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“

Nature will bear the closest inspection. She
invites us to lay our eye level with her
smallest leaf, and take an insect view of its
plain.
– Henry David Thoreau

”

Abstract

Humanity is plagued by many diseases. Beside environmental influences, many
— if not all — diseases are also subject to genetic predisposition and then display
molecular alterations such as proteomic or metabolic aberrations. The elucidation
of the molecular principles underlying human diseases is one of the prime goals of
biomedical research. To this end, there has been an advent of large-scale omics
profiling studies. While the field of molecular biology has experienced tremendous
development, data analysis remains a bottleneck.
In the context of this thesis, we developed a number of analysis strategies for
different types of omics data resulting from different experimental settings. These
include approaches for associations studies for plasma miRNAs and time-resolved
plasma omics data. Furthermore, we devised analyses of different RNA-Seq transcriptome profiling studies coping with problems such as lack of replicates or multifactorial experimental design. We also designed machine learning frameworks for
the identification of discriminatory biomolecular signatures analysing case-control
or time-to-event data.
All of the strategies mentioned above were developed and applied in the contexts of multi-disciplinary endeavours. They aided in the identification of plasma
miRNAs associated with age, sex, and BMI as well as plasma miRNAs bearing
potential as diagnostic biomarkers for non-alcoholic fatty liver disease (NAFLD).
This thesis significantly contributed to a study demonstrating the utility of plasma
miRNAs as prognostic biomarkers for major cardiovascular events such as STelevation myocardial infarction. Our approaches for analysing RNA-Seq data aided
in the characterisation of murine models for Alzheimer’s disease and the transcriptional response of human gingiva fibroblasts to ionizing radiation exposure.
Furthermore, the developed approaches were applied for studying a human model
for thyrotoxicosis and for the successful identification of a multi-omics plasma
biomarker signature of thyroid status.
We are only beginning to understand the molecular principles underlying human
diseases. The approaches and results presented in this thesis will contribute to
improved understanding of biomolecular processes involved in common diseases
such as Alzheimer’s disease, NAFLD, and cardiovascular diseases.

Zusammenfassung

Die Menschheit muss sich mit einer Vielzahl verschiedener Krankheiten auseinandersetzen. Neben Umwelteinflüssen spielen bei vielen — wenn nicht allen —
Krankheiten genetische Prädispositionen sowie proteomische oder metabolische
Anomalien eine Rolle. Eines der Hauptziele biomedizinischer Forschung ist daher
die Aufklärung der molekularen Hintergründe menschlicher Krankheiten. Dies motiviert die zunehmende Durchführung von großangelegten Omik-Studien. Obwohl
sich das Feld der Omik-Analysen verschiedener Art enorm entwickelt hat, bildet
die Analyse der meist sehr umfangreichen Omik-Datensätze einen zunehmend
offensichtlichen Flaschenhals.
Im Kontext dieser Arbeit wurden Analysestrategien für verschiedene Omik-Daten
und Studiendesigns entwickelt. Unter anderem ermöglichen diese Strategien Assoziationsstudien für Plasma miRNAs und zeitaufgelöste Plasma Omik-Daten.
Ferner wurden Analyseverfahren für verschiedene RNA-Seq Transkripomstudien
entwickelt, die Probleme wie das Fehlen von Replikaten oder einem multifaktoriellen Experimentdesign adressieren. Schließlich wurden Strategien zur Bestimmung
von klassifizierenden biomolekularen Signaturen basierend auf Fall-Kontroll oder
Überlebenszeitdaten mit Hilfe von maschinellen Lernverfahren entworfen.
Die oben genannten Analysestrategien wurden allesamt im Kontext multidisziplinärer Studien erarbeitet. Die Strategien ermöglichten die Identifizierung von
mit Alter, Geschlecht und BMI assoziierten Plasma-miRNAs. Ferner identifizierten wir Plasma-miRNAs mit Potential als diagnostische Biomarker der nichtalkoholischen Fettlebererkrankung. Diese Arbeit leistete weiterhin einen wesentlichen Beitrag zur Identifikation von Plasma-miRNAs als prognostische Biomarker für gravierende kardiovaskuläre Ereignisse wie z.B. Myokardinfarkt mit STHebung. Die im Rahmen der vorliegenden Arbeit entwickelten Strategien zur
Analyse von RNA-Seq Daten halfen bei der Charakterisierung muriner Modelle der
Alzheimer Krankheit und der transkriptionellen Reaktion humaner Gingivafibroblasten auf ionisierende Strahlung. Zudem wurden entwickelte Analysestrategien
zur Untersuchung eines humanen Modells der Thyrotoxikose und die erfolgreiche Identifizierung einer multi-Omik-Biomarkersignatur für den Schilddrüsenstatus verwendet.
Wir stehen noch am Anfang eines umfänglichen Verständnisses der molekularen
Grundlagen menschlicher Erkrankungen. Die in dieser Arbeit entwickelten Analysestrategien und präsentierten Ergebnisse liefern Hinweise für weiterführende
Forschungsvorhaben in naher Zukunft. Diese könnten vertiefte Erkenntnisse über
häufige Krankheiten wie die Alzheimer Krankheit, die nicht-alkoholische Fettlebererkankung und kardiovaskuläre Erkrankungen liefern, die letztendlich eine bessere
Prävention bzw. eine bessere Behandlung dieser Krankheiten ermöglichen.
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Preface

This chapter underlines the importance of molecular biology for
medical research, focusing on the need for computational molecular
biology. It further provides an overview of the research contributions
subsumed in this thesis and outlines its structure.

Overview

1.1 Motivation
Diseases are still a large burden for the human population. Most diseases are influenced by environmental and life style factors, such as food intake or extent
of exercising. However, genetic predisposition, e.g.
genetic variants contributing to disease susceptibility
or resistance, or aberrant proteomic or metabolic
states of the organism play crucial roles in many
— if not all — diseases. While recent biomedical
research fosters our understanding of many diseases,
their molecular basis is often still poorly understood.
Yet, such understanding is a prerequisite for the development of strategies for prevention and treatment
of diseases. Hence, elucidating the molecular basis
of human diseases remains a prime goal of biomedical research. To this end, omics studies have been
devised and are frequently conducted. Such studies
characterize and often quantify pools of biomolecules
underlying the structure, function, and dynamic behaviour of organisms.
The field of molecular biology has experienced tremendous development. Experimental techniques in genomics, transcriptomics, proteomics,
metabolomics, and others have matured to a point
where often the bottleneck of omics profiling studies
is data analysis. In other words, the ever increasing
throughput and decreasing cost of omics measurements led to the “drowning in data and starving
for information” problem. Where massive amounts
of omics data are generated, bioinformatic expertise
and analysis strategies are desperately needed.
The analysis of complex samples on a high-

throughput scale is certainly a multi-disciplinary effort bearing enormous potential not least for individualized medicine. Gaining insight into molecular
processes and alterations underlying diseases will allow for the identification of diagnostic and prognostic
biomarkers. Omics profiling studies and the search
for molecular biomarkers will eventually pave the
way for the development of specific individualized
therapies.
Some data analysis tasks are well-established and
can be performed almost routinely. Genome-wide association studies and microarray-based whole-blood
transcriptome-wide association studies have successfully been conducted on large cohorts such as SHIP
for many phenotypes (cf. Sections 2.2.1, 2.3, 2.5).
However, investigating new types of samples or data
often requires adaptation of computational tools.
Transcriptome profiling studies, e.g., increasingly rely
on RNA-Seq approaches. These require different
analysis strategies than microarray experiments. The
analysis of biofluid samples such as plasma has become a focus of omics profiling studies investigating
the proteome, metabolome, or even the plasma circulating “miRnome”. Current experimental methods
allow for measuring comprehensive molecular profiles of complex samples such as biofluids comprising hundreds of different proteins, metabolites, or
other biomolecules. Such data cannot be handled by
off-the-shelf software available to non-computational
biologists. Hence, the goal of this thesis was to
address the aforementioned needs in data analysis.

1.2 Overview
This thesis addresses the need for proficient data
analysis in cutting-edge omics profiling studies. It
subsumes many different projects and the presented
research has contributed significantly to a number of
publications that appeared in peer-reviewed journals
in the last few years, specifically Ameling* et al.,
2015; Bouter* et al., 2014; Jakob et al., 2017;
Pietzner et al., 2017; Weissmann et al., 2015, 2016
(cf. Appendices), as well as to a number of national
and international conferences and summer schools
including but not limited to the CHARGE Investigator Meeting 2014, the Lipari School on Bioinformatics and Computational Biology 2015 and 2016, the
Annual Symposium of the German Society of Human
Genetics 2014, the Workshop of Genetic Epidemiology 2015, 2016, and 2017, and the Workshop of the
NGS Consortium MV 2014. In close multidisciplinary
2

collaboration with biological and medical experts, I
developed analysis strategies suitable for the research
question at hand. Hence, the contributions of this
thesis are the design and implementation of the
computational parts of all presented studies.
We devised an approach enabling the analysis of
large-scale plasma miRNA association studies. This
approach was tested in a proof-of-principle study (cf.
Section 5.1.1; Ameling* et al., 2015; cf. Appendix A)
and has been applied to identify miRNAs associated
with non-alcoholic fatty liver disease (NAFLD; cf.
Section 5.1.2).
We designed and implemented analysis strategies
of RNA-Seq-based transcriptome profiling studies in
different contexts. One strategy was applied to the
investigation of several different murine models for

Alzheimer’s disease (AD) and the validation of Tg442 mice as suitable model for familial AD supporting
the modified amyloid hypothesis (cf. Section 5.2.1;
Bouter* et al., 2014; Weissmann et al., 2015; cf.
Appendix B and C). A modified strategy allowed
for studying the transcriptional response of human
gingiva fibroblasts to X-irradiation in a multi-factorial
setup considering radiation dosage and repair interval (cf. Section 5.2.2; Weissmann et al., 2016; cf.
Appendix D).
For the analysis of time-resolved omics profiles
from plasma samples, we compiled strategies based
on mixed-effects linear regression models. In this
way, this thesis contributed to the characterisation
of a long-term human model for thyrotoxicosis (cf.
Section 5.3.1; Pietzner et al., 2017; cf. Appendix E).
Furthermore, we developed and implemented

strategies for the identification of discriminatory
biomolecular signatures, paving the way for the identification of diagnostic and prognostic biomarkers.
A random forest was embedded in a nested crossvalidation scheme to determine biomolecular signatures allowing for binary classification, e.g. discriminating euthyroid samples from hyperthyroid samples
(cf. Section 5.4.1; Pietzner et al., 2017; cf. Appendix
E) or individuals with at most 5 % liver fat from
individuals with more than 5 % liver fat (cf. Section
5.4.2).
We developed a strategy to assess the prognostic
performance of miRNAs given time-to-event data.
Through rigorous assessment of the accuracy of
predictions derived from Cox regression models, we
could show that plasma miRNAs improve the prediction of major cardiovascular events (cf. Section
5.5.1; Jakob et al., 2017; cf. Appendix F).

1.3 Outline
In the remainder of this thesis, the content is organized in five chapters followed by the bibliography,
lists of frequently used abbreviations, figures, and
tables, the “Eigenständigkeitserklärung”, the author’s
curriculum vitae, and acknowledgements. Additionally, the publications that benefited from this thesis
are included as appendices.
Chapter 2 introduces omics in the context of
biomedical research. First, I provide a general understanding of omics studies and relate them to the
central dogma of molecular biology. I then briefly describe two cohorts whose data were used in projects
contained in this thesis. Specific omics levels, and
corresponding experimental procedures relevant for
this thesis are described in Sections 2.3 – 2.7. Additionally, the last sections of the chapter familiarise the reader with Alzheimer’s disease (AD), nonalcoholic fatty liver disease (NAFLD), and thyrotoxicosis, all of which were under scrutiny in projects
subsumed in this thesis.
Chapter 3 describes experimental procedures that
were used to generate the data that has been analysed in the context of this thesis. Note that the
outlined experiments were performed by collaboration partners in the corresponding projects. I open
the chapter by elaborating on the measurement of
plasma miRNAs in Section 3.1. Then, I outline the
RNA-Sequencing experiments in Section 3.2. In Sections 3.3 and 3.4, I provide information on the proteomics and metabolomics measurements, respectively. Experiments conducted with murine models
for Alzheimer’s disease are explained in Section 3.5.
I close the chapter with describing clinical measure-

ments such as liver fat quantification and miscellaneous molecular measurements in Section 3.6.
Chapter 4 provides the background for mathematical techniques employed in this thesis. I explain
principal component analysis and regression methods
in the first two sections. Then, I elaborate on the
assessment of classifier performance, before I explain
a specific classifier, namely random forest, in more
detail in the last section of the chapter.
Chapter 5 presents different analysis strategies developed in the context of this thesis. Each section
is devoted to a specific type of analysis. I begin by
elaborating on the development of an approach for
plasma miRNA association studies and I exemplify
it’s application to identify miRNAs associated with
liver fat and liver-related biomarkers. This is followed
by the presentation of analyses of RNA-Seq-based
transcriptome profiling studies of murine models for
AD and of X-irradiated human gingiva fibroblasts.
Moving on to different omics levels and data types,
I then describe the analysis of time-series proteome
and metabolome data from plasma samples in the
context of thyrotoxicosis. The last two sections focus
on classification approaches. I present strategies for
the identification of biomolecular signatures from
case-control data and from time-to-event data. Each
of the two strategies has been developed in the
context of specific projects that are briefly presented
in the corresponding section.
Chapter 6 discusses the projects that benefited
from this thesis. I first discuss the proof-of-principle
for miRNA association studies and our findings con-

3
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cerning miRNAs in the context of NAFLD. Then, I
discuss the two transcriptome profiling studies. The
following section is concerns itself with our investigation of a human model for thyrotoxicosis. After-

4

wards, I discuss the potential of miRNAs as prognostic biomarkers for major cardiovascular events and I
finally conclude the thesis at the end of the chapter.

2

Introduction

This chapter familiarises the reader with omics data and diseases
relevant in the context of this thesis. After a general introduction
of omics in Section 2.1, Section 2.2 briefly describes two cohorts
whose data were used for analyses. Section 2.3 – 2.7 then describe specific omics levels in more details. Furthermore, relevant
experimental methods and analysed data are also described in the
corresponding sections. Finally Sections 2.8 – 2.10 provide background on Alzheimer’s disease, non-alcoholic fatty liver disease, and
thyrotoxicosis, respectively. They also describe samples and wet-lab
work of the projects concerned with the corresponding diseases.

Omics in Biomolecular Medicine

2.1 Omics in Biomolecular Medicine

In 1953, James Watson and Francis Crick discovered the double helical molecular structure of DNA.
This was not only a very important achievement, but
can also be considered an enabling step for molecular
biological research. DNA itself and its encoding of
information have since been under scrutiny. Francis
Crick later postulated the central dogma of molecular biology:

Genome
miRNome
Transcriptome
Proteome
Metabolome

“

[The central dogma of molecular biology]
states that once “information” has passed
into protein it cannot get out again. [...]
Information means here the precise determination of sequence, either of bases in the
nucleic acid or of amino acid residues in the
protein.

Phenotype

”

– F.H.C. Crick, On Protein Synthesis,
1958
By now, the central dogma has been extended and
gotten considerably more complex. When the term
“information” is understood a bit broader than in
Cricks definition above, one realizes the immediate
connection between the central dogma and modern
omics science. These examine biomolecules of a
specific type, e.g. genes in the case of genomics.
The defining hallmark of any omics approach is the
investigation of multiple molecules at the same time,
putatively in very high numbers. According to the
extended central dogma of molecular biology, biological information flows within each omics layer and
passes between them (cf. Figure 2.1). Hence, the
extended central dogma also serves as motivation for
molecular biological research in a medical context.
Omics studies aim for elucidating molecular
aberrations associated with phenotypic outcomes.
These could be genetic predispositions or biomarkers
for specific diseases. Similar research in the past
focussed on single molecules. These could be single
genes as causal factors for Mendelian disease.
Many current clinical tests are also based on the
measurement of the quantity or activity of single
or few molecules such as the serum activity of the
liver derived enzymes alanine transaminase (ALT),
aspartate transaminase (AST), and γ-glutamyl
transferase (GGT). Advancements of both experimental and bioinformatic tools now allow for
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Fig. 2.1 Extended central dogma of molecular
biology. Information flow within and between
different omics layers is depicted schematically.
In order to reduce the complexity, the information flow is considered to be unidirectional
from the genome to the phenotype (which is
not generally true). MicroRNAs are depicted
separately as the miRNome due to their central
role in this thesis.

high-throughput screening approaches that are
capable of investigating a plethora of molecules
at the same time. A recent focus in the field is
the identification of signatures consisting of multiple
molecules. One expects two main advantages of such
signatures. First, they will lead to more accurate
and more robust stratifications of individuals, as
is pursued in individualized medicine. Second, they
provide further hints towards molecular processes
underlying the phenotypes under scrutiny.
The advances of hight-throughput technologies enable researchers not only to investigate multiple
molecules at once, but also to examine large numbers
of samples in cohort studies. Study cohorts generally
consist of many participants and thus provide much
improved statistical power over examining single individuals. They also have the advantage to likely
cover the whole variability of biomarkers of interest
and thereby provide robust evidence of associations
between biomarkers and diseases. Study cohorts can
either mimic the general population or include only
individuals suffering from a specific disease. Section
2.2 describes two specific cohorts of which data were
analysed in the context of this thesis. Specific omics
fields are introduced in Sections 2.3 – 2.7 along
with details on measurement techniques employed
typically and/or in the context of this thesis.

2.2 Cohorts
2.2.1 SHIP-TREND
SHIP-TREND is one of two cohorts in the
population-based Study of Health in Pomerania
(SHIP) — the other simply called SHIP (Völzke
et al., 2011). It is a longitudinal population-based
cohort study. The two main objectives of SHIP, as
described in Völzke et al., 2011, are: “(i) to assess
prevalence and incidence of common risk factors,
subclinical disorders and clinical diseases; and (ii)
to investigate the complex associations among risk
factors, subclinical disorders and clinical diseases.”
A key motivation for SHIP was to investigate the
reduced life expectancy in northeast Germany, the
region of todays federal state Mecklenburg-Western
Pomerania, compared to the former Federal Republic
of Germany and the former southern German Democratic Republic, after the German reunification.
A random sample (SHIP-TREND) of 8016 adults
aged 20 – 79 stratified with respect to age, sex,
and residence city was drawn from local population
registries in the Federal State of Mecklenburg/West
Pomerania. Of these, 4420 responded and could be
included in the study. The baseline characterization
of study participants had taken place from September 2008 to September 20121 . The first followup for SHIP-TREND has begun in March 2016.
SHIP-TREND subsumes a comprehensive panel of
approx. 8700 variables2 comprising questionnaires,
interviews, as well as clinical and laboratory measurements and even whole-body magnet resonance
imaging (MRI) scans. All of these were measured
in dedicated study centres by specially trained study
nurses, interviewers, readers, and investigators. Furthermore, there is an impressive body of omics data
of different levels available for many participants. A
subset of approx. 1000 non-diabetic SHIP-TREND
participants is particularly well characterised. Table
2.1 lists the omics data available for the SHIPTREND cohort.
Note that SHIP (and SHIP-TREND) does not address specifically selected diseases but rather tries
to monitor the overall health of the population.
Thus, its data provide a plethora of standardized and
quality-controlled phenotypic and molecular measurements. These data are of immense value for
addressing many research questions in the general
population.
The study complies with the Declaration of Helsinki
(WorldMedical Association, 1964) and has been

Table 2.1 Omics data available in SHIP-Trend. The
numbers indicate for how many participants the respective data are readily available. All counts < 1000
correspond to the same subset of ∼ 1000 individuals.
Omics Level
Genotypes
(rare / coding SNPs)
Genotypes
(common SNPs)
Whole blood
gene expression
Plasma microRNA
Plasma proteome
Urine proteome
Saliva proteome
Plasma metabolome
Urine metabolome
Saliva metabolome

Measurement Type

N

genotyping array

4270

genotyping array

986

expression array

991

RT-qPCR
mass-spectrometry
mass-spectrometry
mass-spectrometry
mass-spectrometry
mass-spectrometry
mass-spectrometry

708
200
197
185
957
971
915

approved by the local ethics committee.

2.2.2 SPUM-ACS
The Special Program University Medicine - Inflammation and Acute Coronary Syndrome (SPUMACS) cohort is a Swiss multicentric prospective cohort (ClinicalTrials.gov NCT01000701; Klingenberg
et al., 2015). As the name suggests, it focusses on
patients suffering from acute coronary syndrome. A
major focus of the cohort has been assessing drug
safety profiles and prognosis of ACS patients.
From September 2009 to October 2012, 2168 patients had been recruited at four University Hospitals
(Zurich, Bern, Lausanne, Geneva). The SPUM-ACS
cohort contains women and men who are at least 18
years old and have been diagnosed with ST-elevation
myocardial infarction (STEMI), non-STEMI, or unstable angina, following their presentation in the
hospital within five days of pain onset. Other symptoms compatible with angina pectoris included chest
pain and dyspnoea. Furthermore, included patients
fulfilled at least one of the following criteria:
• evidence of positive troponin by local laboratory reference values (with a rise and/or fall in
serial troponin levels), or
• persistent ST segment elevation or depression, T-inversion or dynamic electrocardiogram
changes, new left bundle branch block, or

1 http://www2.medizin.uni-greifswald.de/cm/fv/ship/studienbeschreibung/
2 personal

communication with Kristin Henselin from SHIP Data Management
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• known coronary artery disease or myocardial
infarction, coronary artery bypass graft, percutaneous coronary intervention, or newly documented stenosis (≥ 50%) of an epicardial
coronary artery during the initial catheterisation.
If patients were unable to comprehend the study,
suffered from severe physical disability, or had less
than one year of life expectancy for non-cardiac
reasons, they were excluded.
All included patients were diagnosed with ACS and
underwent coronary angiography. They received an
adjudicated follow-up for major cardiovascular events
(MACEs) occurring within one year (365 d) after
hospital release. MACEs subsume cardiac or vascular
death, myocardial infarction (according to the Euro-

pean Society of Cardiology Classification described
in Hamm et al., 2011), coronary revascularisation
and definite stent thrombosis. The first examination
was conducted as telephone interview 30 d after
release. The second examination included a clinical
visit after one year. For each patient, it was recorded
if and when a MACE occurred. For all patients there
is comprehensive information available about their
medical history, their medication and treatment, as
well as adjudicated assessments and scores for ACSrelated outcomes. For many patients, there are also
plasma samples available.
The study adhered to the Declaration of Helsinki
(WorldMedical Association, 1964) and has been approved by the local ethics committees of participating institutions.

2.3 Genomics

The term “genome” refers to the complete DNA
sequence of an organism or specimen. Genomics is
the study of properties or functions encoded by the
genome. With the advancement of high-throughput
technologies such as genotyping microarrays (Bumgarner, 2013; LaFramboise, 2009), it has become
feasible to investigate the genetic basis of complex
traits and diseases at a large scale.
Genotyping microarrays characterize hundreds
of thousands of single nucleotide polymorphisms
(SNPs) in fast and relatively cheap experiments.
They contain unique nucleotide probe sequences that
hybridize to specific single-stranded target DNA subsequences. Hybridization between a probe and the
target sequence is finally confirmed by a fluorescence signal that allows to identify the SNP allele.
The exact biochemical origin of the signal varies
across different microarray manufacturers (LaFramboise, 2009). While genotyping microarrays typically
cover the whole genome albeit in a coarse resolution,
specific array types are enriched for rare and nonsynonymous variants — i.e. SNPs with a low minor
allele frequency, typically ≤ 1 % (Manolio, 2010), or
leading to changes in protein sequences — such as
the Illumina ExomeArray3 .
Those microarrays fostered genome-wide association studies (GWASs) having become a prominent

approach to disentangle the interplay between genomic variations, focussing on SNPs, and phenotypes
of interest (Bush and Moore, 2012; Hirschhorn and
Daly, 2005; Manolio, 2010; Welter et al., 2014). The
advent of comprehensive reference panels including
the 1000 Genomes project (Auton et al., 2015)
and the Haplotype Reference Consortium (McCarthy
et al., 2016) enabled large-scale imputation of genotype data. Due to the haploblock structure of the
human genome — meaning that certain stretches
of the DNA are inherited as conserved sequences
with localized recombination hotspots in between
— it is possible to impute alleles at SNPs that
have not been genotyped. Hence, GWASs typically
comprise millions of genetic variants. Investigated
phenotypes comprise, among others, biomedically
relevant traits such as haemostatic factors (Huffman
et al., 2015), cognition (Joshi et al., 2015), blood
cell traits (Chami et al., 2016; Eicher* et al., 2016;
Tajuddin et al., 2016), or ectopic storage of fat (Chu
et al., 2017). Commonly GWASs are also performed
to identify susceptibility loci for complex diseases like
multiple sclerosis (Andlauer et al., 2016), chronic
periodontitis (Kasbohm et al., 2017), or atrial fibrillation (Lin et al., 2016). GWASs are even employed
to investigate the relationships between the genome
and other omics levels, such as the metabolome
(Cornelis et al., 2016; Raffler et al., 2015).

3 https://www.illumina.com/products/by-type/microarray-kits/infinium-core-exome.html
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2.4 MicroRNAs
In 1993, Rosalind Lee and colleagues discovered the
first microRNA (miRNA) recognized as such in C.
elegans (Lee, 2001; Lee et al., 1993). It took another
couple of years before miRNAs were also identified
in other organisms, e.g. fly and human (LagosQuintana, 2001). These small RNA molecules have
an average length of approx. 22 nt and share a
specific maturation process (He and Hannon, 2004)
which is briefly depicted in Figure 2.2.
The main purpose of miRNAs is the posttranscriptional regulation of gene expression. They
are involved in many important cellular processes
such as DNA repair, oxidative stress response, cell
differentiation, proliferation, apoptosis, and others
(Ameres and Zamore, 2013). MiRNAs exert their
main regulatory role in cooperation with RNAinduced silencing complexes (RISCs). In a RISC,
they can be seen as guides and bind to the 3’untranslated-region of their target mRNA. This pairing leads to translational repression or mRNA decay (Iwakawa and Tomari, 2015). Recently, it has
been discovered that miRNAs can also activate gene
expression (Ameres and Zamore, 2013; Vasudevan
et al., 2007), e.g., by binding to the promoter region
of target genes (Place et al., 2008). Strikingly, the
hepatitis C virus requires miR-122 for replication
of its RNA (Henke et al., 2008; Jopling, 2005). It
has been exemplified that miRNAs regulate multiple
mRNAs each and early predictions suggested that
the vast majority of mammalian mRNAs are targeted
by miRNAs (Friedman et al., 2009; Lim et al., 2005).
The current release of miRBase (Kozomara and
Griffiths-Jones, 2014) — a comprehensive database
of sequences and annotations of miRNAs of multiple
species — contains approx. 2600 mature human
miRNAs. The regulatory interplay between miRNAs
and mRNAs has been recognized as a complex network. Not only do single miRNAs target multiple mRNAs, but single mRNAs are also targeted by multiple
miRNAs (Bartel, 2009; Hausser and Zavolan, 2014).
It has been known for some time, that miRNAs do
Fig. 2.2 Biogenesis and maturation of miRNAs. Pri-miRs are
transcribed from miRNA genes
and exported into the cytosol.
The stemloop is cleaved by
Dicer and yields a miR-miR
duplex. Mature single-stranded
miRNAs then either bind to the
RNA-induced silencing complex
(RISC), or are released from the
cell via different routes.

not only occur within cells, but can also be found as
circulating molecules in body fluids, e.g. blood (Gilad
et al., 2008; Mitchell et al., 2008). In vitro, blood can
be separated in three components via centrifugation.
The top layer (∼ 55 %) consists of plasma, proteins,
and other nutrients. The bottom layer (∼ 45 %)
contains red blood cells. In between the two is the
buffy coat layer (< 1 %) which comprises white blood
cells and platelets. Circulating miRNAs are not only
found within the blood cells, but also in cell-free
forms in the plasma. Plasma miRNAs are bound to
transport proteins or encapsulated in microvesicles
and exosomes (cf. Figure 2.2) (Hunter et al., 2008;
Vickers et al., 2011). In this way, they are protected
from degradation and can travel from their cell of
origin to their target cell.
There are hypotheses, that miRNAs are actively
released by some cells and are taken up by specific
target cells where they act as endogenous regulators
(Chen et al., 2012). This would allow for long-range
signalling similar to the endocrine system. While this
is still under debate, evidence for these hypotheses
accumulates. It has recently been demonstrated that
miRNAs synthesised in adipose tissue specifically
regulate gene expression in the liver (Thomou et al.,
2017).
The abundance of miRNAs varies considerably not
only between body fluids and tissues, but also within
tissues. While there is an estimated average of 500
mature miRNA molecules per cell in tissues, their
copy number distribution spans a 4-fold log dynamic
range (Pritchard et al., 2012). The amount of miRNAs in body fluids is approx. 100-fold lower than in
tissues or cell lines (Nair et al., 2014). Nevertheless,
cell-free circulating miRNAs can be reliably measured
in plasma samples (Creemers et al., 2012; Mitchell
et al., 2008). Although miRNA profiling studies were
conducted in many biofluids such as saliva, urine,
cerebrospinal fluid, and breast milk (Machida et al.,
2013; Munch et al., 2013; Park et al., 2009; Van
Pottelberge et al., 2011; Weber et al., 2010), blood
Drosha,
Exportin

pri-miR

Nucleus

pre-miR

Dicer

miR-miR

RISC
mRNA target

miRNA
Multivesicular Bodies

Cytosol
Argo-2
Protein Complexes
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is the most often studied body fluid.
Since their discovery, miRNAs — especially circulating miRNAs — are under scrutiny for their
usefulness as biomarkers (De Guire et al., 2013;
Esteller, 2011). They have been associated with
many different diseases and there is an especially
impressive body of literature on the role of miRNAs
in cancer and cardiovascular disease (Allegra et al.,

2012; Creemers et al., 2012). Notably, miRNAs are
not only used as biomarkers, but miRNA-based therapeutic strategies are being developed as well, for
cardiovascular and other diseases (Castanotto and
Rossi, 2009; Thum, 2012). As mentioned above, the
hepatitis C virus needs miR-122 for RNA replication.
Hence, hepatitis C viral load can be reduced by
inhibiting miR-122 (Janssen et al., 2013).

2.5 Transcriptomics

The transcriptome is the entirety of transcripts of
an organism or specimen at a certain time or in
a certain condition. Albeit, the term often refers
to the messenger RNA (mRNA) content only and
does not include other RNAs. Although transcript
abundance does not correlate perfectly with protein abundance, the transcriptome still provides an
informative situation-specific snapshot of leveraged
genetic potential (Hack, 2004).
Transcriptomics often refers to the study of
mRNAs and the term is used synonymously for gene
expression studies. So-called transcriptome-wide association studies (TWASs; Ramasamy et al., 2008;
Schurmann et al., 2012) are a prominent approach
that, analogously to GWASs, is usually conducted
with data obtained from microarray experiments.
TWASs in cohort studies such as SHIP (cf. Section
2.2.1) mostly analyse whole-blood gene expression.
While the principle of gene expression microarrays
is similar as for genotyping microarrays, the fluorescence signal here quantifies the amount of mRNA initially present in the analysed sample (cf. Figure 2.3;
Brown and Botstein, 1999; Bumgarner, 2013). The
spectrum of phenotypes investigated in TWASs is
as broad as for GWASs, including, e.g., associations
between gene expression and muscle strength (Pilling
et al., 2016), or even the integration with other
omics data to elucidate the molecular background
of body weight change (Wahl et al., 2015).
Microarrays are relatively cheap compared to other
comprehensive transcriptome measurements and allow for high-throughput experiments requiring low
RNA input. However, they have a couple of limitations. They rely on previous knowledge about the
sequence of transcripts or genes, they suffer from
cross-hybridization and low signal-to-noise ratios,
and they have a limited dynamic range due to a high
background signal and saturation of probes (Bumgarner, 2013; Okoniewski and Miller, 2006). These
drawbacks can be alleviated by sequencing-based
approaches.
10

2.5.1 RNA-Sequencing
Early sequencing techniques were developed in the
mid 1970s by Frederick Sanger (Sanger and Coulson,
1975). The main idea behind Sanger sequencing is
to terminate chain elongation after each step during
DNA synthesis and determine which nucleotide has
been incorporated. To this end, special dideoxynucleotides are used preventing further elongation of
the currently synthesized DNA strand (Sanger et al.,
1977). A more scalable variant of Sanger sequencing
was employed, e.g., for the Human Genome Project
(International Human Genome Sequencing Consortium, 2004; Lander et al., 2001; Venter et al., 2001).
Sequencing techniques have since been improved
tremendously, leading to next-generation sequencing
(NGS) (Shendure and Ji, 2008). NGS allows for
ever increasing throughput and decreasing costs per
sample, providing millions of reads per run. While
NGS technologies vary in their specific implementation, all approaches use a single stranded DNA
molecule as template for the iterative synthesis of
the complementary strand (Metzker, 2010). After
each step, the change of the sequence is recorded
allowing for its reconstruction. Although early NGS
approaches suffered from rather short read lengths,
recent developments alleviate this shortcoming (Van
Dijk et al., 2014).
NGS has a wide array of applications in genomics
and transcriptomics including sequence determination, expression quantification, and more (Mardis,
2008; Morozova and Marra, 2008). RNA-sequencing
(RNA-Seq) leverages NGS technology to sequence
complementary DNA (cDNA) generated from an
RNA pool (cf. Figure 2.4; Wang et al., 2009b). In
contrast to gene expression microarrays, RNA-Seq
is not restricted to known annotated sequences, it
detects transcripts at a much higher sensitivity than
microarrays and covers a considerably larger dynamic
range for quantification (Sultan et al., 2008).

(m)RNA

(m)RNA

Labeled singlestranded cDNA

(m)RNA
fragments

cDNA

Sequencing library

NGS
Hybridization
on microarray

Short reads
Coding sequence

Scanning of
microarray

Aligned coding reads

Expression level per base
Expression level
per spot / transcript

Fig. 2.3 Principle of gene expression microarrays. Processing of the isolated RNA results
in labeled cDNA complementary to the input
RNA. The pool of cDNA molecules is hybridized with the probes on the microarray.
Each spot on the microarray harbours probes
for a specific transcript. After excitation of
the microarray, a fluorescence signal allows to
quantify the amount of transcripts bound at
each spot.

Fig. 2.4 Principle of RNA-sequencing. Isolated
mRNA is either directly fragmented or transcribed into cDNA. Then, a sequencing library
is constructed and each cDNA is sequenced
by NGS technology. The obtained reads are
aligned to a reference genome and possibly
classified, e.g. into coding and non-coding
reads. While the expression level can in principle be quantified on a per-base resolution,
the expression of a gene is usually quantified
in relation to the reads mapping to its coding
sequence. Inspired by Wang et al., 2009b.

2.6 Proteomics
Biochemically, proteins are polypeptide chains fused
via so-called peptide bonds between the α-amino and
α-carboxyl groups of consecutive amino acids. They
can be considered molecular machines of the cell and
are involved in the gros of biological processes. They
work either by themselves or in complex with other
proteins or even other types of biomolecules. RNAinduced silencing complexes (RISCs) are a prominent
example, consisting of argonaute proteins and small
regulatory RNAs (Pratt and MacRae, 2009). These
heterogeneous biomolecular complexes can target
specific mRNAs for silencing and are thus important
for gene expression regulation. In analogy to the
genome, the entirety of proteins in a given specimen
is called the proteome. Note that in contrast to the
genome, the proteome is defined with respect to the
specific conditions of the sample. Proteomics refers

to the study of the entire proteome or a subset
thereof, in contrast to studying only few or even
single proteins.
Proteomics has become a central tool for the study
of biological systems, since it allows for identification
and quantification of the molecular machines of cells.
It is recognized as important discipline within medical
research as well. It aids considerably in understanding
aberrations and disturbances in molecular processes
in the context of diseases and paves the way towards
biomarker and therapy discoveries (Banks et al.,
2000; Jungblut et al., 2007; McDonald and Yates,
2002; Weston and Hood, 2004).
Many different techniques are used in proteomic
research including imaging (Amstalden van Hove
et al., 2010; Kherlopian et al., 2008), immunoas-
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says (Lequin, 2005; Miles and Hales, 1968), microarrays (MacBeath, 2002), and others. Yet, massspectrometry (MS) dominates the field, especially
for the profiling and analysis of complex samples
like biofluids in the search for biomarkers (Deracinois
et al., 2013; Meng and Veenstra, 2007; Zhang et al.,
2013; Zhou et al., 2005). This is mainly due to
recent advances increasing the throughput and dynamic range of MS (Michalski et al., 2011; Swanson
and Washburn, 2005; Yates et al., 2009) and the
possibility of MS-based quantification of proteins,
e.g. via stable isotope labelling (Ong and Mann,
2005).

2.6.1 Mass-Spectrometry
MS separates ionized chemical species based on
their mass-to-charge (m/z) ratio. Before samples are
let into a MS instrument, they are usually fractionated based on other characteristics to increase measurement resolution. For some time, two-dimensional
gel-electrophoresis (2DGE) has been a very prominent technique for this purpose (MacGillivray and
Rickwood, 1974; Rabilloud, 2002). It first separates
proteins with respect to their isoelectric point via
isoelectric focusing and then based on their molecular
mass via a sodium dodecyl sulphate polyacrylamide
gel electrophoresis. In the gel, protein spots in can
afterwards be stained, cut out, and analysed further,
e.g. via MS.
While still being used today, e.g. for targeted studies of post-translational modifications or when intact proteins are required, 2DGE has a number of
limitations. It is rather expensive, fairly insensitive,
and has a narrow dynamic range biased towards
highly abundant proteins (Baggerman et al., 2005;
Rabilloud, 2002). Therefore, a number of gel-free
approaches have been developed that leverage chromatographic methods prior to MS analysis (Aebersold and Mann, 2003; Baggerman et al., 2005; Yates
et al., 2009). Shotgun proteomics is a particularly
powerful approach for the analysis of complex samples. Typically proteins are first digested into peptides which are then separated based on their hy-

drophobicity through chromatography. A widely applied technique is ultra-pressure liquid chromatography (UPLC) which uses the principle of reverse-phase
chromatography (RPC) (Yates et al., 2009). RPC
employs a hydrophobic stationary phase to separate
peptides based on hydrohilic /-phobic interactions.
Hydrophilic molecules can pass the column unhindered and are eluted first. The more hydrophobic a
molecule, the more strongly it binds to the stationary
phase and its elution requires a higher concentration
of organic solvent in the mobile phase. Thus, the
elution of molecules can be controlled with a solvent
gradient over time.
An important step during MS is the non-degrading
ionization to transfer polar, non-volatile compounds
such as peptides into the gas phase for measurement.
While different ionization methods exist, electrospray
ionization (ESI) is certainly one of the most frequently applied (Yates et al., 2009). ESI produces ion
droplets from an input solution through application
of high voltages (2-6kV). It is sensitive to the analyte
concentration and the input flow rate. An ESI source
is well suited to follow RPC and directly submit the
ions to a continuous MS analysis instrument.
Mass analysers such as the Orbitrap separate ions
with respect to their mass-to-charge (m/z) ratio.
The Orbitrap uses electrostatic fields to trap ions
that orbit around a central electrode and oscillate in axial direction. The time-domain signal is
transformed into m/z spectra using a fast Fourier
transform algorithm. In so-called tandem MS — or
MS/MS or MS2 — two MS-scans are performed in
between which precursor ions with a specific m/z
ratio are further fragmented which increases sensitivity. Combinations of the Orbitrap with a linear
ion trap such as the LTQ-Orbitrap or Q-Exactive
instruments offer very high resolution, mass accuracy
and dynamic range together with high speed and
sensitivity (Michalski et al., 2011; Yates et al., 2009).
Specific algorithms (search engines) are used to
identify the peptides based on the ion spectra measured in MS and the original proteins are subsequently identified by mapping the peptides onto protein sequences (Tessier et al., 2016).

2.7 Metabolomics
Metabolites
are
small
molecules
(typically < 1.5 kDa) that are intermediates or products of
metabolism. Their functions are manifold, including
signalling, regulation, immune reactions, and even
interactions with other organism (e.g. pheromones).
As with other omics, the set of metabolites
contained in a given specimen under specifically
12

defined conditions is called the metabolome and
the investigation thereof is called metabolomics.
A relatively new addition to the omics family,
metabolomics is considered to be closest to the
actual phenotype. The metabolome is very dynamic
and can provide insights into the current state of

an organism to a resolution unparalleled by other
omics levels (Fiehn, 2002; Holmes et al., 2008;
Nicholson et al., 1999; Ryan and Robards, 2006).
It has quickly been established as a versatile tool
for systems biology and medicine whose applications
include disease diagnostics, drug target discovery,
and biomarker identification (Wishart, 2016).
The two major techniques employed in
metabolomics are MS (cf. Section 2.6.1) and nuclear
magnetic resonance spectroscopy (NMR). MS in
metabolomics is frequently combind with liquid

chromatography (LC-MS) or gas chromatography
(GC-MS). NMR records chemical shifts as a reaction to strong electro-magnetic fields. Similar
to MS, the recorded spectra are compared to
databases to identify the measured substance. Both
approaches have their advantages and drawbacks
and are complementing each other. While NMR is
non-destructive, non-biased, and easily quantifiable,
it is far less sensitive than MS (Dunn et al., 2005;
Wishart, 2008; Zhang et al., 2012). Metabolomics
data investigated in the context of this thesis were
obtained using MS.

2.8 Alzheimer’s Disease
With an estimate of more than 44 million cases
world-wide, dementia is a heavy health burden. This
number is projected to rise to 115 million by 2050
(Prince et al., 2013). Alzheimer’s diseases (AD) is
a neurodegenerative disorder that accounts for 60 –
80 % of dementia cases (Alzheimer’s Association,
2016). The specific neuropathological characteristics of the progressive neurodegenerative disorder
were first described in 1906 when Alois Alzheimer’s
presented the case of Auguste Deter at the 37th
meeting of the Society of Southwest German Psychiatrists in Tübingen. The patient suffered from
memory disturbance and molecular characteristics
comprising miliary bodies (plaques), dense bundles of
fibrils (tangles), and neuron loss (Alzheimer, 1907,
1911; Goedert and Spillantini, 2006; Small and Cappai, 2006). The plaques are composed of amyloidβ (Aβ) and are surrounded by dystrophic neurites
and neurofibrillary tangles (Alzheimer’s Association,
2012). AD is usually also accompanied by inflammatory processes, cerebral atrophy and amyloid angiopathy (Wirths and Bayer, 2012). Apart from
memory impairment, patients also suffer from other
cognitive decline as well as non-cognitive symptoms
like personality changes (Alzheimer’s Association,
2012).
For sporadic late-onset AD, which is responsible
for the majority of cases, there are no known causal
genetic aberrations. The only confirmed risk factor
for this form of the disease is the apolipoprotein
E (ApoE) ε4 (Blennow et al., 2006). While only a
subgroup of patients suffer from early-onset familial
AD, this form of the disease is by no means less
drastic in its manifestation. Familial AD is caused
by rare single mutations in genes encoding for the
amyloid precursor protein (App) and presenelin-1 or
presenelin-2 (Psen1, Psen2, respectively) (Bertram
et al., 2010).
The “amyloid hypothesis”, proposed more than 25

years ago, claims extracellular β plaques to be the
major driver of AD (Hardy and Allsop, 1991). Although this was supported by the finding that earlyonset familial AD can be caused by high levels of Aβ
peptides (Selkoe, 1998), plaque load does only poorly
correlate with AD symptoms in humans (Lesné et al.,
2013; Price and Morris, 1999) or mouse models
(Moechars et al., 1999; Schmitz et al., 2004). Further studies have shown that the amount of soluble Aβ exhibits much higher correlation (McLean
et al., 1999; Näslund et al., 2000; Selkoe, 2011).
The “modified amyloid hypothesis” suggests that
plaque formation follows intraneuronal accumulation
of Aβ (Wirths et al., 2004). This is supported by
accumulating evidence for the importance of soluble
Aβ oligomeric species and N-truncated Aβ peptides
such as Aβ4−42 for disease initiation and progression
(Benilova et al., 2012; Christensen et al., 2008;
Haass and Selkoe, 2007; Haupt et al., 2012; Jawhar
et al., 2011; Masters et al., 1985; Roychaudhuri
et al., 2009). Figure 2.5 schematically contrasts the
two hypotheses.
In vitro and in vivo analyses of amyloid deposits
in AD-affected brains revealed different variants of
the Aβ peptide (Masters et al., 1985; Miller et al.,
1993; Prelli et al., 1988). The majority (64 %) of
the peptides in amyloid plaques of AD start with a
phenylalanine corresponding to the fourth amino acid
in the full-length peptide (Aβ4−42 ). The Aβ4−42 peptide is also the dominant species in the hippocampus
and cortex of AD patients (Portelius et al., 2010). In
order to investigate the long-lasting neurotoxic effect
of Aβ4−42 , Yvonne Bouter and colleagues recently
generated the Tg4-42 mouse model for early-onset
familial AD (Bouter et al., 2013). This model has
no mutation in the beta amyloid gene and exclusively produces Aβ4−42 to a very high amount in
the hippocampus. This leads to cell death and thus
neuronal degradation in the hippocampus, whose
13
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main functions entail memory and learning.
To shed light on the genetic and transcriptomic
basis of AD, several microarray-based transcriptome
profiling studies have been performed (Sutherland
et al., 2011). These studies aimed for identifying
differentially expressed genes (DEGs) in mouse models as well as in human brains post-mortem. Such
genes are putatively involved in the pathogenesis of
AD. Although the disease has been shown to be
tremendously complex, some biomolecular characteristics could be commonly identified. These include increased neuroinflammatory processes, mitochondrial dysfunction and perturbed intracellular
signalling. (Cooper-Knock et al., 2012; Loring et al.,
2001; Marcotte et al., 2003; Mirnics and Pevsner,
2004)

2.8.1 Transgenic Mouse Models
Transgenic mouse models have proven immensely
useful for studying the molecular aberrations underlying AD pathology. Investigated neuropathological features include amyloid deposition (Haass
and Selkoe, 2007), inflammatory reactions (Akiyama
et al., 2000), or tau phosphorylation (Ballatore et al.,
2007). However, extensive neuron loss, another hallmark of AD, is still underrepresented in most models (Wirths and Bayer, 2012). Transgenic animals
included in our studies described in Section 5.2.1
exhibit severe neuron loss. The APP/PS1KI mice,
e.g., have been shown to suffer from neuron loss
in the CA1 region of the hippocampus, the frontal
cortex, and the cholinergic system, already when
only six month old (Casas et al., 2004; Christensen
et al., 2008). They also exhibit memory deficits
and impaired long-term potentiation (Breyhan et al.,
2009; Wirths et al., 2008).
5XFAD mice represent a model for familial AD
(Oakley et al., 2006). They produce high levels of
14

Fig. 2.5 Amyloid Hypotheses.
Aβ leads to dysfunction of
synapses and neurons. This
induces degeneration and loss
of neurons. On a larger scale,
this finally leads to cerebral
atrophy. (a) The amyloid hypothesis claims a causal role
for extracellular Aβ plaques.
(b) The modified amyloid hypothesis attributes the beginning of the pathological cascade to intracellular accumulation of soluble Aβ in neurons.

