the time
the questions that have to be answered with this networks, are in the following fashion:
”The following two or more phenotypes are quite related to each other, which metabolites are
different and which are related to both?”
Therefore I made the color code of the metabolites according to the amount of phenotypes
they are linked to. Thus I can easily distinguish between metabolites, that are only related to
one phenotype and which one not. This results in the following colour code for metabolites:

• Metabolite related to one single phenotype: red. (see Figure 2.10)

• Metabolite related to two phenotypes: turquoise. (see Figure 2.12)

• Metabolite related to three phenotypes: purple (see Figure 2.12)

• Metabolite related to four phenotypes: light green(see Figure 2.12)

• Metabolite related to five phenotypes: dark blue (see Figure 2.12)

• Metabolite related to six or more phenotypes: grayish (see Figure 2.8.1)
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Figure 2.10: Metabolite connected to one single phenotype. Metabolites with
only one connection to a phenotype(metabolite to metabolite connections are not taken
into account) are coloured red.

Figure 2.11: Metabolite connected to six different phenotypes. Metabolites with
six or more connections to phenotypes (metabolite to metabolite connections are not
taken into account) are coloured grayish.
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2.8.2 Edge colour

But not only the nodes can be differentiated from each other, also the edges can have a
different colour and a different breadth. In general the breadth of an edge is according to the
correlation strength, but as in my case the very heterogeneous methods for calculating makes
it difficult to compare the values, I decided not to use the correlation values as scale for the
line breadth. However the colour of the edges was adjusted to which kind of relationship it is.
There are three different ones:

1. Phenotype to phenotype relationship, which is coloured in black (see Figure 2.12)

2. Phenotype to metabolite relationship, which is coloured in turquoise (see Figure 2.12)

3. Metabolite to metabolite relationship, which is coloured in dark blue. (see Figure 2.12)

All the different characteristics of the edges and nodes can be seen in the summary dummy
network in Figure 2.13

Figure 2.12: Colour code of the edges in the networks. There are three different
ones, which are, an edge between two phenotypes, which is coloured in black, an edge
between a phenotype and a metabolite, which is coloured in turquoise and an edge between
two metabolites, which is coloured in dark blue.

2.9 Mixed graphical models with random forests

Mixed graphical models can, in contrary to regular Gaussian Graphical Models, not only handle
continuous data, but also mixed data with continuous, categorical and binary data. Thus, this
type of model should be very useful for phenomics data, as they contain multiple different
types of variables. There are some different approaches to the mixed graphical models which
calculate the partial correlation in many different ways. I used the approach from Fellinghauer
et al, which used a random forest approach and for the cutoff stability selection.[7]
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Figure 2.13: Overview network which shows the different colour codes for edges
and nodes. This network sums up all the characteristics of the network, which means
the two different color codes, of the edges and the nodes.

2.9.1 Stability selection

Stability selection is a variable selection algorithm which uses a group lasso in an subsampling
approach.[47] [2] The first step is the subsampling step, where the algorithm performs B lasso
regressions on subsamples of size bn

2
c. Based on this estimation it calculates the probability

of including a variable k ∈ {1, · · · , p} with Equation 2.4, where B is how often the lasso step
was repeated for the bn

2
c samples and π̂ηk is the regularization parameter.

π̂ηk =
1

B

B∑
b=1

1[β̂ηb,k 6= 0] (2.4)

In this equation η is a tuning parameter that controls the amount of regularization and 1
denotes the indicator function. Because it is a lasso regression normally one chooses η = λ.
Anyway, π̂ηk can be alternatively calculated in due consideration of the complexity of the
model. If you then select the regularization parameters η ∈ E, the variables selected like this,
are shown in equation 2.5

{k : max
η∈E

π̂ηk ≥ πthr} (2.5)

In the algorithm one can also get an upper bound for the expected number of false discoveries
E(V). This is calculated by equation 2.6. Here qE is the average number of selected variables
over the subsamples when η is varied in E. Thus one can also control the upper bound of the
family-wise-error rate (FWER).

E(V ) ≤ 1

2 · πthr − 1
· q

2
E

p
(2.6)
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3 Results and Discussion

In order to examine the Qatar Metabolomics Study of Diabetes different methods have been
tested. Especially the phenotype aspect of the cohort has priority here.

3.1 Phenomics in a systems biological approach

As the field of phenomics in the systems biological approach is growing fast lately, some
questions arose.

1. What is the best way of calculating a correlation between two phenotypes?

2. Should you correct for a confounder and which one would be interesting?

3. What to do with missing values?

4. How to decide, which relationship is significant and which one is insignificant?

3.1.1 Phenotypes in the Qatar Metabolomics Study of Diabetes

In the dataset, the Qatar Metabolomics Study of Diabetes, there are 111 different phenotypes.
28 of those phenotypes were neglected due to lack of data, because they were derived from
other phenotypes or other reasons. These reason for each phenotype can be seen in Table 3.1.
Still 83 of the 111 initial phenotypes have been used for the calculation of the networks.

3.1.2 Correction or not?

Comorbidity between two phenotypes can be a big problem for a systems biological approach on
such data, as the comorbidity can invoke wrong correlations and can suppress right ones. Thus
correction for such confounders can make a huge difference in inferring phenotype networks.
Therefore some deliberations have to be made, like when does correction make no sense and
when would it be necessary to correct.

When to correct for co-factors

The correction does make sense, if it is interesting to know the correlation between two
phenotypes without any comorbid conditions. One case, where this could be interesting is
when three phenotypes, such as Parkinson’s disease, Gaucher’s disease and depression, are
examined. Both, depression and Gaucher’s disease are highly correlated to Parkinson’s disease
and are therefore also somehow correlated to each other.[48][10] The question now would be
if Gaucher’s disease and depression are still correlated when the effects of Parkinson’s disease
are corrected out. This would mean, are those two correlated independently from Parkinson’s
disease? In order to answer such questions correcting for the co-factors, in this case Parkinson’s
disease, is absolutely necessary.
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neglected phenotype reason

1 Valid metabolomics
no real phenotype

and phenotype data
2 WCMC-Q subject ID no real phenotype

5 Diabetes state according to patient
more precise value:

6 Diabetes state adjusted for HbA1c

7 Diabetes catagory
more precise value:

6 Diabetes state adjusted for HbA1c

18 Other dermatological complication
no real statement can be given with this

phenotype, as it is too abstract

19 Other complications
no real statement can be given with this

phenotype, as it is too abstract
33 Birth place patient ethnicities are the more reasonable phenotypes
34 Birth place mother not sufficient data
35 Birth place father not sufficient data

36 Birth place maternal grandmother not sufficient data
37 Birth place maternal grandfather not sufficient data
38 Birth place paternal grandmother not sufficient data
39 Birth place paternal grandfather not sufficient data

40 Ethnic group
different binary ethnicities are easier to handle,
as an ethnic group of 2 does not mean you are

twice as ”ethnic” as group 1.

45 Indian or Philippines ethnicity
Indian and Philippine ethnicity

already in the dataset
48 cigarettes per day not sufficient data

53 Abnormal cholesterol derived from: 52 Cholesterol (mmol/L)
55 Abnormal TG derived from: 54 Triglycerides (mmol/L)

57 Abnormal HDL derived from: 56 HDL-C (mmol/L)
59 Abnormal LDL derived from: 58 LDL-C (mmol/L)

61 Abnormal chol/hdl ratio derived from: 60 Chol / HDL ratio

64 Calcium (mmol/L)
corrected value taken:

63 Corrected calcium (mmol/L)
67 eGFR not sufficient data

85 Neutrophils (10*3 /uL) 90 Neutrophils (%) was taken
86 Lymphocytes (10*3 /uL) 91 Lymphocytes (%) was taken

87 Monocytes (10*3 /uL) 92 Monocytes (%) was taken
88 Eosinophils (10*3 /uL) 93 Eosinophils (%) was taken
89 Basophils (10*3 /uL) 94 Basophils (%) was taken

Table 3.1: Neglected phenotypes and the reason for it. Those phenotypes were
neglected, as they would not add any information to the network and would only be time
consuming, when the network is calculated.
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When can correction cause problems?