App659, a mutated amyloid precursor protein combining the Swedish, London, and Florida mutations.
Additionally they highly express a Psen1 variant that
encodes human Presenilin 1 carrying the mutations
M146L and L286V. As the corresponding cDNAs
have been subcloned into exon two of the murine
Thy1 cassette, both transgenes are under control of
the Thy1 promoter, while being integrated at distinct
genomic loci. The 5XFAD animals exhibit a massive
increase in abundance of several Aβ species such as
Aβ1−42 , Aβ1−40 , Aβ3−42 , Aβ4−42 , and pyroglutamate AβpE3−42 (Wittnam et al., 2012). These Aβ
species are not only found in soluble form but also
contribute to an early and heavy plaque load in the
mouse brain. To obtain an incipient congenic mouse
line, 5XFAD mice were backcrossed to C57Bl/6J
wild type mice (Jackson Laboratories, Bar Harbor,
ME, USA) for more than eight generations.
The Tg4-42 mouse model was recently developed
by Yvonne Bouter and colleagues (Bouter et al.,
2013). These mice produce human Aβ4−42 as the
only Aβ species, fused to the murine TRH signal
peptide. The expression of the corresponding gene is
controlled by the murine neuronal Thy1 promoter.
The mice exhibit a strong AD-typical phenotype
encompassing neuron loss and behavioural deficits.
However, they do not develop any extracellular
plaques.
PS1KI mice over-express murine Psen1 carrying
the M233T/L235P mutations on a homozygous
knock-in background. APP/PS1KI mice additionally over-express a mutant human amyloid precursor
protein (App751) carrying the Swedish and London
mutations (Casas et al., 2004). Due to the mutant
murine Psen1 being controlled by the endogenous
promoter, the mice lack wild type Psen1. App751
is expressed under the control of the neuronal Thy1
promoter. APP/PS1KI mice show manifold pathologies in different brain regions when six month old.
These pathologies include neuron loss in the CA1

region, the frontal cortex, and the cholinergic brain
stem, as well as hippocampal atrophy, extracellular
amyloid pathology, and deficits in working memory
and behaviour (Breyhan et al., 2009; Christensen

et al., 2010; Wirths et al., 2010, 2008). This makes
them one of the most comprehensive amyloid-based
murine models for AD.

2.9 Non-Alcoholic Fatty Liver Disease
The liver is the largest inner organ in the human
body. It is extremely important for many metabolic
and immune-related processes including among others nutrient metabolism, plasma protein synthesis, bile acid secretion, detoxification, pathogen defence, and acute phase responses to inflammation
(Häussinger, 1996). Fatty liver disease (FLD) comprises a variety of pathological liver conditions. One
can distinguish between FLD due to excessive alcohol consumption and non-alcoholic FLD (NAFLD).
Common thresholds for excessive alcohol consumption are 20 g/d for men and 10 g/d for women. The
major hallmark of FLD is high hepatic fat content.
More than 5 % liver fat in volume or weight is usually
considered pathological (Hassan et al., 2014).
Since its discovery in the 1980s (Ludwig et al.,
1980), the incidence and prevalence of the disease
have been increasing (Hassan et al., 2014). The
world-wide prevalence of NAFLD in the general population was estimated in a number of studies based
on different definitions and assessment methods and
ranged from 6–33 % (Chalasani et al., 2012). In the
United States, NAFLD is even deemed responsible
for 75 % of chronic liver diseases and a leading
indication for liver transplantation (Younossi et al.,
2011).
Many people live with NAFLD unimpaired by it.
NAFLD patients are often asymptomatic or display non-specific symptoms such as fatigue. Yet,
NAFLD is part of the metabolic syndrome and is
a pronounced risk factor for cardiovascular diseases
(Targher, 2007). After progression, NAFLD can develop into non-alcoholic steatohepatitis (NASH) and
eventually lead to cirrhosis (Haga et al., 2015). Additionally to the increased lipid deposition in the liver,

NASH includes inflammation, hepatocyte injury, and
fibrosis (Chalasani et al., 2012). NASH induces comorbidities with liver-, cardiovascular-, and cancerrelated deaths (Adams et al., 2005; Rafiq et al.,
2009). It is yet impossible to diagnose non-invasively
(Sanyal et al., 2015). Although some scoring systems are available to estimate the degree of fibrosis
(McPherson et al., 2010), a liver biopsy is necessary
for ascertaining presence or absence of suspected
fibrosis or steatohepatitis (Hashimoto et al., 2015).
In early stages, NAFLD can easily be cured by
a change of food intake or lifestyle, specifically by
weight reduction (cf. Figure 2.6; Angulo, 2002;
Baumeister et al., 2008; Chalasani et al., 2012; Vogt
et al., 2016). It is therefore warranted to diagnose
NAFLD as early as possible. Widely used biomarkers
for liver diseases are the liver-related enzymes alanine
aminotransferase (ALT), aspartate aminotransferase
(AST), and γ-glutamyl transferase (GGT) (Gowda
et al., 2009; Singh, 2013). ALT is found in multiple
tissues but to the highest concentration in liver. It
is a cytoplasmic enzyme catalysing the transfer of
an amino group from alanine to α-ketoglutaric acid.
Any type of liver damage can lead to pronounced increases of serum ALT levels due to hepatocyte lysis.
AST catalyses a similar reaction as ALT, but uses
aspartate as substrate. AST is also found in multiple
organs. It exists in two isoforms of which the mitochondrial one (70 – 80 %) is predominantly found in
liver. The mitochondrial isoenzyme is released in the
blood stream only upon cell lysis. Thus, AST is also a
marker of liver injury. Especially the AST/ALT ratio
is a well established marker for FLD progression,
fatty infiltration of the liver, and cirrhosis (Amarapurka et al., 2006; Nanji et al., 1986; Ohgo et al.,

Fig. 2.6 MRI-based liver fat
quantification. The left panel
shows an MR image of an
overweight subject. The liver
has a fat content of 17 %.
The image on right shows the
same subject after a weightloss program. Liver fat has
reduced to 3 %. The figure is
taken from Vogt et al., 2016.
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2009; Williams and Hoofnagle, 1988). With a higher
ratio, FLD has likely progressed further. GGT is
found in many tissues, most notably in the liver. It
is involved in amino acid transfer, leukotriene and
glutathione metabolism. Elevated serum activity of
GGT is indicative for liver damage in genereal and

for cholestatic diseases of the liver in which also the
biliary system or the pancreas are affected (Giannini,
2005; Lum and Gambino, 1972). Notably NAFLD
has been identified as the most common cause of
elevated levels of the described liver-related enzymes
(Vernon et al., 2011).

2.10 Thyrotoxicosis
The thyroid gland is of crucial importance for whole
body homeostasis as its main secretion products,
thyroxine (T4) and triiodothyronine (T3), are involved in numerous molecular processes that are
part of important biological processes, including
growth and differentiation of tissues (Sinha et al.,
2014; Visser, 2013; Yen, 2001). T4 and T3 are
commonly also referred to as thyroid hormones
(THs). TH synthesis and secretion are regulated via
the hypothalamus-pituitary-thyroid axis (HPTA) (cf.
Figure 2.7). The hypothalamus releases thyrotropin
releasing hormone (TRH) which stimulates the pituitary. The pituitary in turn stimulates the thyroid
gland through the release of thyrotropin, also known
as thyroid stimulating hormone (TSH). Circulating
THs exert negative feedback and suppress production and release of both TRH and TSH. The gross
of circulating T4 (> 99 %) is bound to proteins such
as thyroxin-binding globulin, transthyretin, and albumin. Only the free circulating T4 (FT4) is reaching
its target cells and is taken up to become biologically
active (Visser, 2013).
The cellular uptake of THs is mediated by specific
TH transporters. After cell entry, T4 is deiodinated
and becomes 3,3’,5-triiodo-L-thyronine (T3), the
biologically active molecule. One distinguishes between genomic and non-genomic action of THs. The
genomic action involves the nuclear TH receptors
(TRs), TRα and TRβ, for which T3 serves as
main ligand. The TRs form heterodimers with
auxiliary proteins, e.g. the retinoid X receptor (RXR),
or homodimers both binding to specific thyroid
hormone response elements (TREs). TREs are DNA
cis elements located upstream of TH target genes.
Binding of the T3 ligand to TRs causes modulation
of their transcriptional trans-activation activity by
inducing the exchange of associated co-activator
against co-repressor complexes or vice versa. This
finally results in positive or negative transcriptional
regulation of TH target genes. T3 binding to
extra-nuclear receptors, e.g. cytoplasmic TRα
isoforms, constitutes non-genomic TH action. In this
case, specific phosphorylation cascades are initiated.
The impact of these non-genomic actions seems
less important compared to direct transcriptional
16
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Fig. 2.7 Schematic representation of the
hypothalamus-pituitary-thyroid axis. The hypothalamus releases TRH stimulating the pituitary, which in turn releases TSH to stimulate
the thyroid. The thyroid secretes mainly (75 –
85 %) T4 and a smaller portion T3 (15 – 25 %.
After uptake by the target cell, T4 is deiodinated
by specific deiodinases (DIO1 or DIO2) to T3.
T3 in turn exerts negative feedback on the
hypothalamus and the pituitary.

gene regulation (Davis et al., 2015).
As THs are crucially involved in the regulation of
human metabolism, thyroid disease or dysfunction
(TD) can have severe consequences. There are, e.g.,
strong effects of THs on body weight, thermogenesis and mood (Sinha et al., 2014). TD has also
been identified as a risk factor for many diseases
such as cardiovascular disease, non-alcoholic fatty
liver disease, type-2 diabetes, and others (Chung
et al., 2012; Klein and Danzi, 2007; Venditti and Di
Meo, 2006). Hypothyroid patients, i.e. people suffering from reduced thyroid function, gain weight and
complain about diverse symptoms, including fatigue,
constipation or bradycardia. This results from a de-

A Human Model for Thyrotoxicosis

creased basal metabolic rate, particularly in skeletal
muscle (Mullur et al., 2014). Hyperthyroidism or
thyrotoxicosis, i.e. TH excess due to missing TSH
suppression, on the other hand, leads to weight loss,
anxiety, tachycardia, or sweating (Venditti and Di
Meo, 2006).
Symptoms of TD are manifold and mostly too
unspecific to be a reliable basis of diagnosis (Pearce
et al., 2013). Thus, the gold-standard for TD diagnosis are the serum levels of THs, namely TSH, FT4,
and under certain conditions free T3. The negative
feedback of FT4 on TSH is particularly sensitive.
Small changes in FT4 serum concentration lead to
high amplitude changes of serum TSH levels. This
regulatory relationship is of inverse log-linear nature
and can be leveraged for diagnosis of TD (Benhadi
et al., 2010). Although there is a narrow window
of tolerated aberrations from TSH and FT4 levels
in each individual, both TSH and FT4 have broad
reference ranges in the general population (Medici
et al., 2015). This can partly be explained by complex
polygenic influences on individual HPTA set points,
and different performances of various clinical assays
(Medici et al., 2015; Thienpont et al., 2010a,b).
Currently employed diagnostics are not sensitive
enough to reliably detect aberrations of the aforementioned relationship on a sub-clinical level. Some
diseases or TD related conditions such as TH resistance or TSH producing pituitary tumors even
disrupt the inverse relation between TSH and FT4
(Gurnell et al., 2011; Ortiga-Carvalho et al., 2014).
Additionally suggested peripheral biomarkers, e.g.
sex hormone-binding globulin (SHBG) are not specific enough and are not recommended for clinical
use (Jonklaas et al., 2014).
Comprehensive molecular profiling studies investigating tissue-specific proteomic and metabolomic
irregularities in the context of TD have been limited
to rodent models (Silvestri et al., 2014; Sinha et al.,
2012; Wu et al., 2013a,b). In vivo observations
in humans are restricted to patients with complex
disease, e.g. autoimmune disorders. This makes it
difficult to distinguish between direct TH effects and
indirect effects of the disease.

2.10.1 A Human Model for
Thyrotoxicosis
The gross of recent advances in understanding TH
action stems from cell culture, tissue, or animal models. Only few studies investigated specific hypothesis
in humans. Hypothesis-free approaches that allow for
investigating effects of classical and non-classical TH
action from a more comprehensive perspective are
lacking.
To close this gap, the plasma proteome and
metabolome of a human model for thyrotoxicosis
were investigated. The aim was to compile a molecular signature based on peripheral markers of thyroid function (cf. Sections 5.3.1 and 5.4.1). This
can be seen as an early step towards more refined
molecular diagnostics of TD. Extensive monitoring
of volunteers over a long study period allowed for
identification of metabolic and proteomic shifts in
response to both the beginning of thyrotoxicosis as
well as the restoration of euthyroidism.
Sixteen young male volunteers were treated with
250 µg levothyroxine (L-T4, Henning-Berlin, Berlin,
Germany), per day for eight weeks. Plasma samples
were collected before the treatment (w0 ), four (w4 )
and eight (w8 ) weeks into the treatment, and four
(w12 ) and eight weeks (w16 ) after treatment (cf.
Figure 2.8). Due to the low number of subjects,
great care was taken to minimize inter-individual
variance through volunteer selection. Age and BMI
of selected volunteers ranged from 22 – 34 years
and 21 – 30 kg/m2 respectively. A comprehensive
overview of these and other characteristics of the
subjects is presented in Table 2.2. The monitoring of
the subjects included thyrotoxicosis questionnaires,
24 h blood pressure, and pulse rate activity measurements.
Strikingly, the study participants did not notice any
thyrotoxic symptoms. They also tested negative in a
standard questionnaire for thyrotoxicosis as well as a
battery of behavioural and cognitive tests (Göttlich
et al., 2015).
The study conformed with the Declaration of
Helsinki (WorldMedical Association, 1964) and was
approved by the local ethics committee of the University of Lübeck. Written informed consent was
obtained from each participant a priori and the study
has been registered at the German Clinical Trials
Register (DRKS; DRKS00011275).
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Fig. 2.8 Study design for a human model
for thyrotoxicosis. Study participants had been
monitored for 16 weeks. During the first eight
weeks they received a daily dosage of 250 µl
L-T4. Blood was samples at five equidistant
time points every 4 weeks, one before the
treatment, two during the treatment, and two
after the treatment.
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Fig. 2.9 Distribution of
TSH and FT4 levels
per time point in the
16 study participants.
The treatment phase
(w4 , w8 ) is clearly distinguishable from the
other time points. As
typical for hyperthyroidism, TSH levels are
low and FT4 levels are
high.

Table 2.2 Clinical characteristics of the thyroid study participants. For each time point, the mean ± SD is given.

Age [y]
BMI [kg/m2 ]
FT4 [pmol/l]
FT3 [pmol/l]
TSH [mU/l]
SHBG [nmol/l]
Cystatin C [mg/l]
Insulin [µU/l]
Glucose [mmol/l]
HDL-cholesterol [mmol/l]
LDL-cholesterol [mmol/l]
Total cholesterol [mmol/l]
Triglycerides [mmol/l]
ALT [µkatal/l]
AST [µkatal/l]
GGT [µkatal/l]
Complement C3 [g/l]
Complement C4 [g/l]
Total bilirubin [µmol/l]
Direct bilirubin [µmol/l]
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27.75
24.12
13.24
5.27
2.10
30.16
0.68
8.35
5.18
1.43
2.69
4.53
1.25
0.51
0.49
0.41
1.15
0.24
2.86
12.45

±
±
±
±
±
±
±
±
±
±
±
±
±
±
±
±
±
±
±
±

w0

w4

w8

w12

3.80
2.39
1.37
0.50
0.99
9.92
0.05
3.51
0.34
0.26
0.69
0.72
0.73
0.21
0.40
0.09
0.27
0.06
1.30
8.17

27.75 ± 3.80
24.12 ± 2.39
28.61 ± 6.29
9.19 ± 1.95
0.02 ± 0.03
50.59 ± 15.65
0.79 ± 0.07
7.94 ± 4.18
5.22 ± 0.40
1.21 ± 0.19
2.15 ± 0.55
3.81 ± 0.59
1.14 ± 0.57
0.38 ± 0.09
0.34 ± 0.13
0.45 ± 0.11
1.21 ± 0.16
0.25 ± 0.05
3.04 ± 1.31
12.57 ± 8.47

27.75 ± 3.80
24.12 ± 2.39
25.86 ± 5.50
8.92 ± 2.18
0.01 ± 0.01
55.92 ± 15.77
0.86 ± 0.11
7.78 ± 3.51
5.26 ± 0.37
1.23 ± 0.24
2.27 ± 0.52
4.06 ± 0.59
1.29 ± 0.55
0.65 ± 0.41
0.43 ± 0.16
0.49 ± 0.11
1.17 ± 0.11
0.24 ± 0.05
3.28 ± 1.20
13.48 ± 7.10

27.75 ± 3.80
24.12 ± 2.39
11.54 ± 1.41
4.61 ± 0.32
2.30 ± 1.27
36.27 ± 11.42
0.71 ± 0.07
8.33 ± 3.93
5.09 ± 0.30
1.46 ± 0.28
2.91 ± 0.72
5.04 ± 0.68
1.31 ± 0.61
0.61 ± 0.28
0.43 ± 0.14
0.45 ± 0.15
1.10 ± 0.13
0.23 ± 0.05
2.84 ± 1.00
11.94 ± 6.19

w16
27.75
24.12
12.80
4.86
2.18
29.26
0.68
8.07
5.18
1.42
2.76
4.61
1.34
0.50
0.43
0.43
1.11
0.24
3.03
11.93

±
±
±
±
±
±
±
±
±
±
±
±
±
±
±
±
±
±
±
±

3.80
2.39
1.48
0.54
0.85
8.98
0.05
3.27
0.56
0.36
0.77
0.65
0.79
0.13
0.22
0.11
0.14
0.05
1.35
7.08
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Experimental Methods

This chapter explains the experimental methods used for generating the data analysed in the context this thesis. Note that the
described experiments were performed by the collaboration partners in the corresponding projects. Section 3.1 elaborates on the
measurement of plasma miRNAs. RNA-Sequencing experiments are
outlined in Section 3.2. Proteomics and Metabolomics measurements are described in Sections 3.3 and 3.4, respectively. Section
3.5 is concerned with phenotypic characterisation of murine models
for Alzheimer’s disease. The chapter ends with Section 3.6 which
describes the assessment of liver fat via magnetic resonance imaging
and molecular measurements in a human model for thyrotoxicosis.

MicroRNA Measurements

3.1 MicroRNA Measurements
miRNA

3.1.1 MicroRNA Measurement in
SHIP-TREND

AAAAA
TTTTT
5' universal tag
degenerate 3' anchor

SHIP-TREND contains a sub-population of approx. 1000 individuals for whom a plethora of omics
data (SNP genotypes, whole blood gene expression,
as well as proteome and metabolome of multiple
biofluids) have been collected (cf. Section 2.2.1).
The corresponding EDTA plasma samples were selected for miRNA profiling. This profiling was done
via a reverse-transcription quantitative polymerase
chain reaction (RT-qPCR) assay. Figure 3.1 shows
the simplified principle of the Exiqon RT-qPCR approach. In a first batch, samples from 400 individuals
of the aforementioned 1000 were randomly selected.
In a second batch, 350 additional samples have been
selected, also from the 1000 samples. Descriptive
statistics of the phenotypes investigated in the proofof-principle study (cf. Section 5.1.1), namely age,
sex, and BMI, are provided in Table 3.1 for the
samples passing quality control (QC; cf. below) in
each batch.
Plasma miRNAs were isolated from 200 µl plasma
using the miRCURY™ RNA Isolation Kit - Biofluids
(Exiqon A/S) according to the manufacturer’s
instructions. Reverse transcription reactions were
performed using the Universal cDNA Synthesis Kit
II (Exiqon A/S) following Exiqon’s protocol. The
microRNA QC PCR Panel (Exiqon A/S) was used
to ascertain the absence of PCR inhibitors and that
there was no haemolysis in the sample. Haemolysis
would be indicated by a cycle threshold value
difference larger than seven between miR-23a-3p and
miR-451 (Blondal et al., 2013). Furthermore, the
QC panel contains several spike-ins. These are synthetic control templates to monitor reaction efficiencies. UniSp2, UniSp4, and UniSp5, e.g., are mixed

cDNA

TTTTT

miRNA-speciﬁc LNATM primers

Fig. 3.1 Exiqon RT-qPCR approach for miRNAs. A single reaction is used to generate
cDNA for all isolated miRNAs. During the
PCR, miRNA-specific primers are used for amplification. Dual LNATM primers allow for exceptional specificity of the reaction. PCR products are detected by fluoresence signals from
intercalating dyes.

together, each at a concentration 100-fold lower
than the previous one. They can be employed as
RNA isolation efficiency control. A mix of an artificial
cel-miR-39-3p and UniSp6, also with a 100-fold
concentration difference, is included for checking
the cDNA synthesis control. If the results of the
QC panel were fine, the respective sample was
analysed with the Focus panel. Of the first and
second batch, 372 and 336 samples, respectively,
could be successfully measured and passed the QC.
Spike-in and haemolysis control values of the Focus
panels for these samples are shown in Figure 3.2.
Note, that the depicted values are measurements
from the Focus panel after QC.
Focus panels for the first batch were processed
at the Department of Functional Genomics of the

Table 3.1 Characteristics of SHIP-TREND participants for whom miRNA data was measured and
who passed miRNA data quality control.
Sex
count
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Age [y]
Mean ± SD

Range

BMI [kg/m2 ]
Mean ± SD

Range

Batch 1

male
female
comined

187
185
372

49.26 ± 14.58
50.16 ± 13.05
49.71 ± 13.83

22 – 79
22 – 79
22 – 79

27.65 ± 3.86
27.37 ± 4.97
27.51 ± 4.44

17.74 – 38.97
18.67 – 48.05
17.74 – 48.05

Batch 2

male
female
combined

171
165
336

49.51 ± 14.26
51.27 ± 12.99
50.38 ± 13.66

22 – 79
21 – 79
21 – 79

27.55 ± 3.43
26.83 ± 4.82
27.20 ± 4.18

19.34 – 38.06
18.49 – 42.31
18.49 – 42.31

Combined

male
female
combined

358
350
708

49.38 ± 14.41
50.69 ± 13.01
50.03 ± 13.74

22 – 79
21 – 79
21 – 79

27.60 ± 3.66
27.12 ± 4.90
27.36 ± 4.32

17.74 – 38.97
18.49 – 48.05
17.74 – 48.05
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Fig. 3.2 Spike-in and haemolysis control CT values for SHIP-TREND samples
ordered along the x-axis with respect to their measurement order. The dashed
vertical lines separate the batches. Note that the values are from the Focus panels
for samples that already passed QC. (a) CT values for the spike-ins monitoring
RNA extraction efficiency. While UniSp4 and UniSp2 have the expected difference
in CT values, UniSp5 — corresponding to low-abundant miRNAs — could not be
consistently detected. (b) CT values for the spike-ins controlling cDNA synthesis
efficiency. For batch 1, there was a problem with the spike-ins themselves, as
noted by the manufacturer. Other measurements looked fine. (c) CT values for
the inter-plate calibrator UniSp3. With mean ± SD of 20.90 ± 0.17 and 18.65 ±
0.34 in batch 1 and 2, respectively, variation was negligible. (d) CT values of the
two miRNAs used for ascertaining that there is no haemolysis in the sample.
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Samples
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CT values
larger CT
-> less miRNA

Spike-in

RNA
extraction

SDS Software

Spike-in

ABI cycler
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Fig. 3.3 Wet-lab workflow for plasma miRNA measurement in SHIP-TREND.
Spike-ins are added before RNA extraction and before cDNA synthesis to monitor
the respective reaction efficiency. If QC panel results of a sample are satisfactory,
another aliquot of the sample is run through the Focus panel. After processing
measurement in SDS software, one obtains CT values indicating in which PCR
cycle the PCR target was detected.

21

MicroRNA Measurements

University Medicine Greifswald. At the time, the
Table 3.2 Changes of the miRNA content of the
Exiqon Focus Panel from V3.M to V4.M.
MiRNA / Old Name

Change / New Name

let-7c
miR-128
miR-133a
miR-152
miR-208a
miR-210
miR-215
miR-328
miR-378a-3p

let-7c-5p
miR-128-3p
miR-133a-3p
miR-152-3p
miR-208a-3p
miR-210-3p
miR-215-5p
miR-328-3p
mmu-miR-378a-3p

miR-10a-5p
miR-551b-3p
let-7i-3p
miR-296-5p
miR-500a-5p
miR-346
miR-193b-3p
miR-20a-3p
miR-361-3p
miR-190a
miR-29a-5p
miR-18a-3p
miR-182-5p
miR-95
miR-29b-2-5p
miR-605
miR-204-5p

Removed due to
being rarely detected
in serum / plasma

miR-361-5p
miR-320c
miR-1260a
miR-100-5p
miR-362-3p
miR-454-3p
miR-874-3p
miR-193a-5p
miR-376c-3p
miR-483-5p
miR-7-1-3p
miR-877-5p
miR-136-3p
miR-335-3p
miR-7-5p
miR-126-5p

Added due to being
frequently detected
in serum / plasma

Serum/Plasma Focus microRNA PCR Panel V3.M
(Exiqon A/S) was used. This panel contains 179
plasma miRNAs on 384 well plates. The levels of
these miRNAs were determined by RT-qPCR performed in a 7900 HT Real-time PCR system (Applied
Biosystems, Carlsbad, CA, USA) with 42 amplification cycles relying on recommendations for cycle
parameters provided by Exiqon itself as well as an
independent comparative study of multiple miRNA
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measuring platforms (Mestdagh et al., 2014). The
SDS software (v2.4; Applied Biosystems) was used
to assign the baseline and threshold for cycle threshold (CT) value determination. The CT value is
the number of the PCR cycle at which the target
sequence can be detected in the samples. Details
and definitions can be found in the Real-time PCR
Data Markup Language (RDML) guidelines (Lefever
et al., 2009). Figure 3.3 provides an overview of the
complete wet-lab workflow.
Samples of the second batch were sent to the Weill
Cornell Medical College in Qatar after running them
through the QC procedure. In Qatar, samples were
profiled with the Serum/Plasma Focus microRNA
PCA Panel V4.M, the successor of V3.M. While
the plates and chemistry are virtually the same, the
miRNA content of the panel has changed slightly
and some miRNAs have been renamed to reflect
more recent knowledge. A comparison of the miRNA
content of both panels is provided in Table 3.2. The
RT-qPCR was performed with a QuantStudio™ 12K
Flex Real-time PCR system (Applied Biosystems,
Waltham, MA, USA) with 42 amplification cycles
and the following parameters: Hold Stage: 95 ◦C for
10 min; PCR stage: 95 ◦C for 15 s, 60 ◦C for 1 min,
repeated 42 times; Melt Curve Stage: 95 ◦C for 15 s,
60 ◦C for 1 min. Raw data were processed in the
QuantStudio™ 12K Flex software (v1.2.2, Applied
Biosystems).
It is important to keep in mind that the amount of
cDNA doubles each run. Thus, an increase of one
CT value translates to a doubling of the amount
of the target sequence molecule. The smaller the
final CT value, the fewer times the cDNA had to
be amplified (doubled) to be detectable, and thus
the more of the original RNA was contained in the
sample. This summarizes to the very important fact
that, counter intuitively, smaller CT values translate
to more cDNA and thus also higher abundance of
the corresponding miRNA.

3.1.2 MicroRNA Measurement in
SPUM-ACS
As described in Jakob et al., 2017: “Blood was
drawn from the arterial sheath during coronary
angiography. Blood samples were centrifuged at
2700 × g for 10 min at room temperature and obtained platelet-poor plasma was frozen and stored
in aliquots at −80 ◦C.” EDTA plasma samples were
available for 1002 SPUM-ACS study participants.
Only patients who presented with STEMI but did
not suffer from any other disease conditions or other
contributing factors known to influence miRNA levels
have been selected. E.g., it has been shown that

MicroRNA Measurement in SPUM-ACS

miRNA-levels might change in response to Heparin
or Aspirin (De Boer et al., 2013; Kaudewitz et al.,
2013; Willeit et al., 2013). Thus, patients who were
not treated with any of the two drugs have been
excluded. Patients suffering from co-morbidities interfering with miRNA levels, such as renal failure
(Bruno et al., 2016), type-2-diabetes (Raffort et al.,
2015), or history of malignancy (Iorio and Croce,
2012), were excluded as well. This resulted in 605
patients suitable for our investigation.
From this subgroup, a derivation and a validation
cohort were compiled, each containing cases and
controls. Patients with recurrent MACE or cardiac
death within one year are denoted as cases. Controls are defined as patients without MACE within
the follow-up period. Within each cohort, cases and
controls were matched according to multiple criteria,
comprising age, sex, time of symptom onset to balloon angioplasty, and dual anti-platelet therapy (cf.
Table 3.3). Due to the cohort size, more than four
matching criteria were not reasonable. The mentioned criteria were selected as they are known to
interfere with miRNA levels (Ameling* et al., 2015;
De Boer et al., 2013; Dimmeler and Nicotera, 2013;
Liebetrau et al., 2013; Willeit et al., 2013).
Ten cases and ten matched controls were chosen
for the derivation cohort. MiRNA measurement and
analysis for the derivation cohort was performed
directly by Exiqon. Details are provided in Jakob
et al., 2017 (cf. Appendix F). Briefly: Total RNA was
extracted from plasma using the miRCURY RNA Isolation Kit - Biofluids (Exiqon, Vedbaek, Denmark).
It was then reverse-transcribed into cDNA and run
on the miRCURY LNA™ Universal RT microRNA
PCR Human panel I+II (Exiqon, Vedbaek, Denmark).
These panels investigate 752 miRNAs in total, comprising miRNAs that are consistently detectable in
plasma or reported to be differentially abundant
in diseases (acc. to Exiqon1 ). Three assays suffered from low sample quality. The correspondingly

matched samples for these three were also excluded.
Thus, the derivation cohort finally analysed consisted
of 7 cases and corresponding matched controls. The
baseline characteristics of the final derivation cohort
are shown in Table 3.4.
The validation cohort comprised 63 cases with 2
matched controls each, summing to 189 patients, in
total. Patient baseline characteristics are shown in
Table 3.5. The cases of the derivation cohort were
also included in the validation cohort to maximize
the number of cases in our analyses. Notably, the
matched controls were different in the validation
cohort than in the derivation cohort. Cases were
older and suffered from renal failure more frequently,
whereas controls had higher cholesterol levels. Other
variables showed no significant differences. There
were no observable differences between the derivation and validation cohorts for any of the characteristics (cf. Table 3.6).
For samples from the validation cohort, 2 µl RNA
was reverse-transcribed following the protocol for
the miRCURY LNA™ Universal RT microRNA PCR,
Polyadenylation and cDNA synthesis kit II (Exiqon,
Vedbaek, Denmark). Then, cDNA was diluted 50×
and assayed using the miRCURY LNA™ Universal RT microRNA PCR kit. MiRNAs were assayed
by RT-qPCR on Pick-&-Mix microRNA PCR panels comprising a custom selection of LNA™ microRNA PCR primer sets and the ExiLENT SYBR®
Green master mix. Amplifications were performed in
a QuantStudio™ 7 Flex (Applied Biosystems, Life
Technology) in 384-well plates. Amplification curves
were analysed using the QuantStudio™6 and 7 Flex
Real-Time PCR system software for determination
of CT values. The efficiency of cDNA synthesis was
comparable across samples based on the UniSp6
spike-in control (cf. Section 3.1.1). The CT value
difference between miR-23a-3p and miR-451 was
used to ascertain the absence of haemolysis in the
samples (cf. Section 3.1.1)

1 https://www.exiqon.com/mirna-pcr-panels

Table 3.3 Matching characteristics of the SPUM-ACS cohort. DAPT stands for
dual anti-platelet therapy. * one pare where case > 1 day vs. control < 8 hours.

Age [y]
Female [n (%)]
Time to balloon angioplasty [min]
DAPT at procedure [n (%)]

Cases

Controls

Difference

67.3 ± 13.5
2 (20)
539 ± 482
0 (0)

67.1 ± 13.1
2 (20)
576 ± 494
0 (0)

0.16 ± 0.67
0
-37 ± 379*
0
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Table 3.4 Baseline characteristics of the SPUM-ACS derivation cohort. P-values are computed with χ2
test or Fisher’s exact test as appropriate. Renal failure is assessed as an estimated glomerular filtration
rate < 60 ·1.73 m2 ·ml/min according to the Modification of diet in Renal Disease formula.

Age [y] mean ± SD
Age ≥ 75 y [n (%)]
Female [n (%)]
Body mass index [kg/m2 ] mean ± SD

Cases

Controls

P-value

71.27 ± 14.23
4 (51.7)
2 (28.6)
29.47 ± 5.48

71.26 ± 13.54
3 (42.9)
2 (28.6)
26.16 ± 2.65

0.998
1
1
0.175

Medical History
Diabetes mellitus [n (%)]
Hypertension [n (%)]
Hypercholesterolemia [n (%)]
Current smoker [n (%)]
Family history of coronary artery disease [n (%)]
Renal failure [n (%)]
History of stroke or transient ischemic attack [n (%)]
Previous myocardial infarction [n (%)]
Previous coronary artery bypass crafting [n (%)]

4
4
3
1

0
(57.1)
(57.1)
(42.9)
(14.3)
0 (0)
0 (0)
1 (14.3)
0 (0)

5
4
2
1

0
(71.4)
(57.1)
(28.6)
(14.3)
0 (0)
0 (0)
1 (14.3)
1 (14.3)

—
1
1
1
1
—
—
1
1

7 (100)
7 (100)
0 (0)

7 (100)
7 (100)
0 (0)

1
1
—

Index Procedure
Intervention or surgery attempted [n (%)]
Stenting [n (%)]
Coronary artery bypass crafting [n (%)]

Table 3.5 Baseline characteristics of the SPUM-ACS validation cohort. P-values are computed with χ2
test or Fisher’s exact test as appropriate. Renal failure is assessed as an estimated glomerular filtration
rate < 60 ·1.73 m2 ·ml/min according to the Modification of diet in Renal Disease formula.

Age [y] mean ± SD
Age ≥ 75 y [n (%)]
Female [n (%)]
Body mass index [kg/m2 ] mean ± SD

Cases

Controls

P-value

71.54 ± 13.34
35 (55.6)
12 (19)
26.62 ± 3.60

62.42 ± 12.73
28 (22.2)
28 (22.2)
26.48 ± 4.50

< 0.001
< 0.001
0.707
0.833

14 (22.2)
37 (58.7)
25 (40.3)
23 (37.1)
8 (13.3)
22 (34.9)
1 (1.6)
7 (11.1)
4 (6.3)

16 (12.7)
63 (50)
76 (60.3)
56 (44.8)
28 (22.8)
18 (14.3)
4 (3.2)
15 (11.9)
2 (1.6)

0.097
0.282
0.013
0.348
0.166
0.002
0.666
1
0.097

61 (96.8)
53 (86.9)
2 (3.3)

125 (99.2)
119 (95.2)
1 (0.8)

0.258
0.072
0.251

Medical History
Diabetes mellitus [n (%)]
Hypertension [n (%)]
Hypercholesterolemia [n (%)]
Current smoker [n (%)]
Family history of coronary artery disease [n (%)]
Renal failure [n (%)]
History of stroke or transient ischemic attack [n (%)]
Previous myocardial infarction [n (%)]
Previous coronary artery bypass crafting [n (%)]
Index Procedure
Intervention or surgery attempted [n (%)]
Stenting [n (%)]
Coronary artery bypass crafting [n (%)]
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Table 3.6 Comparison of the Baseline Characteristics Between the Derivation Cohort and the Validation
Cohort. P-values are computed with χ2 test or Fisher’s exact test as appropriate. Renal failure is assessed as
an estimated glomerular filtration rate < 60 ·1.73 m2 ·ml/min according to the Modification of diet in Renal
Disease formula.

Age [y] mean ± SD
Female [n (%)]
Body mass index [kg/m2 ] mean ± SD

Derivation Cohort

Validation Cohort

P-value

71.26 ± 13.34
4 (28.6)
27.81 ± 4.48

65.46 ± 13.60
40 (21.2)
26.52 ± 4.23

0.124
0.508
0.275

0 (0)
9 (64.3
8 (57.1)
5 (35.7)
2 (14.3)
0 (0)
0 (0)
2 (14.3)
1 (7.1)

30 (15.9)
100 (52.9)
101 (53.7)
79 (42.2)
22 (11.6)
40 (21.2)
5 (2.6)
22 (11.6)
6 (3.2)

0.232
0.580
1
0.781
0.674
0.077
1
0.674
0.398

14 (100)
14 (100)
0 (0)

186 (98.4)
172 (92.5)
3 (1.6)

1
0.604
1

Medical History
Diabetes mellitus [n (%)]
Hypertension [n (%)]
Hypercholesterolemia [n (%)]
Current smoker [n (%)]
Family history of coronary artery disease [n (%)]
Renal failure [n (%)]
History of stroke or transient ischemic attack [n (%)]
Previous myocardial infarction [n (%)]
Previous coronary artery bypass crafting [n (%)]
Index Procedure
Intervention or surgery attempted [n (%)]
Stenting [n (%)]
Coronary artery bypass crafting [n (%)]

3.2 RNA-Sequencing Experiments
3.2.1 RNA-Sequencing of Mouse Brains
To investigate the molecular signatures underlying
pathological processes in Alzheimer’s disease (AD;
cf. Section 2.8), RNA-Seq-based transcriptome profiling of transgenic murine models for AD was performed (cf. Section 5.2.1).
After behaviour experiments (cf. Section 3.5.1)
mice underwent CO2 anaesthetisation and cervical
dislocation. The olfactory bulbs and the cerebellum
were removed from extracted brains and the carefully
dissected brain hemispheres were frozen on dry-ice
and stored at −80 ◦C for subsequent use. Mouse
brain tissue was homogenized. RNA samples (5 µg)
were spiked with ERCC controls and rRNA was
removed. The samples were sequenced on a SOLiD®
5500xl Genetic Analyzer (Life Technologies, Carlsbad, CA, USA) according to instructions provided
by the manufacturer. Additional details are provided
in Bouter* et al., 2014 and Weissmann et al., 2015
(cf. Appendices B and C).
Sequencing was run with recommended settings and chemicals for reads of 75 nt in for-

ward, and 35 nt in reverse direction. Applying the
“whole.transcriptome.pe” workflow of LifeScope™
v2.5.1 (Life Technologies, Carlsbad, CA, USA),
reads were mapped to the mouse reference genome
mm10 (Meyer et al., 2013). Reads mapping to coding exons according to RefSeq (Pruitt et al., 2007)2
and matching the sense strand were considered as
coding RNAs. Other mapped reads were considered
non-coding.

3.2.2 RNA-Sequencing of Human
Gingiva Fibroblasts
RNA-seq-based transcriptome profiling of Xirradiated human gingiva fibroblasts (HGFs) was
conducted to shed light on the induced transcriptomal responses (cf. Section 5.2.2).
Experimentally treated HGFs were homogenized
with a Polytron (VWR) device and treated with
TRIzol (Life Technologies, Carlsbad, NM, USA).
The RiboZero Kit (Epicentre, Madison, WI, USA)
was used to remove rRNA from extracted total
RNA (5 µg). The purified RNA was prepared and

2 http://hgdownload.cse.ucsc.edu/goldenPath/mm10/database/refGene.txt.gz
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sequenced following the same workflow as described
in Section 3.2.1. Reads were mapped to the human reference sequence hg19 (Rhead et al., 2010)
following the “whole.transcriptome.pe” workflow of
LifeScope™ v2.5.1 (Life Technologies, Carlsbad, CA,
USA). Reads mapping to coding exons according

to RefSeq (Pruitt et al., 2007)3 and matching
the sense strand were considered as coding RNAs.
Other mapped reads were considered non-coding.
Each condition, i.e. experimental treatment, was
sequenced in triplicates.

3.3 Plasma Proteome Measurement in a Human Model for Thyrotoxicosis

Six highly abundant plasma proteins were depleted using multi-affinity chromatography (MARS6human, Agilent Technologies, Waldbronn, Germany), following the manufacturer’s instructions.
After precipitation of non-bound proteins with
trichloroacetic acid (final concentration 15 %), the
pellet was re-suspended in 100 ml 8 M urea/2 M
thiourea. The concentrations of proteins in the depleted samples were determined via a Bradford Assay (Bio-Rad Laboratories, Munich, Germany) with
bovine serum albumin as standard. Individual samples (4 µg) were reduced with 2.5 mM dithiothreitol
(60 ◦C, 1 h) and subsequently alkylated with 10 mM
iodoacetamide (37 ◦C, 30 min). They were then digested overnight at 37 ◦C with a trypsin (Promega,
Madison, WI, USA) to protein ratio of 1:25. The
digestion was stopped with 1 % acetic acid. Samples
were then purified with C18 ZipTip® with a loading
capacity of 2 µg (Millipore Cooperation, Billerica,
MA, USA).
Desalted peptides were loaded on a nanoAcquity symmetry C18 trap column (2G-V/M,
180 µm × 20 mm, 5 µm C18 ) and separated on a
nanoAcquity Peptide BEH C18 analytical column
(100 µm × 100 mm, 1.7 µm, C18 ) with a flow rate
of 0.4 µl/min at a constant temperature of 40 ◦C.
The LC-MS/MS analysis was performed on a nano
UPLC (Acquity UPLC system, Waters, Milford, MA,
USA) coupled to a LTQ-Orbitrap Velos mass spectrometer (Thermo Electron, Bremen, Germany) in
data-dependent acquisition mode. A binary buffer
system was run where buffer A consisted of 0.1 %
acetic acid and 0.5 % DMSO while buffer B consisted of 0.1 % acetic acid and 5 % DMSO in ace-

tonitril. Referring to concentration of buffer B, the
gradient was 1 – 5 % in 2 min, 25 % after 63 min,
increasing to 60 % in 25 min. Finally, the columns
were flushed by increasing the gradient to 99 %
within the last minute.
Obtained raw data were processed with the Refiner
MS software v7.6.6 (GeneData, Basel, Switzerland).
The workflow was customized to include chemical noise removal, retention time alignment via a
pairwise alignment based tree scheme, feature extraction, and isotope group clustering. Peaks and
MS/MS scans that could not be assigned to a peak
cluster were removed.
The data were compared with the Swissprot/Uniprot database (Wasmuth and Lima, 2016)
(rel. 2012/08) limited to human entries with a precursor ion tolerance of 10 ppm (0.6 Da for fragment
ions). The search was performed on an in-house
MASCOT server (rel. 2.3). The carbamidomethylation of cysteine was considered a static modification,
while methionine oxidation was allowed as dynamic
modification. For relative quantification as summed
peptide intensities per protein, peptides uniquely
identified in the data with rank = 1 and an ion score
≥ 20 were used. In this way, we identified 2374
unique peptides mappable to 497 human proteins.
The final protein intensities were normalised to the
median per sample and then log10 -transformed to
obtain near-normal distributions.
The data have been deposited to the ProteomeXchange Consortium via the PRIDE (Vizcaíno et al., 2016) partner repository (PXD004815,
doi:10.6019/PXD004815).

3 http://hgdownload.cse.ucsc.edu/goldenPath/hg19/database/refGene.txt.gz
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3.4 Plasma Metabolome Measurement in a Human Model for Thyrotoxicosis
Metabolic measurements of the plasma samples
was performed by Metabolon Inc. (Durham, NC,
USA). A broad panel of metabolites was detected by
employing three different analytical methods, namely
GC-MS, LC-MS in positive mode, and LC-MS in
negative mode (Evans et al., 2009). In brief, proteins
were precipitated from 100 µl plasma with methanol.
Extraction efficiency was monitored by four standards measured using an automated liquid handler
(Hamilton ML STAR, Hamilton Company, Salt Lake
City, UT, USA). The organic solvent was removed on
a TurboVap® (Zymark, Sparta, NJ, USA). Aliquots
were then frozen and dried under vacuum.
The LC-MS analyses were performed on a LTQ
mass spectrometer (Thermo Fisher Scientific Inc.,
Waltham, MA, USA) equipped with a Waters Acquity UPLC system (Waters Corporation, Milford,
MA, USA). Aliquots measured in positive mode or
negative mode were reconstituted with 0.1 % formic
acid or 6.5 mM ammonium bicarbonate, respectively.
Two separate columns were used for acidic and basic

mobile phase condition, each optimized for positive or negative electrospray ionization, respectively.
After injection, the samples were separated in a
gradient from 100 – 98 %. MS and data-dependent
MS/MS scans were used alternatingly relying on
dynamic exclusion.
GC-MS analysis was performed on a Finnigan Trace
DSQ fast-scanning single-quadrupole mass spectrometer (Thermo Fisher Scientific Inc., Waltham,
MA, USA), equipped with a GC column containing
5 % phenyl residues. The temperature was ramped
between 60 – 340 ◦C. One aliquot was derivatised under dried nitrogen using bistrimethyl-silyltriflouroacetemide for electron impact ionization.
Pooled samples, blanks, and internal standards were
used for quality control of the measurements. The
MS spectra were subjected to an automated comparison with a proprietary library for identification. Run
day normalisation was performed by rescaling the raw
area counts of each metabolite to the median of the
corresponding run day.

3.5 Experiments with Murine Models for Alzheimer’s Disease
3.5.1 Behaviour Experiments
Spatial reference memory of the mice was assessed
with the Morris water maze (Morris, 1984) as previously described and reported in detail in Bouter
et al., 2013 and Bouter* et al., 2014 (cf. Appendix
B) . In brief, mice were supposed to learn to rely
on spatial cues to locate a hidden platform within a
circular pool filled with opaque water. The pool was
divided into four quadrants and movement of the
mice between these quadrants was tracked on video.
The mice underwent three days of training during
which the platform was marked with a flag. This
phase let the mice familiarize themselves with the
pool and it allowed for excluding motor deficits of the
animals. During the following acquisition training,
the platform was not marked anymore, but proximal
cues were attached to the pool wall. For the final
trial, the platform was removed and the animals
swimming path was recorded for one minute, before
the mice were sacrificed. With 8 – 11 mice per group,
the performance of young and aged Tg4-42, 5XFAD,
and WT mice was compared.
Contextual and tone fear conditioning were performed for aged Tg4-42, 5XFAD, and WT mice

with 11 – 13 animals per group. A 3 day delay fear
conditioning protocol was applied which is described
in more detail in Bouter* et al., 2014 (cf. Appendix
B) and Ohno, 2009. Conditioned and unconditioned
stimulus were presented overlappingly inside a conditioning chamber. For the contextual fear conditioning its stainless steel grid floor was connected to an
electric shock generator and the walls were covered
with chequered paper. The mice were observed via
a camera. After a habituation period in the chamber
(150 s), during which baseline freezing was recorded,
the mice were presented with a 30 s lasting tone
(2 kHz, 80 dB) as conditioned stimulus. The tone
ended with a 2 s foot-shock (0.7 mA) as unconditioned stimulus. Twenty-four hours later, the mice
were again placed in the chequered-walled chamber,
but no other stimuli were presented. Freezing behaviour was again recorded for 210 s. To assess tone
fear retrieval, the chequered wallpaper was removed
and the floor was covered before the mice were put
in the box. After 150 s habituation the animals were
again presented with a 30 s lasting tone. Freezing
behaviour was recorded before and during the tone.
After the tone trial, mice were sacrificed.
The profiling of the mouse brain transcriptome is
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described in Section 3.2.1.
The number of animals used for these studies as
well as their suffering were minimized and the German guidelines for animal care were strictly adhered
to.

3.5.2 Spatial and Contextual Memory
Deficits in Transgenic Mice
Spatial memory of the mice was tested with Morris
water maze experiments (cf. Section 3.5.1). Although slower swimming speed has been observed
for older mice in all groups, the swimming speed
did not differ between different genotypes. Swimming
speed also remained similar throughout the five days
of training as well as the final probe trial for each
genotype and age group (cf. Figure 3.4 (a)). This
allows for exclusion of any motor deficits. There was
a significant difference in escape latencies — the
time until the mouse reached the platform — with
respect to the genotype (rmANOVA, p < 0.04;
cf. Figure 3.4 (b)). Escape latencies for young animals in all three genotype groups decreased significantly over the five days of training (rmANOVA,

All aged mice showed similar freezing behaviour
during the training sessions for contextual and tonefear conditioning (cf. Section 3.5.1), irrespective of
their genotype (cf. Figure 3.4 (d)). Similarly, all mice
jumped and vocalized comparably in response to the
foot shock. This indicated normal pain perception
in all animals. During the contextual fear conditioning test, only WT animals demonstrated increased

(b)
0.24

0.20
0.18
0.16
0.14

T ime in Quadrant [%]

(c)

1

2

3

4

5

6

Day
80
70
60
50
40
30
20
10
0

45
40
35
30
25
20
15
10
5
0

Escape Latency [s]

0.22

1

2

3

4

5

Day

(d)

100

Freezing [%]

Swimming speed [m/ s]

(a)

p < 1.1 ∗ 10−5 ). The same was true for old
WT animals (rmANOVA, p < 10−3 ), while escape
latencies did not improve for old 5XFAD or Tg4-42
mice. According to the time spent in the different
quadrants of the pool during the final probe trial,
young mice showed significant preference for the
target quadrant — i.e., the quadrant that formerly
contained the platform (ANOVA, p < 10−4 for
all genotypes; cf. Figure 3.4 (c)). This means that
young animals and old WT mice had a working
spatial reference memory and learned the position
of the platform. In the aged group, only the WT
mice spent significantly more time within the target
quadrant (ANOVA, p < 10−4 ). Both aged transgenic animal groups had no preference for any of the
quadrants. Hence, one could assume they suffered
from impaired spatial reference memory.

Target
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80
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Training Test Pre-Tone Tone

Condition

young WT
young 5XFAD
young T g4-42
aged WT
aged 5XFAD
aged T g4-42

Fig. 3.4 Spatial and contextual memory deficits in transgenic mice. Days 1 – 5 correspond
to the acquisition training and day 6 corresponds to the final probe trial. The dots mark the
means and the error bars show the standard error of the mean. (a) Swimming speed. Although
aged mice swim a little slower than young mice, there are no pronounced differences between
genotypes. (b) Escape latency. The escape latencies decrease over the training period for
all but aged transgenic mice. (c) Preferences for pool quadrants. WT animals and young
transgenic mice spent more time in the target quadrant than in the other quadrants. Aged
transgenic animals did not show any preference for any of the quadrants. (d) Freezing response.
Training and test correspond to the contextual conditioning. Pre-tone and tone correspond
to the tone conditioning. Only WT animals showed significantly increased freezing during the
contextual fear conditioning test. During the tone fear conditioning test, WT animals and
Tg4-42 animals froze significantly more.
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freezing in response to the conditioning chamber
(ANOVA, p < 10−3 ). This means that transgenic
mice were not able to connect the foot shock and
its context, suggesting impaired contextual learning.
The same animals were also tested for tone fear. In

the corresponding trials, both WT and Tg4-42 mice
showed increased freezing as response to the tone.
The freezing behaviour of 5XFAD mice remained
similar to the initial training. Thus, only 5XFAD mice
could not associate the foot shock and the tone.

3.6 Clinical Measurements
3.6.1 Liver Fat Quantification in
SHIP-TREND
For the SHIP cohort (cf. Section 2.2.1; Völzke
et al., 2011), ultrasound-based assessment of the
liver was performed. Roughly a third of participants
(1264 of 4224) exhibited a hyperechogenic pattern
of the liver (Baumeister et al., 2008). To diagnose
FLD, participants also had to have increased serum
activity ALT. This was the case for roughly 15 %
of participants with serum ALT activity levels >
0.67 iu/l. Notably, 10 % of participants exhibited increased serum ALT activity without hyperechogenic
pattern of the liver. The study demonstrated not only
the high prevalence of NAFLD but also that health
care utilization costs were approx. 30 % higher for
NAFLD patients compared to controls. This underscores the necessity of early diagnosis and treatment
of NAFLD.
Another investigation of 2561 participants of the
SHIP and SHIP-TREND studies employed magnetic
resonance imaging (MRI) to quantify the liver fat
content (cf. Figure 2.6; Kühn et al., 2017). MRI is a
well-established medical imaging technique based on
the same principles as NMR (cf. Section 2.7). Radiowave pulses excite nuclear spin energy transitions
— mostly of hydrogen atoms — that are localized
by magnetic field gradients. Varying the pulse sequence allows for generating contrast images based
on different hydrogen atom relaxation properties in
different tissues. Details of the MRI-based liver fat
quantification can be found in Kühn et al., 2017,
Vogt et al., 2016, and Kühn et al., 2014. It has been
acknowledged that the proton density fat fraction
(PDFF) is an excellent MRI-based biomarker for
fat quantification in multiple tissues (Reeder et al.,
2012). Relying on PDFF as liver fat measurement

and the conventional threshold of 5 % liver fat, 1082
subjects (approx 42 %) were diagnosed with NAFLD
(Kühn et al., 2017).

3.6.2 Molecular Measurements in a
Human Model for Thyrotoxicosis
As described in Pietzner et al., 2017: “Serum levels of TSH, free triiodothyronine (FT3) and FT4
were measured using an immunoassay (Dimension
VISTA, Siemens Healthcare Diagnostics, Eschborn,
Germany) with a functional sensitivity of 0.005 mU/l
for TSH, 0.77 pmol/l for FT3 , and 1.3 pmol/l for
FT4. SHBG levels were determined via a chemiluminescent enzyme immunoassay on an Immulite
2000XPi analyzer (SHBG Immulite 2000, Siemens
Healthcare Medical Diagnostics, Bad Nauheim, Germany) with a functional sensitivity of 0.02 nmol/l.
Serum cystatin C (CYTC) was measured using a
nephelometric assay (Dimension VISTA, Siemens
Healthcare Diagnostics, Eschborn, Germany) with a
functional sensitivity of 0.05 mg/l. Insulin serum concentrations were measured using a chemiluminescent
immunometric assay (Immulite 200 XPi; Siemens
Healthcare Diagnostics) with a functional sensitivity
of 2 mU/l. Lipids (total cholesterol, HDL- and LDL
cholesterol, triglycerides), serum glucose, serum activities of alanine amino transferase (ALT), aspartate
amino transferase (AST), γ-glutamyl transpeptidase
(GGT), as well as the levels of the complement factors C3 and C4 were measured by standard methods
(Dimension VISTA, Siemens Healthcare Diagnostics,
Eschborn, Germany).”
The measurement of the plasma proteome and the
plasma metabolome are described in Sections 3.3
and 3.4, respectively.
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Computational Methods

This chapter provides mathematical background for statistical and
machine learning methods used in the context of this thesis. Section
4.1 opens the chapter by introducing principal component analysis,
a multivariate statistical procedure frequently employed for exploring structure in high dimensional data sets. More detailed analyses
are often conducted using regression or classification techniques.
Sections 4.2.1 – 4.2.3 describe different regression techniques suitable for different data and research questions. Section 4.3 explains
how to assess the quality of predictive models, be it regressionor classification-based approaches. Finally, a recently developed but
already widely used machine learning model, namely random forest,
is introduced in Section 4.4.

Principal Component Analysis

4.1 Principal Component Analysis
In modern biomedical research, one often deals
with high-dimensional data such as gene expression
data containing thousands of transcripts. Principal
component analysis (PCA) is an unparametric multivariate approach to explore such data (Hotelling,
1933; Pearson, 1901). It can be used to get an idea
of the overall relatedness between and across groups
of samples under investigation. It may also hint at
data stratification or outliers. Detailed analysis of the
data is often conducted using univariate approaches
focussing, e.g., on statistical hypothesis tests. In
contrast, PCA neglects this explicit formalism but
rather provides overview-like impressions of the data
and visualisations. Consider a microarray study of
transgenic and wild-type mice with four animals per
group. It is important to determine whether the data
are homogeneous across measurement batches, if
there are outliers, or if all samples within one group
are indeed much more similar to each other than to
any sample of the other group.
When analysing gene expression or other highdimensional data, a main interest lies in the variation
contained in the data. In other words, one wants to
explain the difference in observed phenotypes by the
expression of genes. Clearly, it is tough to consider all
of the thousands of genes to describe the samples.
Inspecting few variables that are able to explain as
much of the variation in the data as possible is
more convenient. PCA offers a means to reduce
dimensionality of the data to make this possible by
introducing new variables as linear combinations of
the measured variables.
Geometrically, PCA can be understood as successively constructing a new coordinate system (CS)
for the data. The first axis of the new CS should
have the direction of maximum spread in the original
CS. Then, data are centered on this axis (all set to
zero). The next axis should again have the direction
of maximum spread in the original CS after centering
the data while being perpendicular to the previously
found axis. A toy example is shown in Figure 4.1.
y

Consider the matrix X ∈ Rn×k to represent a
data set where each column x i represents one of
k features — a gene, protein, . . . — and each row
one of n samples. The goal of PCA is to find p
uncorrelated linear combinations of the features, the
principal components (PCs). These are defined s.t.
the first PC has the largest possible variance and
each succeeding PC in turn maximizes variance while
being orthogonal to the preceding PCs.
Assume X to be column-wise centered at 0. To
find the first principal component, one has to find
the vector of loadings — i.e. the contributions of
the individual features — ω 1 :

Xω
Xω||2
ω 1 = arg max ||Xω
ω ||=1
||ω


= arg max ω T X T Xω

PC1

Fig. 4.1 Geometric interpretation of PCA. The
principal components (PCs) are new axes for
the data. Each describes maximal remaining
variance after centering the data on previous
PCs and is perpendicular to those.

(4.1)

ω ||=1
||ω


= arg max
ω

ω T X T Xω
ωT ω



Since ω T X T Xω/ω T ω is a Rayleigh quotient (Parlett,
1974), it reaches its maximum at the largest eigenvalue λ1 of X T X . λ1 is achieved when ω is the
corresponding eigenvector of X T X .
Succeeding PCs can be found in an iterative fashion, as
n
o
X i ω ||2
ω i = arg max ||X̂
(4.2)
with
Xi = X −
X̂

i
X

Xω j ω Tj

(4.3)

j=1

Each ω i is the eigenvector corresponding to the
T
X i X̂
X . Thus, the PCs of X
largest eigenvalue λi of X̂
can be calculated via the eigendecomposition (Parlett, 1998) of X T X :
X T X = ΩΛΩ −1

PC2

x
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4.1.1 Computation of Principal
Components

(4.4)

The columns ω i of Ω are the eigenvectors of X T X
and Λ is a diagonal matrix with Λi,i = λi being the
corresponding eigenvalues with λi > λi+1 .
Equation 4.4 implies that there exist p = k PCs.
However, this is only true when n > k. Otherwise,
there are at most p = n − 1 PCs, since λi = 0 for
i ≥ n. This can also be seen geometrically, since one
needs at most n − 1 dimensions to exactly identify n
points.

Feature Influence

Fig. 4.2 Exemplary PCA scatter plot of
mouse gene expression data. Both plots
show the same samples from the same data
set. The left plot is colored with respect
to the condition of the samples, the right
plot is colored with respect to the batch
they were measured in. Clearly, there is a
dominant grouping with respect to the condition but no evident grouping with respect
to batch.

PC2

4.1.2 Feature Influence
Each PC contains the maximal variance remaining
in the data after subtracting preceding PCs. This
makes PCA an excellent tool for reducing the dimension of complex data sets. By virtue of their
construction, the first couple of PCs explain the
largest part of the variation in the data. How much
exactly can be calculated from the λi s. In particular,
P
the i th PC (PCi ) explains λi / pj=1 λj of the total
variance. The overall structure of the data is revealed
already in the first couple of PCs — often the first
two or three. The earlier a grouping in the data
becomes apparent, i.e. the smaller the i of the PCi
revealing a grouping of the data, the stronger the
influence of this grouping on the data.
Whether the data are grouped or ordered with

Transgenic
Wild-Type

PC2

PC1

Batch
Batch
Batch
Batch

1
2
3
4

PC1

respect to a certain feature can be investigated
graphically or by computing the association between
the principal components and the feature. Note that
such a feature does not have to be included in
the PCA itself. To stick with the previous example, consider a PCA of the mouse gene expression
data. The features represented in X would be the
measured transcripts. Individual samples could then
be plotted in a scatter plot of PC1 vs. PC2, colored with respect to their condition — transgenic
vs. wild-type — or with respect to the batch they
were measured in. One would hope that the samples
cluster with respect to their condition rather than
with respect to the batches. A grouping as in Figure
4.1 indicates that the different conditions have much
stronger influence on the gene expression data than
the measurement batches.

4.2 Regression
Generally speaking, regression is a statistical technique to investigate the relationship between dependent variables (DVs) — or outcomes — and independent variables (IVs) — or predictors / features.
Depending on the kind of data to be analysed and the
nature of the relationship to be investigated, different regression models are used. The main regression
models relevant in the context of this thesis are linear
regression (cf. Section 4.2.1), Cox regression (cf.
Section 4.2.4), and mixed-effects linear regression
(cf. Section 4.2.2). Furthermore, Section 4.2.3 will
explain the concept of regularized regression.

4.2.1 Linear Regression
Linear regression is likely the most widely used
regression model. It has only few assumption and is
remarkably robust against small violations of these.
Furthermore, it is relatively easy to interpret, since
it models linear relationships which are rather intuitive to understand. The key assumptions of linear
regression are:
1. Linear relation between DVs and IVs,

2. normality, independence, and homoscedasticity
of residuals,
3. no (or weak) multicollinearity,
4. no autocorrelation.
The first assumption is straightforward. For a linear
model to accurately reflect the relationship between
DVs and IVs, this relationship has to be indeed linear.
The second assumption states that the errors of
the model in predicting a DV should be normally
distributed with mean zero and constant standard
deviation. Furthermore, they should all have similar
variances for each DV. If this assumption is violated
it hints towards the model systematically over- or
underestimating certain ranges of the DV.
While the third assumption states that different IVs
must not be strongly correlated with each other, the
fourth assumption requires an IV not to be correlated
with itself. In other words, the third assumption is
fulfilled through independence of the IVs and the
fourth assumption is fulfilled through independence
of the observations or samples. Autocorrelation is a
typical phenomenon of time-series data or repeated
sampling study design. Note that the fourth assump33
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tion is somewhat redundant, since autocorrelation
would imply dependence of residuals. Nevertheless,
it is explicitly stated here to aid understanding and
clearly separate fixed-effects linear regression models
from mixed-effects linear regression models described
in Section 4.2.2.
Given a DV y ∈ Rn and a data matrix X ∈ Rn×k
whose columns x 1 , . . . , x k are observations of the
IVs, the linear regression model can be expressed as
y = Xβ + ε

(4.5)

= β0 + β1x 1 + · · · + βk x k + ε

where ε ∈ Rn , εi ∼ N (0, σ 2 ) are unknown independent identically distributed Gaussian random
variables.
The task is to find the β = (β1 , . . . , βk ) that fulfils
this equation. I.e., we want to model (or predict)
y as well as possible using the data given in X .
Note that the intercept β0 is usually neglected in
epidemiological settings, since it does not carry any
information about the associations between the DV
and the IVs. The “as well as possible” is usually
achieved by minimising the residual sum of squares
(RSS) in ordinary least squares (OLS) regression
between the true — or observed — values of y and
the predicted values of y , ŷ = Xβ
Xβ:
n
X
β) =
RSS(β
(yi − ŷi )2 = (yy − ŷ )T (yy − ŷ ) (4.6)
i=1

The intuition behind minimising the RSS is shown in
Figure 4.3.
Since the RSS is a convex function there exists a
β ∗ ) = 0. Relying on the
global minimum at ∇β RSS(β
Moore-Penrose pseudoinverse (Dresden, 1920) X +
of X in case X is not invertible, this global minimum
can be calculated exactly:
β ∗ ) = X T (yy − Xβ ∗ ) = 0
∇β RSS(β

⇔ X T Xβ ∗ = X T y

(4.7)

X T X )+ X T y
⇔ β ∗ = (X

In epidemiological settings, one is interested in
the coefficients β ∗ and especially in their statistical
significance, i.e. the corresponding p-values. To determine the significance of βi∗ , it is first scaled by its
standard error to obtain a value for the t-statistic.
The p-value of βi∗ can then be found in a table of
y

xβ

y-ŷ
x
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the t-distribution considering the number of degrees
of freedom of the model, which is n − k. The lookup
is done for a two-sided test with the null hypothesis
β = 0. If the p-value is ≤ α, the corresponding IV is
significantly associated with the DV.

4.2.2 Mixed-Effects Linear Regression
The OLS regression model introduced in Equation
4.5 considers exclusively the effects β of certain IVs.
These can be interpreted as unknown constants,
as their exact values can be determined from the
data. Hence they represent so-called fixed-effects.
Remember that OLS regression assumes independence of observations. This assumption is violated
in longitudinal or repeated sampling design studies:
Each participant is represented by multiple samples,
each at different time points. Hence, the samples
are not independent, but can be grouped according
to which participant they were taken from. Such
grouping structure can be modelled by including
random-effects in the model.
A model containing both fixed- and random-effects
is called mixed-effects model and can be specified as
y = Xβ + Zγ + ε

(4.8)

where Z ∈ Rn×r is a design matrix whose columns
z 1 , . . . , z r are observations of IVs subject to randomeffects γ ∈ Rr . Assume that γ and ε are normally
distributed with
   
  

γ
0
γ
Γ 0
E
=
, Var
=
(4.9)
ε
0
ε
0 Π
Then,

Var(yy ) = Y = ZΓZ T + Π

(4.10)

which allows for modelling Y by specifying the
random-effect design matrix Z and the covariance
structures for the random-effects and residuals, Γ
and Π , respectively. Analogously to the fixed-effect
linear model (cf. Section 4.2.1), let Π = I σ 2 with
I being the identity matrix. If Γ and γ were known,
one could compute β ∗ similarly as before, relying on
the mixed model equations (Henderson, 1973):
X T Y −1X )+X T Y −1y
β ∗ = (X

(4.11)

One typically specifies the random-effect design matrix Z and estimates the covariance structure Γ using

Fig. 4.3 The intuition of linear regression. Shown is the
simple case with a single DV equivalent to multiple linear
regression when all DVs but x are held fixed. The x- and
y-axes represent the DV and the IV, respectively. Black
dots are data points. The cyan line depicts a regression fit
ŷy = Xβ
Xβ. The residuals y − ŷy correspond to the blue lines.
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a restricted maximum-likelihood (REML) approach
(Patterson and Thompson, 1971). Z can, e.g., define the grouping of samples with respect to which
study participant they have been taken from.

4.2.3 Regularized Regression
Regression models should not contain too many
IVs for two major reasons: From an epidemiological
perspective, models become harder to interpret the
more IVs they contain. From a machine learning
perspective, the generalisation of the model reduces
with increasing number of IVs. Thus, in both settings
it is generally desirable to restrict models to as few
IVs as necessary. Regularized regression can be seen
as a means to let the model itself decide which of
the initially provided IVs are important, and which
can be discarded without compromising the model
fit too much. Another problem that can be tackled
with regularized regression is the incorporation of
correlated IVs. In OLS regression, the coefficients of
correlated IVs are likely to become poorly determined
as they can compensate each other. Regularised
regression models can alleviate this problem.
4.2.3.1 Ridge Regression
Ridge regression addresses the problem of correlated IVs. It imposes an L2 penalty on the model
coefficients and thereby prevents compensation and
allows for their determination. Instead of minimizing
the RSS as given in Equation 4.6, ridge regression
solves the following problem (Friedman et al., 2010;
Hastie et al., 2008):


n
k
X

X
β = arg min
β̂
(yi − ŷi )2 + λ
βj2
(4.12)


β
i=1

j=1

This means, that ridge regression minimizes the RSS
while imposing a penalty on the size of the coefficients of IVs. The larger λ, the stronger is the penalty
and thus the shrinkage of the model coefficients.
Since it is usually difficult to specify a good λ value
a priori, it is often determined using cross-validation
(cf. Section 4.3.1) or related procedures. Note that
due to Equations 4.6 and 4.12
β , λ) = (yy − ŷ ) (yy − ŷ ) + λβ
β β
RSS(β
T

β = (X
X T X + λII )−1X T y
⇒ β̂

T

(4.13)

A nice property of ridge regression is that coefficients of “unimportant” IVs are shrunken more than
coefficients of “important” IVs. This is intuitively
clear, since the objective function to minimize contains the RSS. Following a reasonable assumption for
regression, namely that the DV will vary most in the

directions of high variance in the multi-dimensional
space spanned by the IVs, i.e. the column space
of X , this can be deduced as follows. Consider the
singular value decomposition of X = UDV T and the
eigendecomposition of the sample covariance matrix
S = X T X/n ≈ X T X = V D 2V T . The column vectors
v i of V are the principal components of X (Hastie
et al., 2008). Remember, that the first principal
component PC1 = Xv 1 has larger variance than the
later principal components (cf. Section 4.1) and note
that Var(PCi ) = di2/n and Xv i = u i di , with di being
the diagonal elements of D and u i being the column
vectors of U . It follows that
β = X (X
X T X + λII )−1X T y
X β̂
D 2 + λII )−1DU T y
= UD
UD(D
=

k
X
i=1

d2
u i 2 i u Ti y
di + λ

(4.14)

where
≤ 1 are the shrinkage factors for the
model coefficients. Clearly, the smaller di2 — which
corresponds to the variance explained by PCi — the
more the corresponding coefficients are shrunken.
di2/d 2 + λ
i

For X with orthonormal column vectors, ridge regression is equivalent to solving OLS regression and
rescaling β ∗ to
β∗
β=
β̂
(4.15)
1+λ
Unfortunately orthonormal inputs are almost never
encountered in typical epidemiological data.
4.2.3.2 Least Absolute Shrinkage and Selection
Operator
The least absolute shrinkage and selection operator
(LASSO) is another regularization similar to ridge
regression (Hastie et al., 2008; Tibshirani, 1996).
Although the differences are subtle, they lead to
a very different regression problem. The LASSO
exchanges the L2 penalty in Equation 4.12 by the
L1 penalty and solves the problem:


n
k
X

X
β = arg min
β̂
(yi − ŷi )2 + λ
|βj |
(4.16)


β
i=1

j=1

Since this an quadratic programming problem, the
solution is non-linear in y . Nevertheless, as for ridge
regression the solution is readily obtained in the case
of orthonormal column vectors of X as
(
min(|βi∗ | − λ, 0)
if βi∗ > 0
β̂i =
(4.17)
−min(|βi∗ | − λ, 0) if βi∗ < 0
While the LASSO does not compensate well for
strongly correlated IVs, it elegantly reduces the complexity of the model. A large-enough λ eventually
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forces model coefficients to be exactly 0. Similar
as in ridge regression (cf. Section 4.2.3.1), the less
important an IV is for accurately modeling the data
the earlier, i.e. with smaller λ, it is shrunken to 0.
Again, λ is usually determined by cross-validation (cf.
Section 4.3.1) or related procedures. However, even
the coefficients of important IVs are biased towards
0 and are thus not statistically consistent. This is
probably why the LASSO is often used as a feature
selection technique but seldom used in epidemiological settings where the associations between IVs and
DV are the main interest.
4.2.3.3 Elastic Net
As described above, an advantage of ridge regression is that it can handle correlated IVs and an advantage of the LASSO is that disregards unimportant
IVs. The elastic net can be used to select important
IVs, even in the presence of inter-correlation. It
combines the L1 and L2 penalties from the LASSO
and ridge regression, respectively (Zou and Hastie,
2005), and searches for


k
k
n

X
X
X
β = arg min
βj2
|βj | + λ2
(yi − ŷi )2 + λ1
β̂


β
j=1

i=1

j=1

(4.18)
λ
2
With α = /λ1 + λ2 , this is equivalent to solving
β = arg min {RSS(β
β )}
β̂
β

s.t. (1 − α)

k
X
j=1

|βj | + α

k
X
j=1

βj2 ≤ τ, for some τ
(4.19)

The close relation of the elastic net with both ridge
regression and the LASSO is illustrated in Figure
4.4. With α = 0, the elastic net corresponds to the
LASSO, while with α = 1 it corresponds to ridge
regression.
β2

β1

Ridge
LASSO
Elastic net
(α=0.5)

36

Fig. 4.4 Elastic net in
comparison to ridge
regression and LASSO.
This two-dimensional
contour-plot adapted
from (Hastie et al.,
2008) illustrates the
effects of ridge penalty
(dashed blue line),
LASSO penalty (dotted
green line) and elastic
net penalty (solid red
line). The latter is
variable between the
former two depending
on the parameter α.

4.2.4 Cox Regression
Time-to-event or survival data can be seen as a
special kind of time series data. In an epidemiological
or medical setting, such data typically consist of
observations acquired from monitoring patients or
study participants over a certain time frame. The
monitoring focusses on some specific event of interest such as myocardial infarction. The goal of survival
analysis is to assess the influence of IVs on the time
span until the event occurs. Consider a follow-up
monitoring of treated cardiovascular disease patients
during which one records whether and when each
patient suffers another myocardial infarction. One is
then interested in putative association between variables such as phenotypic or molecular measurements
and the time-to-event or in predicting whether (and
likely also when) events occur, based on the given
variables.
Linear regression is not well suited for analysing
time-to-event data mainly because it cannot handle
censoring. Censoring means that the value of an IV is
only partially known. It occurs, e.g., if a participant
does not experience the event of interested within
the study period or if a participant drops out of
the study before the study period is over. Survival
analysis incorporates censored observations into the
model as a special kind of informative missing data.
To leverage information from both censored and
uncensored observations, the DV of a survival model
is composed of an indicator whether the event of
interest occurred or not and the time until the event
occurred or the observation was censored. Analysis
of time-to-event data focuses on functions derived
from these two components. The first is the hazard
function
h(t) = lim

∆t→0

P (t ≤ T < t + ∆t|T ≥ t)
∆t

(4.20)

expressing the probability for the event to occur at
time t, given that it has not occurred, yet. The above
definition assumes a continuous time-scale and T
denotes a random variable specifying the time until
the event of interest occurs. The second function of
interest is the survival function
S(t) = P (T > t)

(4.21)

which expresses the probability of the event not
occurring until time t.
A widely employed approach for analysing these
kind of data is Cox regression (Cox, 1972). Cox
regression assumes the following properties of the
data:
1. Non-informative censoring,

The Cox regression model has the form

2. proportional hazards,
3. linear relation between ln(h(t)) and the IVs.
The first assumption requires the reasons for censoring to be independent of the events and the probabilities of their occurences. In studies investigating
cardiovascular patients, e.g., participants must not
drop out due to cardiac reasons.
The second assumption requires that the hazard
ratio between two individuals i and j remains the
same, independent of time. I.e., it depends only on
the IVs:
Xi )
h(t|X
h(t)e X i β
X i −X
X j )β
β
=
= e(X
Xj )
h(t|X
h(t)e X j β

(4.22)

X ) = h0 (t)e Xβ
h (t|X


X)
h (t|X
⇔ ln
= Xβ
X)
h0 (t|X

(4.23)

which motivates its third assumption. Model coefficients are determined using a maximum likelihood
approach (Aldrich, 1997) and their significance can
be determined the same way as in linear regression
(cf. Section 4.2.1). Notably, under the proportional
hazards assumption, the model coefficients can be
determined without considering any explicit baseline
hazard h0 (Cox, 1972).

4.3 Classifier Assessment
In epidemiological settings, models are frequently
fitted using all available data. Features, i.e. variables,
in the model are often determined a priori with
respect to their putative importance for the outcome
of interest. This is reasonable when one is interested in the associations between model parameters,
i.e. covariates or exposures. However, classifiers, i.e.
models for classification, should be assessed differently.
Classifiers are built for the purpose of making predictions. This means they should be able to accurately classify samples which have not been used for
training the model. How well they will accomplish
this task cannot be assessed when all available data
are directly used for building the model. When a
classifier is assessed on the same data it was built on,
the classification performance will be overestimated.
Such assessment carries no information as to how
well the classifier will generalise to yet unseen data.
This is a problem inherent to most classifiers by the
way they are trained. Classifiers establish a decision
function that can be considered optimal for the data
at hand. However, new data might not perfectly
mimic the characteristics of the training data. There
often is background noise the classifier does not
recognize as such and hence will incorporate it in
the decision function.

4.3.1 Training, Testing, Validation
If enough data are available, the ideal approach
would be to divide the data into three separate data
sets, one for training, one for testing, and one for
validation. The training set is used to train models
and the test set is used to assess and compare their
immediate performance. The validation set is used
at the end of the whole procedure to assess the gen-

eralisation of the chosen model, i.e. its performance
on yet unseen data.
Unfortunately, truly data-rich situations where
there are many more samples than features are
rarely encountered in the biomedical field. Although
relatively large cohort studies exist (cf. Section 2.2),
one still has to cope with large amounts of missing
data. Furthermore, many molecular measurements
are still too expensive or laborious to be performed on
such large scales. When there are not enough data
available to compile independent subsets, one can
resort to two approaches to estimate the expected
generalisation performance of a classification model,
namely cross-validation and bootstrapping.
4.3.1.1 Cross-Validation
Cross-Validation (CV) is widely used to assess the
generalisation performance of a classifier in datascarce settings. The most common CV approach
is k-fold CV. Consider a dataset DS. K-fold CV
first
Sk divides DS in k partitions DS1,...,k ⊂ DS, s.t.
i=1 DSi = DS and DSi ∩ DSj = ∅ ∀i , j = 1, . . . , k.
Then, in k iterations, the classifier is trained on all
but the kth partition and tested on the kth partition.
For the first
S iteration, e.g., the training data is
DStrain = ki=2 and the test data is DStest = DS1 .
Any performance measure (cf. Section 4.3.2 for a
selection of typically used performance measures) is
then calculated separately in each and finally combined across all iterations. This assures that while the
classifier is trained and tested multiple times, training
and test data are always disjunct. In the special case
when k = n, with n being the number of samples,
this procedure is called leave-one-out CV.
In k-fold CV, the number of training and test samples are fixed to be n(k − 1)/k and n/k , respectively. The
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number of iterations is fixed as k. Shuffle-split CV
allows for more fine-grained control over the number
of iterations and the size of the training and test
sets by using random permutations. One chooses the
number of iterations m and the proportion of test
samples s. With m = 10 and s = 0.2, e.g., the data
are split randomly into training and test set 10 times.
In each iteration, 20 % of the samples will be used for
testing. After all iterations are done, the calculated
performance measures can be combined as in k-fold
CV.
4.3.1.2 Bootstrap
Consider a dataset containing n samples. Bootstrap
samples can be generated from this dataset by b
times randomly drawing n samples with replacement.
These can then be used to estimate the accuracy
of statistical measures or perform statistical tests.
Performance measures A and B for two classifiers
CA and CB , respectively, can be computed each on
b bootstrap samples. This makes it straight-forward
to test for significant difference in the performances
of CA and CB , e.g. by comparing the mean over all
bootstrap samples. Note that the bootstrap as such
is not suitable for training and testing a classifier by
itself due to the large overlap between the bootstrap
samples and the original data set.

respectively.
4.3.2.1 Sensitivity, Specificity, Predictive
Values, and Accuracy
Medical tests that judge whether a patient has a
certain disease or not can be assessed from two
perspectives, so to say, using straightforward to compute performance measures. Developers of tests are
often interested in the probabilities of test results
given the disease state. The probability of a positive
test result for actually diseased individuals is the
sensitivity (a.k.a. recall):
Sensitivity =

Consider a dataset consisting of two classes of
samples, e.g., healthy individuals and patients. When
one wants to assess the performance of a classifier
classifying the samples into healthy and diseased
there is a plethora of performance measures available
to do so. They all go back to the following definitions.
Denoting the two classes as 0 and 1, e.g. controls
and cases or healthy and diseased individuals, respectively, one can compile a confusion matrix as
exemplified in Table 4.1.
Truth
0
1
Total

0
n00
n10
n0

Prediction
1
Total
n01
n11
n1

n0
n1
n

Table 4.1 Confusion
matrix for a binary
classification
problem.
nij denotes the number
of samples belonging to
class i and predicted to
belong to class j.

The number of true positive (TP) and true negative
(TN) classifications are given by n11 and n00 , respectively. The number of false positive (FP) and false
negative (FN) classifications are given by n01 and n10 ,
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(4.24)

The specificity is the probability of a negative test
result for healthy individuals and is estimated as
Specificity =

TN
TN + FP

(4.25)

Putative patients, i.e. tested individuals, are likely
more interested in the probabilities of disease states
given the test result. From this perspective, the more
interesting performance measures are the positive
and negative predictive value of the test. The positive
predictive value (PPV; a.k.a. precision) is the probability that the tested individual is actually diseased
given a positive test result:
PPV =

4.3.2 Performance Measures

TP
TP + FN

TP
TP + FP

(4.26)

The probability that the tested individual is healthy
given a negative test result is called the negative
predictive value (NPV) and is defined as
NPV =

TN
TN + FN

(4.27)

The measures discussed above each assess the classification performance with a focus on one specific
class. While sensitivity and PPV focus on class 1,
specificity and NPV focus on class 0. The accuracy
(ACC), instead, quantifies the classification performance as the fraction of correctly classified samples
over both classes:
TP + TN
ACC =
(4.28)
TP + TN + FP + FN
In this way, the accuracy remedies potential limitations of the aforementioned measures when classes
are imbalanced, i.e. when one of the classes contains
many more samples than the other.
4.3.2.2 Receiver Operating Characteristic
Many classifiers assign class labels to samples based
on a decision function that calculates a score CS
based on the available features. Without loss of

Performance Measures

The performance measures defined above can be
seen as “point-estimates” in that they are calculated
for one specific t.
It is easy to see that the sensitivity and specificity
change when the threshold for the decision function changes. There might be a favourable trade-off
between the two measures. A test for particularly
rare diseases, e.g., should achieve a very high specificity. Otherwise, there will be many FP if the test
is conducted too often. The trade-off might also
depend on the consequences arising from test results.
If a false negative test result (i.e. the sample is
classified as 0 while actually belonging to class 1)
has fatal consequences for a patient in that he does
not receive necessary treatment, one usually aims for
a particularly high sensitivity.
A widely used technique to investigate the trade-off
between sensitivity and specificity is receiver operating characteristic (ROC) analysis (Fawcett, 2006).
ROC analysis assesses both measures for all possible
classification thresholds. The classifier performance
is visualized with a ROC curve (cf. Figure 4.5 for an
example) plotting the sensitivity against 1-specificity
spanning the ROC space. Each classification threshold corresponds to a point in this ROC space and the
ROC curve passes through all points identified by the
employed classification thresholds. An uninformed
random classifier would yield a ROC curve on the
diagonal of the ROC space. A perfect classifier would
lead to a ROC curve passing through the top left
corner of the ROC space. ROC curves below the
diagonal can be flipped: a classifier with such a ROC
curve can be inverted to perform better than random.
Area Under the Curve
These observations about ROC curves motivate
another performance measure for classifiers, namely
the area under the curve (AUC; Bradley, 1997; Hanley and McNeil, 1982):
Z−∞
AUC =
Sensitivity(t) (1 − Specificity(t)) dt
∞

(4.30)
where t is again the threshold on which the classifier’s decision depends. The AUC can be interpreted

1

Sensitivity

generality, assume that the score is the probability
to belong to class 1 instead of class 0. In the easiest case, class labels are determined according to
whether the value of a single feature f is above or
below some threshold t. I.e., the decision function
has the form
(
0 if f < t
CS =
(4.29)
1 if f ≥ t

0

0

1 - Speciﬁcity

1

Fig. 4.5 Exemplary ROC curves. The dotted
black diagonal corresponds to random guessing. The orange line corresponds to a perfect
classifier. The AUC is exemplary visualised for
the blue ROC curve as blue shaded area. The
classifier yielding the red dotted line would
perform worse than random. Thus, one would
invert the classification and obtain the solid
red line. The green line indicates better performance than the blue line. Although they both
have the same AUC, the green line reaches a
higher sensitivity at higher specificity than the
blue line.

as the probability of the classifier assigning a higher
score to a randomly chosen sample of class 1 than
to a randomly chosen sample of class 0 (Bradley,
1997; Hanley and McNeil, 1982).
Time-Dependent Area Under the Curve
For time-aware models such as Cox regression (cf.
Section 4.2.4), calculation of the AUC is problematic. Just like other model parameters and coefficients, the AUC depends on the time point at
which the model is evaluated. Furthermore, effects
of censoring on the AUC are difficult to assess.
These difficulties can be overcome by a timedependent AUC measure AUC(t) (Chambless and
Diao, 2006). Its interpretation remains virtually the
same as for the standard AUC. AUC(t) can be
understood as the probability that an individual that
has experienced the event of interest at time point
t is assigned a higher score (e.g., by a Cox regression model), than an individual that has not experienced the event at the same time point. Assuming
t ∈ [0, T ], the AUC(t) is essentially
Z
AUC(t) =

T

AUC(t) dt

(4.31)

0

The AUC(t) can be conveniently derived from a
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Z∞ Z∞
AUC(t) =
g(ŷi |Di,t = 1) g(ŷj |Dj,t = 0)dŷi dŷj
−∞ ŷj

(4.32)

E((1 − S(t|{ŷi |Di = 1})) S(t|{ŷj |Dj = 0}) I({ŷj ≤ ŷi |Di = 0, Dj = 1}))
=
E(1 − S(t|ŷŷ )) E(S(t|ŷŷ ))
where ŷ are the scores from a Cox regression model (cf. Section 4.2.4). g(·) and g(·|·) denote the density
and conditional density, respectively. Whether sample i has experienced the event of interest at time
point t or not is indicated by Di,t = 1 or Di,t = 0, respectively. S(t|ŷŷ ) denotes a fitted survival function
evaluated at time point t. E(·) is the expected value, and I the indicator function.

βX
fitted survival function S(t|βX
βX) of a Cox regression
model as shown in Equation 4.32.

4.3.2.3 Net Reclassification Improvement
It has become apparent that putatively useful
biomarkers, especially prognostic biomarkers, often
lead to only minimal improvement in AUC (Cook,
2007). To assess the added value of a new biomarker
it is warranted to determine the improvement in
prediction performance of a classifier not only by
itself but also in comparison to some base classifier
(Austin and Steyerberg, 2013). To that end, the net
reclassification improvement (NRI) has been introduced (Pencina et al., 2008).
Consider two classifiers C1 and C2 . Both of them
assign class labels L1i , L2i ∈ {0, 1}, respectively, to
sample i . Denote the true class of sample i as
Di ∈ {0, 1} and the number of samples as n. The
NRI of C2 compared to C1 can then be calculated
according to Equation 4.33.

Intuitively, the NRI can be interpreted as the fraction of samples that are more accurately classified
by the new classifier. A positive NRI means that
there are more samples that are more accurately
classified and a negative NRI means that there are
more samples that are less accurately classified.
The definition in Equation 4.33 is based on the class
labels of the samples. It does extend naturally to
the actual score values. The continuous NRI (cNRI)
simply replaces the assigned class labels (L) of the
samples by the scores (CS) they were assigned by
the classifier and then considers the actual changes in
scores instead of the number of differently classified
samples. As shown in Pencina et al., 2011, cNRI can
be calculated as

|{i |CSi1 < CSi2 ∧ Di = 1}|
cNRI(C2 , C1 ) = 2
|{i |Di = 1}|

1
|{i |CSi < CSi2 ∧ Di = 0}|
−
|{i |Di = 0}|
(4.34)

|{i |L1i < L2i ∧ Di = 1}| − |{i |L1i > L2i ∧ Di = 1}|
|{i |Di = 1}|
|{i |L1i > L2i ∧ Di = 0}| − |{i |L1i < L2i ∧ Di = 0}|
+
|{i |Di = 0}|

NRI(C2 , C1 ) =

(4.33)

4.4 Random Forests
Ensembl approaches have proven to be very accurate classifiers. Such approaches combine multiple,
potentially weak, classifiers in a particular fashion to
obtain a much better performing ensembl. A random
forest (RF) is essentially an ensembl of decision trees
(Breiman, 2001).

whether and how well patients can be distinguished
from healthy individuals based on biomolecular data.
It is also important to identify the biomolecules that
dominantly contribute to the classification. RFs are
grown in a way that readily provides measures of
feature importance.

RFs have shown excellent performance on many
problems while being simple and fast to train. They
are robust against parameter perturbations and hard
to overfit. In medical settings it is not only of interest

In the remainder, only the case of classification
trees is considered, although the described ideas are
easily transferable to regression trees. Also, without
loss of generality, only binary classification is dis-
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cussed. y and X are defined analogously to Section
4.2.1. I.e., y is a vector of true class labels and X is
a n ×k matrix whose rows X i are samples and whose
columns x j are features.