However in the case of phenotype data, correction is not always right, as a correlation between
two phenotypes can be valid, even though it is just caused by comorbid conditions. If the same
correlation is examined, it is still true, that one might have a higher risk of getting Gaucher’s
disease and depressions at the same time, even though it is caused by the common comorbid
condition, the Parkinson’s disease. Another point that can be critical with correction is that
there is always a chance of overcorrection and some true edges are deleted therefore.

When do I correct

Therefore one has to always remind, which question has to be answered with the network later
on. As sometimes it is better to correct for certain co-factors and sometimes it is better not
to correct for them. In my work I most of the time corrected for the known confounders age,
gender, BMI and ethnicity. Although I did not correct for all of those variables all the time, as
it makes no sense to correct for BMI if the weight related parameters are examined, as those
variables are too closely related. A summary for the correction I used can be seen in Table
3.2. The correction for diabetes has been adjusted to the question that I wanted to answer,
so whether I wanted to see correlations to diabetes or not.

Phenotype corrected for
Weight related (like WHR and BMI) Age, Gender, Ethnicity (and Diabetes)

Age Gender, BMI, Ethnicity (and Diabetes)
Gender Age, BMI, Ethnicity (and Diabetes)

Ethnical groups Age, Gender, BMI (and Diabetes)
Diabetes Age, Gender, BMI, Ethnicity

All other Phenotypes Age, Gender, BMI, Ethnicity (and Diabetes)

Table 3.2: Certain phenotypes and their correction The diabetes phenotype was
not always used for correction as it was also sometimes interesting how some phenotypes
are related to diabetes. So this correction was added or left out, depending on the question
that had to be answered.

3.1.3 Missing values

The next question which has to be answered, before you can calculate a proper phenotype
network is, how to handle missing values. There are plenty of different methods, that can be
used. These approximation methods would be taking the mean, the minima or maxima or
a certain value dependent on another phenotype. The easiest thing to do would be to pick
one of those methods and apply it to the whole dataset. Therefore all phenotypes would be
treated in the same way, but with the heterogeneity of the phenomic data, every method had
big disadvantages and thus could not be applied to the whole dataset.

The mean for example is not applicable to binary variables as this would lead to a third value
in nearly all cases and the variable would no longer be binary and thus only the minima or
maxima would be the two globally usable methods left over. The minima and maxima are also
not right in certain cases, like the minima would be wrong, if you just have no measurement
for certain groups of patients, which then would cause a correlation due to the missing value
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correction. This is the same for the maxima, which is also wrong for another reason, because
if one assumes that the missing values are just not measurable because their value is below
the detection value of a test, taking the maxima would be a false assumption.
Still another globally applicable method would be to only use the patients which have data for
all phenotypes, the drawback here would be that this lowers your power very drastically. Thus
the most time consuming, but best method would be to differentiate between the phenotypes
and to impute using foreknowledge. For example in the dataset I had a binary phenotype
called smoker, which was described whether a patient smokes (1) or not (0) and another
phenotype, whether cotinine was detected (1) or not (0). There were missing values in the
smoker phenotype which I imputed according to the cotinine detected phenotype, as cotinine
is a strong indicator for smoking.[16] This was not as easy for some other cases, but at least
some missing values were imputed this way.

3.1.4 Significance cutoff and multiple testing correction

The last thing which is important, to think about, before you can calculate a network is how
to determine, whether a correlation between two nodes is significant or not. There are many
different possibilities, that are generally approved, especially for the multiple testing correction.
Multiple testing correction is necessary in this case, because I performed multiple statistical
tests which may cause one attribute to be significant just by chance.[45] This means for n
repeats, the significance level α also called family wise error rate (FWER) is given by equation
3.1.[54][57]

α = 1− (1− α{perComparison})n (3.1)

Thus α increases as the number of comparisons increases. Therefore I used an FDR correction
after Benjamini Hochberg which is based on a ranking according to the p-value (ranking from
smallest to largest) and the False Discovery Rate, which gives an estimate of the predicted
proportion of false positives among all taken results. In this procedure one searches for the
highest rank, where the inequation 3.2 is still true. Here the PValue is the p-value of the
examined rank, i is the current rank, m is the number of tests and QValue is the significance
cutoff level.[45]

PV alue <=
i

m
QV alue (3.2)

3.2 Heart disease related networks

The following examinations are based on the heart disease phenotype. This phenotype was
taken from a questionnaire, which was handed to the diabetes patients in the Qatar Metabolomics
Study of Diabetes. Thus the correlation to heart disease are for diabetes patients, which also
have problems with their heart. As these results are taken from a questionnaire, there is
no specification, which heart problems the patients have, thus those heart problems might
be anything from strong heart attacks and strokes, over coronary heart disease and diabetic
cardiomyopathy to cardialgia.
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3.2.1 Phenotype network

The phenotype network (Figure 3.2) shows all the phenotypes, which significantly correlate to
heart disease. On the one hand a group of weight related phenotypes like BMI, waist-to-hip-
ratio and weight and on the other hand, diabetic neuropathy. The data, on which the network
is based, is the whole dataset. Although all the correlations between heart disease and the
other phenotypes and metabolites were only calculated for diabetes patients, as heart disease
was only measured in diabetes patients.

Diabetic neuropathy and heart disease

Diabetic neuropathy is a disease which is caused by high levels of glucose in the blood. These
high levels of glucose damage the blood vessels, which are attached to the nervous system,
which in turn slows down the rate of nutrition and oxygen supply (see Figure 1.4).[27] Due to
this, the nerves won’t be able to work properly and thus take severe damage or even mortify.
The symptoms are pain, tingling or numbness.[53] As diabetic neuropathy is a nerve problem,
it can occur in every organ system, like sex organs, the digestive tract and also in the heart.
This means, that those heart issues could sometimes be not really caused by the heart itself,
but the patients just could not tell, whether they have heart problems, or if it was just a side
effect of their diabetic neuropathy. This would of course result in the seen correlation between
heart disease and diabetic neuropathy.
There might also be other explanations for this correlation, as the blood vessels, which are
related to both diseases can cause many issues throughout the body. Thus the same clots
which cause the diabetic neuropathy can also cause heart issues, when those clots are in the
vessels around the heart.

Weight related phenotypes and heart disease

A well known risk factor for heart diseases is the weight. High BMI and even more, high waist
to hip ratio are associated with an increased risk of heart disease which can be also seen in
the Figure 3.1.[41][17] As there are many different weight related phenotypes linked to heart
disease in the correlation network, this study also supports the overall accepted fact, that a
high weight is a risk factor for heart diseases.

3.2.2 Phenotypes and metabolites related to heart disease

In order to be able to explain the reasons behind an edge between two phenotypes, which is
important for further medical and pharmaceutical examinations, a metabolite component was
added to the phenotype network. A full network, which contains all this information is shown in
figure 3.3. First of all, the phenotypes which are directly linked to the heart disease phenotype
are less interconnected with the metabolites, which are related to heart disease. This might
indicate, that the majority of metabolic pathways which are correlated to the heart disease
phenotype, are not related to the comorbid phenotypes. But there are still three metabolites,
which might be important for the relationship between the phenotypes and heart disease.