R3

For classification, each region of the partitioned
feature space is assigned a class label. To grow the
tree optimally partitioning the feature space, one has
to find the necessary splits consisting of a splitting
variable v and a split point t. Each split yields
X i |xi,v ≤ t} and
two sets of samples R1 (v , t) = {X
X i |xi,v > t}. For computational feasibilR2 (v , t) = {X
ity the splits are determined with a recursive greedy
strategy (Hastie et al., 2008). At each split, one
seeks to minimize so-called node impurities quantified, e.g., by the Gini index. Denote the class label of
a sample as c ∈ {0, 1} and the proportion of class c
samples in a node m representing a region Rm (v , t)
as
X i ∈ Rm (v , t)|yi = c}|
|{X
X i ∈ Rm (v , t)}|
|{X

(4.34)

G(m) = p̂m,0 p̂m,1

(4.35)

The Gini index is then

Hence, for the first split one tries to solve
min {G(1) + G(2)}

(v ,t)

(4.36)

The splitting process is then repeated for the resulting regions R1 and R2 .
The size of a tree T is governing model complexity. A very large tree, in the extreme with
|{Ri }| = 1 ∀ i = 1, . . . , n, tends to overfit. The performance gain of a split might not be immediate,
though. A seemingly worthless split might lead to
a desirable downstream split. It is therefore unclear
how large the tree should be grown. One usually
grows a rather large tree T0 until some minimal node
size — the number of samples in leaf nodes Rm —
is reached and subsequently prunes the tree.

x1 ≤ t3

R5

t4

R1
x1

Tree-shaped models partition the feature space into
smaller regions. In each region, they fit a simple
model such as a constant value. This makes trees
conceptually simple approaches. Yet, they can model
complex non-linear relationships and are generally
scale-invariant unlike many other classification methods. Although partitions of the feature space can
become quite complex, their representation in recursive binary trees is still interpretable (cf. Figure 4.6).
Note that binary splits are generally preferred over
multiway splits. The former do not fragment the data
as quickly and the latter can still be achieved by a
series of the binary splits.

x2 ≤ t2

t2

x2

4.4.1 Trees

p̂m,c =

x1 ≤ t1
R2

R1

R4
t1

t3

R2

x2 ≤ t4

R4

R5
R3

Fig. 4.6 Toy tree example adapted from Hastie
et al., 2008. The left plot shows a partition of
the feature space spanned by x 1 and x 2 . The
right plot shows the tree inducing this partition.
The color coding highlights the correspondence
between partition boundaries and splits in the
tree. Slightly abusing notation in order to aid
understanding, leaf nodes are labeled as indexed regions and internal nodes are labeled as
split criteria.

Subtrees T ⊆ T0 can be obtained by pruning, i.e. by
collapsing internal nodes of T0 . One aims for finding
a tree Tα that minimizes the cost complexity
Qα (T ) =

|T |
X
m=1

X i ∈ Rm }|G(m) + α|T |
|{X

(4.37)

where |T | denotes the number of leaf nodes in T .
Note that G(m) can be replaced for any other node
impurity measure. The trade-off between tree size
and goodness of fit is controlled by α ≥ 0 with larger
α leading to smaller trees and α = 0 ⇒ T = T0 . Tα
exists for each α and it can be found by weakest
link pruning: One successively collapses the internal P
node producing the smallest per-node increase
|T |
X i ∈ Rm }|G(m) until only the root is
in
m=1 |{X
left. The sequence of subtrees obtained from this
procedure must contain Tα (Breiman et al., 1984).
An optimal value of α can be determined by CV or
related procedures (cf. Section 4.3.1).
A major problem of trees is their high variance.
Small changes in the data often lead to different
series of splits. Due to the hierarchical structure,
errors in any split propagate down to all subsequent
splits. Thus, despite their intuitive interpretation single trees generalise rather badly.

4.4.2 Key Idea of Random Forests
The variance of trees can be greatly reduced with
a technique called bagging. Bagging is a variant
of bootstrapping that can improve the prediction
accuracy of an ensembl classifier. To this end, each
individual classifier is trained on a bootstrap sample.
The final ensembl prediction is obtained by aggregating the individual predictions, e.g., using majority
votes. This concept has become widely known as
the “wisdom of crowds” (Surowiecki, 2004). Due to
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their high variance, trees potentially benefit a lot
from the aggregation. In a bagged ensembl of trees,
the individual trees tend to use different splitting
variables and split points and will likely have different
numbers of leaf nodes. Yet, while a bagged ensembl
of trees generally consists of identically distributed
trees, they are not independent. The variance of the
ensembl predictions is
1−ρ 2
Var(Yˆ ) = ρσ 2 +
σ
B

(4.38)

where B is the number of trees, σ 2 is the variance
of individual trees and ρ is the pairwise correlation
between trees. The reduction of variance for large
B becomes negligible. Thus, there are easily conceivable problems where a bagged ensembl of trees
performs badly (cf. Hastie et al., 2008).
A RF can be seen as an improvement of bagging
as it builds an ensembl of many de-correlated trees
and aggregates their individual votes. Due to the
low pairwise correlation between individual trees, a
RF greatly reduces Var(Yˆ ) ≈ σ2/B through a large
number of trees.

4.4.3 Realization of Random Forest
Each individual tree Ti is grown on a bootstrap
sample X (i) , with i = 1, . . . , B. The correlation
between trees is reduced through random selection of
features. I.e., before each split, only l ≤ k randomly
chosen features are considered as √
potential splitting
variables. A typical choice for l is k and the RF is
very robust with respect to this parameter, so that it
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is usually not optimised. A second parameter is the
number of trees. In theory, Var(Yˆ ) → 0 as B → ∞.
However, larger B increases computational costs and
the prediction error of an RF empirically stabilizes for
approx. B = 500. A third parameter is the minimal
node size for the trees. To fit the data as good
as possible, the trees are typically grown until each
leaf node contains only few or even a single sample.
Pruning can prevent individual trees from overfitting
(cf. Section 4.4.1). However, a RF is usually quite
resilient against overfit trees. Pruning results in only
very small performance gains and is usually omitted
(Breiman, 2001; Hastie et al., 2008).
A distinctive feature of RFs is the use of out-of-bag
samples for error estimation during training. Each
sample X i is assigned a class label by a majority vote
of those trees Tj whose bootstrap sample X (j) does
not contain X i . In most settings, this makes it unnecessary to perform CV for assessing the generalisation
performance of a RF (Breiman, 2001; Hastie et al.,
2008).
RFs readily provide a measure of feature importance as the mean improvement in split criterion
per feature. For classification, the most widely used
split criterion is the Gini index G(m) of a node
m = Rm (v , t), as defined in Equation 4.35. W.l.o.g.,
define the two regions resulting from splitting m as
ml and mr , s.t. m = ml ∪ mr . The importance of
a variable x j can then be measured as the mean
decrease of the Gini index in all splits involving x j :
DG(xx j ) =

G(m) − G(ml ) − G(mr )
|{Rm (v , t)|v = x j }|

(4.39)

5

Results

This chapter presents the analysis strategies developed in the context of this thesis. The strategies are grouped with respect to the
data type and research problem they tackled. The first section describes an approach for plasma miRNA association studies. Its development and the proof-of-principle are reported in Section 5.1.1. Section 5.1.2 details an investigation assessing associations of plasma
miRNAs with liver fat and liver-related biomarkers in the context
of non-alcoholic fatty liver disease. Section 5.2 describes RNA-Seqbased transcriptome profiling studies. The first study (Section 2.8.1)
characterizes the gene expression of murine models for Alzheimer’s
disease. The second study (Section 5.2.2) investigates the influence
of X-irradiation on the transcriptome of human gingiva fibroblasts.
Section 5.3 elaborates on an analysis strategy for associating timeresolved plasma proteome and metabolome data with phenotypes of
interest. This strategy has been developed for the characterization
of a human model for thyrotoxicosis presented in Section 5.3.1.
Sections 5.4 and 5.5 describe strategies to identify biomolecular
signatures focussing on case-control data and time-to-event data,
respectively. The applications of these strategies within this thesis include the search for plasma miRNAs discriminating NAFLD
patients from healthy people (Section 5.4.2), the compilation of
a multi-omics signature of thyroid status (Section 5.4.1), and the
assessment of the utility of plasma miRNAs for the prediction of
major cardiovascular events (Section 5.5.1).

Plasma MicroRNA Association Studies

5.1 Plasma MicroRNA Association Studies
Circulating miRNAs are, since recently, under
scrutiny for their potential as highly sensitive and easily accessible biomarkers (cf. Section 2.4). However,
there is no standard strategy, neither for miRNA
data normalisation, nor miRNA data analysis (Nair
et al., 2014). Most recent studies suffer from three
limitations. Two of these are the focus either on
small numbers of miRNAs or on small numbers
of samples. The third limitation is restricting the
study population to case-control design focusing on
specific diseases. These properties, among others,
render early and recent miRNA studies prone to both
false positive and false negative results (Chavalarias
and Ioannidis, 2010; Ioannidis, 2005).
The SHIP-TREND cohort (cf. Section 2.2.1) provides an excellent background for larger-scale miRNA
association studies focusing on healthy and subclinical phenotypes. The wet-lab procedures for highthroughput plasma miRNA profiling have been established at the Department of Functional Genomics (cf. Section 3.1.1). In close collaboration
with non-computational biologists, I designed and
implemented a suitable strategy for processing and
analysis of the obtained data. We sought to address

the aforementioned shortcomings of miRNA studies
as follows.
• By leveraging data and biomaterials from the
SHIP-TREND cohort (cf. Section 2.2.1), we
were able to substantially increase the sample
size compared to other published studies and
to rely on high quality phenotypic data.
• We specifically focused on plasma circulating
miRNAs, in contrast to many other studies
often analysing whole-blood samples including
cellular miRNAs.
• We were not restricting our analyses to a few
candidate miRNAs, but investigated a large
panel of 179 miRNAs detectable in plasma (cf.
Section 3.1.1).
Section 5.1.1 describes the development of the
workflow in a proof-of-principle study. The study has
been published in Ameling* et al., 2015 (cf. Appendix
A) and the workflow has then also been applied in a
study investigating the association between plasma
miRNAs and NAFLD (cf. Section 5.1.2). All of these
investigations are based on a subset of the population
based SHIP-TREND cohort (cf. Section 3.1.1).

5.1.1 Proof-of-Principle
As proof-of-principle study, we assessed associations of plasma miRNAs with age, sex, and BMI. Although molecular markers for these three phenotypes
are only of limited clinical interest, they represent
suitable phenotypes for the development of analysis
strategies. Available literature suggests associations
between plasma miRNAs and these three phenotypes
(Keller et al., 2014; Meder et al., 2014; Olivieri et al.,
2012). Yet, many existing studies fail to properly
address potential confounding of age, sex, or BMI
when analysing disease-relevant traits (Nair et al.,
2014). For instance, Meder et al. (2014) exemplified
the importance of age-matching cases and controls,
which is often neglected.
We took great care to address the aforementioned
concerns. We developed means for population-based
plasma miRNA association studies employing stringent data preprocessing and quality control, and
incorporating putatively confounding variables. The
developed regression approach is somewhat related
to GWAS and TWAS. Via a two-step linear regression one first seeks to regress out technical variance
and then assesses remaining associations between
miRNAs and phenotypes.
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5.1.1.1 Pre-Processing
The spike-in UniSp3 serves as inter-plate calibrator
(IPC) and allows to judge if each plate has been
run successfully and whether there is variation in the
measurement performance across plates (cf. Section
3.1.1). According to Exiqon, the standard deviation
(SD) of the IPC must not exceed 0.5 CT. We observed a mean CT value of 20.90 with a SD of
0.17 CT for the IPC (cf. Figure 3.2). This confirmed
good measurement performance and low technical
variation between plates.
PCR in general, and Exiqons system in particular,
is very sensitive, even for low-abundant target sequences. One has to be careful, though, to properly
distinguish measured signals from background noise.
Each PCR plate contains a negative control (blank).
The detection limit is the minimum of the number
of cycles the PCR was run for and the first cycle in
which a signal was detected for the blank. Exiqon
recommends to discard any CT values closer than
5 CT to the assay detection limit as background
noise. As we did never detect a signal in a blank and
ran the PCR for 42 cycles, we discarded all CT values

Proof-of-Principle

above 37 (= 42−5). Corresponding data points were
treated as missing values. This threshold was already
successfully applied in other studies on low-abundant
miRNAs (Mestdagh et al., 2014; Starikova et al.,
2015; Zhou et al., 2015).
The levels of many miRNAs and the total miRNA
content vary greatly between samples (cf. Figure
5.1a). In order to make the measurements more
comparable we employed a lower quartile normalisation (LQN) strategy. LQN is closely related to
the widely used mean normalisation, but is intuitively
better suited for the miRNA data at hand. By virtue
of the assay, larger CT values, corresponding to less
miRNA, are less reliable than smaller CT values.
Hence, LQN leverages the more reliable range of
measurements to normalise the CT values per sample. Formally, normalised miRNA levels are calculated
as
∆CTm,s = CTm,s − LQs
where CTm,s is the raw CT value of miRNA m in
sample s, and LQs denotes the lower quartile of all
CT values for s. Despite the normalised values being
relative to the sample quartile, there is no grave loss
of information, since also the measured CT values
already do not represent an absolute quantification
(cf. Section 3.1.1). Figure 5.1 exemplifies the effect
of different normalisation strategies for the samples
of B1.
Initially, we thoroughly manually checked the distributions of raw and normalised data for each miRNA.
On a case-by-case basis, we decided whether a
miRNA should be excluded from association analyses. Only miRNAs with at least 100 valid values
and with near-normal distribution passed the quality
control. CT values of a miRNA m with mean µm and
standard deviation σm had to fulfil the following two
conditions to be considered valid:
• CTm ≤ 37

• µm − 3 ∗ σm < CTm < µm + 3 ∗ σm

The near-normality of the CT value distributions
was judged subjectively. Although there exist normality tests, these are usually too stringent and
would exclude too many miRNAs. Note, that the
normality assumption of linear regression applies to
the residuals of the model, not to the IVs or DVs.
Nevertheless, it is common practice to exclude obviously non-normally distributed data, since they often
lead to down-stream problems in a variety of analysis
settings. We spotted 24 miRNAs that had less than
100 valid values or whose values were distributed in a
very skewed way. Thus, we only retained 155 manually quality-controlled miRNAs for further association
analyses.

5.1.1.2 Adjustment for Technical Variation
The Exiqon kits contain spike-ins for monitoring
the efficiency of RNA extraction, namely UniSp2,
UniSp4, and UniSp5 (cf. Section 3.1.1). Adjusting
for the detected level of these artificial sequences
allows for a very direct control of technical variation.
We used the CT values of UniSp2 (CTU2 ) and the
difference between CT values of UniSp4 (CTU4 )
and UniSp2 (CTU4−U2 = CTU4 − CTU2 ) as technical
covariates.
As detailed in Section 3.1.1, the spike-in concentration of UniSp4 is 100-fold lower than that of UniSp2.
The key to the reaction efficiency monitoring is
this known relative abundance, as UniSp4 should be
detected approx. 6.6 PCR cycles later than UniSp2.
Hence, we relied on CTU4−U2 to align the technical
adjustment in the regression models closely with
the recommendations of sample preparation quality
control by Exiqon.
UniSp5 was not incorporated because it could not
be consistently detected (cf. Figure 3.2) across all
samples. The concentration of UniSp5 is again 100fold lower than that of UniSp4, as it should monitor
the extraction efficiency for low-abundant miRNAs.
This exemplifies that low-abundant miRNAs cannot
be measured as reliably as higher-abundant miRNAs
and supports our decision to discard high CT values,
as described above.
Although circulating miRNAs are regarded as very
stable in stored plasma samples, it cannot be excluded that storage time affects the quality of samples and contained RNA. The used SHIP-TREND
samples have been collected over a relatively long
period of time, namely from 2008 – 2010. This
lead to very different storage time intervals of the
samples.
To see whether this influenced our data, we calculated the associations of several sample parameters with the first ten principle components (PCs)
of the data. Investigated parameters included the
phenotypes of interest (age, sex, BMI), blood cell
parameters (BCPs), as well as the dates of RNA extraction, cDNA synthesis, QC panel run, focus panel
run, and the time spans between sample collection
and RNA extraction, between RNA extraction and
cDNA synthesis, and between cDNA synthesis and
miRNA measurement. Missing values in miRNA data
were mean-imputed per miRNA before the PCA. As
can be seen in Figure 5.2, the differences in storage
times in the biobank (dt_bi obank) and between
RNA extraction and cDNA synthesis (dt_r na) influenced the miRNA data more profoundly than any
of the other parameters. These two are the only
two parameters associating already with the first
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Fig. 5.1 CT value distribution per sample in SHIPTREND batch 1. (a) Raw
data. (b) Lower-quartile normalised data. (c) Meannormalised data.
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Fig. 5.2 Heatmap of associations between principle components of the
miRNA data and sample
parameters. The q-values
are obtained from linear
regression models. Darker
colour means stronger association.

Fig. 5.3 Correlation between sample parameters. Depicted is the upper triangle of a correlation matrix
based on the Spearman correlation
coefficient ρ. Red indicates positive
correlation and blue indicates negative correlation. The darker the
colour, the stronger the correlation.
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Fig. 5.4 Associations of miRNAs with age (blue), sex (red), and BMI (green). The y-axis
corresponds to −log10 (q) of the association. Thus, the farther away a point from the 0-line,
the stronger the depicted association. MiRNAs are ordered lexicographically along the x-axis.
Due to the nature of CT values, negative effect sizes indicate positive associations (points
above the 0-line), and positive effect sizes indicate negative associations (points below the
0-line). Dashed lines mark the significance threshold of q = 0.05. (a) Associations without
adjustment for BCPs. (b) Associations with adjustment for BCPs. The blue triangle indicates
an association with age with −log10 (q) > 7.
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PC, albeit weekly. In the third PC, again these two
parameters show the strongest associations.
Note that these two parameters are strongly negatively correlated (cf. Figure 5.3). This can be explained by the wet-lab procedures. The cDNA synthesis took place only after all samples underwent
RNA extraction. Since the RNA extraction of all
samples took only approx. half a month (as compared
to two years for the sample collection), dt_bi obank
decrease rapidly for the samples. The samples underwent cDNA synthesis in the same order as RNA
extraction, but this step took approx. one and a
half month for all samples. Hence, dt_r na slightly
increases for the samples. Due to the strong correlation between dt_bi obank and dt_r na, we included
only the former as further technical covariate.
The adjustment for technical variables was done in
a first round of OLS regression. The miRNAs were
treated as DVs and technical variables as IVs. I.e., for
each miRNA separately, we evaluated the regression
model given in Equation 5.1.
∆CTm ∼ dt_bi obank + CTU2 + CTU4−U2 (5.1)
The residuals of these models are stored as the
technically adjusted data and are used for further
analyses. This one-time prior adjustment for technical variation is sensible, as the alleviated technical
effects on measurements can be assumed to be
independent of the phenotypes analysed later on.
Furthermore, it allows for a higher degree of modularization of the analysis workflow.
Separate regressions per miRNA are analogous to
GWAS and TWAS, where one computes separate regressions for each SNP or transcript probe. A notable
advantage of this analysis scheme is its flexibility in
case the miRNA panel changes, as the results for a
specific miRNA are independent of other miRNAs in
the data set.
5.1.1.3 Initial Association Analyses
To find phenotype-specific associations to age, sex,
and BMI not confounded by other sample differences, we also considered biological adjustments for
the respective other two phenotypes. I.e., all associations between miRNAs and one of the phenotypes are
derived from the regression model in Equation 5.2,
where r ∆CTm denote the residuals obtained from the
regression according to Equation 5.1.
r ∆CTm ∼ age + sex + bmi

(5.2)

Associations were deemed significant if the
Benjamini-Hochberg corrected p-value (q-value) was
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smaller than 0.05. Figure 5.4a shows a Manhattanlike plot summarizing the results for all three phenotypes.
We identified seven miRNAs that were significantly
associated with age and 15 that were significantly associated with BMI. Strikingly, we observed significant
differences between sexes for 35 miRNAs. While the
majority of age and BMI associations are supported
by the literature (Bandiera et al., 2015; Hatse et al.,
2014; Meder et al., 2014; Olivieri et al., 2012; Park
et al., 2013; Tan et al., 2014), only few of the
miRNA-sex associations have been reported before.
However, several of these miRNAs, e.g. miR-142-3p,
miR-143-3p, miR-145-5p, miR-451a, miR-16-2-3p,
are known to originate from blood cells and to
be involved in haematopoiesis. Different blood cell
like monocytes, thrombocytes, granulocytes, lymphocytes, reticulocytes, and erythrocytes all contain
cell type specific as well as ubiquitously expressed
miRNAs in varying amounts (Pritchard et al., 2012;
Teruel-Montoya et al., 2014).
The blood cell composition is known to differ between sexes. For instance, the blood cell mass in the
circulation of women is smaller compared to men.
This lead us to the hypothesis, that many of the
observed miRNA-sex associations are actually driven
by different blood cell composition. Thus, not only
sex, but also BCPs may confound associations to
other phenotypes, as well. To address this issue, we
further refined our analysis and sought to adjust for
important BCPs.

5.1.1.4 Refined Adjustment for Blood Cell
Parameters
Due to the thorough phenotyping of the SHIPTREND cohort, we had many BCPs at hand for
samples investigated here. Figure 5.5 provides an
overview of the parameter distributions stratified
with respect to sex. Many of the parameters are intercorrelated, as can be seen in Figure 5.3. Hence, it
is not straightforward to pinpoint the “right” variables
to appropriately adjust for putatively confounding
blood cell compositions in the samples.
To home in on important BCPs to consider, we
employed regularized regression models. Specifically,
we used an elastic net to identify important blood cell
parameters. Again separately for each miRNA, the
model comprised the miRNA as DV and the technical
parameters (dt_bi obank, CTU2 , CTU4−U2 ) as well
as all available BCPs as IVs. As the elastic net combines the LASSO with ridge regression (cf. Section
4.2.3), it automatically selects a subset of IVs while
still being able to cope with inter correlation between
IVs (cf. Section 4.2.3). In order to make use of both
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Fig. 5.5 Blood cell parameters (BCPs) for different sexes for SHIP-TREND
samples from batch 1. The BCP values are arranged on the y-axis and sexes are
separated on the x-axis. Males are encoded as 1 (blue) and females as 2 (green).
Depicted BCPs are monocytes (Mo), eosinophile granulocytes (Eo), basophile
granulocytes (Ba), neutrocytes (Ne), lymphocytes (Ly), white blood cell count
(WBC), red blood cell count (RBC), haemoglobin (Hgb), heamatocrit (Hct),
mean corpuscular volume (MCV), mean corpuscular haemoglobin (MCH), mean
corpuscular haemoglobin concentration (MCHC), red blood cell distribution width
(RDW), platelet count (Plt), mean platelet volume (MPV).
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Fig. 5.6 Results of the elastic net regressions. The grey area shows the mean and SD of the ∆CT values for each
miRNA. The black area shows the mean and SD of the CV error of the regression model. Both relate to the left
y-axis. MiRNAs are ordered decreasingly with respect to their mean ∆CT along the x-axis. Differently coloured dots
indicate the final effect size of parameters in the shrunken regression model. They are shown as log10 (|β|) on the
left y-axis for parameters that have been selected (i.e. β > 0) at least ten times.
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these properties, we balanced them out by selecting
a mixing parameter α of 0.5.
In a standard epidemiological setting, coefficients
of regression models are usually assessed by their
p-value. Here, we switch to a machine learning setting. It is inherently difficult to calculate p-values for
coefficients in regularized regression models, mainly
because the number of degrees of freedom changes
from the complete model to the sparse model, as IVs
are excluded. Hence, we performed a leave-one-out
CV of the elastic net models predicting the miRNA
levels based on the technical parameters and BCPs,
as mentioned above.
The overall goal here was to identify BCPs that
are “often” (i.e. for many miRNAs) selected by
the regularized models. The CV as implemented in
the cv.glmnet function of the R package “glmnet”
(Friedman et al., 2010), optimizes the regularization
strength λ of the models. A larger value of λ means
a more strict regularization of the model. This leads
to sparser models (containing less IVs) but risks bad
generalisation when the models get too sparse. We
selected the models with the largest λ such that the
corresponding mean CV error is within one standard
error of the minimum CV error. Following this model
selection, one avoids selecting overly sparse models
while still tuning prediction performance reasonably
well with respect to the data at hand.
Figure 5.6 depicts the coefficients of selected
parameters per model, for coefficients that have
been selected at least ten times. The models were
trained and assessed on the non-adjusted data in
order to compare the influence of technical variation
and different blood cell composition. Clearly, there
is still a strong influence of technical parameters.
There are four blood cell parameters that have
been frequently retained in the models. These are
heamatocrit, heamoglobin, platelet count, and mean
platelet volume. Since heamatocrit and heamoglobin
are pronouncedly correlated (cf. Figure 5.3) and the
effect size of heamatocrit was mostly larger than
that of heamoglobin, we finally selected heamatocrit,
platelet count, and mean platelet volume to adjust
for blood cell composition. These BCPs have been
added to regression models in the second stage
to make a clear distinction between technical and
biological adjustments. The final regression models
were, thus:
r ∆CTm ∼ age +sex +bmi +hct +plt +mpv (5.3)
After additionally incorporating appropriate BCPs
in the regression model we observed some changes
in associations (cf. Figure 5.4), most profoundly
with respect to sex: The number of significantly
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associated miRNAs dropped from 35 to 7. The
associations with age and BMI were not influenced
that much. However, we detected four additional
miRNA-BMI associations compared to the analyses
not adjusted for BCPs. W.r.t. age, we found five
more associated miRNAs. None of the previously
identified associations with BMI or age have been
lost by the BCP adjustment. Again, only few miRNAs were associated with more than one phenotype.
The strongest of the finally 12 associations with
age (q < 0.001) were observed for miR-1263p, miR-30c-5p, and miR-142-3p. The first (miR126-3p) even reached q
=
9.7 × 10−9 .
The effect sizes for all miRNA-age associations remained quite small with |β∆CT | < 0.01. Considering BMI, four miRNAs, namely miR-122-5p,
miR-148a-3p, miR-505-3p, and miR-99a-5p, were
associated with q < 0.001. In total, there were
19 miRNAs associated with BMI. Significant sexspecific associations after adjustment for BCPs were
observed for miR-145-5p, miR-22-3p, miR-142-3p,
miR-424-5p, miR-148a-3p, miR-150-5p, and miR30d-5p. While none of these associations reached
q < 0.001, their effect sizes were strikingly larger
(0.26 ≤ |β∆CT | ≤ 0.35) than those of any other
phenotype. A complete overview of the final results
is provided in Table 5.1.
The final workflow that has been developed in
this study is depicted in Figure 5.7. All calculations
have been implemented in R (v3.1.2 or later,
https://www.r-project.org). The scripts are readily
usable for future analyses. Some of the data
handling and formatting, as well the generation
of some of the graphics has been implemented
in Python (v2.7.11, https://www.python.org)
with Anaconda (v2.5, https://www.continuum.io)
and specifically, the “seaborn” package (v0.7.1,
https://seaborn.pydata.org).

5.1.1.5 Re-analysing the Combination of Both
MiRNA Data Batches
After the second batch of miRNA data became
available (cf. Section 3.1.1), we combined both
batches to obtain a more comprehensive data set.
This data set contained 708 individuals, almost doubling the number of samples. Note that the miRNA
content of the RT-qPCR panels changed slightly
from V3.M — used for the first batch — and V4.M
— used for the second batch — (cf. Table 3.2).
Therefore, we focused on the miRNAs contained in
the overlap of both panels after quality control. The
quality control and technical adjustment of the data
for the second batch were performed in the same way
as for the first batch.
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Table 5.1 Phenotype-specific association of miRNAs with age, sex, and BMI in batch 1. For
each phenotype, effect size and q-value of the linear regression model adjusted for the respective
other two phenotypes and BCPs are shown. Only miRNAs with at least significant associations
are shown. Significant βs and q-values are printed bold. Numbers are rounded to three significant
digits for values ≥ 0.001 or two significant digits in scientific notation for values < 0.001
Age
β∆CT
let-7a-5p
let-7i-5p
miR-101-3p
miR-106a-5p
miR-122-5p
miR-126-3p
miR-142-3p
miR-143-3p
miR-145-5p
miR-148a-3p
miR-150-5p
miR-151a-5p
miR-185-5p
miR-18a-5p
miR-193b-3p
miR-194-5p
miR-19b-3p
miR-20a-5p
miR-215
miR-21-5p
miR-22-3p
miR-23b-3p
miR-25-3p
miR-26a-5p
miR-30b-5p
miR-30c-5p
miR-30d-5p
miR-365a-3p
miR-424-5p
miR-486-5p
miR-505-3p
miR-885-5p
miR-93-5p
miR-99a-5p

-0.006
0.002
0.005
0.004
9.27×10−4
-0.010
-0.010
-0.004
-0.008
0.002
0.003
-0.007
0.005
-0.003
-3.55×10−4
0.005
0.004
0.005
0.005
-0.005
0.001
-0.005
0.007
-0.008
-0.008
-0.010
-0.004
0.003
0.001
0.005
-0.004
8.59×10−4
0.006
-0.004

q

Sex
β∆CT

q

0.009
0.613
0.020
0.122
0.922
×10−9
9.70×10
×10−4
5.03×10
0.531
0.086
0.594
0.430
0.040
0.148
0.613
0.983
0.225
0.091
0.091
0.373
0.003
0.776
0.027
0.020
0.009
0.003
×10−4
1.13×10
0.238
0.754
0.818
0.107
0.599
0.922
0.013
0.490

-0.103
-0.011
0.077
-0.057
0.155
-0.019
-0.267
-0.291
-0.352
0.266
-0.306
-0.085
-0.057
0.063
0.062
-9.20×10−4
0.046
0.001
-0.027
0.081
0.257
-0.032
0.005
-0.168
-0.024
-0.037
0.332
-0.112
0.332
-0.057
-0.066
0.271
-0.022
0.117

0.365
0.945
0.492
0.677
0.675
0.874
0.005
0.074
0.005
0.013
0.005
0.614
0.735
0.779
0.874
0.995
0.677
0.995
0.939
0.287
0.005
0.812
0.979
0.153
0.881
0.830
0.005
0.722
0.005
0.677
0.812
0.391
0.874
0.590
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0.005
0.026
0.027
-0.052
-0.037
0.015
0.020
-0.031
-0.006
-0.014
0.005
0.016
0.004
2.72×10−4
-0.004
6.25×10−4
-0.057
-0.004
0.018
-0.058
-0.054
0.021
-0.043
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0.890
0.047
0.449
0.006
×10−5
2.25×10
0.115
0.743
0.003
0.011
×10−5
2.25×10
0.087
0.783
0.006
0.034
0.006
0.002
0.028
0.008
0.035
0.387
0.182
0.672
0.087
0.835
0.979
0.803
0.974
0.002
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Fig. 5.7 Computational workflow for plasma miRNA associations studies in
SHIP-TREND. CT values are lower-quartile-normalised and technical parameters
are regressed-out using OLS regression. A leave-one-out cross-validated elastic
net is employed to identify important blood cell parameters (BCPs). Together
with other biological covariates, these are included in the final regression model to
obtain phenotype specific associations.
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Fig. 5.8 Comparison of associations in miRNA Batch 1
vs. the combination of both
batches. The x-axis corresponds to the −log10 (q) in
Batch 1 alone. The y-axis
corresponds to the −log10 (q)
in both batches combined.
The vertical, horizontal, and
diagonal dashed lines designate the significance thresholds in the two analyses
(q = 0.05) and equality of qvalues between the two analyses, respectively. The blue
triangle indicates an association at (x, y ) coordinates
(8.0, 14.7).
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The combination of both batches features 146
miRNAs. Figure 5.8 compares the q-values of associations between the analyses of batch 1 alone
vs. the combination of both batches. A couple of
observations stand out in this comparison. First,
while only few significant associations disappear in
the larger analysis, many can be replicated, even
more are newly discovered. Second, for the gross of

associations significant in both analyses, the q-values
are smaller in the larger analysis. Third, we observe
much more differences in the associations with age
and BMI than with sex. For both age and BMI we
mostly gain additional associations not uncovered in
the first batch alone. A detailed list of associations
is provided in Table 5.2.

Table 5.2 Phenotype-specific association of miRNAs with age, sex, and BMI in both batches
combined. For each phenotype, effect size and q-value of the linear regression model adjusted for
the respective other two phenotypes and BCPs are shown. Only miRNAs with at least significant
associations are shown. Significant βs and q-values are printed bold. Numbers are rounded to three
significant digits for values ≥ 0.001 or two significant digits in scientific notation for values < 0.001
Age
let-7a-5p
let-7c-5p
let-7d-5p
let-7f-5p
let-7g-5p
miR-101-3p
miR-103a-3p
miR-106b-5p
miR-122-5p
miR-125a-5p
miR-126-3p
miR-139-5p
miR-140-3p
miR-142-3p
miR-143-3p
miR-144-3p
miR-145-5p
miR-146a-5p

β∆CT

q

-0.008
-0.008
-0.008
-0.010
-0.005
0.004
-0.006
8.15e-4
0.002
-0.006
-0.011
-0.012
0.005
-0.009
-0.005
0.006
-0.007
-0.006

−6

×10
8.02×10
×10−4
9.07×10
0.006
×10−4
1.03×10
0.004
0.018
0.002
0.745
0.745
0.048
×10−15
1.96×10
×10−4
3.47×10
0.006
×10−6
5.14×10
0.161
0.018
0.019
0.031

Sex
β∆CT
-0.019
-0.093
-0.133
-0.020
-0.074
0.079
0.053
0.042
0.101
-0.068
0.053
0.026
-0.076
-0.138
-0.358
0.043
-0.389
-0.099

BMI

q

β∆CT

q

0.925
0.697
0.533
0.964
0.533
0.473
0.803
0.803
0.803
0.803
0.697
0.964
0.697
0.204
0.022
0.859
0.001
0.697

-0.013
-0.005
-2.31e-4
-0.004
-0.003
0.006
8.38e-4
0.015
-0.068
-0.010
-0.011
-0.025
0.011
-0.013
0.038
0.013
0.026
-0.005

0.055
0.668
0.987
0.757
0.700
0.407
0.946
0.020
×10−7
2.06×10
0.496
0.030
0.026
0.121
0.097
0.002
0.117
0.013
0.757

Continued on next page
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Table 5.2 — continued from previous page
Age
miR-148a-3p
miR-150-5p
miR-151a-5p
miR-152-3p
miR-155-5p
miR-15b-5p
miR-16-2-3p
miR-16-5p
miR-185-5p
miR-191-5p
miR-192-5p
miR-194-5p
miR-19a-3p
miR-19b-3p
miR-20a-5p
miR-215-5p
miR-21-5p
miR-221-3p
miR-222-3p
miR-23a-3p
miR-23b-3p
miR-25-3p
miR-26a-5p
miR-26b-5p
miR-30a-5p
miR-30b-5p
miR-30c-5p
miR-30d-5p
miR-34a-5p
miR-363-3p
miR-365a-3p
miR-374a-5p
miR-374b-5p
miR-421
miR-425-5p
miR-451a
miR-486-5p
miR-505-3p
miR-574-3p
miR-652-3p
miR-885-5p
miR-93-5p
miR-99a-5p

β∆CT

q

0.003
0.002
-0.006
-0.008
6.82e-4
-3.64e-4
0.007
0.007
0.005
-0.004
0.012
0.004
0.006
0.006
0.005
0.008
-0.004
-0.010
-0.004
-0.004
-0.004
0.008
-0.009
-0.007
-0.008
-0.008
-0.010
-0.004
-0.005
0.005
0.003
-0.008
-0.007
-0.011
0.004
0.007
0.005
-0.003
-0.003
-0.007
0.004
0.004
-0.005

0.352
0.508
0.009
0.006
0.937
0.959
0.013
×10−5
2.48×10
0.018
0.043
×10−4
1.95×10
0.185
×10−4
1.95×10
×10−5
4.73×10
0.013
0.019
0.004
0.009
0.032
0.005
0.019
×10−6
5.14×10
0.002
0.018
0.048
×10−5
6.36×10
×10−6
2.96×10
0.057
0.299
0.048
0.537
0.018
0.038
0.013
0.015
0.006
0.005
0.493
0.493
0.015
0.520
0.021
0.089

Sex
β∆CT
0.164
-0.250
-0.051
0.010
-0.076
0.045
0.157
0.033
-0.043
0.067
-0.128
-0.010
0.038
0.037
-0.007
-0.009
0.023
-0.046
-0.002
0.005
-0.059
0.005
0.013
0.004
0.018
0.039
-0.003
0.207
0.106
0.197
-0.097
-0.074
0.021
0.114
0.036
0.083
-0.062
-0.119
-0.189
0.037
0.124
-0.040
-0.037

BMI

q

β∆CT

q

0.199
0.002
0.803
0.973
0.850
0.859
0.376
0.859
0.803
0.728
0.697
0.973
0.803
0.803
0.973
0.974
0.859
0.908
0.975
0.973
0.697
0.973
0.973
0.975
0.973
0.859
0.975
0.022
0.803
0.104
0.803
0.803
0.973
0.803
0.803
0.697
0.697
0.728
0.272
0.908
0.771
0.803
0.908

-0.026
-0.019
0.004
-0.012
-0.038
0.024
0.010
0.014
0.026
0.005
-0.022
-0.027
0.017
0.021
0.018
-0.028
-0.006
0.017
-0.003
0.004
0.005
0.018
-0.003
0.009
-0.011
-0.011
-0.011
0.005
-0.039
0.003
-0.034
-0.003
0.005
0.002
0.013
0.012
0.011
-0.037
-0.024
0.001
-0.053
0.020
-0.031

0.001
0.006
0.762
0.335
0.003
0.005
0.440
0.023
×10−5
3.79×10
0.668
0.062
0.005
0.002
×10−5
3.79×10
0.003
0.020
0.260
0.260
0.812
0.641
0.463
0.002
0.831
0.440
0.499
0.179
0.202
0.668
0.003
0.831
0.020
0.870
0.771
0.954
0.020
0.231
0.083
0.003
0.030
0.946
×10−5
8.23×10
0.002
0.002
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5.1.2 Plasma MicroRNA Associations with Liver Fat and Liver-Related
Biomarkers
In our proof-of-principle study (cf. Section 5.1.1)
we discovered many associations between miRNAs
and BMI. Many of the BMI-associated miRNAs are
highly abundant in liver tissue. In this follow-up analysis we investigated more fine-grained associations
to body fat and, in particular, liver fat content and
serum activities of liver enzymes.
A unique advantage of the SHIP-TREND cohort is
that liver fat content has been quantified by MRI
(cf. Section 2.9). This allows for an unparalleled
accuracy of liver-specific fat quantification. Hence,
the SHIP-TREND cohort is very well suited for this
kind of investigation.
5.1.2.1 Association Analyses
We conducted the association analyses following
the workflow established in our proof-of-principle
study, described in Section 5.1.1. Specifically, all
regressions were adjusted for age, sex, and BCPs.
To refine associations with body fat, we exchanged
BMI in the model by other phenotypes reflecting
more specific fat quantifications. The first phenotype
we investigated was total body fat as determined
by body impedance analysis (BIA). All other models
investigating further phenotypes were adjusted for
BIA (instead of BMI as done previously). Other
fat phenotypes included MRI-quanitifed visceral fat
(Vis), MRI-quantified subcutaneous fat (Sub), and
MRI-quanitifed liver fat (LFat). Furthermore, we
also investigated associations with serum activities of
alanine transaminase (ALT), aspartate transaminase
(AST), and γ-glutamyl transferase (GGT).
For all of these analyses, we used both batches of
miRNA data, containing in total up to 708 samples.
Note that the miRNA content of the panels that
were used for miRNA measurement changed slightly
in between the two batches (cf. Table 3.2). Therefore, we analysed only the overlap between both
panels after quality control, comprising 146 miRNAs.
5.1.2.2 Associations with Total and
Compartmental Body Fat
Associations with the total body fat mass measured by BIA were observed for 22 miRNAs (cf.
Figure 5.9a). The direction of association was almost equally distributed with 12 and 10 miRNAs being positively and negatively associated, respectively.
Strikingly, the strongest association was again observed for miR-122-5p showing a positive association
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(q < 1.5 ×10−5 ). The second smallest q-value was
achieved by the negative association of miR-185-5p
(q < 2.7 ×10−4 ).

Only three miRNAs — namely miR-122-5p,
miR-148a-3p, and miR-192-5p — were significantly
associated with visceral fat and no associations were
detected for subcutaneous fat (cf. Figure 5.9b).
However, we observed strong associations with liver
fat (cf. Figure 5.9b). Strikingly, miR-122-5p and
miR-192-5p achieved q-values < 1.5 ×10−9 . All but
the association between liver fat and miR-143-3p
were positive. Note that all three miRNAs that were
associated with visceral fat were associated with liver
fat even stronger.
While many of the miRNAs associated with liver
fat were also associated with BIA, associations with
the former are generally stronger. Furthermore, the
model assesseing the associations with liver fat has
already been adjusted for BIA and the BIA term was
not significant anymore. Hence, the BIA-associations
of miRNAs also associated with liver fat, are likely
driven by the latter.
Ten of the liver fat-associated miRNAs have previously been described to be expressed in the liver
or even as putative liver-related biomarkers (Landgraf et al., 2007; Soronen et al., 2016). Especially
miR-122-5p and miR-192-5p — the two miRNAs
most strongly associated with liver fat — are known
to be liver-specific (Girard et al., 2008; Landgraf
et al., 2007). We hypothesized that we can detect a
miRNA signature indicative for damaged liver tissue.
Therefore, we also investigated associations between
miRNAs and the serum activity of liver enzymes that
are used as biomarkers for liver damage (cf. Section
2.9).
5.1.2.3 Associations with Liver Enzyme Serum
Activities
We identified an unexpectedly high number of
miRNAs associated with the serum activity of the
liver enzymes ALT, AST, and GGT (cf. Figure
5.9c). Not only the number of associations, but also
their strength was remarkable. MiR-122-5p, e.g.,
reached association q-values of approx. 3.2 × 10−67 ,
1.1 × 10−20 , and 1.5 × 10−15 for ALT, AST, and
GGT, respectively. There were 9 miRNAs significantly associated with GGT, all of which positively.
AST was positively associated with 21 miRNAs and
negatively with 4 miRNAs. Most associations were
observed with ALT, for which 20 miRNAs were pos-
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Fig. 5.9 Associations of miRNAs with different body fats and serum activities of liver enzymes.
MiRNAs are ordered lexicographically along the x-axis. Due to the nature of CT values,
negative effect sizes indicate positive associations (points above the 0-line), and positive
effect sizes indicate negative associations (points below the 0-line). Dashed lines mark the
significance threshold of q = 0.05. (a) Association with total body fat measured by body
impedance analysis (BIA). The regression models were adjusted for age, sex, and BCPs (cf.
Section 5.1.1). (b) Associations with specifically localised body fats measured by magnetic
resonance imaging (MRI). The regression models were adjusted for age, sex, BCPs, and
BIA. Sub: subcutaneous fat. Vis: visceral fat. LFat: liver fat. (c) Associations with serum
activities of liver enzymes. The regression models were adjusted for age, sex, BCPs, and BIA.
The y-axis in the upper panel is log-scaled. ALT: alanine aminotransferase. AST: aspartate
aminotransferase. GGT: γ-glutamyl transferase. ASALR: AST/ALT ratio.
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Fig. 5.10 Overlap of associated miRNAs between liver fat and
serum activities of liver enzymes. Most miRNAs are associated with
multiple phenotypes and there is a “core set“ of eight miRNAs that
are associated with all enzymes and liver fat.
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Table 5.3 Phenotype-specific association of miRNAs with total body fat (BIA), subcutaneous fat (Sub), visceral
fat (Vis), and liver fat (LFat). For each phenotype, effect size and q-value are derived from linear regression
models. The model for BIA was adjusted for age, sex, and BCPs. The other models were additionally adjusted
for BIA. Only miRNAs with at least one significant association are shown. Significant βs and q-values are printed
bold. Numbers are rounded to three significant digits for values ≥ 0.001 or two significant digits in scientific
notation for values < 0.001
BIA
miR-122-5p
miR-126-3p
miR-142-3p
miR-143-3p
miR-145-5p
miR-148a-3p
miR-150-5p
miR-155-5p
miR-15b-5p
miR-185-5p
miR-18a-5p
miR-192-5p
miR-194-5p
miR-19a-3p
miR-19b-3p
miR-20a-5p
miR-215-5p
miR-25-3p
miR-34a-5p
miR-365a-3p
miR-486-5p
miR-505-3p
miR-885-5p
miR-93-5p
miR-99a-5p
miR-378a-3p

56

β∆CT

q

-0.044
-0.008
-0.011
0.019
0.020
-0.019
-0.012
-0.023
0.018
0.018
0.016
-0.012
-0.019
0.010
0.013
0.013
-0.021
0.013
-0.024
-0.021
0.010
-0.023
-0.030
0.014
-0.021
-0.011

−5

×10
1.48×10
0.032
0.048
0.059
0.011
0.002
0.029
0.030
0.006
×10−4
2.64×10
0.023
0.202
0.009
0.023
0.002
0.006
0.023
0.005
0.023
0.084
0.040
0.018
0.006
0.003
0.004
0.187

Vis
β∆CT

q

-0.153
0.003
-0.014
-0.002
0.017
-0.062
-0.014
-0.006
-0.005
0.020
-0.014
-0.082
-0.050
0.017
0.014
-0.002
-0.066
0.018
-0.052
-0.039
0.015
-0.057
-0.094
0.019
-0.034
-0.021

−5

×10
3.73×10
0.967
0.888
0.967
0.902
0.018
0.902
0.967
0.967
0.776
0.902
0.026
0.327
0.776
0.828
0.967
0.289
0.776
0.702
0.828
0.828
0.592
0.073
0.776
0.708
0.828

Sub
β∆CT
-0.086
-0.003
-0.005
0.039
-0.017
-0.015
-0.009
-0.018
0.023
0.016
0.026
-0.023
-0.028
0.027
0.021
0.001
0.002
0.010
0.001
-0.037
8.26e-04
-0.006
-0.050
6.14e-04
-0.004
-0.001

q
0.170
0.938
0.938
0.868
0.938
0.938
0.938
0.938
0.916
0.938
0.868
0.938
0.868
0.698
0.868
0.985
0.985
0.938
0.986
0.938
0.985
0.985
0.868
0.986
0.985
0.985

LFat
β∆CT

q

-0.076
-0.003
-0.009
0.028
0.002
-0.026
-0.015
-0.008
5.51e-04
0.003
-0.007
-0.054
-0.031
0.004
0.005
0.003
-0.042
0.004
-0.028
-0.037
0.003
-0.026
-0.052
0.008
-0.032
-0.024

−12

×10
4.59×10
0.699
0.352
0.026
0.922
×10−4
1.43×10
0.034
0.701
0.972
0.819
0.659
×10−9
1.38×10
×10−4
1.43×10
0.699
0.650
0.772
×10−5
3.20×10
0.687
0.034
0.004
0.782
0.034
×10−6
7.37×10
0.365
×10−4
1.43×10
0.004
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Table 5.4 Phenotype-specific association of miRNAs with serum activities of liver enzymes. Apart from ALT, AST,
and GGT, we also computed associations with the AST/ALT ratio (ASALR). For each phenotype, effect size and
q-value are derived from linear regression models adjusted for age, sex, BIA, and BCPs. Only miRNAs with at least
one significant association are shown. Significant βs and q-values are printed bold. Numbers are rounded to three
significant digits for values ≥ 0.001 or two significant digits in scientific notation for values < 0.001
ALT
let-7b-3p
let-7i-5p
miR-106b-5p
miR-107
miR-122-5p
miR-125b-5p
miR-130a-3p
miR-130b-3p
miR-140-3p
miR-142-3p
miR-145-5p
miR-148a-3p
miR-155-5p
miR-15a-5p
miR-16-5p
miR-181a-5p
miR-191-5p
miR-192-5p
miR-194-5p
miR-195-5p
miR-199a-3p
miR-19b-3p
miR-210-3p
miR-215-5p
miR-21-5p
miR-221-3p
miR-223-3p
miR-22-3p
miR-26b-5p
miR-27b-3p
miR-29a-3p
miR-29c-3p
miR-30a-5p
miR-30d-5p
miR-30e-5p
miR-339-3p
miR-34a-5p
miR-365a-3p
miR-375
miR-425-5p
miR-484
miR-486-5p
miR-501-3p
miR-505-3p
miR-574-3p
miR-885-5p
miR-93-5p
miR-99a-5p
miR-378a-3p

AST

GGT

ASALR

β∆CT

q

β∆CT

q

β∆CT

q

β∆CT

q

-0.008
0.005
0.005
0.005
-0.056
-0.013
0.008
0.004
0.004
0.003
0.006
-0.019
0.004
0.003
0.003
0.004
0.004
-0.032
-0.023
0.007
0.005
0.003
-0.005
-0.023
-0.003
0.006
0.005
-0.004
0.005
-0.004
-0.008
-0.004
-0.010
-0.003
-0.002
0.005
-0.013
-0.016
-0.006
0.003
0.004
0.004
-0.002
-0.013
-0.005
-0.043
0.004
-0.020
-0.012

×10−4
6.18×10
×10−4
1.90×10
×10−4
8.21×10
×10−4
4.19×10
×10−67
3.23×10
×10−8
1.39×10
×10
4.19×10−4
0.113
0.004
0.050
0.016
×10−23
1.74×10
0.160
0.006
0.016
0.056
0.017
×10−36
1.31×10
×10−26
6.36×10
0.038
0.034
0.030
0.033
×10−25
1.07×10
0.025
0.040
0.007
0.032
0.025
0.038
×10−6
1.33×10
0.002
×10−5
1.76×10
0.038
0.152
0.038
×10−8
4.69×10
×10−11
9.30×10
0.047
0.025
0.045
0.006
0.558
×10−8
5.47×10
0.034
×10−44
1.62×10
0.007
×10−17
5.71×10
×10−11
8.41×10

-0.014
0.004
0.004
0.001
-0.046
-0.014
0.001
-0.003
0.004
0.004
0.003
-0.019
0.011
0.004
0.007
0.008
0.004
-0.028
-0.024
0.012
0.003
0.002
-0.005
-0.027
-0.007
0.001
0.005
-0.010
0.002
-0.008
-0.010
-0.007
-0.014
-0.008
-0.006
0.003
-0.015
-0.023
-0.010
0.005
2.57e-04
0.004
0.004
-0.017
-0.007
-0.041
0.003
-0.023
-0.018

0.002
0.116
0.247
0.797
×10−20
1.10×10
×10−5
5.82×10
0.864
0.627
0.199
0.321
0.627
×10−11
2.02×10
0.023
0.177
0.004
0.047
0.246
×10−12
1.32×10
×10−12
1.32×10
0.066
0.651
0.603
0.433
×10−12
1.32×10
×10−4
1.30×10
0.871
0.340
×10−4
1.42×10
0.790
0.015
×10−5
8.30×10
0.004
0.001
0.005
0.013
0.579
0.002
×10−7
2.68×10
0.101
0.016
0.957
0.246
0.532
×10−4
1.30×10
0.191
×10−18
6.47×10
0.303
×10−10
1.53×10
×10−9
6.82×10

-0.079
-0.013
0.016
0.007
-0.677
-0.120
-0.038
-0.058
0.028
0.004
-0.002
-0.223
0.187
0.015
0.022
0.055
-0.008
-0.287
-0.248
0.149
0.030
-0.005
0.005
-0.202
-0.049
-0.018
0.003
-0.104
0.047
-0.074
-0.109
-0.060
-0.178
-0.130
-0.071
0.088
-0.119
-0.365
-0.096
0.078
-0.036
0.025
-0.017
-0.169
-0.072
-0.381
0.027
-0.263
-0.111

0.727
0.909
0.905
0.969
×10−15
1.51×10
0.152
0.853
0.836
0.853
0.989
0.991
×10−5
3.93×10
0.084
0.905
0.871
0.837
0.960
×10−4
1.44×10
×10−4
1.29×10
0.543
0.905
0.969
0.989
0.039
0.410
0.956
0.989
0.170
0.853
0.425
0.054
0.367
0.087
0.029
0.246
0.546
0.453
×10−5
2.61×10
0.720
0.136
0.853
0.853
0.956
0.136
0.726
×10−5
3.93×10
0.853
×10−4
6.32×10
0.210

0.006
-0.062
-0.024
-0.228
0.912
0.116
-0.387
-0.337
-0.046
-0.087
-0.060
0.241
-0.036
-0.056
0.200
0.076
-0.051
0.526
0.222
0.005
-0.059
0.002
0.178
0.358
-0.069
-0.177
0.012
-0.170
-0.142
-0.039
-0.028
0.022
0.160
-0.005
-0.091
-0.164
0.283
0.216
0.147
0.140
-0.148
0.008
0.472
0.270
0.018
0.621
-0.028
0.168
0.072

0.998
0.684
0.965
0.013
×10−9
3.81×10
0.549
0.002
0.013
0.885
0.572
0.919
0.035
0.987
0.684
0.035
0.827
0.866
×10−4
1.13×10
0.140
0.998
0.919
0.998
0.398
0.035
0.401
0.452
0.998
0.118
0.401
0.933
0.964
0.965
0.522
0.998
0.452
0.401
0.179
0.515
0.673
0.087
0.276
0.998
0.002
0.276
0.998
×10−4
3.20×10
0.952
0.333
0.826

57

RNA-Sequencing-Based Transcriptome Profiling

itively and 14 negatively associated. For all three enzymes, the positive associations were again generally
stronger than the negative associations.
Additionally to the enzymes themselves, we also
calculated associations between miRNAs and the
AST/ALT ratio (ASALR), a well-established clinical biomarker for assessing NAFLD progression (cf.

Section 2.9). Here we found less significant associations than for the enzymes themselves. Of ten
identified associations, only three were positive —
namely miR-107, miR-130a-3p, and miR-130b-3p.
Associations between miRNAs and the ASALR were
also not as pronounced as between miRNAs and the
enzymes themselves (cf. Figure 5.9c).

5.2 RNA-Sequencing-Based Transcriptome Profiling
Microarray experiments for transcriptome profiling
have been well established in the past years. However, despite it’s higher price, RNA-Seq is generally
considered advantageous over microarrays for several
reasons, especially due to its increased sensitivity (cf.
Section 2.5.1).
This section aggregates studies investigating gene
expression based on RNA-Seq data. Both studies
were conducted in close collaboration with the group
of Andreas W. Kuß at the Institute for Human
Genetics of the University Medicine Greifswald. The
projects described in the following two sections required bioinformatic expertise for the analysis of
RNA-Seq data in search for differentially expressed
genes (DEGs). The contributions of this thesis are
the exploration and analysis of readily mapped RNA-

Seq data.
Section 5.2.1 presents the analysis of different
mouse models for Alzheimer’s disease conducted in
cooperation with the group of Andreas W. Kuß at
the University Medicine Greifswald and the group of
Thomas A. Bayer at the University Medicine Göttingen. These investigations have been published in
Bouter* et al., 2014 and Weissmann et al., 2015 (cf.
Appendices B and C). A study of X-irradiation effects
on the transcriptome of human gingiva fibroblasts is
presented in Section 5.2.2. This has been conducted
in cooperation again with the Kuß lab and with the
group of Harry Scherthan at the Bundeswehr Institute of Radiobiology in Ulm. It has been published in
Weissmann et al., 2016 (cf. Appendix D).

5.2.1 Transcriptome Profiling of Mouse Models for Alzheimer’s Disease
In the cooperative project described here, we compared the Tg4-42 model to the well established
model 5XFAD. Both mouse models display very
similar Alzheimer’s disease (AD) typical phenotypes
such as memory deficits. However, the 5XFAD mice
develop a heavy plaque load, while the Tg4-42 mice
show no extracellular plaque deposition and produce
only a single Aβ species, namely Aβ4−42 . Furthermore, we investigated the transcriptomic differences
between APP/PS1KI mice and age-matched PS1KI
and wild-type (WT) animals. Further details on AD
and the mouse models we studied are provided in
Sections 2.8 and 2.8.1.
In contrast to the microarray-based studies mentioned in Section 2.8, we had the opportunity to apply NGS technology for RNA-Seq. It has already been
shown that NGS is capable of detecting more transcripts compared to microarray-based approaches
due to several factors, as outlined in Section 2.5.
Thus the application of RNA-Seq technology makes
this the first comprehensive profiling study of murine
models for Alzheimer’s disease.
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The work with the laboratory animals as well as
the RT-qPCR validation of the NGS analysis were
performed in the group of Thomas A. Bayer at the
Division of Molecular Psychiatry of the University
Medical Center Göttingen. The behavioural assessment of the animals is described in Section 3.5.1.
Wet-lab work and read mapping for NGS was done by
the group of Andreas W. Kuß. Details of the wet-lab
procedures are given in Section 3.2.1.
So far, two papers have been published applying
the analysis strategy described here for the RNASeq-based transcriptome profiling of mouse models
for AD, namely Bouter* et al., 2014 and Weissmann
et al., 2015 (cf. Appendices B and C).
5.2.1.1 Differential Expression Analysis
In a first project, transcriptome comparisons were
performed in two age-groups between 5XFAD, WT,
and Tg4-42 mice (Bouter* et al., 2014; cf. Appendix
B). Young animals were 3 – 6 months old, aged animals were 12 months old. WT littermates served as
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age-matched controls. APP/PS1KI, PS1KI, and WT
mice were compared in a second project (Weissmann
et al., 2015; cf. Appendix C). For these comparisons,
all animals were 6 months of age. Specifically, the
following conditions were compared:
• young WT vs. young Tg4-42
• young WT vs. young 5XFAD
• aged WT vs. aged Tg4-42
• aged WT vs. aged 5XFAD
• APP/PS1KI vs. PS1KI
• APP/PS1KI vs. WT
• PS1KI vs. WT
Normalisation of Read Counts
Although NGS has desirable advantages over microarrays, one still has to account for certain artefacts and biases stemming from the sequencing technology (cf. Section 2.5.1). While there is a plethora
of normalisation approaches available, only few focus
explicitly on NGS-related problems. EDASeq (Risso
et al., 2011) is an R-package that implements some
useful normalisation methods and has become one of
the go-to packages for RNA-Seq data normalisation.
We normalised read counts with the implemented full
quantile normalisation. This procedure alleviates the
main effects within and between lanes. The within
lane normalisation focuses on the GC-bias. In brief,
genes are binned with respect to their GC-content
and the quantiles of the logarithmic read distributions are matched across bins. The between lane
normalisation matches the read count distribution of
each lane to median counts across all lanes.
Test for Differential Expression
Analysis strategies for microarray data such as
those implemented in “limma” (Smyth, 2005) are
not applicable to RNA-Seq data. Whereas microarray
data consist of intensity values, which are on a
continuous scale, RNA-Seq data consist of discretescaled read counts. Additionally, even after normalisation, RNA-Seq data possess different characteristics than microarray data, which have to be accounted for. One could argue, that sampling reads
from a genome fits a Poisson process. Therefore,
early analysis strategies for NGS data were often
based on the Poisson distribution (Marioni et al.,
2008; Wang et al., 2009a). However, this is not
entirely true, due to various reasons such as sequence
composition bias — the four bases are not uniformly distributed over the genome — and sequencing chemistry. As a direct consequence of different
abundance of different transcripts it is even less true
for RNA-Seq data (Anders et al., 2010).

The negative binomial test implemented in DESeq
(Anders et al., 2010) alleviates the so-called overdispersion problem that arises when differential expression is assessed under the assumption of Poissondistributed read counts. The overdispersion problem
acknowledges that the variances predicted by the
Poisson distribution are too small given the count
data, which in turn prohibits accurate control of false
positive test results. The negative binomial distribution, however, is specified by mean and variance and
thus requires one more parameter than the Poisson
distribution. The main advantage of DESeq is that
it allows for inferring these parameters in a robust
data-driven way. This is achieved by modelling the
dependence of the variance on the mean by a smooth
function obtained from local regression models (for
details see Anders et al., 2010).
Analysis of the NGS data is often further complicated by having only small numbers of biological
replicates available. The main reasons are the still
high price for sequencing and, of course, ethical concerns when working with animals or even human samples. Fortunately, DESeq allows for coping with this
problem. For a more reliable estimation of dispersion
— i.e. the variance in transcript abundance —, all
samples are treated as replicates of a single condition
during this step. While this is unconventional and
seems to weaken all subsequent statistical analyses
of the data, it can be argued that it is sensible from
a biological perspective:
Experiments seeking to find differentially expressed
genes usually compare specific conditions. It is generally unlikely that an organism will change its whole
transcriptional program in response to specific stimuli. Hence, the abundance of the gross of transcripts
should not change markedly. This allows to view
samples of different conditions as replicates of each
other. While true replicates would, of course, be
better if they were available, the expression of most
of the genes will still be “replicate-like” in different
samples. Thus, subsequent analyses consider only
fitted dispersion values derived from the aforementioned local regression models which are more robust
than the empirical values directly calculated on the
data.
Transcripts are considered differentially abundant
when the Benjamini-Hochberg corrected p-values (qvalue) of the negative binomial test comparing two
conditions are ≤ 0.05. For the first project (Bouter*
et al., 2014; cf. Appendix B), we investigated only
transcripts with more than 200 reads to rely on more
robust data. After the procedures were established,
we did not apply such a filter any more in the second
project (Weissmann et al., 2015; cf. Appendix C).
Analyses have been implemented in R (v3.1.2 or
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later, https://www.r-project.org) and the scripts are
readily usable for future analyses.
Annotation Analysis
To condense the results of the differential expression analysis and understand the functional implications of identified DEGs, we analysed their
functional annotation. The annotation was collated
from different public resources briefly described in
the following. Source (Diehn et al., 2003) is a
database providing so-called gene reports. These
consolidate comprehensive information about genes
such as their genomic positions, their Gene-Ontology
(GO; Ashburner et al., 2000) annotation, and published microarray-based expression data. GeneCards
(Safran et al., 2010) provides a wealth of genecentric information including connections from single genes to biological pathways. Wiki-Pi (Orii and
Ganapathiraju, 2012) is a protein-protein interaction
(PPI) database. It allows for retrieving PPIs involved
in specific processes or diseases. Mouse Genome
Informatics (Blake et al., 2011; Finger et al., 2011)
provides a large database that contains a plethora
of annotations of mouse genes. The combination of
these data sources enabled us to investigate detected
DEGs in more detail. Furthermore, we employed the
web-tool DAVID (Huang et al., 2008) for clustering of functional annotation and testing for enrichment of GO and Kyoto Encyclopedia of Genes and
Genomes (KEGG; Kanehisa and Goto, 2000) terms.
5.2.1.2 Transcriptomic Differences between
Mice
By design, 5XFAD mice over-express the genes
encoding human amyloid precursor protein (App695)
and human Presenelin-1, which are both under the
control of the neuronal Thy1 promoter (Oakley
et al., 2006). High expression of these genes can thus
serve as positive control. Indeed, we did observe a
high number of reads mapping to the corresponding
sequences in young and aged 5XFAD mice (cf. Figure 5.11). The Thy1 sequence was also abundantly
detected in Tg4-42 mice. This was expected, since
the Aβ4−42 peptide is fused to the murine TRH
signal peptide which in turn is controlled by the
Thy1 promoter, as well (Bouter et al., 2013). Similar
positive controls did also hold for the APP/PS1KI
mice. The Thy1 and App751 encoding sequences
were significantly more abundant compared to the
age-matched WT animals (cf. Figure 5.11).
Comparing 5XFAD against WT mice in the young
group, we found 13 and 6 transcripts to be significantly more and less abundant, respectively (cf.
Figures 5.12 and 5.13). The genes are coding for
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proteins with diverse functional annotation, including
translation, glycolysis, ATP-binding, kinases, and hydrolases. We did not find any DEGs in young Tg4-42
mice compared to age-matched WT animals.
Within the aged group, 36 genes were differentially
expressed, compared to WT animals, in 5XFAD mice
as well as in Tg4-42 mice (cf. Figures 5.12 and
5.13). Four of these DEGs were higher and 32 were
lower expressed, while they were almost all detected
on similar levels across the different transgenic animals. As two exceptions, the levels of Xist and
Gfap were even more elevated in 5XFAD mice than
in Tg4-42 mice. Gfap, encoding the intermediate
filament protein GFAP, was found four times more
abundant in 5XFAD animals. Transcripts of Xist,
a non-protein coding gene, were two times more
abundant in 5XFAD mice than in Tg4-42 mice.
For two of the less expressed genes in young 5XFAD
animals, namely Ubqln2 and Nova2, we also detected
lower levels in both 5XFAD and Tg4-42 mice within
the aged group (cf. Figures 5.12 and 5.13). The
first gene codes for a member of the ubiquilin family,
namely Ubiquilin 2, which regulates the degradation
of ubiquitinated proteins (Ko et al., 2004). The
latter encodes the neuro-oncological ventral antigen
2. Nova2 is a neuron-specific RNA-binding protein
involved in axonal development (Saito et al., 2016).
The functional annotation of less abundant genes
included regulation of cell differentiation, anatomical
structure development, regulation of gene expression
and transcription, histone modification, nervous system development, and neurogenesis.
For aged Tg4-42 mice we found 20 additional DEGs
not differentially expressed in aged 5XFAD mice (cf.
Figures 5.12 and 5.13). Of these, 3 were higher
and 17 lower expressed. The 17 low abundant genes
are involved in diverse biological processes related to
brain and nervous system function such as nervous
system development, cell communication, neurogenesis, and regulation of synaptic plasticity.
Specific to aged 5XFAD mice we found 95 DEGs
in the comparison to age-matched WT animals (cf.
Figures 5.12 and 5.13). Many of the DEGs, in
particular those with higher expression, are involved
in inflammatory and immune system processes such
as innate and adaptive immune response, immune
system development, immune effector processes, and
regulation of immune response. Some of the DEGs
were again annotated with cell communication, signal transduction, synaptic transmission, and regulation of gene expression and transcription. These
DEGs were mostly significantly less expressed than
in WT mice.
Eight of the DEGs identified in aged 5XFAD mice
were also expressed on significantly different levels
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Fig. 5.12 Overlaps of Differentially Expressed Genes
(DEGs). (a) Venn diagram of DEGs between 5XFAD
and Tg4-42 mice, all compared to age-matched WT
animals. (b) Venn diagram of DEGs in the comparisons
of APP/PS1KI mice to WT and PS1KI animals respectively.
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Fig. 5.14 Validation of RNA-Seq results
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mean REST expression ratio in comparison to age-matched wild-type mice. Error
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housekeeping gene β-Actin.
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Fig. 5.13 Volcano plots for compared mice. Each dot represents a gene. The x-axes show the
log2 fold-change and the y-axes indicate the − log10 (q) for the comparison. Non-significant
genes are shown in gray. Blue dots represent significantly less abundant genes and yellow dots
represent significantly more abundant genes. The plots (a) – (c) are restricted to genes with
at least 200 mapped reads for each of the two genotypes, while the plots (d) – (f) are not.
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when comparing 5XFAD and WT animals in the
young group (cf. Figures 5.12 and 5.13). Rpl21,
Aldoa, Snora68, and Rpph1 showed increased levels. Ubqln2, Nova2, Atp1a2, and Rn45s were less
abundant in 5XFAD mice.
In the comparison of APP/PS1KI mice against
the PS1KI model, we identified 150 genes higher
expressed in the former and 35 genes higher expressed in the latter. Comparing the APP/PS1KI
mice against WT animals, there were 175 genes with
higher levels and 75 genes with lower levels. Both
comparisons had 126 higher abundant and 29 lower
abundant genes in common. The transcriptome patterns between PS1KI and WT mice were much more
similar with only 4 higher and 2 lower expressed genes
in PS1KI mice (cf. Figures 5.12 and 5.13).
The upregulated DEGs between APP/PS1KI and
the other two (PS1KI and WT) genotypes were
involved in diverse pathways with many processes
related to immune system function and inflammatory

response. For the under-expressed DEGs we could
not find any significant enrichment in annotation
terms. Mapping the DEGs between APP/PS1KI and
PS1KI mice to KEGG pathways, we observed significant dysregulation in several pathways, most notably
the “lysosome” pathway (mmu04142) and the “complement and coagulation cascades” (mmu04610).
Among others, these were also dysregulated in comparison to the WT animals.
We selected a subset of DEGs from the corresponding mouse lines to be confirmed by RT-qPCR. To
this end, RNA was isolated from five mouse brain
tissues per group, corresponding to the above mentioned comparisons, as described in Hillmann et al.,
2012. Details on the RT-qPCR procedures can be
found in Bouter* et al., 2014 and Weissmann et al.,
2015 (cf. Appendices B and C). Statistical analysis
of quantitative RT-qPCR measurements was done in
REST v1.9.6 (Qiagen, Hilden, Germany; Pfaffl et al.,
2002). The results of the RNA-Seq analysis were
confirmed for all selected genes (cf. Figure 5.14).

5.2.2 X-Irradiation Induced Transcriptome Aberrations in Human Gingiva Fibroblasts
Ionizing radiation (IR) such as X-rays is frequently
used in medical diagnostics. While these application typically involve only low doses of IR, radiation accidents result in high dose exposures. These
lead to acute radiation sickness (Finch, 1987). One
distinguishes between deterministic and stochastic
consequences of irradiation. The former comprise
IR-induced cell death and necrosis. The latter, a
consequence of lower-dose exposures already, are
mainly DNA mutations often contributing to cancerogenesis.
Changes in gene expression are observable as
an early cellular response to low-dose irradiation
(Amundson et al., 2003). This motivated the study
of gene expression patterns as diagnostic biomarkers
for IR exposure. A signature for the recognition of
radiation dose has been successfully compiled from
peripheral blood cells (Paul and Amundson, 2008a;
Paul et al., 2011). Due to its barrier function, also
the skin plays a major role in diagnostics and management of IR exposure. Fibroblasts are essential
for the maintenance of the structural framework in
the skin and other connective tissues. Besides their
involvement in wound healing they also synthesise
the extracellular matrix. In this study, we investigated
aberrations in the transcriptome of primary human
gingiva fibroblasts in response to X-irradiation. While
most previous studies of similar kind relied on microarray data, we could use NGS technology for
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RNA-Seq. The advantages of RNA-Seq over microarrays are briefly outlined in Section 2.5.1.
5.2.2.1 Cell Culture, Radiation Treatment, and
RNA-Sequencing
The cell culture work and radiation experiments
were done in the group of Harry Scherthan at the
Bundeswehr Institute of Radiobiology in Ulm. The
group of Andreas W. Kuß has performed the NGS
work and read mapping. Details for the data generation are provided in Weissmann et al., 2016 (cf.
Appendix D).
Human gingiva fibroblasts were bought from
Provitro AG (Berlin, Germany). They were cultured
in Fibroblast Growth Medium (Provitro AG, Berlin,
Germany) without antibiotics at 37 ◦C. Upon reaching near-confluence, cells were irradiated at a dose
rate of 1 Gy/min. The radiation consisted of 240 kV
X-rays at 13 mA (YXLON Maxishot, Hamburg, Germany) filtered with 3 mm beryllium. Sham-irradiated
cells served as controls. The sequencing is described
briefly in Section 3.2.2.
5.2.2.2 Differential Expression Analysis
This study followed a multifactorial design by
analysing samples that were subjected to different
radiation doses and were sequenced after different
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repair intervals. To get a first impression of the data
we conducted a PCA (cf. Section 4.1). Since raw
read counts are not suitable for PCA, the data were
full-quantile normalised with EDASeq (Risso et al.,
2011) as for the study described in Section 5.2.1 and
then centred and scaled.
Notably, the first three PCs explained almost 60 %
of the variance in the data and the eigenvalues
began to level off from the fourth PC onwards (cf.
Figure 5.15a). Inspection of scatter plots revealed
that the first three PCs clearly reflected the separate
experiment runs (cf. Section 5.15b). This could also
be seen with an regression analysis using the PCs as
DVs and the features of the individual samples as
IVs (cf. Figure 5.16). Only the third, fifth, and tenth
PC were associated with the radiation dose or the
length of the repair interval. This means that the
transcriptome was heterogeneous between experiments, which had to be accounted for in subsequent
analyses.
Due to the multifactorial design, simple groupwise
comparisons of the samples were not appropriate.
Instead, we employed a regression model. As mentioned earlier (cf. Section 5.2), methods frequently
used for microarray analyses are not suitable for
count data. For the study described in Section 5.2.1
we relied on DESeq for determining differential expression. In the meantime, the software has been
updated and, hence, we employed DESeq2 (Love
et al., 2014) in this study. Like DESeq, DESeq2
assumes read counts to follow a negative binomial
distribution. Parameter estimation and assessment
of differential expression are performed differently
than in DESeq: The parameters of this distribution
are estimated using empirical Bayes shrinkage (Morris, 1983). Differential expression of the genes is
assessed by linear models (for details see Love et al.,
2014). Note that DESeq2 works on the count data
directly and does not require separate normalisation
of the data. Therefore, we fed DESeq2 the raw count
data. In order to account for the heterogeneity across
individual experiments (cf. above), the first three
PCs were incorporated into the regression model.
The complete models were specified as
count ∼ dt +gr ay +seqStar t +P C1+P C2+P C3
(5.4)
where count is the read count of a gene, dt is the
repair interval between irradiation and cell harvest,
gr ay is the radiation dose, and seqStar t denotes
the individual sequencing runs.
5.2.2.3 Annotation Analysis
Similarly as in the previous study (cf. Section 5.2.1)
we also investigated the annotation of identified
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DEGs. Since here we analysed human transcripts,
we queried different sources than last time. In the
previous study we relied on a web-tool for overrepresentation analysis (ORA). To improve over the
previous implementation of the ORA and achieve
greater flexibility we relied on GO-Elite (Zambon
et al., 2012) this time. GO-Elite can be installed
as a local software and its extension with custom
databases is straightforward. We chose the default
parameters for all analyses and leveraged the “EnsMart62Plus” database for human. This database
comprises annotation from KEGG (Kanehisa and
Goto, 2000), WikiPathways (Kelder et al., 2012), as
well as transcription factor target relationships form
the Amadeus Metazoan compendium (Linhart et al.,
2008), and microRNA target sets from AltAnalyze
(Emig et al., 2010). We assessed the overrepresentation of DEGs against the background of all genes
with a specific annotation detected in our experiments. When applicable, the direction and magnitude of differential expression was considered as well.
This was the case for genes differentially expressed
in response to different radiation dosages or repair
interval lengths. For genes differentially expressed
with respect to different experiment runs or the associated PCs, we focussed only on dysregulation and
neglected the direction of the expression changes.
This was done as one cannot say that experiment A
is larger or smaller than experiment B; it is simply
different.
5.2.2.4 Transcriptome Response to Irradiation
Although the radiation dose and the repair interval
had only a subordinate influence, we still identified
many DEGs with respect to to these parameters
(cf. Figure 5.17). The largest groups of DEGs were
either affected after a short repair interval or after
a long repair interval. Many DEGs also showed a
consistent response with respect to the irradiation
dose independent of the repair interval. Notably, the
direction of the dose-dependent association changed
with the repair interval for four DEGs. Zmynd12 and
Tssk1b were negatively associated with the radiation
dose after a 0.5 h repair interval but positively associated after a 16 h repair interval. The opposite was
observed for Lyg1 and Loc401010.
Within the set of genes associated with the radiation dose, only a single annotation, namely target
of the transcription factor p53, was overrepresented,
due to higher expression of Bbc3 and Ddb2. In
contrast, a number of KEGG and WikiPathways gene
sets were overrepresented among DEGs associated
with repair interval length. Most of the contributing
genes showed negative associations with the repair
interval length (cf. Table 5.5).

X-Irradiation Induced Transcriptome Aberrations in Human Gingiva Fibroblasts

Table 5.5 Overrepresented annotation of differentially expressed genes in irradiated fibroblasts. From left to right,
the columns indicate the parameter the DEGs are associated with, the class of the annotation, the annotation
term, the permutation q-value, the number of differentially expressed genes annotated with the term (#DEG),
the number of genes in our data annotated with the term (used as background for the overrepresentation analysis;
#BG), and the number of all genes in the database annotated with the term (#ANN). Blue lines represent lower
expressed gene sets and red lines represent higher expressed gene sets. Rad. Dose stands for the radiation dosage
and Rep. Int. for the repair interval.
Parameter

Ann. Class

Term

Rad.
Rep.
Rep.
Rep.
Rep.
Rep.
Rep.
Rep.

TFTargets
KEGG
KEGG
KEGG
KEGG
KEGG
KEGG
KEGG

p53 (Source:Kannan-Amadeus)
Ribosome (hsa03010)
Huntington’s disease (hsa05016)
Oxidative phosphorylation (hsa00190)
Parkinson’s disease (hsa05012)
Alzheimer’s disease (hsa05010)
Spliceosome (hsa03040)
Ubiquitin mediated proteolysis
(hsa04120)
Proteasome (hsa03050)
Lysine degradation (hsa00310)
Protein processing in endoplasmic
reticulum (hsa04141)
Protein export (hsa03060)
Shigellosis (hsa05131)
Bacterial invasion of epithelial cells
(hsa05100)
Endocrine and other factor-regulated
calcium reabsorption (hsa04961)
RNA transport (hsa03013)
Insulin signaling pathway (hsa04910)
Circadian rhythm - mammal (hsa04710)
Cytoplasmic Ribosomal Proteins
(WP477)
Electron Transport Chain (WP111)
Oxidative phosphorylation (WP623)
Alpha6-Beta4 Integrin Signaling
Pathway (WP244)
Translation Factors (WP107)
miR-targeted genes in squamous cell TarBase (WP2006)
Histone Modifications (WP2369)
Androgen receptor signaling pathway
(WP138)
Proteasome Degradation (WP183)
Apoptosis-related network due to
altered Notch3 in ovarian cancer
(WP2864)

Dose
Int.
Int.
Int.
Int.
Int.
Int.
Int.

Rep. Int.
Rep. Int.
Rep. Int.

KEGG
KEGG
KEGG

Rep. Int.
Rep. Int.
Rep. Int.

KEGG
KEGG
KEGG

Rep. Int.

KEGG

Rep.
Rep.
Rep.
Rep.

Int.
Int.
Int.
Int.

KEGG
KEGG
KEGG
WikiPathways

Rep. Int.
Rep. Int.
Rep. Int.

WikiPathways
WikiPathways
WikiPathways

Rep. Int.
Rep. Int.

WikiPathways
WikiPathways

Rep. Int.
Rep. Int.

WikiPathways
WikiPathways

Rep. Int.
Rep. Int.

WikiPathways
WikiPathways

qperm

#DEG

#BG

#ANN

0.0180
0.0072
0.0072
0.0072
0.0072
0.0072
0.0072
0.0072

2
77
84
62
59
71
49
47

32
88
174
118
116
158
124
135

32
95
182
139
130
173
153
135

0.0072
0.0072
0.0072

20
21
54

44
48
165

57
52
183

0.0072
0.0072
0.0128

12
23
26

23
61
70

23
61
70

0.0182

19

49

49

0.0470
0.0479
0.0479
0.0135

49
44
9
73

147
136
22
87

161
143
22
90

0.0135
0.0135
0.0135

50
30
35

90
52
67

105
62
68

0.0135
0.0135

26
58

50
149

50
155

0.0135
0.0135

30
36

64
87

66
89

0.0135
0.0135

26
23

58
52

60
52
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Plasma Proteome and Metabolome Association Studies

Interestingly, 395 gene sets subsuming targets of
specific miRNAs were higher expressed on average,
while only 2 such gene sets were lower expressed.
Note that within many overrepresented gene sets
the standard deviation of the log2 -fold change of the
DEGs was larger than the average log2 -fold change
of the set.

adipocytes (WP2001), and miRNA targets in ECM
and membrane receptors (WP2911) were overrepresented.

The annotation of the DEGs between individual
experiments showed similar terms to be overrepresented as the DEGs associated with the repair interval, including Parkinson’s, Alzheimer’s, and Huntington’s disease (hsa05012, hsa05010, hsa05016,
respectively), as well ass oxidative phosphorylation (hsa00190), citrate cycle (hsa00020), ribosome
(hsa03050), and proteasome (hsa03050). There was
also an overrepresentation of 23 miRNA target sets.

The third PC was predominantly associated with
individual experiments but also with the repair interval length. Among DEGs associated with PC3,
signalling-related gene sets like the TGFβ signalling
pathway (hsa04350), the Wnt signalling pathway
(hsa04310), and the mTOR signalling pathway
(hsa04150, WP1471) were overrepresented. Here,
we also found overrepresentation of cancer-related
gene sets such as prostate cancer, colorectal cancer,
and acute myeloid leukemia (hsa05215, hsa05210,
hsa05221, respectively). Strikingly, there was an
overrepresentation of targets of 234 miRNAs as well
as other miRNA-related gene sets such as miRNAtargeted genes in lymphocytes, muscle cells, epithelium, and squamous cells (WP2004, WP2005,
WP2002, WP2006, respectively).

Among the DEGs associated with PC1, we noted
several GPCR related gene sets (WP24, WP455,
WP501, WP334, WP117, WP58) to be overrepresented. While there was no overrepresentation of
targets of any specific miRNA, several miRNA related gene sets such as miRNA involved in DNA damage response (WP1545), miRNA-targeted genes in

For PC2, we that found disease-related pathways
as well as gene sets involved in protein synthesis
and degradation were overrepresented. Targets of 24
miRNAs were overrepresented, as well.

5.3 Plasma Proteome and Metabolome Association Studies

There is a lot of research on biomarkers from biofluids. Not only plasma miRNAs are under scrutiny, but
also proteins and metabolites. High-throughput measurement techniques allow for quantifying a plethora
of biomolecules from plasma samples. Notably, the
increasing throughput and decreasing costs of measurement technologies now allow for conducting longitudinal studies with multiple measurements per
participant over time.
Unfortunately, state-of-the-art software accessible
to bench biologists is not capable of handling these
kinds of data for two reasons. First, the programs
providing the analysis routines make it very inconvenient or even impossible to investigate the high
number of different molecules that are measured in
current omics profiling approaches. This is due to the
program interface and the often not very efficient implementation of the underlying algorithms. Second,
the programs currently used by bench biologists are
often restricted to simple analytical approaches like
standard hypothesis tests or linear regression models.
Analysis strategies for repeated measures or time
series data, e.g., are still lacking.
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In the context of this thesis, we developed and implemented analysis strategies for association studies
between plasma proteins or metabolites and phenotypes of interest focussing on repeated measures
data. In particular, R scripts have been devised that
evaluate mixed-effects linear regression models (cf.
Section 4.2.2). In contrast to OLS regression (cf.
Section 4.2.1), these models allow for handling data
from longitudinal studies. By default, the models
rely on a first order auto-correlation structure that
considers study participants as random effects. This
means that the level of a molecule in a certain
study participant partly depends on its level at a
previous time point. In this way, one can account for
inter-individual differences without the need to model
them explicitly. While this model structure is suitable
for the most frequently encountered studies, it can,
of course, be exchanged with different structures, if
necessary.
The developed analysis strategy has been employed
in a study investigating a long-term human model
for thyrotoxicosis (cf. Section 5.3.1) published in
Pietzner et al., 2017 (cf. Appendix E).

Plasma Proteome and Metabolome Associations with Thyroid Status

5.3.1 Plasma Proteome and Metabolome Associations with Thyroid
Status
We aimed for identifying proteins and metabolites associated with thyroid status in a controlled
human model of thyrotoxicosis. To this end, 16
healthy young male volunteers were subjected to
a levothyroxine (L-T4) challenge for eight weeks,
as described in Section 2.10.1. As is typically done
in clinical practice, we defined the thyroid status
based on the serum concentrations of FT4 and
TSH. The baseline and regeneration period (w0 , w12 ,
w16 ) were characterised by normal TSH and FT4
levels within repsective reference ranges. In contrast,
L-T4 treatment (w4 , w8 ; cf. Figure 2.9) led to
the onset of a thyrotoxic condition of suppressed
TSH and elevated FT4 levels. This was consistent
with biochemical hyper- thyroidism. Well-known TH
targets such as SHBG, CYTC, and different blood
lipids also showed the expected behaviour (cf. Table
2.2). SHBG and CYTC were increased during the
treatment phase while blood lipids were decreased
during the treatment phase. All parameters normalized during the recovery period (cf. Table 2.2). For
details, see Pietzner et al., 2017. Untargeted plasma
proteome and metabolome analyses were performed
in a hypothesis-free approach (cf. Sections 3.3 and
3.4) to identify proteins and metabolites that respond to the thyrotoxic state.
5.3.1.1 Preprocessing
The processing of measurement data is described in
Sections 3.3 and 3.4. To focus on more reliable data
we discarded all proteins and metabolites with less
than 60 % non-missing data. This way, we could also
ascertain a median data availability on three time
points per biomolecule. The analyses were based on
349 metabolites and 437 proteins for which we had
sufficient data.
5.3.1.2 Association Analyses
We sought to identify proteins and metabolites
that were significantly associated with FT4 serum
concentrations over time. To fully exploit the timecourse data, we formulated mixed-effect linear models to regress protein or metabolite levels as IVs on
FT4 serum concentration as DV. The study design
implicated the modelling of FT4 serum concentration as fixed effect and the modelling of the study
participants as random effects. In this way, we were
able to account for possible differences in compliance and intestinal resorption during L-T4 treatment
between the study participants. All analyses were

adjusted for age and BMI at w0 , as well as measurement batch for the proteome model. The coefficients of the models were deemed significant if their
Benjamini-Hochberg corrected p-value (q-value) was
≤ 0.05.
Three study participants showed strikingly different
ALT and AST activity in response to L-T4. To make
our analyses as robust as possible while still using all
available samples, we devised a leave-three-out CV
procedure. In a first run, we excluded the samples
corresponding to the three outliers and fitted the
models only on the remaining 65 (= 16 · 5 − 3 · 5)
samples. The same was repeated additional 100
times during each of which we excluded three participants (=15 samples) chosen uniformly at random.
Effect estimates and q-values were averaged across
all 101 subsamples.
5.3.1.3 Annotation Analysis
Subsequently, we analysed the functional annotation of proteins that were significantly associated
with FT4. To this end, we employed the Ingenuity Pathway Analysis software (Ingenuity Systems,
Redwood City, CA, USA). The overrepresentation of
specific annotations was assessed by Fisher’s exact
test. Unfortunately, proper ontologies and functional
annotations of metabolites are still lacking. Thus,
the analysis of annotation was restricted to proteins.
5.3.1.4 Pronounced Plasma Metabolome
Aberrations
L-T4 treatment had a strong effect on the plasma
metabolome. We found 65 out of 349 metabolites
to be significantly associated with serum FT4 levels.
Of these, 45 associations were positive and 20 were
negative. While the metabolites belonged to diverse
classes, the majority (39 of 65) were lipids and related compounds, encompassing free fatty acids, acyl
carnitines, polyunsaturated fatty acids, lysophospholipids, and androgenes. The metabolomic aberrations
are summarized in Figure 5.18.
Striking changes in the metabolome in response to
the L-T4 treatment include an increase in long chain
saturated and monounsaturated free fatty acids together with elevated glycerol levels. Furthermore,
we observed a positive FT4-association of short to
medium chain acyl carnitines. We noticed a particularly strong and not previously reported association
between FT4 and γ-glutamyl amino acids. Lysophos67
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Fig. 5.18 Plasma metabolites significantly associated with FT4 in mixed-effect linear regression models. The first column displays the values of the mean q-value for the FT4 effect across
101 subsamples. Darker color stands for stronger association. The other columns indicate
the mean log2-ratio from w0 compared to w4 , w8 , w12 , and w16 . The time course of the
FT4 concentrations is shown on top of the map as reference. Orange shading denotes an
increase and blue shading a decrease compared to baseline, respectively. Derived physiological
signatures are labeled on the left. Metabolites marked with a star were assigned based on
in silico fragmentation spectra. More details can be found in Pietzner et al., 2017. Figure
adapted from Pietzner et al., 2017.
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Fig. 5.19 Plasma proteins significantly associated with FT4 in mixed-effect linear regression
models. The first column displays the values of the mean q-value for the FT4 effect across
101 subsamples. Darker color stands for stronger association. The other columns indicate
the mean log2-ratio from w0 compared to w4 , w8 , w12 , and w16 . The time course of the
FT4 concentrations is shown on top of the map as reference. Orange shading denotes an
increase and blue shading a decrease compared to baseline, respectively. Derived physiological
signatures are labeled on the left. More details can be found in Pietzner et al., 2017. Figure
adapted from Pietzner et al., 2017.
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pholipid levels dropped with rising FT4 levels while
n3 and n6 polyunsaturated fatty acid abundance
increased. The negative association between serum
FT4 and plasma lysophosphatidylethanolamine is
an additional novel finding. Although we observed
higher plasma creatine levels during thyrotoxicosis,
its catabolite creatinine was negatively associated
with FT4. Similarly, methylated arginine was positively associated with FT4, while its catabolite citrulline showed the opposite behaviour. Note that
leucine, isoleucine and 2-methylbutyrylcarnitine were
all positively associated with FT4. On the level of
functional categories, there is a clear rise in abundance of metabolites belonging to lipolysis and increased β-oxidation as well as augmented defence
against oxidative stress.

proteins thyroxine-binding globulin and TH-binding
protein transthyretin were not significantly altered.
Figure 5.19 summarizes the proteomic alterations.
The apolipoproteins APOB, APOD, and APOC3
were negatively associated with FT4. This is consistent with the significant transient TH-associated
reduction in plasma levels of HDL-, LDL-, and total
cholesterol determined by the standard clinical assays
(cf. Table 2.2). We observed positive associations
between FT4 and proteins of the coagulation cascade, namely F13B, FA9, FA11, and IPSP. Nine
proteins of the complement system, including MBL2,
MASP2, CFHR1, CFHR5, were positively associated
with FT4, as well.

5.3.1.6 Differences in Response Kinetics
5.3.1.5 Pronounced Plasma Proteome
Aberrations
The proteome reacted strongly to the L-T4 treatment as well. Again, most associations — namely
47 — were positive and only a smaller fraction
— namely 16 — were negative. Notably, the MS
analyses confirmed strong positive associations of
SHBG and CYTC already seen in the laboratory
assays. The abundance of the main TH transport

As is evident from Figures 5.18 and 5.19, kinetic
patterns varied between different metabolites and
proteins. While acetylcarnitines remained on an invariably high level during thyrotoxicosis, long chain
fatty acids rose continuously during the treatment.
Proteins of the complement system, on the other
hand, were most abundant after only four weeks of
L-T4 administration and approached normal levels
again eight weeks after beginning of the treatment.