Metabolites connected to multiple phenotypes

There are three metabolites that are connected to heart disease and also to another pheno-
type, which is correlated to heart disease. This would be two sphingomylins (SM.C16.1 and
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Figure 3.1: Relationship between BMI, WHR and heart disease. This figure
clearly shows that WHR is the much better indicator for heart diseases compared to
BMI. This can be seen as the heart disease risk is going up steadily, the higher the WHR
and the BMI goes up and down.[17] This figure was taken from "http://healthhubs.

net/images/waisthipratio.gif"

Figure 3.2: Phenotypes related to heart disease. The related phenotypes are inter-
connected among each other. The significance level in this graph is 0.05 after a multiple
testing correction.

SM.C18.0) and an unknown (X-12740).

Spingomyelins: The two sphingomyelins are connected to the heart disease and the weight

44 Ulrich Neumaier, 2013

"http://healthhubs.net/images/waisthipratio.gif"
"http://healthhubs.net/images/waisthipratio.gif"


3.2 Heart disease related networks

Figure 3.3: Heart disease network with all the connections to metabolites and
phenotypes. There are 2 different significance cutoffs, which is 0.05 for phenotype to
phenotype relationships as well as phenotype to metabolite relationships. For the metabo-
lite to metabolite cutoff I chose 0.0001 as the network would have been to interconnected
and confusing with a less stringent cutoff, as the phosphatidylcholins are very dense con-
nected.

related phenotypes, like BMI, weight to height, waist to height and weight itself. Sphin-
gomyelins in general are sphingolipids, that can be found in animal cell membranes. They are
especially important in the myelin sheath, which coats axons and neurons. The myelin sheath
is vital for the right function of the nervous system.[61] Sphingomyelin can be structurally
divided in three different parts which are shown in 3.4, in the different colours:

1. Sphingosine group (black)

2. Phosphocholin group (red)
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3. Fatty acid group (blue)

The correlation between heart diseases and sphingomyelins was already found by Chen et
al who examined the correlation between Sphingomyelin levels in plasma and Coronary Heart
Disease (CHD).[11] Interestingly in our data only 2 (SM.C16.1 and SM.C18.0) of the 15
sphingomyelins, which were examined by biocrates, were correlated to the heart disease and
are also connected to BMI. The correlation between the sphingomyelins and BMI was not
observed in the study of Chen et al., as they had a balanced BMI for the sphingomyelins. As
they only looked on Sphingomyelin in general, this correlation might been overseen and might
be interesting for further examinations, as those two could link the phenotype heart disease to
the anthropometric measures.

Figure 3.4: Chemical structure of Sphingomyelin This chemical structure shows
the different parts of the Sphingomyelin, which can be divided in a phosphocholine group
(red), a sphingosine group (black) and a fatty acid group (blue).[82] This picture was
taken from http://en.wikipedia.org/wiki/Sphingomyelincite_note-Voet-1

Unknown X-12740 This unknown is correlated to heart disease and BMI. As it is an
unknown one can only give guesses what it might be and what it might have to do with the
two diseases. The first thing to mention is, that it is also correlated to salicylate in urine,
which would be a sign for being related to Aspirin. This correlation can not be seen in Figure
3.3, but in Figure 3.6, as this correlation is no more significant at a significance cutoff of
0.0001 but at a significance cutoff of 0.05. As the salicylate cycle is not connected to BMI,
but the unknown X-12740 is highly correlated to BMI, it is more probable, that it is some
artifact from co-medication.

Salicylate part

Salicylate and its derivatives salicylurate and salicyluric glucuronide, were all found to correlate
with heart disease. Another derivative of Salicylate is Acetylsalicylate (shown in Figure 3.5)
which is better known as Aspirin. Salicylate in general is known as anti-inflammatory drug and
is used in many different derivatives in different drugs.[42] Therefore in general also Aspirin is
given as an anti-inflammatory and pain-relieving drug, in lower concentrations however, Aspirin
is given as a blood thinner to CHD-patients.[59] This would explain the seen correlation in
figure 3.6. As the patients with heart issues are prescribed Aspirin, which is able to dilute
the blood, which in turn reduces the formation of blood clots and therefore counteracts the
problems of many heart diseases. Another explanation would be the correlation between heart
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3.2 Heart disease related networks

diseases and headache or migraine, but this is not the case, as shown by Cook et al. [12]
Cook et al. examined whether there is a correlation between migraine and heart diseases. In
his study however he came to the conclusion that migraine is an independent risk factor for
CHD.

O

O OH

O

Figure 3.5: Chemical structure of Aspirin.

Figure 3.6: Heart disease, salicylate and its derivatives. Heart disease is correlated
to salicylate and its derivatives salicylurate, salicyluric glucuronide and an unknown, X-
12740. This network was cut out from the heart disease related network with an overall
cutoff of 0.005.

Creatine and heart disease

Creatine is one of the most important metabolites for the contraction of muscles, as it provides
the needed energy. The process of energy extraction in the muscles is a ATP to ADP reaction,
where the needed ATP is produced by the reaction of creatinephosphate to creatine. This
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reaction is shown in Equation 3.3.[21] Thus it is also quite important for the heart, as it is
also a muscle which needs much energy. Therefore it is first of all interesting whether the
high correlation between creatine and heart disease is positive or negative, which means if the
heart disease patients have overall higher creatine values or lower creatine values. Figure 3.7
shows that the overall creatine concentrations are much smaller in heart disease patients. This
means that the correlation between heart disease and creatine is not due to creatine intake as
pharmaceutical medicament.

Figure 3.7: Boxplot for heart disease and the creatine levels in the plasma. The
negative correlation between creatine and heart disease means, that the overall creatine
concentration is lower in heart disease patients.

Creatinephosphate + ADP −−⇀↽−− Creatine + ATP (3.3)

As result, it might be possible, that the production of creatine is disrupted in heart disease
patients. The production of creatine however takes not place in the muscles, because there
one needed enzyme, the transmethylase is not present. This means that the concentration
in the blood shows how much creatine can be used in the muscles, as they are not able to
produce creatine themself, but are produced in other tissues like the liver.[20] The production
is a two step biosynthesis. In the first step a guanidino group is transferred from Arginin to
Glycin. The resulting Guanidinoacetat is then methylated with the help of the transmethylase.
The result is creatine, for which the structure is shown in Figure 3.8. Therefore one possible
explanation would be, that this pathway is broken somewhere, or not efficient enough to supply
enough creatine for the muscles and therefore also for the heart which in turn causes problems
with the heart.
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Figure 3.8: Chemical structure of creatine. Creatine is a very important detergent
for the muscle contraction.

A second possibility for this correlation would be that the transportation of creatine to the
blood and therefore to the muscles fails. In order to test this, it would be interesting to know,
if the overall concentration of creatine in the tissues where the creatine is produced, like liver,
are higher in patients with heart disease than in other patients.
Important to keep in mind is, that the correlation seen in those networks are only for diabetes
patients, that have a heart disease. This means that also the blood vessels, which are attached
to the tissues, which produce the creatine, might be damaged due to the diabetes. However
this should result in more than just one deficiency symptom. Therefore this assumption is not
as likely.
More likely however is, that the people with heart diseases are not as sportive, as those without
a heart disease. This is caused by the fact that most of the time effort, like sport, worsens
the heart issues, which causes people with heart diseases to do less sport. This would lead
to an overall lower creatine concentration in the blood of heart disease patients, as the body
will not produce as much creatine, if the muscles do not need it. Because less sport, leads to
less muscle mass which in turn leads to less energy needed for those muscles. Thus the lower
levels of creatine would not be the cause of those heart diseases, which the diabetes patients
have, but the creatine levels would be a sideeffect of the heart disease.