5.4 Biomolecular Signatures from Case-Control Data
A major goal of molecular biomedical research is
finding diagnostic or prognostic biomarkers. Established markers are mostly single molecules of small
sets of molecules, e.g. the liver derived enzymes
AST, ALT, and GGT as markers for liver function
or TSH and FT4 as markers for thyroid function.
The technological advancement of high-throughput
omics approaches greatly facilitates the screening
of large numbers of molecules. In combination with
cohort studies including many samples, this lets one
leverage machine learning approaches to identify
biomolecular signatures discriminating between different groups of individuals, e.g. people at risk of a
specific disease and people not at risk.
For proper machine learning, one needs not only
training data but also independent test and validation
data to ascertain the generality of the identified
signatures. Despite the emergence of cohort studies, such independent data are difficult to obtain in
medical settings. Although in GWAS it has become
common practice to replicate associations in independent cohorts, this is rarely done for diagnostic
or prognostic signatures. Also, most medical studies
resort to rather simple approaches like single feature70

based ROC analysis.
To address the two points mentioned above, I
developed a binary classification workflow relying on
a random forest (RF; cf. Section 4.4) embedded
in a nested cross-validation (CV; cf. Section 4.3)
scheme. RF has the particular advantage to be scaleinvariant. This means that it is possible to integrate
data from different scales, e.g. different omics levels
like proteome data and metabolome data, without
any necessary data harmonization a priori. The CV
scheme allows for thorough assessment of the discriminatory power of identified signatures even in
the absence of independent data. At the beginning
of each outer loop a subset of the data is split off
and kept as validation data. The rest of the data
is used within the inner loop. In each iteration, it
is further split up into training data and test data.
The training data is fed into a RF presented with
the complete set of putatively relevant features. The
importance of the features for predictions for the test
data is calculated as the mean decrease in Gini index
per feature 4.4. After all iterations of the inner loop
feature importance values are summed, weighted by
the AUC achieved in the corresponding iteration. A
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Fig. 5.20 Nested cross-validation scheme of random forest classification. The inner loop trains and tests a number of
random forests on independent subsets of the data to estimate feature importance. The outer loop trains a random
forest on the top-k features and assesses its performance on an yet unseen third subset of the data.

new RF is then trained on the training and test data
combined but only provided with the top k — say
10 — features. The performance of this RF is then
assessed on the validation data. The final result are
ROC curves, AUC values per iteration and again
AUC-weighted sums of feature importance values
across all outer loops. Figure 5.20 depicts the general
workflow.
The developed classification workflow has been implemented in Python using the scikit-learn package
(Pedregosa et al., 2011) as well as in R using the

randomForest package (Liaw and Wiener, 2002).
Both scripts are readily usable for further projects.
The developed workflow was employed in multiple studies. Section 5.4.2 describes a study looking for signatures of circulating miRNAs distinguishing between NAFLD patients and controls. Section
5.4.1 presents a combined plasma proteome and
metabolome signature indicating hyperthyroidism in
a human model for thyrotoxicosis that has been
published in Pietzner et al., 2017 (cf. Appendix E).

5.4.1 Multi-Omics Signature of Thyroid Status
5.4.1.1 Labeling of Samples and Pre-Selection
of Features
In the investigation of a human model for thyrotoxicosis we identified a number of proteins and
metabolites significantly associated with FT4 levels
(cf. Sections 2.10.1 and 5.3.1). Here, we sought
to find a molecular signature distinguishing between
euthyroidism and thyrotoxicosis. To this end, we
first labeled the samples with one of two groups.
Samples from time points w0 and w16 were labeled
as euthyroid while samples from w4 and w8 were labeled as hyperthyroid. These assignments were motivated by suppressed TSH concentration and elevated
serum FT4 concentration (cf. Figure 2.8). Since
the samples at w12 could not be clearly assigned
to either group, they were not considered for the

classification. Hence, 64 samples were used for this
analysis.
For a higher reproducibility of possible markers,
we restricted the initial feature set to proteins and
metabolites without missing values and with unambiguously assigned annotation. This resulted in 207
proteins and 201 metabolites.
5.4.1.2 A Molecular Signature Discriminating
Euthyroid and Hyperthyroid Samples
We ran the outer loop of the CV 30 times and
the inner loop 50 times (cf. Figure 5.20). The
RF in the outer loop was trained with the top-15
features from the inner loop. We obtained overall
AUCs (cf. Section 4.3.2) in the range of 0.75 – 1
with a mean of 0.86 (cf. Figure 5.21). Hence, the
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Fig. 5.21 Performance of a
molecular signature discriminating between euthyroidism
and hyperthyroidism. These results were obtained from nested
CV of random forests. The
left panel shows the most
important features ranked by
AUC-weighted mean decrease
in Gini index. The right panel
showes the ROC curves obtained from the outer loops
(cf. Figure 5.20) and a boxplot
of the corresponding AUCs.
ROC curves are drawn transparent, so that darker lines
correspond to more overlapping curves. CADH5: cadherin5. FHR5: complement factor Hrelated protein 5. F13B: coagulation factor XIII B chain. LUM:
lumican. VASN: vasorin. Figure
taken from Pietzner et al., 2017

identified molecular signature allowed for a robust
and good discrimination between euthyroidism and
hyperthyroidism.
Among the 15 selected features were 5 proteins
and 10 metabolites. Notably, many of the selected
metabolites are involved in lipolysis and β-oxidation
or in the defence agains toxidative stress (cf. Figure
5.18). The gros of selected proteins is connected
to the coagulation cascade and the complement
system. F13B and FHR5, e.g., belong to the former
and the latter, respectively. CADH5 — a.k.a. VEcadherin — is a calcium-dependent adhesion protein
specific to endothelial cells that is crucial for the reg-

ulation of vascular integrity (Giannotta et al., 2013).
It’s shedding increases microvascular permeability
and enables neutrophil migration during inflammatory processes (Wallez and Huber, 2008). This is mediated by ADAM9 and ADAM10 with the proteolytic
activity of the latter being stimulated by thrombin
(Dreymueller et al., 2012; Schulz et al., 2008).
Similarly, VASN is a target of thrombin-stimulated
proteolyses by ADAM17 (Malapeira et al., 2011).
Thus, both CADH5 and VASN are also linked to
observed increased levels of coagulation factors (cf.
Section 5.3.1). LUM is an extracellular matrix protein promoting the C14-TLR4 mediates response to
bacterial lipopolysaccharides (Shao et al., 2012).

5.4.2 Plasma MicroRNA Signature of Fatty Liver Disease
5.4.2.1 Labeling of Samples and Pre-Selection
of Features
In an association study, we identified many plasma
miRNAs associated with liver fat content and liver
enzymes (cf. Section 5.1.2). We employed the classification workflow described in Section 5.4 to discriminate samples with more than 5 % liver fat from
samples with at most 5 % liver fat. The liver fat values were taken from MRI measurements (cf. Section
3.6.1) and the samples were the same as for the association study. Figure 5.22 depicts the distribution
of liver fat content in the sample population.
First, we performed a simple ROC analysis using
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single features. The features comprised the liver
enzymes (ALT, AST, GGT) and the AST/ALT ratio (ASALR), miRNAs associated with liver fat or
any of the three liver enzymes, ultrasound-based
diagnosis of steatosis (Stea), and different clinical
fibrosis scores (McPherson et al., 2010). Among the
scores were the NAFLD fibrosis score (NAFLD FS;
Angulo et al., 2007), the AST/platelet ratio (APRI;
Wai et al., 2003), the BARD score (Harrison et al.,
2008), and the FIB-4 score (Vallet-Pichard et al.,
2007). The distribution of the scores in our cohort
is shown in Figure 5.23. Except for the BARD score,
all scores judge the cohort to be virtually fibrosisfree. Notably, none of the miRNAs nor the fibrosis
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Fig. 5.24 Performance of single features for NAFLD classification. The left ROC curves depict performance of
non-miRNA features, the right ROC curves represent the performance of miRNAs. The numbers in parentheses
state the corresponding AUC. X- and Y-axes indicate the false positive rate (FPR) and true positive rate (TPR),
respectively.
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scores performed well and Stea exhibited the best
performance, reaching an AUC of 0.79 (cf. Figure
5.24).
Then, different combinations of the features were
fed to the classification workflow described in Section
5.4 and the final performance of each feature set was
assessed.

5.4.2.2 A Molecular Signature Discriminating
Samples with Non-Alcoholic Fatty Liver
Disease from Normal Samples
The outer and inner loop of the CV were both run
20 times each. For each set of features we ran the
whole procedure K times, where K is the number of
features in the set. On each run the random forest
(RF) in the outer loop was trained on the top-k
features form the inner loop, where k ranged from
0 to K. For the final assessment, we chose for each
set of features the final number of used features k ∗
as mi n(k∗ , 20), where k∗ is the best performing k for
said set of features. I.e., we allowed a maximally 20
features in the final signature.
Figure 5.25 depicts the performance of each set
of features over the 20 outer loops. There are two

striking observations: First, the liver enzymes perform better than the clinical scores or the miRNAs.
Second, all sets of features that include Stea perform
notably better than all sets of features without Stea.
Although each set of features that comprises miRNAs performs slightly better than the corresponding
set of features without miRNAs, this difference is
more subtle, except when comparing the clinical
scores alone vs. the clinical scores plus miRNAs.
However, the best performance is indeed achieved
when the features include Stea, the liver enzymes,
the clinical scores, and the miRNAs (mean AUC =
0.87).
The relative feature importance within the most
comprehensive set of features (Stea, liver enzymes,
clinical scores, miRNAs) clearly shows that Stea is
the most important feature (cf. Figure 5.26). Each
individual miRNA is only of little importance. However, the maximum performance is reached when
allowing 41 features (cf. Figure 5.27), albeit only
little fluctuation in performance is observed from approx. 15 features onwards. While miRNA signatures
marginally improve classification performance, they
probably do not contain much additional information
in comparison to the liver enzyme activity measurements or the ultrasound-based diagnosis.
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Fig. 5.25 Performance of sets of
features in NAFLD classification.
Each boxplot depicts the performance over 20 outer loops of the
classification workflow (cf. Figure
5.20). The number of finally used
features is given in parentheses.
enzs: AST, ALT, GGT, ASALR;
lfscores: NAFLD FS, APRI, BARD,
FIB-4; sigmirs: miRNAs associated
with liver fat, AST, ALT, or GGT.
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Fig. 5.26 Importance
of features for NAFLD
classification. Depicted
is the relative importance of 20 features
out of the most comprehensive set of features.

Fig. 5.27 Performance in NAFLD classification for different numbers of features. The
top-k features are always taken form the most
comprehensive set of features. The red box
indicates the best performance (mean AUC
= 0.87). The white boxes correspond to 10,
20, 30, and 40 features, respectively, to ease
reading of the plot.

5.5 Biomolecular Signatures from Time-to-Event Data
Here, I describe means to assess the prognostic
value of biomolecular signatures when time-to-event
data are available. The key is to use the additional
information of when the event of interest, e.g. a
myocardial infarction, actually occurs. This can be
modelled with Cox regression models (cf. Section
4.2.4). The difference to the more widely conducted
epidemiological analysis of these models is that one
does not investigate the p-values of coefficients, but
rather the predictive performance of the model from

a machine-learning perspective (cf. Section 4.3).
By comparing models that include putative novel
biomarkers to established clinical models it is possible
to ascertain a performance gain that is otherwise
difficult to judge.
The workflow was developed and employed in a
study investigating the value of plasma miRNAs as
prognostic biomarkers for acute coronary syndrome.
This study has been published in Jakob et al., 2017
(cf. Appendix F).

5.5.1 Plasma MicroRNAs as Prognostic Biomarkers for Acute Coronary Syndrome
MiRNAs are not only generally important as posttranscriptional regulators, but also specifically as
biomarkers in the context of myocardial infarction
and cardiovascular diseases. Published studies investigated differential miRNA profiles in acute coronary syndrome (ACS) and assessed the potential
of miRNAs for distinguishing diseased from healthy
individuals. While promising results have been obtained, such diagnostic miRNA biomarkers are only
appropriate in diagnostic settings, as opposed to
prognostic settings.
In contrast, we sought to find miRNA signatures
of prognostic value. I.e., instead of distinguishing
patients with ACS from healthy people, we aimed
for predicting whether patients who experienced a
ST-elevation myocardial infarction (STEMI) will suffer from a subsequent major cardiovascular event
(MACE) — recurrent myocardial infarction, cardiac
or vascular death, coronary revascularization, or definite stent thrombosis. To that end, we investigated
the circulating miRNA profile of patients from the
SPUM-ACS study (cf. Section 2.2.2). In particular,
we assessed whether miRNA levels at baseline allow
for inferences on whether patients will suffer another
MACE within one year. The SPUM-ACS study presented itself as an excellent cohort for this research
question. This cohort recruited patients presenting
with a STEMI and provided follow-up monitoring for
one year after hospital release.
We employed a two-stage study design. First,
a derivation cohort was screened for differentially
abundant miRNAs. Then, these miRNAs were measured in a larger validation cohort (cf. Section 3.1.2).

5.5.1.1 Pre-Processing
Processing and analysis of the miRNA data of the
derivation cohort was performed by Exiqon. Details

are provided in Jakob et al., 2017 (cf. Appendix F).
Briefly: Since the assays are virtually the same as
in our proof-of-principle miRNA association study
described in Section 5.1.1, again CT values above
37 were considered as missing values. Measurements
were normalised to the mean CT value of 92 miRNAs
detected in all samples (dMIRs) according to the
formula
P
CTd,s
d∈dMIRs
∆CTm,s =
− CTm,s
|dMIRs|
where m indicates a specific miRNA, s denotes a
specific sample, CTm,s is the CT value of miRNA m
in sample s and | · | denotes the cardinality.

To be consistent with the pre-processing of the
derivation cohort, we processed the data of the
validation cohort very similarly to the Exiqon scheme.
We employed mean normalisation based on the mean
of nine miRNAs detected in all samples. Mean normalisation was suggested to be a very stable approach when analysing samples of Heparin treated
patients after coronary angiography or percutaneous
intervention (Kaudewitz et al., 2013) and corresponds to the pre-processing of the derivation cohort
data by Exiqon.
Pre-processing and normalisation were implemented in Python (v2.7.11, https://www.python.org)
with Anaconda (v2.5, https://www.continuum.io).
5.5.1.2 Differential Abundance Analysis
Analysis of miRNA data of the derivation cohort
was carried out by Exiqon. Each miRNA was verified
to be normally distributed in cases and controls separately, employing the Shapiro-Wilk normality test
(Shapiro and Wilk, 1965). Differential abundance between cases and controls was tested for via Student’s
t-test (Student, 1908). Due to the small sample size
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and this specific comparison being only a screening
for the validation cohort, we refrained from any
correction for multiple testing and relied on the raw
p-values. On the one hand, this increases the risk
of falsely proclaiming some miRNAs as differentially
abundant in the derivation cohort. However, by virtue
of the employed two-stage study design, such false
positives are very likely to be exposed in the more
rigorous analysis of the validation cohort. On the
other hand, the higher number of significant test
results reduces the risk of overlooking promising
candidates for the second stage of analysis.
Data of the validation cohort were analysed as
follows. Differences of miRNA levels between cases
and controls were tested for significance using
Welch’s t-test in order to account for unequal variances in the two groups (Welch, 1947). P-values
were corrected for multiple testing according to
the Benjamini-Hochberg procedure (Benjamini and
Hochberg, 1995). The tests have been implemented
in Python (v2.7.11, https://www.python.org) with
Anaconda (v2.5, https://www.continuum.io).
5.5.1.3 Assessment of Prediction Performance
MiRNAs that were differentially abundant between
cases and controls were carried further into regression analysis. Cox regression models (cf. Section
4.2.4) were implemented in R (v3.5, https://www.rproject.org) using the “survival” package (Therneau,
2015). All models contained the right censored time
to MACE as outcome. We employed two base models against which the value of miRNAs as predictors
was compared. We assessed the miRNAs both individually and in combination.
Cox Regression Models
The first base model contained age, sex, and the
Global Registry of Acute Coronary Events (GRACE)
score (Granger et al., 2003). The GRACE score
was originally developed to predict in-hospital patient
mortality after admission for ACS. It has been shown
that the score is also suitable to predict mortality
even for up to four years after discharge (Eagle
et al., 2004; Tang et al., 2007). There exist slightly
different versions of the score. Here, it was calculated
following Granger et al. (2003). It considers various
independent risk factors whose contributions to the
score were originally derived from a multiple Cox proportional hazards regression model using backward
feature elimination (Eagle et al., 2004).
The second base model consisted of several variables in addition to age and sex. We called this model
the “clinical model”. Here, we included hypertension,
type-2 diabetes, hypercholesterolemia, smoking sta76

tus, and history of myocardial infarction (MI) or
coronary artery disease as predictors.
We formulated further models considering the three
miRNAs identified as differentially abundant in cases
and controls of the validation cohort. These included
three models each containing one of the miRNAs
alone and one model containing all three miRNAs. All
models contained age and sex as basic predictors. We
constructed eight more models by combining each
of the base models with each of the miRNA models.
I.e., each of the base models was extended by additionally incorporating the miRNAs either separately
or in combination.
Individual Model Assessment
The predictive performance of each model was assessed by its AUC (cf. Section 4.3.2). Since we were
analysing right censored survival data the standard
AUC measure would yield only a rough estimate of
model performance. It would only judge predictions
of whether a patient will have died at the end of the
follow-up period or not. To allow for a more finegrained assessment of prediction performance, we
employed a time-dependent AUC measure (Chambless and Diao, 2006) as implemented in the AUC.cd
function in the R package “survAUC” (cf. Section
4.3.2; Potapov et al., 2012). The cdAUC was calculated for each model in a 10-fold CV scheme (cf.
Section 4.3.1).
Comparative Model Assessment
We were not only interested in the performance
of each model by itself, but also if the addition of
miRNAs to the base models can improve prediction
performance. A simple comparison of AUC values
alone is not necessarily the best approach to assess
model improvement (Chen et al., 2013; Lobo et al.,
2008; Pencina et al., 2008). To compare different
models to each other with respect to an additional
performance measure, we computed the continuous
NRI (Pencina et al., 2011). This is a modified version
of the original NRI (cf. Section 4.3.2) that has been
adapted to time-to-event data and is independent
of the number and choice of risk categories. It uses
essentially the same calculations as the original NRI.
However, upward and downward reclassification are
interpreted differently. One does not consider a transition between categories but rather the change in
score or probability assigned by the models being
compared. The R packages “survIDINRI” (Uno and
Cai, 2013) provides the continuous NRI as:
1
NRI = P (Mi1 < Mi2 |Di = 1) − P (Mj1 < Mj2 |Dj = 1)
2

where Mia are the predictions of model a for sample
i . Di denotes whether an event occurred for sample
i (Di = 1) or not (Di = 0). This relationship can
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P (Mi1 < Mi2 |Di = 1) + P (Mi1 > Mi2 |Di = 1)
=P (Mj1 < Mj2 |Dj = 0) + P (Mj1 > Mj2 |Dj = 0) = 1

Hence, NRI
= P (Mi1 < Mi2 |Di = 1) − P (Mj1 > Mj2 |Di = 1)
+ P (Mj1 > Mj2 |Dj = 0) − P (Mj1 < Mj2 |Dj = 0)
= P (Mi1 < Mi2 |Di = 1) − (1 − P (Mi1 < Mi2 |Di = 1))
+ (1 − P (Mj1 < Mj2 |Dj = 0)) − P (Mj1 < Mj2 |Dj = 0)
= 2P (Mi1 < Mi2 |Di = 1) − 1
+ 1 − 2P (Mj1 < Mj2 |Dj = 0)
= 2(P (Mi1 < Mi2 |Di = 1) − P (Mj1 < Mj2 |Dj = 0))

To obtain more reliable estimates of the NRI, we
bootstrapped computations 100 times.
5.5.1.4 Differentially Abundant MiRNAs
According to Exiqon’s analysis, 15 miRNAs were
differentially abundant between cases and controls in
the derivation cohort (p < 0.05; cf.Table 5.6). Three
of these, namely miR-211-5p, miR-27a-3p, and miR663a, could not be detected in more than ten samples and where thus excluded from further analyses.
We did, however, additionally include miR-150-5p
and miR-320a for analyses in the validation cohort,
since they are known to play a role in adverse cardiac
hypertrophy and cardiomyocyte apoptosis (Devaux
et al., 2013; Ren et al., 2009). In total, 14 miRNAs
were carried over to analyses in the validation cohort.
Out of the 14 miRNAs assayed in the validation
cohort, 5 could not be reliably detected in the majority of samples. Thus, we finally included only 9
miRNAs in further computational analyses of the
validation cohort (cf. green and black rows in Table
5.6). Welch’s t-test revealed that in the validation
cohort, levels of miR-26b-5p were significantly lower
in patients experiencing a MACE, while miR-660-5p
and miR-320a were significantly more abundant (q <
0.05). Figure 5.28 shows boxplots of these miRNAs
in cases and controls.
5.5.1.5 MiRNAs Improve Prediction of MACEs
We assessed the predictive value of the significantly
differentially abundant miRNAs in Cox regression
models (cf. Section 5.5.1.3). The performance of
each model was quantified by the time-dependent
AUC computed in a CV scheme. Each of the three
miRNAs reliably discriminated cases from controls

with moderate performance (cf. Figure 5.29). While
the individual mean AUC values ranged from 67.2 –
70.7 %, the combination of all three miRNAs reached
an AUC of 71.8 %. Notably, established biomarkers,
namely hsTnT and NT-proBNP performed worse
with AUCs of 66.6 % and 67.4 %, respectively.
Table 5.6 Differentially abundant miRNAs in the derivation cohort. The number of samples (out of 14) in which the
miRNA could be detected is given by N.
FC denotes the fold-change of cases vs.
controls. P-values were calculated with
Student’s t-test. Red rows indicate miRNAs that have not been measured in the
validation cohort due to low counts in the
derivation cohort. Orange rows indicate
miRNAs that have been excluded from
analyses due to low counts in the validation cohort. Green rows indicate miRNAs
that have been measured in the validation
cohort due to prior biological knowledge.
MiRNA
miR-18a-3p
miR-127-3p
miR-181a-5p
miR-342-5p
miR-663a
miR-27a-3p
miR-22-5p
miR-26b-5p
miR-548c-5p
miR-342-3p
miR-221-5p
miR-340-3p
miR-574-3p
miR-660-5p
let-7b-3p
miR-320a
miR-150-5p

Fig. 5.28 Distribution
of significantly differently abundant miRNAs
in ACS patients experiencing a MACE during one year followup (Cases) and ACS
patient with MACEfree follow-up (Controls). Lower ∆CT values mean more miRNA.

N

FC

P-value

14
14
14
13
10
10
14
14
14
14
6
14
14
14
14
14
14

-2.03
3.26
-1.84
-2.48
-4.50
2.50
1.65
-1.47
-2.18
-1.76
-5.09
-2.03
1.59
-1.76
1.54
-1.54
-3.56

0.0045
0.0132
0.0257
0.0258
0.0261
0.0281
0.0303
0.0339
0.0364
0.0364
0.0372
0.0380
0.0457
0.0459
0.0495
0.0557
0.0562
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Controls

10
8
6
4

∆CT

be proven using the Bayesian perspective of the NRI
and the category-less interpretation of upward and
downward reclassification (Pencina et al., 2011):
For the continuous NRI, any change in the score
for a sample is considered meaningful:
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hsTnT
NT-proBNP
GRACE score
Clinical model
miR-26b-5p
miR-320a
miR-660-5p
all three miRs
GRACE score + miR-26b-5p
GRACE score + miR-320a
GRACE score + miR-660-5p
GRACE score + all three miRs
Clinical model + miR-26b-5p
Clinical model + miR-320a
Clinical model + miR-660-5p
Clinical model + all three miRs

Fig. 5.29 Performance of ACS prediction models.
Time-integrated AUC values from 10-fold CV are
shown together with their 95% confidence interval.
All models additionally included age and sex.
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The cases of the derivation cohort were also contained in the validation cohort, albeit matched to
different controls. For rigour, we thus repeated the
model comparisons excluding those cases and their
matched controls. Although the NRIs for the miRNA
extended models compared to the base models
dropped to 0.16 (cf. Figure 5.30), the miRNAs still
improved the models considerably.

0
0.

mean iAUC
95% CI

The clinical model started off with a rather high
AUC of 72.2 % (cf. Figure 5.29), already without the
miRNAs. This value decreased slightly when adding
miR-660-5p or miR-320a to the model. Including
miR-26b-5p as a predictor resulted in an AUC of
72.4 %. Yet, after adding all three miRNAs to the
model, the AUC rose to 73.2 %. The NRIs of all
four extended models were positive, indicating performance gain (cf. Figure 5.30). Like in the comparison to the GRACE score, allowing all three miRNAs
as predictors boosted model performance the most,
with an NRI of 0.2.

-0

To determine if the combination of miRNAs and
established clinical criteria could improve prediction of MACEs, we compared base models bar the
miRNAs to extended models including the miRNAs
(cf. Section 5.5.1.3). When added to the GRACE
score, miR-26b-5p markedly increased the AUC from
67.9 % to 71.4 % (cf. Figure 5.29). The other two
miRNAs added by themselves either only marginally
improved the AUC to 68.5 %, as did miR-660-5p,
or did not make any difference in the performance,
in the case of miR-320a. The addition of all three
miRNAs together boosted the AUC to 72 %. These
results were supported by the calculated NRIs (cf.
Figure 5.30). Only miR-320, whose inclusion did
not change the mean AUC of the model, slightly
worsened the performance in terms of the NRI. The
extension of the GRACE score model by miR-660-5p,
miR-26b-5p, or the combination of all three miRNAs
was rewarded with NRIs of 0.1, 0.16, and 0.2, respectively.

GRACE score vs.
GRACE score + miR.26b.5p
GRACE score vs.
GRACE score + miR.320a
GRACE score vs.
GRACE score + miR.660.5p
GRACE score vs.
GRACE score + all three miRs
Clinical model vs.
Clinical model + miR.26b.5p
Clinical model vs.
Clinical model + miR.320a
Clinical model vs.
Clinical model + miR.660.5p
Clinical model vs.
Clinical model + all three miRs

Fig. 5.30 Comparison of ACS prediction models to
one another. Continuous NRI values from 100 bootstraps are shown together with their 95% confidence
interval. All models additionally included age and sex.
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Discussion

In the following, brief biological discussions are provided for each
project that benefited from this thesis. The contribution of this
thesis is highlighted on a per-project basis. The first three sections are concerned with the exploration of circulating miRNAs.
Specifically, Section 6.1 discusses the proof-of-principle for plasma
miRNA association studies, followed by discussions of plasma miRNAs in the context of NAFLD in Section 6.2 and plasma miRNAs
as prognostic biomarkers for major cardiovascular events in Section
6.3. Our contribution to RNA-Seq-based transcriptome profiling
studies of murine models for Alzheimer’s disease and of X-irradiation
damage and the results of these projects are discussed in Section
6.4. Investigations of the plasma proteome and metabolome in a
human model for thyrotoxicosis and of the plasma proteome of
sepsis patients are discussed in Sections 6.5. Finally, Section 6.6
concludes this thesis.

Proof-of-principle for Plasma MicroRNA Association Studies

6.1 Proof-of-principle for Plasma MicroRNA Association Studies
Recent years have seen an continuously increasing interest in plasma miRNAs for their potential
as biomarkers. Various studies have searched for
associations between plasma miRNAs and diseaserelevant phenotypes, mostly using a case-control
design (Nair et al., 2014). These studies were often limited by relatively small samples sizes. Only
few larger-scale population-based studies have been
conducted (Beyer et al., 2015; Keller et al., 2014;
Nair et al., 2014; Zampetaki et al., 2012).
Furthermore, potential confounding is often not addressed as necessary. Different cell types and tissues
are likely to contribute different miRNA species in
varying amount to the plasma miRNA pool. When
this is not accounted for, individual plasma miRNA
profiles will always at least partially reflect cellular
blood composition at sampling time (Cheng et al.,
2013; Pritchard et al., 2012). One should therefore
either adjust for blood cell parameters (BCPs) or
focus on miRNAs less affected by these.
We measured a panel of 179 plasma miRNAs in 372
individuals and investigated association between the
former with age, sex, and BMI while carefully considering the influence of BCPs (cf. Section 5.1.1). We
developed a workflow for plasma miRNA association
studies and identified many miRNAs significantly
associated with each of the three phenotypes. An
elastic-net was used to identify important BCPs
putatively confounding the associations between the
miRNAs and the phenotypes.
Strikingly, there was a very strong impact of the
BCP adjustment on the miRNA-sex associations.
While there were 35 miRNAs associated with sex
prior to BCP adjustment, only 7 miRNAs were still
associated afterwards. This suggests that many of
the miRNAs initially associated originate from different blood cells. Indeed, monocytes, thrombocytes,
granulocytes, lymphocytes, reticulocytes, and erythrocytes all contain not only ubiquitously expressed
miRNAs in varying amount, but also cell-specific
miRNAs (Pritchard et al., 2012; Teruel-Montoya
et al., 2014). Furthermore, there are differences in
the blood composition between sexes such as less
total blood cell mass and lower mean haemoglobin
levels in women (Ambayya et al., 2014; Murphy,
2014). Our observations support this with higher
levels of erythrocyte-specific miRNAs such as miR451a and miR-16-2-3p in men prior to BCP adjustment. Similarly, other sex-associated miRNAs are
also involved in haematopoetic regulation. Examples
include miR-451 and miR-16 which are involved in
the differentiation of erythroid progenitor cells into
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red blood cells and miR-150-5p activating the differentiation of common lymphoid progenitors into T
cells, B cells, and natural killer cells (Zimmerman and
Wu, 2011). Different blood cells have been proposed
as major sources for certain miRNAs, e.g. lymphoid
cells for miR-150-5p and miR-142, platelets also
for miR-142, and monocytes for miR-145 (Landgraf
et al., 2007; Pritchard et al., 2012). It has been
hypothesized that differential expression of miRNAs
in male and female immune cells contributes to
sex-specific immune capabilities and susceptibilities
to autoimmune diseases (Dai and Ahmed, 2014).
As opposed to the number of miRNA-sex associations, the number of miRNAs associated with age or
BMI increased after adjusting for BCPs underlining
the importance of BCP adjustment.
Analysing the first batch of miRNA data alone, we
could not replicate previously reported associations
between age and miR-17-5p, miR-19b-3p, miR-20a5p, and miR-106a-5p (Hackl et al., 2010). However,
we did confirm miR-126-3p, miR-30b-5p, miR-30c5p, miR-93-5p, miR-21-5p, and miR-142-3p (Hatse
et al., 2014; Meder et al., 2014; Olivieri et al.,
2013; Park et al., 2013) to be associated with age
after adjusting for BCPs. Notably, we detected yet
unreported association between age and miR-26a-5p,
let-7a-5p, miR-101-5p, and miR-23b-5p.
Several plasma miRNAs were significantly associated with BMI. One of the strongest associations
was observed for miR-122-5p which is highly abundant in the adult liver where it acts as a key regulator
of cholesterol and fatty-acid metabolism (Bandiera
et al., 2015; Peng et al., 2014). It has recently been
described as a serum biomarker for liver injury in
chronic hepatitis B and C, non-alcoholic fatty liver
disease (NAFLD), and drug-induced liver disease
(Starkey Lewis et al., 2011; Tan et al., 2014; Van
Der Meer et al., 2013; Waidmann et al., 2012). We
also determined a large overlap of miRNAs associated with BMI and miRNAs known to be synthesized
in large amount in the liver comprising miR-99a,
miR-194-5p, miR-143-3p, miR-93-5p, miR-185-5p,
miR-885-5p, miR-193b-3p, miR-145-5p, miR-19b3p, miR-18-5p, miR-486-5p, and miR-148a-3p (Girard et al., 2008). The high proportion of liverspecific miRNAs that are positively associated with
BMI points towards release of these from lysing hepatocytes as a consequence of subclinical or manifest
NAFLD. This motivated another study investigating
the associations between plasma miRNAs and liver
fat (cf. Sections 5.1.2 and 5.4.2).
In a second step, we extended the study population

to 708 individuals (cf. Section 5.1.1.5). This led to
a notable increase in miRNA-BMI and miRNA-age
associations, while only let-7i-5p, miR-106a-5p, miR18a-5p, and miR-486-5p, were not associated with
BMI anymore. Some of the miRNA-age associations
not replicated when analysing the first batch alone,
could now be confirmed (miR-19b-3p, miR-20a-5).
The RT-qPCR approach based on Exiqon’s
Serum/Plasma Focus Panels V3 offers a high speci-

ficity and sensitivity for measured miRNAs and allows
for high-throughput measurements. Although it is
limited to a pre-defined panel of miRNAs, our results corroborate the general feasibility of association
studies with plasma miRNAs. Employing a newly
developed analysis strategy, we could demonstrate
that plasma miRNA profiles reflect individual sex,
age, and BMI. Our findings underline the importance
of considering these phenotypes as well as BCPs as
potential covariates in miRNA association studies.

6.2 Plasma MicroRNAs are Associated with Non-Alcoholic Fatty Liver
Disease
During the proof-of-principle for miRNA association studies, we identified a remarkable number of
miRNAs associated with BMI. In order to dig deeper
into this finding, we conducted a follow-up analysis
in which we investigated more fine grained measures
of body fat within the complete set of SHIP-TREND
participants for whom miRNA data were available.
While BMI represents a well-established measure
for total body fat, it also includes muscle and bone
mass. This might make it misleading in special cases,
e.g., for individuals with above or below average muscle mass. A more accurate measure the total body
fat measured by body impedance analysis (BIA). We
found a similar number and indeed largely even the
same miRNAs associated with BIA as with BMI.
In SHIP-TREND, MRI-based quantification is available for different body fat compartments, namely
visceral fat (Vis), subcutaneous fat (Sub), and liver
fat (LFat). We leveraged this data to assess potential
associations between miRNAs and the specific body
fat compartments. Strikingly, we did not find any
associations with Sub, only few with Vis, but many
with LFat. All LFat-associated miRNAs but miR192-5p and miR-378a-3p were already associated
with BIA or BMI. The associations with LFat were
remarkably strong, in most cases much stronger than
the associations with BIA or BMI.
Recall that many of these miRNAs are known to be
extensively synthesized in the liver (cf Section 6.1).
Hepatic fat accumulation hampers liver function and
leads to liver tissue injury and hepatocyte lysis (Chalasani et al., 2012; Farrell and Larter, 2006). Thus,
miRNAs that are highly abundant in the liver will be
released from the injured tissue and enter circulation.
In line with this reasoning, all but one weak associations between miRNAs and LFat are indeed positive.
The three liver enzymes ALT, AST, and GGT are
established markers of liver function. Through liver
damage they will be released into the circulation and

their serum activities will rise. We observed many associations between plasma miRNAs and the activity
of these enzymes. Especially for ALT and AST and in
these cases also with extremely strong associations.
Associations with GGT and the AST/ALT ratio
(ASALR) were also detected but less pronounced.
The extremely strong associations with AST and
ALT support the spillover from miRNAs into circulation following hepatocyte lysis in an early stage
of NAFLD. The fewer associations with GGT and
ASALR could be explained as follows. While AST
and ALT indicate any type of liver damage, GGT
also indicates cholestasis and might point more likely
to liver damage due to alcohol abuse and ASALR is
rather correlated with the degree of fibrosis or even
damage to other muscle tissues (Giannini, 2005;
Singh, 2013). Notably, the distribution of several
clinical fibrosis scores in our cohort (cf. Figure 5.23)
suggests that very few, if any, of our samples suffer
from advanced fibrosis. Hence, the observed associations are likely a consequence of hepatic fat accumulation and hepatocyte lysis, prior to severe fibrosis.
The distribution of liver fat in SHIP-TREND (cf.
Figure 5.22) suggests a rather high prevalence of
NAFLD. An earlier publication already found a high
NAFLD prevalence of approx. 30 % based on ultrasound diagnosis (Baumeister et al., 2008). We investigated if plasma miRNAs can improve NAFLD diagnosis, employing MRI-quantified liver fat as groundtruth. I.e., we labeled samples with at most 5 % liver
fat as healthy and samples with more than 5 % liver
fat as NAFLD patients and assessed the performance
of different features in discriminating the two groups.
Among these features were ultrasound-based diagnosis of steatohepatis (Stea), serum activities of liver
enzymes and ASALR, clinical fibrosis scores, and the
plasma miRNAs associated with liver fat or any of
the three liver enzymes.
We first performed a ROC analysis relying on single
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features. Stea achieved the highest AUC with 0.79.
The best-performing miRNA was miR-122-5p — a
well-known biomarker for liver diseases (Becker et al.,
2015; Raitoharju et al., 2016) — reaching an AUC
of 0.68. Then, we investigated the performance of
different sets of features employing a random forest
classifier. The performance was markedly improved
when combining Stea and other sets of features such
as plasma activities of liver enzymes, clinical fibrosis
scores, or miRNAs. In all cases Stea remained the
most important feature. The best performance was
achieved when using the complete set of features.
The performance slightly increased when adding
the miRNAs to any given set of features. Yet, the
performance of Stea and liver enzymes or Stea and
clinical fibrosis scores was superior to the performance of Stea and miRNAs. Note, that the feature

importance of individual miRNAs generally remained
low, especially in comparison to Stea and the liver
enzymes. As mentioned above, the miRNAs likely
spill into circulation following early hepatocyte lysis
and liver tissue damage. Since they only marginally
improve the prediction of NAFLD, they likely carry
similar information as the elevated plasma levels of
the liver enzymes. I.e., they allow for detecting liver
tissue damage but do not provide much further functional insights. However, the observable small gain
in performance suggests that in detailed follow-up
analyses, one might be able to pinpoint specific cases
in which the miRNAs improve characterization of the
state of disease. These might be different stages of
NAFLD or samples with certain characteristics. It
has been reported, e.g., that liver damage-associated
miRNA profiles differ between different viral infections or cancers (Hayes and Chayama, 2016).

6.3 Plasma MicroRNAs Improve Prediction of Major Cardiovascular
Events
We investigated miRNAs putatively associated with
adverse cardiovascular events in a large prospective
cohort for acute coronary syndrome (ACS) (cf. Section 5.5.1). Employing a two-stage design, we first
performed a screening approach profiling 752 different miRNAs in a small randomly chosen sub-cohort
consisting of 7 cases and 7 matched controls. The
second stage consisted of measuring 14 miRNAs
that were found in the screening phase to be differentially abundant or considered important based
on a priori knowledge. These were measured in a
much larger validation cohort of 63 cases and 126
matched controls. Our study constitutes the first
assessment of miRNAs for their prognostic value
with respect to adverse cardiovascular outcome in
a large prospective ACS cohort.
There is promising research on establishing miRNAs
as early diagnostic biomarkers for ACS. However,
other studies often examined surrogate outcomes
and tried to identify signatures discriminating patients with a specific and acute disease from healthy
controls or patients suffering from a different type
of the disease (D’Alessandra et al., 2010; Hsu et al.,
2014; Ward et al., 2013). While Zampetaki et al.
2012, e.g., identified miRNAs that are associated
with incident myocardial infarction (MI) in a primary
prevention cohort, they did not assess if these miRNAs could improve the classification of patients or
prediction of MI. We investigated a large Swiss cohort of ST-elevation myocardial infarction (STEMI)
patients (cf. Section 2.2.2) to relate miRNA levels
to adjudicated major cardiovascular events (MACEs)
82

within a follow-up period. I.e., we tried to foresee if
people presenting at the hospital with a STEMI will
experience a subsequent MACE.
Three miRNAs, namely miR-26b-5p, miR-320a,
and miR-660-5p, were found to be differentially
abundant in the validation cohort. All three miRNAs
have been highlighted in cardiovascular context before. MiR-26b-5p regulates GATA4, a transcription
factor important for myocyte growth and survival
and involved in cardiac hypertrophy. Overexpression
of the miRNA prevented hypertrophy (Han et al.,
2012). This supports our finding that lower levels of
miR-26b-5p increase the risk of a MACE. Overexpression of mmu-miR-320a — a homologue of hsamiR-320a — was found to promote cardiomyocyte
death and apoptosis in a murine model. It plays a
key role in the regulation of ischemia/reperfusioninduced cardiac injury via modulating the expression
of its target HSP20 (Ren et al., 2009). Notably,
elevated levels of hsa-miR-320a were also observed in
cardiac tissue obtained from end-stage heart failure
patients (Ikeda et al., 2007; Thum et al., 2007).
In vitro experiments showed miR-660 to increase
platelet production (Emmrich et al., 2012). One can,
thus, hypothesize that it potentially plays a role in
thrombotic events like recurrent MI. The experimental studies mentioned above strongly suggest that
the three miRNAs highlighted in our study might be
causally relevant. They putatively trigger biological
processes closely related and leading to heart failure
and cardiac death. Note, that we measured only the
plasma fraction of those miRNAs. Thus, we see a

reflection of altered miRNA abundance, but cannot
assess regulatory effects in our samples directly.
We assessed the value of these three miRNAs in discriminating patients experiencing MACEs from those
without MACEs within one year follow-up time. The
extension of the GRACE score and a clinical model
by the miRNAs boosted the model performance,
especially if considering all three miRNAs at once.
This suggests the involvement of different, putatively
complementary, pathophysiological pathways in the
evolution of MACEs.
Some of the miRNAs contained in the panel we
investigated have been associated with acute STEMI
in previous studies (cf. Supplementary material Table
S10 in Jakob et al., 2017). Those were not significantly associated with the occurrence of MACEs
in our study. The reason for this is likely that the
study designs are different. The other studies sought
to find diagnostic biomarkers to distinguish healthy
controls from patients suffering from an acute disease. Here, we investigated the value of miRNAs
for adverse prognosis within a follow-up period in a
secondary prevention cohort of STEMI patients.
We determined the abundance of cellular and cellfree circulating miRNAs contained in a comprehensive panel. A drawback of this approach is that we
cannot be certain about the origin of the miRNAs.
Possible mechanisms underlying altered miRNA levels might be, e.g., different release mechanisms or
modulated miRNA production, activity, or degradation. This has to be determined in future studies.
Another point to explore in more depth is the

performance of the regression model. We showed
that the prediction improves when including the miRNAs. The employed performance measures summarize their judgement over the whole data set and over
the whole follow-up period. The overall performance
gain might stem from better performance for specific
time points during the follow-up or for more accurate
predictions for samples having specific characteristics. Whether and which is the case remains to
be investigated. The former could be assessed by
comparing predictions for specific time point with
the ground truth at said time points. Unsupervised
learning approached lend themselves naturally to
scrutinize the latter.
It has been demonstrated that circulating miRNAs
regulate pathophysiological pathways after cellular
uptake (Hergenreider et al., 2012). This motivates
research towards therapies using or targeting miRNAs to counteract thrombotic events and improve
the prognosis of patients presenting with STEMI.
While there are no such therapies available to date,
our research represents further progress in pinpointing miRNAs of clinical interest. We found miR26b-5p, miR-320a, and miR-660-5p to improve the
prediction of MACEs in STEMI patients. Experimental studies by others uncovered the involvement of
these miRNAs in pathways regulating cardiomyocyte
apoptosis, adverse cardiac remodelling, and platelet
production. Thus, these miRNAs may lead us towards understanding pathophysiological mechanisms
behind clinical outcomes. They are certainly promising candidates to be examined in more detail to
improve the risk stratification in STEMI patients.

6.4 Transcriptome Profiling using RNA-Sequencing
The transcriptome encompasses — in the context
of this thesis — all mRNA present in a specimen
at a specific time point. Investigations of the transcriptome are thus ideally suited to uncover dynamic
molecular changes in an organism that happen, e.g.,
in response to environmental changes or as cause or
consequence of disease.
Transcriptome profiling studies have been extensively conducted using gene expression microarrays.
Microarrays allow for quantification of many different
transcripts (15 – 30,000) at genome-wide scale for
relatively low costs and are ideally suited for highthroughput studies (cf. Section 2.5). Nevertheless,
NGS approaches offer a number of advantages over
microarray studies (cf. Section 2.5.1; Marioni et al.,
2008). Most importantly, they have a higher dynamic
range and achieve higher signal-to-noise ratios even
for low abundant transcripts.

We investigated the gene expression profiles of
murine models for AD in order to uncover involved
genes and pinpoint mechanisms putatively underlying the disease. The results of this study are discussed in Section 6.4.1. A non-trivial challenge for
the data analysis was the lack of replicates of the
sequencing runs. This has been solved by treating
all samples as replicates of the same condition (cf.
Section 5.2.1.1). While this seems unconventional,
it is justifiable, as the vast majority of transcripts
do not change between different conditions. Due to
the NGS-based RNA-Seq approach, we could compare comprehensive transcriptome profiles instead
of being restricted to specific genes and we could
overcome typical limitations of microarray studies
previously conducted (cf. Sections 2.8 and 2.5;
Sutherland et al., 2011). RNA-Seq has already been
demonstrated to be useful to elucidate the molecu83
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lar basis of neurodegenerative disease (Altar et al.,
2009; Courtney et al., 2010; Twine et al., 2011),
but has never before been applied for comprehensive
profiling of the murine models for Alzheimer’s disease
we investigated.
In a different study, we investigated the aberrations
in the transcriptome of human gingiva fibroblasts
in response to X-irradiation (cf. Section 5.2.2). In
this study there were replicates available (three ex-

periments per condition) but the study design was
multi-factorial considering radiation dose as well as
the duration of the repair interval between irradiation
and sequencing. Hence, the workflow applied for the
transcriptome profiling of mouse models for AD had
to be adapted. They key components in this study are
the data exploration using a PCA (cf. Section 4.1)
and the transition to DESeq2 (Love et al., 2014)
that became available in the mean time. The results
of the study are discussed in Section 6.4.2.