Carnitines and their relation to heart disease

One carnitine (C5.M.DC [p150]) can also be seen in the Network 3.3. Carnitines in general
are transporter of fatty acids and therefore the carnitines bind those fatty acids.[42] From the
chemical point of view carnitines are zwitterionic alcohols and their structure can be seen in
Figure 3.9.
However not all the carnitines that can be measured in the biocrates dataset are represented in
the network and thus correlated to the heart disease, but only one specific, the Methylglutaryl-
L-carnitine. The structure of Methylglutaryl-L-carnitine is shown in figure 3.10. This special
form of carnitine is mainly known as an indicator for the Reye like syndrome.[65] The main
effects of the Reye like syndrome, low levels of blood sugar in brain and liver and vomiting, are
not directly connected to heart diseases. Interesting by the Reye like disease is its very high
correlation to Aspirin intake, which means, that this might also be the connection between the
heart disease, as the patients that take Aspirin due to the heart issues develop a form of the
Reye like syndrome and therefore the Methylglutaryl-L-carnitine household is impaired, which
leads to the given correlation.[23]
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Figure 3.9: This is the chemical structure of a Carnitine in its zwitterionic
form.
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Figure 3.10: Methylglutaryl-L-carnitine. The carnitine derivative, which is related
to the Reyes like syndrom and heart disease

Phosphatidylcholines and heart disease

One well represented group of metabolites in the network, are the phosphatidylcholines. There
are 47 of the 77 phosphatidylcholines, which are measured with the biocrates kit, contained
in this network. Phosphatidylcholines are phosphoglycerides which are located in the mem-
brane. The hydrophilic headgroup of phosphatidylcholines contains a glycerin and a choline
which is attached to it. The structure of the hydrophilic headgroup is shown in Figure 3.12.
The residues R1 and R2 are two fatty acid and at the same time the lipophilic part which
is needed as part of a membrane. As the composition of the membrane is very important in
order to be able to retain its functions, the phosphoglycerides can not only be synthesized de
novo, but they can be converted into each other through a reaction mechanism.[20] Therefore
a certain equilibrium between the phosphoglycerides can be obtained. This also makes the
concentrations of all those phosphoglycerides very dependent on each other, but very stable.
This is also what one can see in the Network 3.11 where all the phosphatidylcholines that are
connected to the heart disease are shown. This shows that even with a high cutoff still many
phosphatidylcholines are densely connected.

The correlation between heart disease and phosphatidylcholines in general was already found
by Wang et. al who stated, that cardiovascular heart diseases are not only determined by a
genetic factor but also by how the micro-organisms that live in the digestive tract metabolize
phosphatidylcholine.[79] This means that a difference between the metabolism of phosphatidyl-
cholines might result cardiovascular disease.
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Figure 3.11: Phosphatidylcholines correlated to heart disease. If one compares
it to the network 3.3 one can clearly see that the main part of the metabolites that
are correlated are phosphatidylcholines. This also shows the importance of those phos-
phatidylcholines for the development of heart diseases.
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Figure 3.12: Chemical structure of phosphatidylcholins Here, R1 and R2 are dif-
ferent fatty acids which are specific for certain phosphatidylcholines.[42]

3.3 BMI-related networks

A well known risk factor for diabetes is obesity, which can be measured through different
parameters that are also contained in the dataset.
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3.3.1 Phenotype and metabolite network

Since the beginning of weight examination, there was always the question, which parameter
best describes the relative weight, in due consideration to the stature of a patient. Thus I also
looked at the different weight related phenotypes which were included in the dataset. The
parameters I took are:

1. A height parameter as negative control

2. The Body Adiposity Index (BAI) which is calculated by the Equation 1.3

3. The hip circumference

4. The waist circumference

5. The waist to height ratio (WHR)

6. The weight

7. The weight to height ratio

8. The body mass index (BMI), which is calculated by the equation 1.1.

9. The waist to hip ratio

10. The ABSI (A Body Shape Index)[36] which is calculated by the Equation 1.4.

These were the ten phenotypes with which I started my examination and built up a network
around those nodes (see Figure 3.13) which contains all the related phenotypes and all the
related metabolites. All together the network contains 185 different metabolites and pheno-
types with 1763 edges. Even though this network is highly connected with approximately 10
edges per node, there are still some metabolites, that are only related to specific phenotypes.
Still only one node is related to only one single phenotype. This would be putrescine (coloured
in red) which is only correlated to weight to height ratio. In addition to this, three nodes
are connected to only two phenotypes (coloured in turquoise) and nine metabolites, that are
correlated to 3 different phenotypes. This shows, that there are not many nodes only con-
nected to few nodes and few nodes connected to many other nodes, which would be a so
called power-law distribution in the network, but a relatively balanced amount of edges from
each node.

3.3.2 Men vs women

Typically if one looks at the body mass index, there are some arguments, which suggest to
divide the dataset in a men and a women dataset. One would be, that normally the percentage
of fat is higher in women, that have the same BMI as men, which is caused by an overall higher
muscle portion in men.[24] Another justification for the separation of men and women, would
be the mean BMI, which is overall higher in men, than in women.[51] Thus I also divided the
dataset into a men and a women dataset, to see, if there is some kind of evidence for the
differences in the BMI values on the phenotype and metabolite level.
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Figure 3.13: Full graph for the 10 different weight related phenotypes. Here I
took a 0.05 cutoff at the phenotype to phenotype and phenotype to metabolite level and
a 0.0001 cutoff at the phenotype to phenotype level. Still one problem here is, that the
first order related phenotypes and metabolites are very highly interconnected and that it
is hard to visualize it in a way, one can easily understand the graph.

Preinvestigation

In this dataset however, the BMI values are not distributed as expected, because the men do
not have an overall higher BMI, but the BMI of the women is more spread as the mens BMI.
This can be seen in the beeswarm plot (Figure 3.15). This phenomenon might be caused by
either a overall different BMI distribution or some bias in the dataset.

Nonetheless looking at the different phenotype/metabolite networks can still be interesting,
as the two BMI distributions are significantly different and the waist to hip ratio, which is
another measurement for the healthiness of a person, is as expected overall higher in men,
than in women (Figure 3.16).

Overview of the network

As it is still not very well investigated, which of the anthropometric measurements is the best
in order to reflect the healthiness of a population, not only BMI and WHR were included in
this examination, but also some other factors. The following list are the abbreviations of the
BMI-related phenotypes, which were included in the examination.

• zHEI: Z-normalized height
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Figure 3.14: Weight related network with low cutoff. The cutoff here is significantly
lower than in Figure 3.13 which means a 0.0001 cutoff at all Levels. Here the phenotypes
are still too closely related and the network is still too dense to easily understand it.

• zBAI: Z-normalized Body adiposity index

• zHIP: Z-normalized hip circumference

• zWAIST: Z-normalized waist circumference

• zWTHT: Z-normalized waist to height ratio

• zWEI: Z-normalized weight

• zWHtR: Z-normalized weight to height ratio

• zBMI: Z-normalized body mass index

• zWHR: Z-normalized waist to hip ratio

• zABSI: Z-normalized ABSI-value (A Body Shape Index).[36]

The first difference between the men-BMI-network 3.17 and the women-BMI-network 3.18,
is the different amount of metabolite nodes, as there are 3 metabolite nodes in the men-
BMI-network, but 35 metabolites in the women-BMI-network. One explanation for such a

54 Ulrich Neumaier, 2013



3.3 BMI-related networks

Figure 3.15: Beeswarm plot for the BMI distribution of men and women. The
dots represent the different patients, which were in the dataset

Figure 3.16: Beeswarm plot of the waist to hip ratio of men and women. In
this plot, the point cloud is as expected higher in men than in women, even though some
outliers can be seen in the womens beeswarm.

result would be an imbalanced dataset, but this is not the case, as there are 191 males and
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Figure 3.17: Network of weight related phenotypes for men only. The significance
cutoff was set to 0.05 here.