6.4.1 A Comprehensive Transcriptome Profile of Mouse Models for Alzheimer’s
Disease
Different mouse models for familial AD have been
investigated already (Dickey et al., 2003; Selwood
et al., 2009; Stein and Johnson, 2002; Wirz et al.,
2013; Wu et al., 2006). The models employed in
those studies exhibited heavy plaque load but no
severe neuron loss. By including 5XFAD and Tg442 mice in our study we could investigate animals
with clear behavioural deficits accompanied by severe
neuron loss. Interestingly, while the former model
develops a heavy plaque load quite early, the latter
stays plaque free. This is in line with the modified
amyloid hypothesis stating that not the extracellular
plaques, but the intraneuronal accumulation of Aβis
the primary causal event underlying the pathological
cascade in AD.
Both Tg4-42 and 5XFAD mice exhibited similar
age dependent learning and spatial reference memory
impairment, as demonstrated in the Morris water
maze experiments. This agrees well with deficits
in hippocampus dependent memory tasks such as
contextual fear conditioning, already shown for other
transgenic murine models for AD (Chen et al., 2000;
Kishimoto et al., 2013; Stover and Brown, 2012).
Tone fear conditioning, on the other hand, relies
more on a functional amygdala (Phillips and LeDoux,
1992). This explains our observation that 5XFAD
mice did not learn to associate the tone with the foot
shock, while Tg4-42 mice did. The latter produce
Aβ4−42 specifically in the hippocampus, while the
former develop a heavy plaque load in the whole
brain, also affecting the amygdala.
RNA-Seq analysis of the different animals identified
the transgenic human Psen1 and App sequences as
significantly over-expressed in the respective models.
Furthermore, we were able to validate a selected subset of DEGs with RT-qPCR. Together, this demonstrates the validity of our RNA-Seq analysis, despite
the lack of biological replicates.
For the 5XFAD model, plaque deposition has been
reported in animals as young as three month (Jawhar
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et al., 2012). The data from the young 5XFAD group
thus exemplify the gene expression profile at the
beginning of plaque formation and prior to apparent
learning and memory deficits. We detected several
highly expressed genes encoding proteins involved in
Aβ clearance such as Ttr (Li and Buxbaum, 2011)
and Ide (Farris et al., 2003). Hence, it seems the organism is trying to counteract the Aβ accumulation.
APP/PS1KI mice exhibit an exceptionally strong
pathological phenotype already at six months. In
these animals, we also observed putative gene regulation compensating for Aβ accumulation. Namely,
Csf1 and related receptor-encoding genes like Csf1r
and Csf3r were highly expressed. These are key
regulators of monocyte/macrophage cell development. Rising Csf1 levels have been demonstrated
to increase microglia and decrease Aβ deposits as
well as prevent cognitive decline in APP/PS1 mice
(Boissonneault et al., 2008). The lipoprotein lipase
(LPL) coding gene Lpl is also highly expressed in
APP/PS1KI mice. This can be explained by LPL’s
involvement in recycling of cholesterols and lipids
from degenerating terminals, as there is ongoing
neuron and synapse loss in the six months old animals
(Blain et al., 2004; Breyhan et al., 2009).
Receptor-mediated endocytosis by LRP1 in neurons
is important for Aβ clearance in the brain (Kanekiyo
et al., 2013). In agreement, Lrp1 was among 32
genes expressed at lower levels in aged 5XFAD and
Tg4-42 animals. Shank1 mRNA was commonly less
abundant, as well. This is in line with reduced levels
of Shank1 in AD patients as well as in APP/PS1
mice (Pham et al., 2010). It has been proposed that
dendritic Shank levels are reduced by Aβ. As another
example, Mll2, also known as Kmt2b, was expressed
at lower levels in aged 5XFAD and Tg4-42 animals.
This gene encodes the lysine-specific methyltransferase 2D. Mice lacking Mll2 in the adult forebrain
exhibited impaired hippocampus-dependent memory
function and down-regulation of genes encoding pro-
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teins involved in neuronal plasticity (Kerimoglu et al.,
2013). This agrees with our own observation of
hippocampus-dependent memory impairment in both
Tg4-42 and 5XFAD animals.

synaptic plasticity, and neuron survival (Shukla et al.,
2012). It phosphorylates tau and post-translationally
modifies App and Presenelin (Rademakers et al.,
2005).

Notably, several DEGs encode proteins fulfilling
functions in ion binding and transport. Zimz2 and
Zfp609, e.g., bind zinc ions and Beta-S binds
iron ions. Expression of the three corresponding genes is reduced in aged Tg4-42 mice. Aged
5XFAD animals demonstrated decreased expression
of Bsn, Rnf44, Rai1, Atp1a2, and Rnf165. We observed similar molecular effects in APP/PS1KI mice,
where ion transporter encoding genes like Slc6a3,
Slc18a2,Vmat2, Atp1a1, and Atp1a2 were significantly lower expressed. There are also metal ion binding proteins exhibiting decreased abundance in both
5XFAD and Tg4-42 mice, including Mll1, Zfhx3,
Srrm2, and Atp1a. This is of particular interest, since
zinc, iron, and copper have been shown to be involved
in the pathology of AD. Zinc, e.g., promotes Aβ
aggregation and is found in high concentrations in
Aβ plaques (Leskovjan et al., 2011; Lovell et al.,
1998; Roberts et al., 2012; Watt et al., 2011).

Many DEGs with increased mRNA levels, especially in 5XFAD and APP/PS1KI mice, code for
proteins involved in immune system processes and
inflammatory responses. This is expected, as inflammation in the brain is a known characteristic
of AD. Inflammation is likely a consequence of Aβ
plaques, neurofibrillar tangles, and neuron degeneration (Arnaud et al., 2007). An association between
plaque load and increased inflammatory cytokine
expression, activation of microglia, astrocytes, and
complement factors is known (Akiyama et al., 2000).
The amyloid burden leads to a proportional increase
of reactive astrocytes, microglia, reactive oxygen
species, pro-inflammatory cytokines, chemokines,
and prostaglandines, which in turn leads to neuronal
degeneration (Akiyama et al., 2000; Oakley et al.,
2006). The high expression of C4b, C1qa, b, and c,
all coding for members of the complement system, is
also inflammation-related. The astrocyte marker glial
fibrillary acidic protein coding gene Gfap was highly
expressed in all three (5XFAD, APP/PS1KI, Tg442) mouse models. For all three transgenic mouse
lines, increased astrogliosis, i.e. neuron destruction,
has already been described (Bouter et al., 2013;
Oakley et al., 2006). Furthermore, higher GFAP
concentration in many regions of the brain indicates
increased astrogliosis also in humans (Delacourte,
1990). Astrocytes and complement activation are
likely involved in clearance of toxic Aβ aggregates
in AD. The complement system is activated by aggregated Aβ and tau interacting with complement
proteins (Jiang et al., 1994; Rogers et al., 1992;
Shen et al., 2001). SerpinA3, encoding alpha-1antichymotrypsin (Act), was strongly expressed in
APP/PS1KI mice. In humans, Act correlates with
progression of dementia and it induces tau phosphorylation in diseased neurons (Padmanabhan et al.,
2006).

Among the 20 genes differentially expressed in aged
Tg4-42 animals but not in aged 5XFAD mice, only
Kif1a, Uqcc2, and Beta-S transcripts were more
abundant. Kif1a encodes a member of the kinesin
family and has already been connected to AD (Kondo
et al., 2012). Kinesin family members are involved in
neuronal function and plasticity. KIF1A transports
components of synaptic vesicles in neurons and contributes to hippocampal synaptogenesis (Hirokawa
et al., 2010; Kondo et al., 2012). Notably, Kif1a was
lower expressed in APP/PS1KI mice in agreement
with the pronounced axonal degeneration described
in these animals.
Diverse biological processes are affected by the
products of the 17 less abundant DEGs specific
for old Tg4-42 mice. These include nervous system
development, cell communication, neurogenesis, regulation of synaptic plasticity, and regulation of gene
expression. A notable example for lowly expressed
genes is Vgf, which encodes the nerve growth factor inducible protein VGF. VGF can be found in
many brain areas and the spinal chord (Carrette
et al., 2003; Van Den Pol et al., 1994). It has
already been proposed as a biomarker for AD, since
it has been found to be significantly less abundant
in the cerebrospinal fluid of AD patients compared
to healthy controls (Carrette et al., 2003; Jahn
et al., 2011). Another example is the gene coding
for cyclin-dependent kinase 5 activator 2. Its lower
expression in Tg4-42 agrees with reports implicating
the cyclin-dependent kinase 5 (CDK5) in the pathology of AD due to its importance for neurogenesis,

We observed significantly higher expression of
the genes encoding different cysteine and aspartyl
proteases (Cathepsins) in 5XFAD, Tg4-42, and
APP/PS1KI mice. Cathepsins play an important
role in autophagic processes in AD (Nixon, 2007).
Cathepsin D is a lysosomal enzyme found in neuritic
plaques and putatively invovled in App processing
(Schuur et al., 2011). It produces Aβ by cleaving
the WT β-secretase site of App (Hook et al., 2009;
Wang et al., 2012). Cathepsin D has been shown
to be highly abundant in pyramidal neurons within
AD brains (Cataldo et al., 1995). Cathepsin E has
also already been identified as AD marker with higher
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abundance in senile plaques, microglia, and microvessels in AD brains compared to healthy controls
(Bernstein and Wiederanders, 1994). The deletion of
Cathepsin B in a hAPPwt transgenic mouse model
lead to significant reduction of Aβ42 and Aβ40 levels.
Thus, one might be able to lower Aβ levels in brains
of AD patients by inhibitors targeting Cathepsin B.
Two mechanisms have been suggested for how Aβ
causes neurodegeneration in transgenic mice (Rijal Upadhaya et al., 2013). In a study of APP48
mice, the authors proposed a somatic mechanism as
intraneuronal accumulation of Aβ happening independently of App. As mentioned earlier the Tg4-42
animals do not show such Aβ accumulation. This
might be a consequence of the different signal peptides in the two mouse models. The App48 model
uses peproenkephalin while the Tg4-42 model relies
on TRH. TRH allows for the release of Aβ from
neurons, by routing it through the secretory pathway.
In App23 mice, Upadhaya and colleagues proposed a
neuritic neurodegeneration linking extra- and intracellular Aβ aggegregation steming from App. This
seems to be similar in 5XFAD mice. These different
mechanisms might also underly the difference of
DEGs in Tg4-42 and 5XFAD animals in our study.
The Clu gene encoding the chaperone glycoprotein
Clusterin was also more highly expressed in 5XFAD
mice. Clusterin, also known as Apolipoprotein J, was
found in higher abundance in brains and cerebrospinal
fluid of AD patients (Lidström et al., 1998; Nilselid
et al., 2006). It was also associated with AD in severeal GWAS (Carrasquillo et al., 2010; Harold et al.,
2009; Lambert et al., 2009). Clusterin putatively
contributes to AD pathology through diverse processes, such as neuroinflammation, apoptosis, and
lipid metabolism. Notably, it was reported to increase
both aggregation and clearance of Aβ (Yu and Tan,
2012).
A recent GWAS identified Inpp5d as a new ADassociated locus (Lambert, 2013). We found this
gene to be differentially expressed in 5XFAD mice. It
encodes a member of the inositol polyphosphate-5phosphatase enzyme family involved in second messenger signaling in myeloid cells. Its product INPP5D
participates in pathways related to cell proliferation
and inflammatory response (Medway and Morgan,
2014).
A recent microarray-based expression profiling of
APP/PS1KI mice has identified many DEGs involved in immune response and inflammation, but
none relevant for synaptic transmission or plasticity
(Wirz et al., 2013). However, such genes have been
found to be differentially expressed in the prefrontal
cortex of AD patients (Bossers et al., 2010). We
identified many DEGs with decreased abundance
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involved in synaptic transmission in aged 5XFAD
mice, e.g. Bsn, Nrxn2, Kcnc1, Grm2, and Gng4.
Another low expressed gene is Syn1, which encodes
the neuronal phosphoprotein Synapsin 1, important
for synapse formation and neurotransmitter release
(Jaffrey et al., 2002; Sudhof, 1990). Synapsin levels
have been reported to be significantly decreased in
the CA1 region and the dentate gyrus of AD patients
(Qin et al., 2004). Together, this underlines the
value of our study employing NGS in 5XFAD mice
compared to previous microarray studies.
For young Tg4-42 mice we did not find any DEGs
compared to WT animals. This is in line with the late
onset of the pathology and conspicuous phenotypes
only in the aged animals of this mouse line.
Obeying the German guidelines for animal care,
all animals were sacrificed by CO2 anesthesia. This
might induce prefinal hypoxia. Although all animals
had undergone the same treatment, it cannot be
ruled out that potential hypoxis had slightly different
effects on transgenic mice and WT animals. Nevertheless our results are well in line with previously
reported studies, as discussed above.
Strikingly, we found a common signature of DEGs
in different mouse models. These DEGs are involved
in a broad range of processes. They indicate that
many different molecular processes are commonly
affected in AD. Due to the combination of different
mutations in App and Psen1, APP/PS1KI mice more
closely model familial AD than sporadic AD. Nevertheless, they exemplify the critical involvement of
inflammatory and immune system pathways in AD.
DEGs involved in neuroinflammatory processes are
also characteristic for 5XFAD animals. Neuroinflammatory processes are, in turn, typically associated
with plaque formation. This makes sense, as the
APP/PS1KI and 5XFAD animals exhibit a heavy
plaque load while the Tg4-42 mice do not develop
any plaques. Nevertheless, Tg4-42 mice suffer from
substantial neuron loss. Our results validate the
Tg4-42 mouse model as a valuable model for AD
supporting the modified amyloid hypothesis.
We hypothesize that DEGs specific for the Tg4-42
animals as well as those commonly found in Tg4-42
and the other mouse lines constitute molecular signatures putatively facilitating memory and learning
impairment in AD. We believe that the comprehensive profiling of gene expression we performed will
prove to be an important resource for future studies
on both mouse models and human tissue samples.
In particular, our NGS-based approach identified a
plethora of genes that have so far not been linked to
AD. This might open up new avenues of research on
the etiology of AD as an devastating neurodegenerative disorder.

Transcriptome Aberration in X-Irradiated Human Gingiva Fibroblasts

6.4.2 Transcriptome Aberration in X-Irradiated Human Gingiva Fibroblasts
Ionizing radiation damages the DNA and causes lesions leading to stochastic aberrations and ultimately
cancer. When irradiated, the first line response of
cells is their adjustment of gene expression to suit
the needs for repair and protection. Many studies reported transcriptome responses to irradiation, some
of which described as dose-dependent (Amundson
et al., 2000; Ghandhi et al., 2010, 2015, 2008).
We investigated the transcriptome response of human gingiva fibroblasts. These are important structural cells of the skin. Due to its barrier function,
the skin plays a crucial role for radiation exposure.
Hence, fibroblasts are a suitable system for studying
irradiation consequences. However, most previously
published studies focused on different tissues or cell
types. Additionally, they frequently analysed data
from study samples comprising individuals subjected
to different radiation exposure scenarios. Although
this makes it more difficult to compare our results
with the available literature, we could rely on controlled cell cultures in a standardized and repeatable
setting.
Interestingly, among others, Cdkn1a, Fdxr, Sesn1,
Bbc3, and Phpt1 were found to be differentially
expressed in white blood cells in response to ionizing
radiation (IR; Paul and Amundson 2008b). We confirmed that Bbc3 is differentially expressed depending
on the irradiation dose. The small overlap is likely a
consequence of the different cell types studied. We
found a larger overlap of our results with a study
of IR exposed fibroblasts (Ghandhi et al., 2010; cf.
supplemental data in Weissmann et al., 2016). The
differences between the results of our study and the
investigation of Ghandhi et al. 2008 are a consequence of different radiation qualities and dose rates
between the two studies. While the latter employed
high linear energy transfer α radiation with 4 He ions
at a dose rate of 0.5 Gy/min, we employed low linear
energy transfer 240 kV X-rays at 1 Gy/min. Supportingly, different DNA double strand break yields have
been reported for different radiation qualities (Prise
et al., 1998).
We found several overrepresented cancer-related
gene sets, such as prostate cancer, colorectal cancer,
and acute myeloid leukemia in association with the
third principal component and the repair interval.
These were complemented by several cancer-related
signalling gene sets, e.g. TGF-β receptor signalling.
TGF-β receptor signalling is not only important in
cancer (Drabsch and Ten Dijke, 2012) but also in
the response to ionizing radiation exposure of the
skin (Schultze-Mosgau et al., 2006). Notably, the
radiation-induced dysregulation of skin fibroblasts is
involved in fibrosis (Avraham et al., 2010; Bentzen,

2006) where TGF-β is known to play an important
aetiological role, as well (Forrester et al., 2013).
Interestingly, reduced expression levels of Fst were
reported in patients developing fibrosis after radiation therapy (Forrester et al., 2013). Fst was also
among the genes whose expression was negatively
associated with the irradiation dose in our study.
Further overrepresented gene sets were the mTor
pathway (Zhou and Huang, 2010), the Wnt signalling pathway, and the integrin signalling pathway.
Wnt signalling is crucial for the control of cell morphology, motility, and proliferation. Furthermore, it
maintains the homoeostasis of tissues including the
skin. Abnormal regulation of Wnt signalling leads to
neoplastic proliferation (Li et al., 2015). A key component of the pathway, namely β-Catenin, directs
the radiation response of skin fibroblasts (Gurung
et al., 2009). Integrin signalling is modulated by
ionizing radiation and is involved in radio-resistance,
e.g. in breast cancer cells (Ahmed et al., 2013).
Notably, our results repeatedly show the overrepresentation of miRNA genes. Deregulation of miRNA
gene expression was, e.g., noted in leukocytes of
chronically radiation-exposed humans (Abend et al.,
2015). However, especially for the miRNA-related
genes sets, the standard deviation of the L2FC
was larger than the absolute average L2FC. This
makes it difficult to establish consistent up- or
down-regulation. Nevertheless, it points to general
dysregulation of miRNA target sets. Further studies
are planned to elucidate this point in more detail.
The RNA-Seq-acquired (raw) data are readily usable
to conduct analyses focused on miRNA-related sequences. Although this was beyond the scope of the
current study, we will tackle this in the near future.
Using principal component analysis followed by
overrepresentation analyses, we identified several
gene sets that are differentially expressed in human gingiva fibroblasts in response to X-irradiation.
Among these sets we recovered pathways known to
be related to radio-resistance in fibroblasts, which
supports the validity of our study. Strikingly, the
duration of the repair interval between irradiation
and sequencing had a stronger influence on gene
expression than the radiation dose. Furthermore,
we observed extensive modulation of miRNA-related
genes. Aberrations observed in other pathways are
promising candidates for further studies to elucidate
the molecular response to irradiation. Finally, the
generated RNA-Seq data on the genotoxic IR exposure of primary gingiva fibroblasts will facilitate
genomic comparisons in various genotoxic exposure
scenarios.
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6.5 Multi-Omics Characterization of a Human Model for Thyrotoxicosis
Thyroid hormones (THs) are of utmost importance
for regulatory processes within the human body (cf.
Section 2.10). Yet, most of the current knowledge
about molecular alterations in relation to thyroid
disease has been derived from animal models or studies in patients suffering from complex diseases. In
Pietzner et al. 2017 (cf. Appendix E) we scrutinized
the plasma proteome and metabolome of a human
model for thyrotoxicosis to further advance the understanding of TH action. In particular, we could
exclude any potentially interfering, disease-specific
influences related, e.g., to the autoimmune processes
in Graves’ thyrotoxicosis. We were able to control
the extent and duration of biochemical hyperthyroidism and monitor the recovery to euthyroidism. In
the context of this study we developed two analysis
strategies, one for association studies (cf. Section
5.3.1) and one for compiling discriminatory signatures from case-control data (cf. Section 5.4).
Subjectively, none of the volunteers did notice any
thyrotoxic symptoms (cf. Section 2.10.1). Nevertheless, we clearly observed biochemical thyrotoxicosis
induced by L-T4. TSH was strongly suppressed while
TH levels were increased during the application. This
state rapidly reversed afterwards. The thyrotoxicosis
was further supported by alterations of known peripheral markers including SHBG, CYTC, total-, and
LDL-cholesterol (cf. Section 2.10.1).
Since the study followed a longitudinal design,
the data presented with special characteristics that
had to be accounted for. Standard linear regression
models are not suitable for this data due to the
autocorrelation structure between measurements of
the same study participant (cf. Sections 2.10.1 and
4.2.1). Instead, we implemented mixed-effects linear
regression models that can cope with this (cf. Section 4.2.2). These models allowed for identifying a
plethora of metabolomic and proteomic associations
with FT4 levels that could be grouped into functional
signatures.
The increase of long chain unsaturated as well
as monounsaturated free fatty acids (FFAs) and
glycerol levels points towards TH-triggered lipolysis in white adipose tissue. The latter is a central
mechanism in the increased resting energy expenditure (Mitchell et al., 2010; Nedvidkova et al., 2004;
Viguerie and Langin, 2003).
As a novel finding, we observed strong associations
between several γ-glutamyl amino acids (GGAA) and
FT4. Elevated GGAA levels were related to liver
damage (Soga et al., 2011) and THs represent po88

tent hepatic mitogens triggering hepatocyte turnover
(Pibiri et al., 2001). However, the serum activities
of ALT, AST, and GGT did not indicate extensive
hepatocellular lysis in our study. The GGAA-FT4 association more likely points at an augmented defence
against systemic oxidative stress. The redox-sensitive
key regulatory transcription factor of the major cellular defence system against oxidative stress, namely
NRF2, positively regulates the synthesis of GGAA
as part of the γ-glutamyl cycle (GGC) (Griffith and
Meister, 1979; Wild et al., 1999). This connection
is also supported by reports of hepatic activation
of the NRF2 regulon by TH-induced production of
reactive oxygen species in rodent models (Cornejo
et al., 2013; Romanque et al., 2011) and stimulatory
effects of THs on the GGC resulting in improved
antioxidant capacity in astrocytes (Dasgupta et al.,
2007). The increased levels of plasma polyunsaturated fatty acids (PUFAs) might indicate their exchange in mitochondrial membranes with saturated
fatty acids as an adaptive mechanism for the protection against enhanced oxidative stress, as the
latter are less prone to oxidative damage (Guerrero
et al., 1999; Hoch, 1988). The negative association of lysophosphatidylethanolamine (LPE) has not
been reported before. However, previous analyses of
rodent models revealed enhanced incorporation of
phosphatidylethanolamine in mitochondria of liver
and brain during hyperthyroidism (Bangur et al.,
1995; Ruggiero et al., 1984). Hence, we identified
a strong signature of augmented defence against
systemic oxidative stress.
We observed discordant associations of common
markers for kidney function such as creatine, creatinine, and CYTC, with FT4. These markers have
previously been reported as possibly biased during hyperthyroidism (Carter et al., 1981; Jayagopal
et al., 2003; Verhelst et al., 1997; Wiesli et al.,
2003). Recently identified markers for kidney function, namely C-mannosyltryptophan and peudouridine (Sekula et al., 2015), were not associated with
FT4. This suggests the observed changes in creatine,
creatinine, and CYTC levels are rather metabolically
driven than by altered kidney function. Mechanistically, the increased plasma creatine levels are likely a
consequence of decreased creatine phosphorylation
in skeletal muscle due to uncoupling of respiration
and ATP synthesis (Lebon et al., 2001; Mitchell
et al., 2010). The simultaneously decreased plasma
levels of the creatine catabolite creatinine can be
explained by higher renal clearance (Shirota et al.,

1992). Our result further underline the usefulness of
new markers of kidney function during thyrotoxicosis.
Methylated arginine, which was positively associated with FT4, subsumes symmetric and asymmetric
dimethylarginine (ADMA). Positive associations between ADMA and THs have been reported previously
(Arikan et al., 2007; Gu et al., 2011; Hermenegildo
et al., 2002; Ittermann et al., 2016). ADMA is a
putative by-product of systemic proteolysis known
to be triggered by TH excess (Boger, 2003; Müller
and Seitz, 1984). Thus, increased plasma levels of
leucine, isoleucine, and their degradation intermediate 2-methylbutyrylcarnitine might indicate pronounced FT4-associated protein catabolism. Citrulline is a product of ADMA degradation by
dimethylarginine dimethylaminohydrolase. This enzyme has been shown to be inhibited by prolonged
T3 treatment (Flores-Morales et al., 2002). Hence,
our observations might indicate both increased production and reduced decomposition of ADMA.
Our observation of reduced plasma levels of
apolipoproteins and lipid-rich particles is supported
by previous studies (De Bruin et al., 1993; Lee
et al., 2004; Muls et al., 1982; O’Brien et al., 1997).
ApoB mediates systemic transport of lipids and is
the primary ligand of the low-density lipoprotein receptor (LDL-R) (Dominiczak and Caslake, 2011).
ApoB-dependent LDL-R binding and endocytosis is
promoted by THs through transcriptional induction
of Ldlr, as demonstrated in rats (Lopez et al., 2007).
The lower abundance of ApoB during thyrotoxicosis
is thus a direct consequence of TH-stimulated LDL
uptake form the circulation. APOD is primarily involved in HDL particle-dependent reverse cholesterol
transport (RCT) from peripheral tissue to the liver
(Dominiczak and Caslake, 2011). Since THs stimulate the RCT by increasing the expression of several
involved genes, the observed drop in APOD plasma
levels could result from TH-stimulated HDL particle
binding within the activated RCT. A very similary
explanation exists for the decreased APOC3 levels.
This protein is localized on the surface of VLDL and
HDL particles, also contributing to the RCT path-

way (Dominiczak and Caslake, 2011). The VLDL
receptor is under positive transcriptional control of
THs (Jokinen et al., 1994). This suggests reduced
APOC3 levels to be a consequence of TH-mediated
VLDL uptake.
There is well known positive association between
blood coagulation and TH concentrations (Debeij
et al., 2014; Hooper et al., 2012; Squizzato et al.,
2007; Stuijver et al., 2012; Van Zaane et al., 2011).
In agreement, several proteins involved in the coagulation cascade were positively associated with FT4
levels even at non-pathological levels, as published
separately in (Engelmann et al., 2015). Also the
positive association of complement system proteins
with TH levels we observed confirms earlier reports
(Hooper et al., 2012; Potlukova et al., 2010; Zhang
et al., 2008).
Altogether, these data reveal an unexpected discrepancy between the lack of subjective symptoms
and a plethora of molecular alterations in both the
metabolome and proteome. This might indicate early
adaptation of the organism to hyperthyroidism. It
also suggests that biochemical alterations in the
context of thyrotoxicosis are detectable much before
clinical symptom onset. This is strongly backed by
our successfully deriving a molecular signature consisting of proteins and metabolites that can reliably
distinguish between euthyroid and hyperthyroid samples independent of TSH and FT4. This signature
represents an important step towards the development of new biomarkers of thyroid function.
The composition of our study population — young
healthy men — allowed investigation of thyrotoxicosis in a well-defined framework. Unfortunately,
this limits the generalizability of our results. It is
therefore warranted to conduct larger studies based
on more complex populations. We also provided
further evidence supporting TH-independent kidney
function markers. These findings should be replicated
in appropriate patient cohorts or population-based
studies. Additionally, the suitability of the identified
putative biomarker signature for hypothyroid conditions should also be assessed.

6.6 Concluding Remarks
In the context of this thesis, I developed and
implemented bioinformatic strategies tackling different challenges in the analysis of omics data
from high-throughput experiments. All data and addressed research questions arose in ongoing projects
in close collaboration with biological and medical researchers. The developed analysis strategies allowed
for fast and convenient scrutiny of the data that,

in some cases, would not have been possible with
the tools available to the involved non-computational
researchers to date.
We devised an approach enabling large-scale plasma
miRNA association studies employing cohort data.
The validity of the approach has been demonstrated
through identification of miRNA associations with
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age, sex, and BMI (cf. Section 5.1.1). Notably, we
could also identify many strong associations between
miRNAs and liver fat, as well as serum activities of
liver enzymes (cf. Section 5.1.2). More miRNA data
will become available, not only for the populationbased SHIP-TREND cohort, but also for patient
cohorts from the Greifswald Approach to Individualized Medicine (GANI_MED; (Grabe et al., 2014))
and the German Center for Cardiovascular Research
(DZHK; https://www.dzhk.de). The approach developed in this thesis will allow for leveraging this
data to investigate the potential involvement of
plasma miRNAs in many different common diseases.
Transcriptome profiling studies shift from
microarray-based gene expression measurements to
RNA-Seq. In the context of this thesis, we developed
and implemented strategies for the analysis of
RNA-Seq data in different settings. One strategy was
employed for the transcriptome profiling of several
mouse models for Alzheimer’s disease (AD; cf.
Section 5.2.1). We were able to validate Tg4-42 mice
as an appropriate model for familial AD in support
of the modified amyloid hypothesis. Furthermore,
the identified transcriptome profiles of the different
mouse models provide valuable resources and hints
for further studies elucidating the molecular basis of
AD. The second strategy facilitated the investigation
of the transcriptional response to X-irradiation
in human gingiva fibroblasts (cf. Section 5.2.2).
We showed that gene expression is more strongly
influenced by the repair interval (the time between
irradiation and sequencing) than by the irradiation
dosage. The identified transcriptional alterations
provide hints for further research into genotoxic
radiation exposure. Notably, we identified extensive
modulation of specific miRNA targets. This will be
further investigated in a project focussing on miRNA
and miRNA target sequences within the fibroblast
transcriptomes.
A recent focus of omics studies is the analysis
of complex biofluid samples such as plasma. Many
studies even measure such samples at different time
points to enable time-resolved omics profiling. In the
context of the time-resolved plasma proteome and
metabolome profiling of a human model for thyrotoxicosis, we developed an analysis strategy for the
identification of proteins and metabolites associated
with thyroid status (cf. Section 5.3.1). We could
identify strong molecular alterations in response to
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FT4 levels, despite the lack of any subjective symptoms of the study participants. Our results shed light
on novel potential molecular biomarkers for thyroid
status.
We designed and implemented a computational
framework for the identification of molecular signatures discriminating two groups from each other.
Employing a random forest embedded in a nested
cross-validation scheme, we investigated putative
diagnostic biomarkers for NAFLD and for hyperthyroidism. In the first case, we observed marginal
improvement of NAFLD diagnosis when considering plasma miRNAs in addition to other features
such as ultrasound-based diagnosis of steatohepatis,
clinical fibrosis scores, or serum activities of liver
enzymes (cf. Section 5.4.2). In the latter case, we
were able to compile a molecular signature consisting
of 15 proteins and metabolites that was able to
reliably distinguish hyperthyroid samples from euthyroid samples (cf. Section 5.4.1). For both projects,
follow-up analyses should look into the identified
signatures in more detail. The involved biomolecules
might be promising candidates to resolve fine-grained
phenotypic differences on a molecular level.
We were also faced with the task of investigating whether plasma miRNAs are suitable prognostic
biomarkers for major cardiovascular events (MACEs)
in a cohort of acute coronary syndrome patients
(cf. Section 5.5.1). To this end, we utilized Cox
regression models and assessed their performance
for the prediction of MACEs in accordance with-toevent data. Indeed, we identified three miRNAs that
collectively improve model accuracy. These miRNAs
remain to be validated in other cohorts. Furthermore,
follow-up investigations should dig deeper into the
models performance for samples exhibiting specific
characteristics — different medications, different
co=morbidities, a.s.o. — and for healthy controls.
In the context of this thesis, we developed a number
of analysis strategies for different experimental settings and omics data types. These strategies have
already been applied in a number of projects and led
to valuable results for molecular biomedical research.
It is still a long way to understand the molecular basis of common human diseases. Many more
multi-disciplinary efforts will be needed to implement
individualized medicine in the clinics. This thesis
provides means and results representing an early step
in paving the way towards this ambitious goal.
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9. Joshi PK1 , Esko T1 , et al., Polašek O2 , Wilson JF2 : Directional dominance on stature and cognition
in diverse human populations. Nature 532, 2015 (doi:10.1038/nature14618)
8. Huffman JE, et al., Smith NL: Rare and low-frequency variants and their association with plasma
levels of fibrinogen, FVII, FVIII, and vWF. Blood 126(11), 2015
(doi:10.1182/blood-2015-02-624551)
7. Wahl S1 , Vogt S1 , et al., Grallert H: Multi-omic signature of body weight change: results from
a population-based cohort study. BMC Medicine 13:48, 2015 (doi:10.1186/s12916-015-0282-y);
Open Access
6. Grabe HJ, et al., Kroemer HK: Cohort profile: Greifswald approach to individualized medicine
(GANI MED). J Transl Med 12:144, 2014 (doi:10.1186/1479-5876-12-144); Open Access
5. Bouter Y1 , Kacprowski T1 , Weissmann R, Dietrich K, Borgers H, Bau A, Sperling C, Wirths O,
Albrecht M, Jensen L R, Kuss AW, Bayer TA: Deciphering the molecular profile of plaques, memory
decline and neuron-loss in two mouse models for Alzheimers disease by deep sequencing. Front
Aging Neurosci 6:75, 2014 (doi:10.3389/fnagi.2014.00075); Open Access
4. Kacprowski T, Doncheva NT, Albrecht M: NetworkPrioritizer: a versatile tool for network-based
prioritization of candidate disease genes or other molecules. Bioinformatics 29(11), 2013
(doi:10.1093/bioinformatics/btt164); Open Access
3. Foerster S, Kacprowski T, Dhople VM, Hammer E, Herzog S, Saafan H, Bien-Möller S, Albrecht M,
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Abstract
Background: Non-cellular blood circulating microRNAs (plasma miRNAs) represent a promising source for the
development of prognostic and diagnostic tools owing to their minimally invasive sampling, high stability, and
simple quantification by standard techniques such as RT-qPCR. So far, the majority of association studies involving
plasma miRNAs were disease-specific case-control analyses. In contrast, in the present study, plasma miRNAs were
analysed in a sample of 372 individuals from a population-based cohort study, the Study of Health in Pomerania
(SHIP).
Methods: Quantification of miRNA levels was performed by RT-qPCR using the Exiqon Serum/Plasma Focus microRNA
PCR Panel V3.M covering 179 different miRNAs. Of these, 155 were included in our analyses after quality-control.
Associations between plasma miRNAs and the phenotypes age, body mass index (BMI), and sex were assessed via a
two-step linear regression approach per miRNA. The first step regressed out the technical parameters and the second
step determined the remaining associations between the respective plasma miRNA and the phenotypes of interest.
Results: After regressing out technical parameters and adjusting for the respective other two phenotypes, 7, 15, and 35
plasma miRNAs were significantly (q < 0.05) associated with age, BMI, and sex, respectively. Additional adjustment for
the blood cell parameters identified 12 and 19 miRNAs to be significantly associated with age and BMI, respectively.
Most of the BMI-associated miRNAs likely originate from liver. Sex-associated differences in miRNA levels were largely
determined by differences in blood cell parameters. Thus, only 7 as compared to originally 35 sex-associated miRNAs
displayed sex-specific differences after adjustment for blood cell parameters.
Conclusions: These findings emphasize that circulating miRNAs are strongly impacted by age, BMI, and sex. Hence,
these parameters should be considered as covariates in association studies based on plasma miRNA levels. The
established experimental and computational workflow can now be used in future screening studies to determine
associations of plasma miRNAs with defined disease phenotypes.
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Background
MicroRNAs (miRNAs) are small ~22 nt long noncoding RNAs which play important regulatory roles by
targeting mRNAs for degradation or mediating translational repression. Thus, they affect a wide range of
physiological and pathophysiological processes including
cell differentiation, proliferation, apoptosis, angiogenesis
or inflammation [1, 2]. Besides their common intracellular localization, miRNAs are present in different body
fluids, particularly in blood. The factors that determine
the levels of extracellular miRNAs, e.g. in plasma, such
as active secretion or passive release due to cell lysis as
well as the functional roles of these plasma miRNAs are
still under investigation. Non-cellular blood circulating
microRNAs (in the remainder of this paper referred to
as plasma miRNAs) are highly ribonuclease-resistant because they are either enclosed in membranous vesicles
as apoptotic bodies and exosomes or localized in complexes with RNA-binding proteins (Ago2), high-density
lipoproteins or nucleophosmin [3–5]. Recent studies
have proposed a hormone-like role for circulating miRNAs in intercellular communication [3, 4]. The putative
value of plasma miRNAs as predictive and diagnostic
biomarkers motivated the recent large-scale profiling of
these molecules in the context of many diseases, such as
cancer, diabetes, multiple sclerosis, coronary artery disease or myocardial infarction [6–8]. A selection of 19
potentially informative plasma miRNAs was investigated
by Zampetaki et al. [8] in a prospective, populationbased study on cardiovascular disease. The study revealed associations between several miRNAs and the incidence of myocardial infarction and highlighted
platelets as a major source for the plasma miRNA pool
[8]. Few other population based studies were published
on circulating miRNAs derived from blood cells [9] or
serum [10]. Usually, the screening for candidate miRNAs
has so far been performed on pooled or individual samples of cases and controls. Selected miRNAs have been
measured by RT-qPCR in the entire sample or a subsample of the study cohort. Selection bias and comorbidities might have affected the phenotype under investigation [11]. For instance, studies on miRNA levels
detected in human plasma samples provided evidence
for age-associated miRNA levels in blood [12, 13]. Such
associations are almost certainly relevant in studies on
age-related diseases such as cancer or cardiovascular disorders. Recently, the impact of age and sex on circulating miRNA was explored in peripheral blood using
microarray technology [14]. This study highlighted the
importance of age matching case-control studies
whereas sex seemed to have a less pronounced effect on
the miRNA levels [14]. The use of matched case-control
cohorts or adjustment for age and sex is therefore warranted [11].
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In the present study, we investigated plasma miRNAs
prepared from human plasma using a reverse
transcription-quantitative PCR (RT-qPCR) approach
based on the Serum/Plasma Focus microRNA PCR
Panel V3.M (Exiqon) which provides a higher sensitivity
and specificity compared to array-based techniques [15].
We assessed the association of age, body mass index
(BMI), and sex with miRNA levels in a sample of 372 individuals from the population based Study of Health in
Pomerania (SHIP-TREND) applying stringent data preprocessing and taking into account technical as well as
blood cell parameters [16].

Methods
Ethics statement

The study has been conducted according to the recommendations of the Declaration of Helsinki. The study
protocol of SHIP was approved by the medical ethics
committee of the University of Greifswald. Written informed consent was obtained from each of the study
participants.
Study design

Initially, EDTA-plasma samples from 384 participants
were randomly selected from the SHIP-TREND cohort.
Study design and sampling methods for SHIP-TREND
were previously described [16]. Briefly, SHIP-TREND is
a longitudinal population-based cohort study assessing
the prevalence and incidence of common diseases and
their risk factors. Study participants were randomly selected from the population registries in North- and EastPomerania.
The laboratory workflow for RT-qPCR based miRNA
analysis using the Serum/Plasma Focus microRNA PCR
Panel V3.M (Exiqon A/S, Vedbaek, Denmark) involved
several quality control steps which resulted in the exclusion of 12 plasma samples. The descriptive statistics of
the remaining study participants are provided in Table 1.
Blood cell parameters were measured on an automated
haematology system (XT 200 or XE 5000, Sysmex,
Europe).
Preparation of plasma miRNAs

Non-cellular blood circulating miRNAs were isolated
from 200 μl plasma using the miRCURY™ RNA Isolation
Kit –Biofluids (Exiqon A/S) according to the
Table 1 Characterization of the SHIP-TREND sample
Sex

Age (years)

BMI (kg/m2)

number

Mean ± SD

range

Mean ± SD

range

male

187

49.3 ± 14.5

22-79

27.6 ± 3.9

17.7-39.0

female

185

50.2 ± 13

22-79

27.4 ± 5.0

18.7-48.1

total

372

49.7 ± 13.8

22-79

27.5 ± 4.4

17.7-48.1
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manufacturer’s instructions. To ensure high and reproducible RNA yield from EDTA-plasma samples, bacteriophage MS2 carrier RNA was added to each sample
during the purification procedure. Reverse transcription
reactions were performed using Universal cDNA Synthesis Kit II (Exiqon A/S) according to the manufacturer’s
instructions. Before using RNA samples for miRNA profiling, the yield of typical plasma miRNAs, absence of
PCR inhibitors as well as of haemolysis in the samples
was assessed by use of a microRNA QC PCR Panel (Exiqon A/S).
Profiling of plasma miRNAs

Exiqon Serum/Plasma Focus microRNA PCR Panels,
384 well (V3.M) were used in a RT-qPCR approach to
determine the plasma levels of 179 human miRNAs. The
qPCR was performed using a 7900 HT Real-time PCR
system (Applied Biosystems, Carlsbad, CA, USA) with
42 amplification cycles employing the cycling parameters
recommended by Exiqon. Raw data were processed
using SDS 2.4 (Applied Biosystems) to assign the baseline and threshold for Ct (threshold cycle: the PCR cycle
at which the target is quantified in a given sample, according to Real-time PCR Data Markup Language
(RDML) guidelines [17]) determination. To determine
the technical variation between the Exiqon Serum/
Plasma Focus microRNA PCR Panel plates, the interplate calibrator (IPC) (UniSp3) was analysed. Ct values
of the IPC were 20 ± 0.2 (mean ± SD) across all samples,
and thus highly similar.
Computational analyses

All computational analyses were implemented in R
(3.1.2 “Pumpkin Helmet”) [18]. The code is available
upon request. Generally, a miRNA-wise two-step regression procedure was employed. Through the evaluation
of a first regression model the data were corrected for
technical influences (see Regressing-out of technical parameters). The second step comprised the assessment of
associations between miRNAs and phenotypes in a separate regression model (see Analysis of associations between miRNA levels and phenotypes).
Data pre-processing

We ran the RT-qPCR for 42 cycles and specified the detection cut off according to manufacturer’s recommendation [15]. The Ct value threshold established in [15]
for the very sensitive Exiqon platform has already been
successfully employed in other studies on low-abundant
miRNAs [19, 20]. Thus, also in our study Ct values
below 37 were considered for quantification and Ct
values above 37 were treated as missing because they
were considered to be too close to the detection limit of
the assay. Remaining Ct values were normalized to the
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lower quartile per sample. That is, per sample the lower
quartile across all Ct values, excluding spike-ins, was
subtracted from each individual sample Ct value, yielding ΔCt values (small ΔCt values indicate high miRNA
levels). Only miRNAs with at least 100 valid (i.e. nonmissing) ΔCt values and normal ΔCt value distribution
across all samples were kept. Thus, all association analyses
are based on a set of 155 miRNAs that satisfied these
criteria.
Regressing-out of technical parameters

Plasma miRNA data were influenced by a number of
technical parameters. Among these were the storage
time of plasma samples in the biobank ranging from
1035 to 1774 days (dt_biobank) and the Ct values of synthetic spiked-in miRNAs monitoring the efficiency of
miRNA extraction (UniSp2 and the difference between
Ct values of UniSp4 and UniSp2). Before further analyses, these parameters were regressed out of the data.
To that end, linear regression according to the model
ΔCt ~ dt_biobank + UniSp2 + UniSp4-UniSp2 , which
treats the ΔCt values as dependent variables and the
technical parameters as independent variables was performed for each miRNA. The resulting residuals represent the variance in miRNA levels that cannot be
explained by the aforementioned technical parameters.
These residuals were used as dependent variables in later
models to detect associations between miRNAs and
phenotypes.
Analysis of associations between miRNA levels and
phenotypes

To identify associations between plasma miRNA levels
and the phenotypes investigated in this study, linear regression models were fitted for each miRNA separately.
These models contained the residuals of the model for
technical adjustment (see Regressing-out of technical parameters) as dependent variables. That is, the goal of
these models was to explain the variance in miRNA
levels not due to technical parameters. As independent
variables the phenotype(s) examined or adjusted for (i.e.
age, BMI, sex), as well as important blood cell parameters (BCPs) (see Identification of blood cell parameters)
were used. The strength of a miRNA-phenotype association was assessed by the Benjamini-Hochberg-corrected
p-value (q-value) of the corresponding model coefficient.
Identification of blood cell parameters

An elastic net regularized regression model [21] was
employed to identify important BCPs that affect miRNA
levels. The motivation to identify BCPs via an elastic net
was two-fold. First, the elastic net selects the smallest subset of independent variables most accurately predicting
the dependant variable. This results in the incorporation
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of as few BCPs into our models as possible, while accounting for as much variation in the miRNA data as possible.
Second, the elastic net accounts for correlation between
covariates. This is important here, since many BCPs are
inter-correlated. The elastic-net regularized linear regression models were evaluated through a leave-one-out
cross-validation as implemented in the R package glmnet
(v 1.9-8) [22]. These models comprised ΔCt values as
dependent variables and technical parameters and BCPs
as independent variables (for a list of all BCPs, see Additional file 1: Table S1). Alpha for these models was set to
0.5 to balance-out the L1 and L2 penalties. BCPs frequently selected by the elastic net across all miRNAs were
incorporated into linear regression models assessing
miRNA – phenotype associations. These BCPs were
haematocrit, platelet count, and mean platelet volume. A
Manhattan plot of these BCPs in the linear model is provided as Additional file 1: Figure S1.