183 females. Thus an imbalance in the power of the two datasets is not the reason for the
differences in the networks. Another reasonable explanation would be caused by the rigid
cutoff, with which one can not determine how significant the edge in one network truly is.
This means, if the P-value of an edge in one network is slightly below the cutoff, but in the
other network it is slightly above the cutoff, the difference in the P-value is not that big,
but nonetheless the edge will be drawn in one network, but won’t be in the other network.
Figure 3.19 is an extract from the list, where I compared the Q-Values (P-Values after multiple
testing correction), for the edges from the men and the women network. It shows, that the
differences between the men (Figure 3.17) and women (Figure 3.18) networks are not due to
a cutoff problem, as there are big differences in the Q-values for men and women.

Glutamate in the men-BMI-network

Glutamate is one of the most used flavor enhancer. Most of the time glutamate is used in
the form of monosodium glutamate, as it then has preferable physical properties like soluble
in water and easy storable. These properties are especially important for the food industry.
In recent years, it became more and more popular, due to the fact, that it is on the one
hand evaluated as safe food ingredient for the general population by the U.S. Food and Drug
Administration (FDA) [18], but on the other hand its correlation to BMI was shown by multiple
research teams.[26] This correlation can also be seen in the men-BMI-network, as it is linked
to not only zBMI but also to zHIP, zWTHT and zWEI. Interestingly these relationships can
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Figure 3.18: Network of weight related phenotypes for women only. The signif-
icance cutoff was set to 0.05 here.

not be seen in the women-BMI-network. This fact leads to the question, whether there was a
difference in the nutrition or if there might be differences in glutamate tolerance or rather in
the degradation pathway. In order to determine the true reason for this difference further data
and further examinations have to be done, as there is not sufficient data in order to test this.
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Figure 3.19: Extract from the table which compares QValues for men and
women. This is an extract from the whole table for the comparison on whether the
differences between the two networks, Figure 3.17 and 3.18 is just a cutoff problem.

Betaine in the men-BMI-network

Betaine, also called Trimethylglycine (TMG) is an N-trimethylated amino acid which normally
occurs in plants. As it was first discovered in sugar beets, it was simply called betaine, but
now many other betaines have been discovered and one has to specify more exactly, which
one is meant.[68] In this dataset however TMG was meant, as the listed betaine had the same
molar weight as TMG.
TMG normally looks like shown in Figure 3.20. This structure shows TMG at the isoelectric
point, where it is in its bipolar form.[42] In the body however most of the metabolites are not
present in their zwitterion form. TMG is a known medication for homocystinuria,[30] which is
a recesssive metabolic disorder of the sulfur metabolism.[46] Up until now, I found no direct
relationship between the bmi-related parameters and TMG.

Interestingly the correlation between TMG and BMI can only be seen in the men-BMI-
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Figure 3.20: Chemical structure of trimethylglcine The structure is depicted in its
bipolar form which is obtain in the range of the isoelectric point.

network and not in the women-BMI-network. Therefore the distribution has to be different
in men and women. In men there is an overall higher TMG concentration which can be seen
in Figure 3.21. Furthermore the correlation which can be seen in the men-BMI-network is a
negative one, which means that the higher the TMG concentration is in a patient, the lower
his BMI should be. Of course there are also outliers, which can be seen in Figure 3.22.

Figure 3.21: Beeswarmplot for betaine level in plasma between men (on the
right hand side) and women (on the left hand side). This plot shows that the
betaine levels are significantly higher in men, than in women.

The negative correlation which was shown before, was already seen in pigs, where a higher
amount of TMG reduced the amount of adipose tissues.[78] The follow up study in humans
however did not find any correlation between TMG and BMI.[69] Though the examined group
of Schwab et al. was biased towards women, as there were only 14 men, but 28 women in the
test group. Thus it might be possible, that the reduction in adipose fat tissues through TMG
medication might still work in male patients but does not work in women. Another possibility
would be different nutrition, as TMG, as already mentioned, can be found in sugar beets and
different other plants, like Spinach [80] and can be incorporated through the nutrition.
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Figure 3.22: Scatter plot for BMI and betaine in men and women. The scatter
plot for bmi and betaine in men and its corresponding regression line in blue and the
scatter plot for bmi and betaine in women and its corresponding regression line in green.
Here one can clearly see, that the dots for men are more correlated than the ones for
women which are more scatter over the plot.

What also might add up to the seen relationship between TMG and the weight related phe-
notypes, is that choline (structure in figure 3.23) which can be degraded through a simple
oxidation to betaine, is a medication against fat liver.[13] However one can argue, that a high
choline concentration induces weight gain, which should lead to a positive correlation between
not only choline and the weight related parameters, but also between the weight related pa-
rameters and betaine, as more choline should mean more betaine.[62] Though if the choline
is oxidised to betain and therefore the negative effect of weight gain of choline is abolished,
the graphs make sense. Thus choline intake might add up to the negative correlation between
betaine and the weight related parameters.

N+

CH3

H3C

CH3

OH

Figure 3.23: Chemical structure of choline. Choline can be oxidised in one step to
trimethylglcine, which is shown in figure 3.20
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Separate phenotypes in the women-BMI-network

Despite the interconnection between the phenotypes is highly similar between men-BMI-
network and the women-BMI-network the metabolites, which are connected to the phenotypes
are different. This is also what separates the different weight parameters from each other, as
the metabolites are building groups around the phenotypes. This can be seen, if one compares
the women-BMI-network (Figure 3.18) and the men-BMI-network (figure 3.17). The two main
groups, that can be seen, are the waist-related group on the one hand and on the other hand
the phenotypes, that are related to the overall weight, like BMI and weight. The waist-related
group, but especially the two phenotypes zWAIST and zWHtR are really delimited, as there
are many different metabolites, that are only related to those two phenotypes. This can be
seen in Figure 3.24. The two other waist related phenotypes, which would be zABSI and
zWHR are also very close to those two phenotypes and have some metabolites in common.
Even though zABSI is not related to any metabolites, it can be seen in this group, as it is
only connected to those other three phenotypes. This can be seen in Figure 3.25.

Figure 3.24: Correlated metabolites from the women-BMI-network to the two
phenotypes ZWAIST and ZWHtR. Here one can see, that there are many Metabo-
lites, that are only related to those two phenotypes, which clearly zones those two metabo-
lites away from the rest of the network.

The first thing that is remarkable about the metabolites, that are correlated only to the
two phenotypes zWAIST and zWHtR is, that they are not really structurally related. This
means, that there is not only one single degradation or synthesis pathway, that is strongly
correlated to the waist parameter, but there have to be multiple ones. The range of struc-
tures is from very small metabolites, like glycine (Figure 3.26) and serine (Figure 3.27), to
metabolites like gamma-glutamylvaline (Figure 3.28), to relatively big metabolites like 1-oleoyl
lysophosphatidylcholine (Figure 3.29) and lathosterol (Figure 3.30).
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Figure 3.25: Expansion to the network 3.24.The network was expanded by the
two phenotypes ZABSI and ZWHR and the metabolites, that are related to those two
phenotypes and ZWAIST and ZWHtR.

NH2

O
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Figure 3.26: Chemical structure of glycine.
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Figure 3.27: Chemical structure of serine
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Figure 3.28: Chemical structure of gamma-glutamylvaline
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Figure 3.29: Chemical structure of 1-oleoyl lysophosphatidylcholine

OH

Figure 3.30: Chemical structure of lathosterol
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Even though there are such different structures, one can still group many of those metabo-
lites together. One first group would be a glycerophospholcholine group which contains the
following metabolites:

• 1-linoleoylglycerophosphocholine [plasma]

• 1-oleoylglycerophosphocholine [plasma]

• 2-linoleoylglycerophosphocholine* [plasma]

• 2-oleoylglycerophosphocholine* [plasma]

The members of this group are very similar to each other, as the difference between the
linoleoylglycerophosphocholine and the oleoylglycerophosphocholine is just one double bound
which comes with the linoleic acid and the position, where the fatty acid binds. It is still
unclear, why there is such a relationship to the waist related parameters, but not to the weight
related phenotypes.
This could be explained through a 2-step pathway. The first step is, that glycerophospho-
cholines enhances the secretion of a growth hormone in the plasma.[35] The second step
would be, as shown by Hong et al. that human growth hormones are able to reduce the
waist circumference significantly, but not the overall weight.[31] This theory would first of all
explain, why those glycerophosphocholines are only correlated to the waist related parameters
and secondly it is also supported by the fact, that there is a negative correlation between the
waist circumference and the glycerophosphocholines, which can be seen in Figure 3.31.

Figure 3.31: Double scatter plot for 1-linoleoylglycerophosphocholine and waist
circumference as well as 1-oleoylglycerophosphocholine [plasma] and waist cir-
cumference. Both glycerophosphocholines have a negtive correlation to waist circumfer-
ence, which supports the theory, that glycerophosphocholines are able to lower the waist
circumference.

A second group would be a group of small amino acids. These amino acids, that are present
in the Network 3.24 are:
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• Glycine

• Serine

• Valine

But there are not only those single small amino acids, one can also add to this group some
small molecules, which contain those amino acids, like:

• Gamma-glutamylvaline

• Isovalerylglycine

• Tigloylglycine

This group would then be certainly in the same, or a similar pathway as amino acids are
needed in order to synthesize those molecules and also the three amino acids can be converted
into each other. For example the serine can be converted to glycine through a pyridox-
alphosphate (PALP) dependent dissociation of the hydroxymethyl group.[20] One reason for
the correlation might also be that the biosynthesis is directly linked to the glycolysis, as the
molecule, from which the biosynthesis of those amino acids is a intermediate of the glycolysis.

Metabolites which link all the weight related phenotypes together in the
women-BMI-network

In the women-BMI-network however, there are not only metabolites, that are relevant for
either only the waist related phenotypes or the weight related measurements, like BMI, but
also some that are relevant for all, or at least for many of the weight measurements. Those
metabolites would be:

• C-glycosyltryptophan* [plasma]

• Isobutyrylglycine [urine]

• 3-methylcrotonylglycine [urine]

• Urate [plasma]

The interesting part of this, is that there are also two glycines in this part. This shows, that
glycine like metabolites do not only determine the shape of the body and are therefore related
to the waist related phenotypes only, but are also important in terms of the overall weight.
High rates of urate in the plasma can be caused by lower excretion of urate from the kidney,[70],
a higher synthesis or both.[14] This might be caused by the overall high amount of fat and
therefore urate is related to nearly all anthropometric measures.

3.4 Mixed graphical models

In this section I used a mixed graphical model approach from Bühlmann et. al in order to see
whether it really improves the performance in terms of the phenotype network.[7]
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3.4.1 Getting started with mixed graphical models

In order to get started with the mixed graphical models that are based on Stability Selection
and Random Forests, some dummy networks were created. In order to create the data for the
given weight matrix, the provided R-methods were used. As input I gave the program a 8× 8
weight matrix, which provides information for the following Directed Acyclic Graph (DAG)
3.32.

Figure 3.32: Directed acyclic graph, which was given to the mixed graphical
model in order to recalculate it. The circles are phenotypes, that have categorical
data and the rectangular ones have continuous data. The data was made by the provided
method, which made every second parameter a categorical one.

The program then compiles mixed data according to the given weight matrix, takes out the
directions from the edges, because the program is not capable of recalculating directions and
makes every second parameter categorical thus a mixed dataset can be provided. The program
also adds a noise level to the data, thus one can not expect to get a perfect recalculated
network. There were different parameter to adjust, for example the maximal sample size,
which can have a major impact on the result, if a too low sample size is taken. For the
resulting network I used a sample size of 100 which occurred to be enough to get proper
results, but not to huge, to get a long runtime. Other parameters would be variation which
was added to the data, or the maximum amount of different values in a categorical phenotype.
One of the resulting networks can be seen in Figure 3.33.

In the Network 3.34 one can see, that the program was not able to recalculate the network
perfectly but nonetheless, it almost got the network right. The mistakes the program made,
was that it did not predict the edge between node 5 and 6 but therefore saw a correlation
between 1 and 8 and 4 and 7, where there should be none. These mistakes however can be
explained through the random noise, that was automatically added to the data.
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Figure 3.33: Recalculated network The mixed graphical model recalculated this net-
work from the weight matrix, which is according to the Network 3.32.

Figure 3.34: Differences between the calculated graph and the input graph.
The green edges are correctly predicted ones, the violet ones, are not predicted by the
program and the dark blue ones are miss calculated ones.

3.4.2 Imputing at the phenotype level

The first thing, that had to be done, before committing real data to the program was to
decide how to impute at the phenotype level, as there were many missing values. In order to
impute, I had to differentiate between binary and continuous variables, due to the fact that
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for example taking the mean value as imputed value is wrong in the binary cases. In order to
do so a simple Matlab query, which looked for all the variables with two or less variables (NaN
values excluded) was sufficient to separate the binary from the continuous variables.

Imputing the binary variables

For the binary variables it was hard to decide for a global strategy, which would be one of the
four:

1. Setting all missing values to 0, or false

2. Setting all missing values to 1, or true

3. Setting the missing values to 0 and 1 according to the distribution of the measured
variables

4. Deleting those with missing values

There were several binary variables, which were only measured in diabetes patients. Which
excluded the ”deleting” strategy, as I would delete half of my dataset that way. Also setting
the values to 0 or 1 would not be good, as I would first of all cause an correlation between
diabetes and those phenotypes, which would not be correct in some cases. But as most of
those phenotypes are said to be only present in diabetes patients, I decided to impute with 0
for the non-diabetes patients. However another method was taken in the case of for example
”smoker” or ”not smoker”, as there was also a measurement for all patients, of the cotinine
level, which is a strong indicator for smoking, thus all that have a cotinine value higher than
0 were imputed as ”smoker” (1) and all that had a cotinine value of 0 were rationed as
”nonsmoker”. In the binary case however not only the NaN-values had to be imputed, but
also the ”−1”. Where ”−1” stands for a binary value, that could not be calculated, due
to missing values in the parameters, they were calculated from. Nevertheless, the problem
resolved itself, as the few ”−1”-values got deleted through the deletion of the NaNs in the
other parameters.

Imputing continuous variables

Recently the imputation of continuous variables got more and more in the spotlight, as there
are different opinions on which way is the best. However, those discussions are most of the
time on gene or metabolite datasets, which have to be imputed. Nonetheless, most of the
times, the arguments are also viable in the case of phenomics. One fraction reasons, that most
of the time the missing values are caused by concentrations, below the limit of detection and
thus one should impute the NaNs as the minimum value. The other fraction states that the
best best way to impute is the mean value, as one could invoke a correlation, were there should
be no correlation. A made up example for this, is shown in Table 3.3. Where on the one hand,
if one imputes with the minimum, Phenotype1 and Phenotype3 have a high correlation, but
not Phenotype2 and Phenotype3. On the other hand this correlation might just be invoked by
the fact, that Phenotype1 was not measured in positive Phenotype3 patients, which in turn
would cause a correlation, where there should not be one.

However I decided to cut most of the missing values, as they did not have an huge impact on
the power of the dataset as still the data of 334 of the 375 patients was left in the dataset. This
means around 10% loss of the dataset which is acceptable. Nevertheless for some phenotypes,
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Phenotype 1 Phenotype 2 Phenotype 3
Patient 1 NaN 0.2 0
Patient 2 0.8 1.6 1
Patient 3 NaN NaN 0
Patient 4 0.7 NaN 1
Patient 5 NaN NaN 0
Patient 6 0.2 1.6 1

Table 3.3: This table shows a very small imputing example.

imputing would have been nonsense, as they only had true values for less than half of the
data. Thus imputing them with any value could cause a correlation easily, as well as deleting
the missing values would cause to loose more than half of the dataset and its power. Thus I
neglected those phenotypes, as the results which I would get from them were to uncertain.

3.4.3 Imputing or not

As already discussed earlier also in the case of the mixed graphical models one has to be
careful, whether imputing is the right choice. In this case one of the bigger problems is,
that the imputing might turn out to invoke false positive edges, by filling the same values
which can not be avoided with binary variables, as there are only two possible values, which
can be used for imputing. This is especially crucial for the biary phenotypes, which are only
measured in diabetics patients, as imputing there with the same value causes a correlation
to each other and also to diabetes. This can be seen in Figure 3.35 which is a combined
network. It contains the information of two networks each with the same phenotypes, but
different methods of imputation. In the one network I just deleted all the data rows, where
there was a missing value in any of the phenotypes. In the other one I imputed according to
previous knowledge. In the network, the green lines mark the edges, which are only in the
network with the imputation, the blue ones are only in the network without imputation and
the black ones are in both.
What one can see clearly is that on the one hand with the deleting of rows with missing values,
also all the relationships to diabetes get lost. On the other hand by imputing one invokes some
relationships between phenotypes, for example the correlation between Retinopathy and High
Blood Pressure, which only are due to the imputing. But as the deletion of the missing values
causes the loss of so many true datapoints and also loss of so much power, I decided to use
imputation but therefore I had to be careful if I look at certain phenotypes, namely those with
many missing values.

3.4.4 Compare the resulting networks

The comparison of the results of the mixed graphical models and the method that I used
beforehand, the multiple correlation network with mixed graphical models for the metabolites,
was harder than it should be. This was due to a different cutoff model. The cutoff model,
that I used in my program was based on a P-value cutoff with a multiple testing correction
after Benjamini Hochberg. However the mixed graphical model from Bühlmann et al. used
another approach. They used stability selection which is an approach based on FWER. Thus
it can not be easily compared to the usually used P-value cutoff approach, as the comparison
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Figure 3.35: Excerpt of the phenotypes and the effects of imputing on the
phenotype network This network combines two network, where one is with imputed
values for the different phenotypes and the other one is without imputing, but deleting
the rows with missing values, which means a severe loss of datapoints. The green edges
here are the edges, which are only in the network which was imputed, the blue lines show
the ones, which are only in the not imputed network and the black ones are those lines,
which are in both networks.

for very small networks already takes a very long time.[2]
Therefore one can not say, whether the differences in the networks are due to a different cutoff
or due to differences in the algorithms. Hence I made a network with the mixed graphical
model for some phenotypes and took the same amount of edges in my approach to look
at which edges are different. Thus i got the Network 3.36 with the mixed graphical model
approach. This network has 23 edges and thus I also made two phenotype networks with the
same amount of edges, one with the correction for co-factors (see Figure 3.37) and another
one without correction (see Figure 3.38).

Comparison of the mixed graphical network with the correlation network without
correction for co-factors

In order to be able to compare the inferred networks I made a differential network for the
mixed graphical model and the correlation network without a correction for co-factors. The
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Figure 3.36: Results of the mixed graphical model for a small amount of pheno-
types. The phenotypes were predetermined in order to have a good variety of interesting
phenotypes.

Figure 3.37: Resulting network, inferred with the correlation methods. The
cutoff in this network was determined by the number of edges, which are 23 like in the
network which was inferred with the mixed graphical model approach (see Figure 3.36).
Therefore there was no true P-value cutoff, but a cutoff by the number of edges, in order
to be able to compare it to the mixed graphical model approach.

resulting network can be seen in Figure 3.39. For the network the best 23 edges were taken
from the correlation algorithm as well as from the mixed graphical model. The edges, which
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Figure 3.38: Correlation network without correctionThis network is similar to the
network in Figure 3.37, as it also contains 23 edges and is inferred by the correlation
methods, but this time it is without any correction for co-factors. Like in Figure 3.37,
also in this network, the cutoff was determined by the number of edges, in order to make
it comparable to the mixed graphical model approach.

were in both networks are coloured in black, the edges from the mixed graphical model are
coloured in green and the edges, which are only in the correlation network are coloured blue.

One thing, that is noticeable in the network are the edges from the diabetes phenotype.
As there the effects of the imputing can be seen, which would be a higher correlation of the
binary variables that are only measured in diabetes patients to the diabetes phenotype. These
correlations are invoked through the imputation of the missing values, as there, all the non
diabetics get the same value. As those correlations can not be found in the correlation network,
there have to be some other edges, that are added instead in the correlation network. Thus
the networks overlay is not that big, as for every edge, that can only be found with the one
approach, another edge is taken by the other approach.
Therefore from the 23 best hits of both algorithms, only 14 were similar. Still there are the 5
edges between diabetes and the imputed phenotypes, that were measured in diabetes patients
and whose correlation is only due to the imputing and can only be seen in the mixed graphical
model. Another influence of imputing can be seen at the phenotype ”16 skin infection” which
is another phenotype that was measured in diabetes patients and only has correlations to
three different anthropometric measurements, weight, BMI and waist circumference in the
correlation network. These edges can most likely not be seen in the Gaussian Graphical
model, as with the imputed values, the correlation to the anthropometric measures gets less
significant.
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Figure 3.39: Differential network for two networks, each with 19 phenotypes
and the 23 best rated edges. The edges where on the one hand rated by the correlation
methods and on the other hand by the mixed graphical model. Here a green edge means,
that the edge is only found in the network which was inferred by the mixed graphical
model, the blue edges are only in the correlation network and the black ones, are in both
networks.

Comparison of the mixed graphical network with correlation network with
correction for co-factors

In order to compare the mixed graphical model, with the correlation network which was cor-
rected for co-factors, another differential network has been built and can be seen in Figure
3.40. Here the difference between the two networks is even higher, as only 9 of the top hits
are in both networks and therefore coloured black. Thus the correction for the co-factors Age,
Gender and Diabetes, enlarges the gap between the correlation network and the mixed graph-
ical model even further. The impact of the correction can be seen best at the phenotype ”4
Sex”, which has 5 edges only in the mixed graphical model, but 0 in the correlation network,
as they were corrected out.

3.4.5 Adding metabolites to the mixed graphical models

In the metabolite area also many phenotypes were missing and due to the previous results,
which showed, that imputing is not always the best way, of dealing with them, I decided not
to use all the metabolite data for the mixed graphical model networks. Therefore I used all
the phenotypes, which were previously selected for the correlation networks and the biocrates
data for the metabolites, as those had only few missing values. The resulting network can be
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Figure 3.40: Differential network for the mixed graphical model and my cor-
relation model with correction for co-factors.

seen in Figure 3.41.
Interestingly there are not so many different phenotypes to metabolite edges only some can
be found. The most intersting part of this network is the phenotype ”heart disease”, which
was very densely connected to many metabolites from the biocrates dataset in the correlation
network, in this network however it is completely unconnected. Therefore it is also not in the
network, as i deleted all the nodes with no edge. This might again be due to the imputing of
the phenotype, as the imputed values have lowered the correlation to those nodes.
The network around the weight related phenotypes however stays solid, at least for the phe-
notypes (see Figure 3.42). As for the metabolites, most of the metabolites that were related
to these phenotypes in the correlation network were in the metabolon dataset and thus can
not be found in this network.
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Figure 3.41: Mixed graphical model for phenotypes and the biocrates metabo-
lite data. This network shows the network which was inferred from the phenotypes and
biocrates metabolites with the mixed graphical model approach.
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Figure 3.42: The result of the mixed graphical model for the anthropometric
measurements. This network is an excerpt from Network 3.41 and shows the correlations
from the anthropometric measurements.
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4.1 BMI or WHR

Which one is the best anthropometric measure, still there is no answer to this. Maybe also the
body fat percentage can add another kind of information, or maybe is a better measure for
overweight than the currently used ones. In my opinion, none of the weight related measures
alone can completely describe which risk a patient has to develop obesity related diseases.
This is why I would suggest to use multiple measurements, like BMI and WHR and to cluster
different phenotypes, which are related to obesity, to the different measures. This way, if
for example BMI is measured, the risk for one obesity related disease is measured and by
measuring the WHR, another one. Still in order to make such clear statements by just looking
at an anthropometric measure, more examinations have to be done.

4.2 Imputing in phenotype data

In the case of phenotype data, I would certainly say, imputing is not good, as this can cause
so many issues. The main issue, why imputing values is not good for phenotype data, are in
my opinion the binary phenotypes, because the correlations of those can be severely influenced
by only few imputed values. Then again, if an interesting phenotype was only measured in
half of the dataset, like the heart disease phenotype in the Qatar Metabolomics Study of
Diabetes, throwing away half of the dataset, or the phenotype is even worse than imputing
this phenotype. Therefore sometimes satisfying results can not be achieved due to the missing
values.

4.3 Correct for co-factors or not

The correction for the different co-factors depends on the question which has to be answered
with the inferred networks. In my cases I sometimes corrected for diabetes, as I wanted to
know, whether two other phenotypes are related to each other even without the diabetes.
Therefore the correction question can not be answered generally and it has to be solved every
time a new network is generated.

4.4 Correlation networks for phenotype datasets

In general correlation networks are a solid way of inferring networks, even though Gaussian
Graphical models provide a better performance for metabolic data, as shown by Krumsiek et
al in their paper, where they compared GGMs with correlation networks.[38] The performance
of the GGMs however is heavily dependent on the quality of the dataset, as the GGMs do not
allow missing values. As the phenotype data from the Qatar Metabolomics Study of Diabetes
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has many missing values in some of the very interesting phenotypes, I think using a correlation
approach is the better way of inferring phenotype networks. Another advantage of correlations
over the GGMs Krumsiek et al used, is that those GGMs can not handle binary data and
therefore the binary phenotype data would have to be left out.

4.5 Mixed Gaussian Graphical models or correlation
networks

In order to use the graphical models, which would be able to calculate partial correlations also
for the phenotype data, mixed graphical models have to be used, as they can handle binary,
categorical and continuous data at the same time. This solves the problem of not being able
to calculate GGMs for binary data, but still there is the problem with the full data matrix
which is needed for the calculation of a GGM and for a mixed graphical model. This again
means that there are three possibilities. The first possibility is to leave out the data for the
patient who has a missing value, which lowers the power of the study. The second possibility
is to leave out the phenotype with the missing value. The third one would be to impute the
missing values. As none of the three possibilities is satisfying, I think that for a dataset like
the Qatar Metabolomics Study of Diabetes the correlation network is still the best option.
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the two phenotypes, for which the correlation shall be calculated and the con-
founder matrix, which is similar for nearly all the phenotypes. This matrix is
assembled and the missing values, here depicted as NaN, are cut out, before
the calculation of each pairwise correlation between two phenotypes. . . . . . 28

3.1 Neglected phenotypes and the reason for it. Those phenotypes were
neglected, as they would not add any information to the network and would
only be time consuming, when the network is calculated. . . . . . . . . . . . . 40
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1.1 The amount of obese people in developed countries. Over the years
1990 to 2009 the percentage in all the shown countries rose drastically. Espe-
cially shocking is the fact that some countries have more than 20% of obese
people.[60] This figure was taken from "www.downeyobesityreport.com/

2012/06/" . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 14
1.2 The mortality rate for different BMI categories. Additional to the over-

all population also always two comparable curves are shown. Those would
be the two age groups, the two gender groups and the smoking habit. The
interesting thing to see here is that for an age between 25 and 59 under-
weight is not crucial according to the mortality rate, whereas the overall
death rate is heightened in all the other groups by underweight. Overall, the
graph makes a big ”U”-turn, where the two extremes, obesity and under-
weight, are not healthy for nearly every group.[76] This figure was taken from
"http://protonsforbreakfast.wordpress.com/category/obesity/". . 14

1.3 Different weight distribution and the apple and pear shape. Whereas
the apple shaped body has more fat above the waist and is likely to develop
health problems due to it, the pear shape body has more weight below the
waist and shows less obesity related problems.[72] This picture was taken from
http://www.uofmhealth.org/health-library/zm6365. . . . . . . . . . . 16

1.4 The effects of high blood sugar on blood vessels. On the left hand side
one can see a healthy blood vessel, where nothing blocks the flow of blood. On
the right side however the blood flow is blocked or constricted, which can be
caused by the high amount of glucose in the blood of diabetes patients. This
leads to the side effects of diabetes like the diabetic foot or diabetic neuropathy,
as those blocked vessels are not capable of supporting the attached tissue with
sufficient nutrition and oxygen.[63] This figure was taken from "http://www.

diabetesinfo.org.au/webdata/images/Blood20vessels20harden20and20clot.

jpg" . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 17
1.5 Neuropathy caused by damaged blood vessels On the left hand side, there

is a healthy blood vessel, which is able to provide enough blood, oxygen and
nutrition for the nerve it is attached to. On the right hand side the blood,
oxygen and nutrition supply by the vessel is not given any more, as the vessel
is blocked by glucose clumps, this leads to severe damage of the nerves, as
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hyderabadendocrinology.com/content/diabetes-and-neuropathy" . . 18
1.6 Aortic regurgitation On the left hand side a functional aortic valve can be

seen, which closes properly after the ventricle pumps blood into the aorta. In
contrary on the left hand side, the valve does not close properly and blood leaks
back into the heart. This figure was taken from "http://www.heart-valve-surgery.
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1.7 Coherences between DNA, RNA, proteins and metabolites: The Metabo-
lites at top are the smallest building blocks of all the compartments in the or-
ganism. As the metabolites are the smallest subunit of those four, it offers the
best resolution in order to understand the physiological state of any organism.
It is also the true functional endpoint of biological events.[55] This figure was
taken from Rudnicki et al. . . . . . . . . . . . . . . . . . . . . . . . . . . . . 19

1.8 Valine, Leucine and Isoleucine biosynthesis. This picture shows the chem-
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1.9 Difference between direct and indirect interactions. There are two differ-
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a direct interaction. The other one would be the indirect interaction which is
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2.4 Finished correlation matrix for phenotypes and metabolites. With the
results of Gaussian Graphical Model, which Kieu Trinh Do calculated for the
different metabolites, the whole phenotype to metabolite matrix was filled up.[15] 31
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2.7 The second step of the network extraction algorithm. In this step of the
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2.9 Layout of the yEd graph editor. In the center, there is the editing panel
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neighbourhood of your currently selected node can be seen. Whereas on the
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different nodes which can be drawn. On the bottom right you can see the
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and nodes. This network sums up all the characteristics of the network,
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shows that WHR is the much better indicator for heart diseases compared to
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"http://healthhubs.net/images/waisthipratio.gif" . . . . . . . . . . 44
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multiple testing correction. . . . . . . . . . . . . . . . . . . . . . . . . . . . . 44
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different parts of the Sphingomyelin, which can be divided in a phosphocholine
group (red), a sphingosine group (black) and a fatty acid group (blue).[82] This
picture was taken from http://en.wikipedia.org/wiki/Sphingomyelincite_

note-Voet-1 . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 46

3.5 Chemical structure of Aspirin. . . . . . . . . . . . . . . . . . . . . . . . . 47

82 Ulrich Neumaier, 2013

"http://healthhubs.net/images/waisthipratio.gif"
http://en.wikipedia.org/wiki/Sphingomyelin cite_note-Voet-1
http://en.wikipedia.org/wiki/Sphingomyelin cite_note-Voet-1


List of Figures
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scatter plot for bmi and betaine in women and its corresponding regression line
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