Results
For the present study, data from 187 men and 185
women were used. Age of the participants varied between 22 and 79 years and the body mass index varied
between 17.7 and 48.1 (kg/m2) (Table 1).
Association of plasma miRNA levels with age, BMI, and sex

For the present proof-of-principle study, we investigated
associations between plasma miRNA levels and the phenotypes BMI, sex, and age (Fig. 1).
The linear regression models incorporated all three
phenotypes. Significant (q < 0.05) associations with age
were detected for seven miRNAs. The strongest were

Page 4 of 9

observed for hsa-miR-126-3p and hsa-miR-21-5p
(q
< 0.001) (Fig. 2a, and Additional file 2: Table S2).
Altogether 15 miRNAs were significantly associated with
BMI. Here, the most significant associations were observed for hsa-miR-122-5p, hsa-miR-148a-3p and hsamiR-505-3p (q < 0.001) (Fig. 2a and Additional file 3:
Table S3). Regarding sex, 35 miRNAs were found to be
significantly associated (Fig. 2a and Additional file 4:
Table S4). Among these, several miRNAs such as hsamiR-145-5p, hsa-miR-451a, hsa-miR-143-3p, hsa-miR16-2-3p are known to originate from blood cells and to
be involved in haematopoiesis.
The number of miRNAs associated to multiple phenotypes was strikingly small (Fig. 3). Only hsa-miR-93-5p
was associated with both age and BMI. Also the overlap
between age and sex was restricted to only one miRNA,
namely hsa-miR-142-3p. The miRNAs hsa-miR-143-3p,
hsa-145-5p, and hsa- miR-148a-3p were associated with
both sex and BMI. There was no miRNA associated with
all three phenotypes.
Modified associations after adjustment for blood cell
parameters

Additional adjustment was performed using appropriate
blood cell parameters (BCPs, see Methods section for
details). The number of significantly (q < 0.05) ageassociated miRNAs rose to 12 after adjustment for sex,
BMI, and BCPs, 7 of which overlapped with the previous
results (Fig. 2b, Additional file 2: Table S2). The strongest associations with age were observed for hsa-miR126-3p, hsa-miR-30c-5p, and hsa-miR-142-3p (q < 0.001)
(Fig. 2b, Additional file 2: Table S2). However, the effect

Fig. 1 Association q-values of miRNAs in two-step regression models with adjustment for technical and biological parameters. The -log10(q) values of
the linear regression analysis of miRNA levels and phenotypes age (blue rectangle), BMI (green triangle) and sex (red circle) are depicted. Q-values were
obtained via Benjamini-Hochberg (BH) multiple testing correction of raw p-values. The dotted line marks the significance threshold of q = 0.05. Plasma
miRNAs are lexicographically arranged on the x-axis (though not labelled individually)
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Fig. 2 (See legend on next page.)
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Fig. 2 Associations of miRNAs and direction of effect. The effect direction is shown for each miRNA significantly associated with age, BMI and sex after
adjustment for a) technical covariates and the respective other two phenotypes and b) after additional adjustment for blood composition. Each row
represents a miRNA and each column shows the association with a specific phenotype. The magnitude of the Benjamini-Hochberg corrected p-values
(q-values) is indicated by the colour tone. Darker colour indicates a lower q-value. Positive correlations of miRNA levels (βΔCt < 0, since smaller ΔCt
values indicate higher miRNA levels) are indicated by red upward triangles while negative correlations (βΔCt > 0, since larger ΔCt values indicate lower
miRNA levels) are indicated by blue downward triangles. Sex has been numerically encoded as the number of X-chromosomes. Hence,
positive correlation here indicates a female-specific miRNA while negative correlation indicates a male-specific miRNA. A grey dot
indicates no significant association

sizes (βΔCt from linear regression) of associations with
age were quite small (0.01 to -0.01). Adjustment for age,
sex, and BCPs resulted in the identification of 19 significantly BMI-associated miRNAs, 15 of which overlapped
with the previous results (Fig. 2b, Additional file 3: Table
S3). The most significant associations with BMI were
still observed for hsa-miR-122-5p, hsa-miR-148a-3p and
hsa-miR-505-3p (q < 0.001).
Adjustment for age, BMI, and BCPs reduced the number of significantly sex-associated miRNAs from 36 to 7
(Fig. 2b, Additional file 4: Table S4). The association
strength of the selected BCPs (haematocrit, platelet
count, and mean platelet volume) is shown in the Manhattan plot in Additional file 1: Figure S1. Nevertheless,
remaining associations were still accompanied by profound effect sizes (βΔCt = 0.33 to –0.35). The most significant associations with sex were observed for hsa-miR145-5p, hsa-miR-150-5p and hsa-miR-142-3p (q < 0.01).
The overlap of association of miRNAs with different
phenotypes after the adjustment for the respective other
two phenotypes and BCPs was also investigated. In the
fully adjusted models, only few miRNAs were significantly
associated with more than one phenotype (Fig. 4): hsamiR-93-5p with both BMI and age, hsa-miR-148a-3p and

Fig. 3 Overlap of associations of miRNAs for different phenotypes.
Venn diagram of miRNAs significantly (q < 0.05) associated with the
three phenotypes age, BMI, and sex, in two-step regression models
incorporating technical and biological parameters

hsa-miR-145-5p with both BMI and sex, and hsa-miR142-3p with both age and sex. Again, none of the miRNAs
was associated with all three phenotypes.

Discussion
In the last few years, the interest in non-cellular blood
circulating miRNAs (plasma miRNAs) as biomarkers
present in easily accessible body fluids increased continuously. Various studies analysed associations between
plasma miRNAs and specific disease phenotypes, mostly
using a case-control design [11]. However, these studies
were frequently limited by relatively small sample sizes
as well as a number of biases, e.g. the lack of appropriate
adjustment for confounding factors such as age [11]. So
far a limited number of large population-based
phenotype-miRNA association studies have been performed [8–11]. Furthermore, while whole blood is indeed easily accessible for sampling, its composition is
complex. Different cell types and tissues in contact with
blood might contribute miRNA species to the plasma
miRNA pool in different proportions. Without appropriate adjustment, plasma miRNA profiles will always partially reflect the individual blood composition at the
sampling time [23, 24]. Thus, in the context of the

Fig. 4 Overlap of associations of miRNAs for different phenotypes after
adjustment for blood cell parameters. Overlap of miRNAs significantly
(q < 0.05) associated with the three phenotypes age, BMI, and sex in
two-step regression models incorporating technical parameters, all
three phenotypes, and blood cell parameters

Ameling et al. BMC Medical Genomics (2015) 8:61

search for highly informative biomarkers, it appears reasonable to focus on miRNAs that are not or only marginally affected by the BCPs.
In the present study, we quantified plasma miRNA
levels of 372 individuals from the population-based
SHIP-TREND cohort and analysed the associations of
these miRNA profiles with age, BMI, and sex under consideration of the BCPs. The numbers of age-associated
and BMI-associated miRNAs were similar. A positive
age-correlation was found for hsa-miR-126-3p, thereby
confirming a recently published study [25]. Further miRNAs detected to be associated with age in this study
such as hsa-miR-30, hsa-miR-93, hsa-miR-21 and hsamiR-142-3p were also previously reported as age-related
[14, 26, 27]. However, hsa-miR-17, hsa-miR-19b, hsamiR20a and hsa-miR-106a could not be validated as
age-associated plasma miRNAs in our population based
study [28]. Further miRNAs such as hsa-miR-26a-5p,
hsa-let-7a-5p, hsa-miR-101-3p and hsa-miR-23b-3p
were found to be age associated but have not yet been
described. However, in all cases, the effect sizes of the
age-miRNA-associations were rather small, indicating a
less pronounced relationship between age and plasma
miRNA levels, as compared to, e.g., BMI-miRNAassociations.
Several plasma miRNAs were significantly associated
with BMI in the present study. One of the most prominent was hsa-miR-122-5p which is highly abundant in the
adult liver [29] where it acts as a key regulator of cholesterol and fatty-acid metabolism [30]. This miRNA was
recently described as a serum biomarker for liver injury
in chronic hepatitis B and C, non-alcoholic fatty liver
disease (NAFLD), and drug-induced liver disease [31–34].
Consistently, the comparison of miRNAs known to be
synthesized in large amounts in adult human liver [35]
with the significantly BMI-associated plasma miRNAs detected in this study revealed an overlap of 12 miRNAs
(hsa-miR-99a, hsa-miR-194, hsa-miR-143, hsa-miR-93,
hsa-miR-185, hsa-miR-885, hsa-miR-193b, hsa-miR-145,
hsa-miR-19b, hsa-miR-18a, hsa-miR-486, and hsa-miR148a). The prominent BMI-associated miRNAs belong to
different families organized in clusters such as miR-106b
~ 25 (hsa-miR-93), miR-106a ~ 363 (hsa-miR-106a) and
miR-17 ~ 92 (hsa-miR-18a, hsa-miR-20a and hsa-miR19b-1). The obvious high portion of liver-specific miRNAs
whose blood levels were found to be positively correlated
with BMI points towards release of these miRNAs from
lysing hepatocytes into the circulation as a consequence of
subclinical or/ and manifest NAFLD which is in turn
strongly positively associated with an increased BMI.
A recently published microarray-based study on the
associations between peripheral blood circulating miRNAs with age as well as sex revealed only a limited
association between sex and miRNA patterns [14]. In
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the present study, we also investigated the association
between sex and plasma miRNA profile. Before adjustment for BCPs there were more miRNAs significantly associated with sex than with age or BMI.
However, a high proportion of these sex-associated
miRNAs most probably originates from blood cells.
Monocytes, thrombocytes, granulocytes, lymphocytes,
reticulocytes and erythrocytes all contain several cell
type specific as well as ubiquitously expressed miRNAs in varying amounts [24, 36]. The total blood cell
mass in the circulation of women is generally smaller
compared to men. This was confirmed for multiethnic populations [37] and is reflected in a 12 %
lower mean haemoglobin level in female venous blood
compared to men [38] as well as in lower haematocrit
values. Consistently, in the present study, besides significantly elevated erythrocyte counts in men compared with women (Additional file 1: Table S1),
erythrocyte-specific miRNAs such as hsa-miR-451a or
hsa-miR-16-2-3p exhibited higher levels in men,
which is also in line with the previously published observation that plasma miRNAs correlate to blood cell
counts [24]. As expected, the sex-associated signals
for blood-cell-specific miRNAs largely vanished after
adjustment for BCPs in the present study.
Regulatory roles in haematopoiesis were described for
hsa-miR-451 and hsa-miR-16. These are involved in the
differentiation of erythroid progenitor cells into red
blood cells. Similarly, hsa-miR-150 activates the differentiation of common lymphoid progenitors into T cells, B
cells and natural killer cells [39]. As potential sources of
such miRNAs, lymphoid cells such as T cells, B cells
(hsa-miR-150, hsa-miR-142), platelets (hsa-miR-142)
and monocytes (hsa-miR-145) have been mentioned [24,
40]. In our study this is reflected by, e.g. significantly increased platelet levels in women compared to men
(Additional file 1: Table S1). Recently, it was hypothesized that differential expression of miRNAs in male and
female immune cells contributes to sex differences in
immune capabilities and susceptibilities to autoimmune
diseases [41].
Hence, in studies associating plasma miRNA levels
with specific clinical phenotypes, special attention
should be paid to sex differences and BCPs.
It is clear that further increasing the sample size
might reveal additional associations that until now
did not pass the significance threshold. Furthermore,
while the RT-qPCR approach based on Exiqon´s
Serum/Plasma Focus Panels V3 offers a high specificity and sensitivity on measured miRNAs in a high
throughput manner, it is limited with respect to the
number of detectable miRNAs [15]. Nevertheless, our
results corroborate the general feasibility of association studies with plasma miRNAs.
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Conclusions
In the present association study we demonstrate that
plasma miRNA profiles based on a population-based study
cohort reflect individual sex, age, and BMI. Therefore, our
findings underline the importance of considering these
phenotypes as potential covariates in such studies. The
established experimental and computational workflow presented here will be used in future screening studies for associations with disease-specific phenotype parameters.
Beyond that, replication of our primary association findings
in further independent cohorts is intended.
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One of the central research questions on the etiology of Alzheimer’s disease (AD) is the
elucidation of the molecular signatures triggered by the amyloid cascade of pathological
events. Next-generation sequencing allows the identification of genes involved in disease
processes in an unbiased manner. We have combined this technique with the analysis of
two AD mouse models: (1) The 5XFAD model develops early plaque formation, intraneuronal Aβ aggregation, neuron loss, and behavioral deficits. (2) The Tg4–42 model expresses
N-truncated Aβ4–42 and develops neuron loss and behavioral deficits albeit without plaque
formation. Our results show that learning and memory deficits in the Morris water maze
and fear conditioning tasks in Tg4–42 mice at 12 months of age are similar to the deficits
in 5XFAD animals. This suggested that comparative gene expression analysis between
the models would allow the dissection of plaque-related and -unrelated disease relevant
factors. Using deep sequencing differentially expressed genes (DEGs) were identified
and subsequently verified by quantitative PCR. Nineteen DEGs were identified in presymptomatic young 5XFAD mice, and none in young Tg4–42 mice. In the aged cohort, 131
DEGs were found in 5XFAD and 56 DEGs inTg4–42 mice. Many of the DEGs specific to the
5XFAD model belong to neuroinflammatory processes typically associated with plaques.
Interestingly, 36 DEGs were identified in both mouse models indicating common disease
pathways associated with behavioral deficits and neuron loss.
Keywords: fear conditioning, spatial reference memory, transcriptome, 5xFAD, Tg4–42, N-truncated abeta, Morris
water maze, deep sequencing
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INTRODUCTION
Alzheimer disease (AD) is the most common form of dementia in the aging population accounting for 60–80% of the cases.
The disease is a progressive neurodegenerative disorder characterized by the presence of extracellular amyloid plaques composed of amyloid-β (Aβ) surrounded by dystrophic neurites and
neurofibrillary tangles (NFT) (Alzheimer’s Association, 2012).
Further pathological hallmarks of the disease include inflammatory processes, synaptic and neuronal loss, cerebral atrophy,
and cerebral amyloid angiopathy (CAA) (Wirths and Bayer,
2012). The complex progression of neurodegeneration in AD
patients results in memory impairment and decline in other
cognitive abilities often combined with non-cognitive symptoms
like mood- and personality changes (Alzheimer’s Association,
2012).
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The discovery that certain early-onset familial forms of AD may
be caused by an enhanced level of Aβ peptides led to the hypothesis that amyloidogenic Aβ is closely involved in the AD pathogenic
process (Selkoe, 1998). The “amyloid hypothesis” that was proposed more than two decades ago claims that extracellular Aβ is
the major elicitor of the disease (Hardy and Allsop, 1991). However, while the insoluble fibrillar aggregates of amyloid-β are the
main neuropathological hallmark of AD, the plaque load correlates poorly with brain dysfunction and cognitive impairment in
AD patients (Price and Morris, 1999; Lesné et al., 2013) or in AD
transgenic mouse models (Moechars et al., 1999; Schmitz et al.,
2004). In contrast, recent studies indicate that soluble Aβ levels,
including soluble oligomers, correlate much better with key features of AD (McLean et al., 1999; Näslund et al., 2000; Selkoe,
2011).

www.frontiersin.org

April 2014 | Volume 6 | Article 75 | 1

Bouter et al.

Deep sequencing: 5XFAD versus Tg4–42

There is increasing evidence that AD is primarily initiated by
soluble oligomeric species derived from full-length Aβ1–42 (Haass
and Selkoe, 2007; Haupt et al., 2012). In addition to soluble
oligomers, β-sheet containing amyloid fibrils are also highly toxic
forms of Aβ (Klein, 2002). Numerous variants of Aβ1–42 oligomers
including dimers, trimers, and tetramers have been introduced
and are currently discussed as major factors in AD (Roychaudhuri
et al., 2009; Benilova et al., 2012). The “modified amyloid hypothesis” now suggests that intraneuronal Aβ accumulation precedes the
formation of extracellular plaques and other pathological events
in the brains of AD patients (Wirths et al., 2004).
Next to the numerous variants of Aβ1–42 oligomers there is
substantial evidence that N-terminal truncated peptides play a
key role in AD (Jawhar et al., 2011). Besides Aβ peptides starting
with an aspartate at position 1, a variety of different N-truncated
Aβ peptides have been identified in AD brains. Ragged Aβ peptides, including a major species beginning with phenylalanine at
position 4 of Aβ (Aβ4–42 ), have been reported as early as 1985 by
Masters et al. (1985).
Only a subgroup of patient families displays the early-onset
familial form of AD that is caused by rare single mutations in
either the amyloid-protein-precursor (APP) or the presenilin-1
(PSEN-1) and presenilin 2 (PSEN-2) genes. The vast majority of
AD patients displays no known mutations and suffers from the
sporadic late-onset form of AD (Blennow et al., 2006). To date,
the apolipoprotein E (ApoE) ε4 allele is the only known genetic
risk factor for sporadic AD (Blennow et al., 2006; Selwood et al.,
2009). A variety of additional genetic loci have been proposed to
be involved with late-onset AD (Bertram and Tanzi, 2001).
Technical approaches using transcriptome microarray analyses were performed over the last years to identify genes that
are differentially expressed and therefore may be involved in the
pathophysiology of AD (George et al., 2010).
The recent developments in next-generation sequencing (deep
sequencing) offer a more comprehensive and most of all unbiased approach for transcriptome analysis. Multiple studies already
indicate that next-generation sequencing is more useful and
particularly suitable to investigate the pathogenesis of complex
neurodegenerative diseases like AD (Twine et al., 2011). For example, Sultan et al. (2008) claimed that deep sequencing of nonribosomal RNA (RNA-Seq) could detect up to 25% more genes
compared to microarrays analyses.
In the present study, we performed a comparative gene expression analysis of brain tissue of two different mouse models for
AD using next-generation sequencing. We compared the wellestablished, plaque-developing 5XFAD mouse model (Oakley
et al., 2006) with the Tg4–42 mouse model that solely expresses
Aβ4–42 without extracellular plaque deposition (Bouter et al.,
2013). The aim of this study was to elucidate the similarities and
distinctions in expression profiles of these two mouse models that
display similar memory deficits.

fused to the murine TRH signal peptide under the control of the
neuronal Thy-1 promoter.
5XFAD mice over-express the 695 amino acids isoform of the
human amyloid precursor protein (APP695) carrying the Swedish,
London, and Florida mutations under the control of the murine
Thy-1 promoter. In addition, human presenilin-1 (PSEN-1) carrying the M146L/L286V mutations is expressed also under the
control of the murine Thy-1 promoter (Oakley et al., 2006).
5XFAD mice used in the current study were backcrossed for more
than eight generations to C57Bl/6J wildtype mice (Jackson Laboratories, Bar Harbor, ME, USA) to obtain an incipient congenic
line on a C57Bl/6J genetic background (Jawhar et al., 2010). Young
(3–6 months) and aged (12 months) Tg4–42, 5XFAD mice, and
wildtype (WT, C57BL/6J) controls were tested. In the current
study, only female mice were used. Wildtype littermate control
mice served as age-matched control animals. All animals were handled according to the German guidelines for animal care. All efforts
were made to minimize suffering and the number of animals used
for this study.
SPATIAL REFERENCE MEMORY BY MORRIS WATER MAZE

Spatial reference memory in Tg4–42 and 5XFAD mice was evaluated using the Morris water maze (Morris, 1984) as described
previously (Bouter et al., 2013). In brief, mice learn to use spatial cues to locate a hidden platform in a circular pool filled with
opaque water. The pool was divided into four virtual quadrants
that were defined based on their spatial relationship to the platform: left, right, opposite, and target quadrant, which contains the
goal platform. ANY-Maze video tracking software (Stoelting Co.,
Wood Dale, IL, USA) was used to record escape latency, swimming
speed, and quadrant preference.
Young and aged Tg4–42, 5XFAD mice, and wildtype (WT,
C57BL/6J) controls were tested (n = 8–11 mice per group).
The experiment began with 3 days of cued training during
which the platform was marked with a triangular flag. Both the
location of the platform and the position where mice were introduced into the pool changed between trials. Each mouse received
four training trials per day with an average inter-trial interval of
15 min.
Twenty-four hours after the last day of cued training, mice
performed 5 days of acquisition training. For this part of testing,
the flag was removed from the platform. In addition to the distal
cues existing in the room, proximal visual cues were attached to
the outside of the pool. The platform location remained stationary for each mouse throughout training. Trials were conducted as
during the cued training phase.
Twenty-four hours after the last acquisition trial, a probe test
was performed to assess spatial reference memory. The platform
was removed from the pool, and mice were introduced into the
water from a novel entry point. Mice were then allowed to swim
freely for 1 min while their swimming path was recorded. After the
probe trial, the mice were sacrificed.

MATERIALS AND METHODS
TRANSGENIC MICE

CONTEXTUAL AND TONE FEAR CONDITIONING

In this study, we used the transgenic mouse lines Tg4–42 and
5XFAD. The generation of Tg4–42 has been recently described by
our lab (Bouter et al., 2013). Tg4–42 mice express human Aβ4–42

Twelve-month-old Tg4–42, 5XFAD, and WT mice were subjected
to contextual fear conditioning (CFC) and tone fear conditioning (TFC) (n = 11–13). A 3-day delay fear conditioning protocol
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was used to assess conditional learning and memory. According to
this protocol, the conditioned stimulus (CS) is presented and overlapped by the presentation of the unconditioned stimulus (US)
(Ohno, 2009).
The experiments were performed using a standard conditioning chamber (17 cm × 17 cm × 26 cm) with a stainless steel grid
floor connected to a shock generator (Ugo Basile Sound and
Shocker Generator, Comerio, Italy). The walls were covered with
black and white checkered paper (CS). The chamber was housed in
a soundproof isolation cubicle. A digital camera and an additional
light source were attached to the ceiling of the cubicle. ANY-Maze
video tracking software (Stoelting Co., Wood Dale, IL, USA) was
used to record freezing behavior of animals.
On day one, mice were placed in the conditioning chamber and
allowed to explore the box for 150 s. After the habituation period,
a tone (2000 Hz, 80 dB; CS) was presented for 30 s that simultaneously ended with a 2 s foot-shock (0.7 mA, US). Mice were allowed
to recover after the foot-shock for an additional 30 s before being
returned to their home cage. Baseline freezing was recorded before
the presentation of the tone.
Twenty-four hours after the training mice were placed back in
the familiar fear conditioning chamber, but in the absence of tones
and foot-shocks. Freezing behavior was measured for 210 s to test
contextual memory retrieval.
For the tone fear retrieval trial on day 3, mice were placed for
3 min in an altered conditioning chamber with white walls, a covered floor, and an acetic acid scent. After 150 s baseline recording,
a tone similar to the one used during the fear conditioning trial
was presented for 30 s. The freezing behavior before and during
the CS tone was measured. Mice were sacrificed after the tone trial.
STATISTICAL ANALYSIS OF BEHAVIOR EXPERIMENTS

Differences between groups were tested with unpaired t -test,
one-way analysis of variance (ANOVA) followed by Bonferroni
multiple comparisons or repeated measures ANOVA followed by
Bonferroni multiple comparisons as indicated. All data are given
as means ± standard error of the mean (SEM). Significance levels
are given as follows: ***p < 0.001; **p < 0.01; *p < 0.05. All statistics were calculated using STATISTICA version 10.0 for Windows
(StatSoft, Tulsa, OK, USA) and GraphPad Prism version 5.04 for
Windows (GraphPad Software, San Diego, CA, USA).
TISSUE HARVESTING

Mice were sacrificed via CO2 anesthetization followed by cervical
dislocation. Brain hemispheres were carefully dissected (olfactory
bulbs and cerebellum was removed), frozen on dry-ice and stored
at −80°C for subsequent use.
RNA EXPRESSION PROFILING

Expression profiling for young and aged Tg4–42, 5XFAD, and WT
mice was performed by next-generation sequencing on a SOLiD
5500xl Genetic Analyzer (Life Technologies, Carlsbad, CA, USA).
RNA was extracted from mouse brain hemispheres as follows.
The tissue was homogenized using a Polytron (VWR) device and
then treated with TRIzol (Life Technologies, Carlsbad, CA, USA).
Next, 5 µg of each total RNA sample were spiked with ERCC
spike-in control mixes (Life Technologies, Carlsbad, CA, USA)
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before removal of the rRNA by use of a RiboZero Kit (Epicentre,
Madison,WI, USA). The RNA was prepared for sequencing following the protocol provided by the manufacturer of the sequencer.
In brief, the rRNA depleted RNA was fragmented by chemical
hydrolysis, phosphorylated, and purified. Adaptors were ligated to
the RNA fragments, which subsequently were reverse transcribed
into cDNA. The cDNA was purified and size-selected using two
rounds of Agencourt AMPure XP bead purification (Beckman
Coulters Genomics, Danvers, MA, USA) and released from the
beads. The sample was amplified by 12 PCR cycles in the presence
of primers that contained unique sequences (barcoding). The size
distribution and concentration of the fragments were determined
with an Agilent 2100 Bioanalyzer and the corresponding chemicals
(Agilent Technologies, Santa Clara, CA, USA).
The cDNA fragments were pooled in equimolar amounts and
diluted to 76 pg/µL corresponding to a concentration of 500 pM.
Fifty microliters of this dilution was mixed with a freshly prepared
oil emulsion, P1 and P2 reagents, and P1 beads in a SOLiD EZ
Bead Emulsifier prepared according to the E80 scale protocol (Life
Technologies, Carlsbad, CA, USA). The emulsion PCR was carried
out in a SOLiD EZ Bead Amplifier (Life Technologies, Carlsbad,
CA, USA) using the E80 setting. To enrich for the beads that carried amplified template DNA, the beads were purified on a SOLiD
EZ Bead Enricher using the recommended chemicals and software (Life Technologies, Carlsbad, CA, USA). The purified beads
were loaded onto a SOLiD 6-lane Flowchip and incubated upside
down for 1 h at 37°C. The Flowchip was positioned in the 5500xl
SOLiD System and the DNA was sequenced using the settings and
recommended chemicals for sequencing 75 nucleotides in the forward direction and 35 nucleotides in the reverse direction (Life
Technologies, Carlsbad, CA, USA).
Sequence reads were mapped to the mouse genome reference
sequence mm101 using the workflow “whole.transcriptome.pe”
LifeScope-v2.5.1-r0 (Life Technologies, Carlsbad, CA, USA). Reads
mapping to RefSeq coding exons (accessed 2012-06-27)2 and
matching the coding strand were considered as coding RNAs. All
other mapping reads were considered non-coding.
DIFFERENTIAL EXPRESSION ANALYSIS

RNA-Seq read data were normalized within and between lanes
for GC-content using EDASeq’s full-quantile normalization (Risso
et al., 2011). The differential expression analysis was done with
DESeq (Anders and Huber, 2010). All samples were treated as
replicates of a single condition for the estimation of the dispersion.
Only the fitted dispersion values were used in the following analyses. The significance of differential expression was determined by
the Benjamini–Hochberg corrected p-values of the negative binomial test between two conditions. The threshold for significance
was set to p = 0.05. The following conditions were compared:
young WT vs. young Tg4–42, young WT vs. young 5XFAD, aged
WT vs. aged Tg4–42, and aged WT vs. aged 5XFAD. Genes with
more than 200 reads were successfully verified by real-time quantitative PCR (qRT-PCR) and are listed in the results part. Genes
with an expression level lower than 200 reads are not shown.
1
2

http://hgdownload.cse.ucsc.edu/goldenPath/mm10/
http://hgdownload.cse.ucsc.edu/goldenPath/mm10/database/refGene.txt.gz
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REAL-TIME QUANTITATIVE PCR CONFIRMATION

RESULTS

RNA was isolated from female young and aged 5XFAD mice, aged
Tg4–42, and aged-matched WT mice (n = 5 each) as described
previously (Hillmann et al., 2012). Briefly, frozen right brain hemispheres were homogenized with 10 strokes of a R50D homogenizer
(CAT) set at 800 rpm in 1.5 mL ice-cold Trifast® (Peqlab, Erlangen, Germany). Three hundred microliters chloroform (Merck)
was added to each sample. After 10 min incubation, the samples
were centrifuged at 12000 × g for 15 min at 4°C to separate the
RNA. The upper RNA-containing aqueous phase was transferred
into a new tube, vigorously mixed with 500 µL Isopropanol, and
incubated for 20 min on ice. After centrifugation at 12000 × g for
10 min at 4°C, the supernatant was discarded. RNA pellets were
washed twice with 500 µL 75% Ethanol. After the pellet was airdried, the RNA was dissolve in 30 µL of RNAse free water. RNA
was stored at −80°C until further use. RNA purity and yields
were determined by a Biophotometer (Eppendorf, Hamburg,
Germany).
Total RNA (1 µg) was subjected to reverse transcription to
synthesize cDNA using the First-Strand cDNA Synthesis Kit (Fermentas, St. Leon-Rot, Germany) according to the manufacturer’s
instructions. Prior to reverse transcription, RNA was subjected to
digestion by DNase using a DNase Digestion Kit (Fermentas, St.
Leon-Rot, Germany). Generated cDNA was diluted 1:10 in ddH2 O
and used as the sample template for qRT-PCR. The obtained cDNA
was stored at −20°C until use.
Quantitative PCR was used to validate the results obtained
from the deep sequencing analysis. Several genes were selected
for both transgenic mouse lines and time points. Primers
were purchased from Eurofins (Ebersberg, Germany) as intronspanning validated primer pairs. The diluted first-strand cDNA
was used for qRT-PCR using the SYBR green based DyNAmo
Flash SYBR Green qPCR Kit (Thermo Fischer Scientific,
Waltham, MA, USA) containing ROX as an internal reference dye. Samples were normalized to the housekeeping gene
β-Actin.
Analysis of brain transgene expression in 5XFAD, Tg4–42, and
WT animals was performed in the MX3000P Real-Time Cycler
(Stratagene, Santa Clara, CA, USA) and data collected using the
MxPro Mx3000P software (Stratagene, Santa Clara, CA, USA). Statistical analysis of quantitative RT-PCR measurements was done
using the Relative Expression Software Tool V1.9.6 (REST, Qiagen,
Hilden, Germany) (Pfaffl et al., 2002). The expression ratio results
of the studied transcripts were tested for significance by Pair Wise
Fixed Reallocation Randomization Test. ***p < 0.001; **p < 0.01;
*p < 0.05.

Tg4–42 AND 5XFAD MICE DISPLAY SPATIAL MEMORY DEFICITS

ANNOTATION ANALYSIS

In order to gain insight in the biological function and to
understand the biological significance of differentially expressed
genes (DEGs), the functional annotation of DEGs was obtained
using Source3 , GeneCards4 , Wiki-Pi5 , and Mouse Genome
Informatics6 .

Spatial reference memory was assessed in Tg4–42, 5XFAD, and
WT mice using the Morris water maze. First, mice performed cued
training with a marked platform to familiarize with the pool and
to rule out effects from possible motor or sensory deficits. WT,
Tg4–42, and 5XFAD mice showed progressively decreased escape
latencies at all ages tested and no differences in swimming speed
(data not shown). The cued training revealed that all mice had an
intact vision and appropriate motor abilities to swim.
Twenty-four hours after the cued training, mice were subjected
to acquisition training in order to test their learning abilities
to find the location of a submerged platform using distal and
proximal cues.
We found a significant main effect of genotype for escape latencies (Repeated measures ANOVA, F = 3.4097; p = 0.04). Young
Tg4–42, 5XFAD, and WT mice showed a significant decrease in the
escape latencies to reach the hidden platform (Figure 1A, Repeated
measures ANOVA, escape latency: p = 0.000011). Moreover, aged
WT animals showed a significant decrease in the escape latencies
while the escape latencies for aged Tg4–42 and 5XFAD did not
improve over the 5 days of training (Figure 1B, Repeated measures
ANOVA, escape latency: p = 0.001).
In contrast, the swimming speed across the 5 days of acquisition
training showed no significant difference irrespective of genotype
and age (Figures 1A,B, Repeated measures ANOVA, p = 0.0566).
Young Tg4–42 and 5XFAD animals performed superior to
older animals while this difference was not due to differences
in swimming velocity due to age-related motor deficits. These
results suggest that spatial learning is impaired in aged Tg4–42
and 5XFAD mice.
Twenty-four hours after the last acquisition trial, a probe trial
was given to assess spatial reference memory. Young Tg4–42,
5XFAD, and WT mice displayed a significant preference for the
target quadrant, as indicated by the percentage time spent in
different quadrants of the pool (Figure 2A, One-way ANOVA,
WT: p < 0.0001, df = 3; p < 0.001 target vs. all other quadrants;
5XFAD: p < 0.0001, df = 3; p < 0.001 target vs. left and opposite
quadrant, p < 0.01 target vs. right quadrant; Tg4–42: p < 0.0001,
df = 3; p < 0.001 target vs. opposite quadrant, p < 0.01 target vs.
right quadrant).
No quadrant preference was found for aged Tg4–42 and 5XFAD
mice, while WT mice still demonstrated significant preference
for the target quadrant at that time point (Figure 2B, One-way
ANOVA,WT: p < 0.0001, df = 3; p < 0.001 target vs. left and opposite quadrant, p < 0.01 target vs. right quadrant). Swimming speed
between the groups did not differ during the probe trial. The
absence of a preference for the target quadrant as compared to
the remaining quadrants during the probe trial demonstrates that
aged Tg4–42 and 5XFAD mice display a robust deficit in spatial
reference memory.
In summary, the results of the acquisition phase and the
probe trial suggest that aged Tg4–42 and 5XFAD mice display
an impaired spatial and spatial reference memory.

3

http://puma.princeton.edu/cgi-bin/source/sourceResult
http://www.genecards.org
5 http://severus.dbmi.pitt.edu/wiki-pi/index.php
6 http://www.informatics.jax.org/
4
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During the initial training sessions involving tone-foot-shock
pairing (CS/US), 12-month-old Tg4–42, 5XFAD, and WT mice
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FIGURE 1 | Spatial learning deficits in aged Tg4–42 and 5XFAD shown in
the acquisition training of the Morris water maze. Female (A) young and
(B) aged Tg4–42 mice, 5XFAD mice, and WT littermate controls were tested
(n = 8–11). Animals tested underwent acquisition training to learn to use distal
and proximal cues to navigate a direct path to a hidden platform. Escape
latencies of young mice (A) decreased progressively over 5 days of training

exhibited comparable degrees of freezing (Figure 3). When mice
were tested for context fear conditioning 24 h after the training trial, Tg4–42 and 5XFAD mice demonstrated no significantly
increased freezing behavior in response to the conditioning chamber (Figure 3). In contrast, WT mice displayed significantly
increased freezing (One-way ANOVA, p < 0.001) as a response
to the context.
Tg4–42 and 5XFAD mice jumped and vocalized in response to
the electric foot-shock to a similar degree as WT mice, suggesting
normal pain perception in these mutant mice. However, transgenic
mice were not able to attribute the pain of the foot-shock during
the training trial to the context. Therefore, Tg4–42 and 5XFAD
show impaired contextual learning.
5XFAD MICE SHOW IMPAIRED TONE LEARNING

Twenty-four hours after the context testing (48 h after training),
the same mice were tested for conditioned fear of a tone. Therefore,
mice were reintroduced to the altered fear conditioning chamber.
When the tone was presented without the foot-shock, both Tg4–42
and WT mice exhibited similar freezing responses (Figure 4). In
both mouse lines, freezing increased significantly compared to the
pre-tone period (One-way ANOVA, WT, and Tg4–42: p < 0.001).
However, 5XFAD mice demonstrated substantially less freezing
behavior in response to the tone. 5XFAD mice did not associate the tone with the previously received foot-shock as freezing
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regardless of the genotype. Furthermore, aged WT mice (B) showed a
progressive improvement in the escape latency over time. The escape
latencies for aged Tg4–42 and 5XFAD did not improve over the 5 days of
training. Swimming speed was not affected in all mice tested. Escape latency
and swimming speed: repeated measures ANOVA followed by Bonferroni
multiple comparisons. m age in months.

was not significantly different between the training and the tone
trial.
These results indicate that Tg4–42 mice exhibit a selective
impairment of contextual fear learning (see previous sections),
while their tone learning ability remains intact. 5XFAD mice on
the other hand demonstrate both impaired contextual and tone
fear learning.
DEEP SEQUENCING OF MOUSE BRAINS

In total, deep sequencing identified 15,711,910 and 16,143,760
sequence reads for young and old wildtype mice, respectively.
For young wildtype mice, 6,230,197 reads (39.65%) and for old
wildtype mice, 5,512,056 reads (34.14%) were mapped to exons.
In young 5XFAD mice, the read mapping revealed 8,570,239
(60.28%) of 14,216,258 reads in exonic regions. Out of 18,288,161
reads, 9,163,060 (50.10%) hit exons in old 5XFAD mice. The brain
exome of young Tg4–42 mice was covered by 6,342,018 (47.28%)
out of 13,414,301 reads. For old Tg4–42 mice, 12,488,206 reads
were detected in total, of which 4,976,552 (39.85%) could be
mapped to exons. The numbers of exonic reads are summarized
in Table 1.
DEEP SEQUENCING IDENTIFIED OVER-EXPRESSED TRANSGENES

5XFAD mice over-express human amyloid precursor protein
(APP695) carrying the Swedish, London, and Florida mutations as
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FIGURE 2 | Spatial reference memory deficits in aged Tg4–42 and 5XFAD
mice shown in the probe trial of the Morris water maze. Female young
and aged Tg4–42 mice, 5XFAD mice, and WT littermate controls were tested
(n = 8–11). The probe trial was given at the end of learning phase (acquisition
training) to assess spatial reference memory. Quadrant preference and
swimming speed for the first 30 s of the probe trial were analyzed. (A) Young
Tg4–42, 5XFAD, and WT mice showed no impairment in spatial reference
memory. All groups spent a significant greater percentage of time in the
target quadrant (WT: p < 0.001 T vs. all other quadrants; 5XFAD: p < 0.001 T

well as human presenilin-1 (PSEN-1) carrying the M146L/L286V
mutations. Both peptides are expressed under the control of
the neuronal Thy-1 promoter (Oakley et al., 2006). As expected,
sequence reads pertaining to PSEN-1, APP, and a Thy-1 promoter
sequence (Moechars et al., 1996) were over-represented in both
young and aged old 5XFAD brains (data not shown) and therefore
served as a positive and internal control for RNA-Seq.
In Tg4–42 mice, a Thy-1 promoter sequence (Moechars et al.,
1996) was found to be over-expressed in both young and aged
mice (data not shown). Again, this was expected as Tg4–42 mice
express human Aβ4–42 fused to the murine TRH signal peptide
under the control of the neuronal Thy-1 promoter (Bouter et al.,
2013).
GENE EXPRESSION IN YOUNG Tg4–42 AND 5XFAD MICE

Nineteen genes were identified as significantly differentially
expressed between young 5XFAD and age-matched WT mice. In
order to demonstrate the expression changes, volcano plots were
created (Figure 5A). Thirteen genes were up-regulated (Figure 5A,
green dots), while six genes were down-regulated (Figure 5A, red
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vs. L and O, p < 0.01 T vs. R; Tg4–42: p < 0.001 T vs. O, p < 0.01 T vs. R and
L). The swimming speed did not differ between the groups. (B) Probe trial
revealed a significant reduced learning behavior for aged Tg4–42 and 5XFAD
mice as they showed no preference for the target quadrant. WT mice have no
learning deficits at this age (WT: p < 0.001 T vs. L and O, p < 0.01 T vs. R).
Swimming speed did not differ between the groups. T, target quadrant; L, left
quadrant; R, right quadrant; O, opposite quadrant. Quadrant preference and
swimming speed; One-way analysis of variance (ANOVA) followed by
Bonferroni multiple comparisons. ***p < 0.001; **p < 0.01.

dots). DEGs encoded proteins from diverse functional categories,
including translation (ribosomal proteins), glycolysis, and ATPbinding, kinases and hydrolases (Table 2). In contrast, no DEGs
could be detected in young Tg4–42 mice.
GENE EXPRESSION IN AGED Tg4–42 MICE

Fifty-six genes were differentially expressed in aged Tg4–42
mice. Seven genes were up-regulated and 49 down-regulated
(Figure 5C). Twenty genes were solely differentially expressed in
aged Tg4–42 (Table 3; Figure 6), among these only three genes
were found to be up-regulated (Uqcc2, Beta-S, and Kif1a).
The 17 genes that were significantly down-regulated are
involved in diverse biological processes including regulation of
gene expression, nervous system development, cell communication, metal ion transport, neurogenesis, and regulation of synaptic
plasticity.
GENES SIMILARLY EXPRESSED IN BOTH AGED Tg4–42 AND 5XFAD MICE

Of the 56 DEGs in aged Tg4–42 mice, 36 were also found to be
differentially expressed in aged 5XFAD mice (Table 4; Figure 6).
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Table 1 | Number of exonic reads in brain tissue of wildtype and
transgenic mice.

FIGURE 3 | Impaired contextual conditioning in Tg4–42 and 5XFAD
mice. Aged 5XFAD, Tg4–42, and WT mice were trained with a CS/US
pairing for contextual fear conditioning (n = 11–13). Mice were reintroduced
to the original training context (CS) 24 h post training and tested for
contextual memory. Levels of freezing during the re-exposure were not
different from the training trial for 5XFAD and Tg4–42. In contrast, WT mice
showed a significant increase on freezing response to the context.
CS = conditioned stimulus. Freezing: unpaired t -test; ***p < 0.001.

Genotype

Number of reads in exons

Young WT

6,230,197

Aged WT

5,512,056

Young 5XFAD

8,570,239

Aged 5XFAD

9,163,060

Young Tg4–42

6,342,018

Aged Tg4–42

4,976,552

histone modification, ion binding and protein methyltransferase
activity, nervous system development, and neurogenesis.
Two genes were similarly down-regulated in aged Tg4–42 and
5XFAD but also young 5XFAD animals (Figure 6). First, Ubqln2
which encodes a member of the ubiquilin family (Ubiquilin 2)
that is involved in the protein degrading pathway as it regulates
the degradation of ubiquitinated proteins (Ko et al., 2004). Second, the RNA binding protein neuro-oncological ventral antigen
2 encoding gene (Nova2).
GENE EXPRESSION IN AGED 5XFAD MICE

FIGURE 4 | Impaired tone conditioning in 5XFAD mice. Aged 5XFAD,
Tg4–42, and WT mice at 12 months of age were trained with a CS/US
pairing for tone fear conditioning (n = 11–13). Mice were placed in an altered
fear conditioning chamber 48 h post training and tested for freezing during
tone presentation (CS). WT and Tg4–42 mice shock froze significantly more
during tone presentation compared to the training trial. In contrast, 5XFAD
mice did not associate the tone with the received foot-shock as freezing
was not significantly different between the training and the tone trial. CS,
conditioned stimulus; US, unconditioned stimulus. Freezing: unpaired
t -test; **p < 0.001.

Of these 36 genes, four were up-regulated and 32 were downregulated in aged Tg4–42 and 5XFAD mice and most showed
similar expression levels in the two models.
The biggest differences between aged Tg4–42 and 5XFAD could
be detected in the expression of Gfap and Xist. The intermediate
filament protein GFAP encoding gene was found to be four times
higher over-expressed in 5XFAD compared to Tg4–42. The nonprotein coding RNA Xist was twofold less abundant in Tg4–42 as
compared to 5XFAD mice. Apart from Gfap, Calmodulin 3, Fbxo2,
and Gpm6a were also up-regulated in both aged mouse lines.
The functional annotation of the jointly down-regulated genes
includes the following gene ontology (GO) (Ashburner et al., 2000)
categories: regulation of cell differentiation and anatomical structure development, regulation of gene expression and transcription,
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In aged 5XFAD mice, 131 genes with significant expression changes
were identified. While 62 genes were up-regulated, 69 genes were
down-regulated (Figure 5B). Eighty-seven of the genes were only
found to be altered in aged 5XFAD mice (Table 5), while 36 showed
an overlap with aged Tg4–42 mice (Table 4; Figure 6) and eight
were also differentially expressed in young 5XFAD mice.
A notable group DEGs is involved in immune system processes
and inflammation (according to the GO annotation). These are,
among others, innate immune response and adaptive immune
response, immune effector processes, activation and regulation of
immune response as well as immune system development.
Furthermore, DEGs were also involved in cell communication
and system development, signal transduction, synaptic transmission as well as regulation of gene expression and transcription.
GENES SIMILARLY EXPRESSED IN BOTH YOUNG AND AGED 5XFAD
MICE

Eight genes were found to be differentially expressed in both young
and aged 5XFAD mice (Figure 6). Of these genes, four were upregulated and four down-regulated. The up-regulated genes are
the ribosomal protein Rpl21, Aldolase A, Snora68, and the ribonuclease P RNA component H1. Ubqln2, Nova2, Atp1a2, and Rn45s
showed reduced expression.
VALIDATION OF DIFFERENTIALLY EXPRESSED GENES IDENTIFIED BY
RNA-Seq USING REAL-TIME PCR

The quality of the isolated RNA is crucial for obtaining reliable
qRT-PCR results. Therefore, the quality of the RNA samples isolated from the mice brains was evaluated by assessing the integrity
and purity of the RNA. All samples displayed A260/A230 ratios
greater than 1.8 and A260/A280 ratios higher than 2.0 (data not
shown) indicating an acceptable RNA purity.
For young 5XFAD (Figure 7), aged 5XFAD (Figure 8), and Tg4–
42 (Figure 9) mice at least seven DEGs were randomly selected

www.frontiersin.org

April 2014 | Volume 6 | Article 75 | 7

Bouter et al.

Deep sequencing: 5XFAD versus Tg4–42

FIGURE 5 | Volcano plots of the significant gene expression changes in Tg4–42 and 5XFAD mice. Fold changes in gene expression of (A) young 5XFAD,
(B) aged 5XFAD, and (C) aged Tg4–42 mice. Each dot represents one gene. Dashed lines illustrate statistical significance (p = 0.05). Red, down-regulated;
green, up-regulated.

and validated using qRT-PCR. For all genes, the qRT-PCR analysis
revealed expression patterns similar to the deep sequencing results.

DISCUSSION
The transcriptome includes all RNA transcripts expressed in a
given tissue and renders a profile of genes that are expressed at the
studied time point. Altered gene expression profiles may therefore
provide information about the genes and mechanisms involved
in the molecular pathogenesis of diseases like AD and ultimately
promote the search for new therapeutic drugs.
ADVANTAGES OF mRNA DEEP SEQUENCING

Microarrays were used in the past as a standard technique for transcriptome profiling. The method has been proven to be valuable
to quantify simultaneously large numbers of mRNA transcripts
(Courtney et al., 2010). Commercially available microarrays can
be used to analyze up to 15,000–30,000 different mRNAs and facilitate genome-wide gene expression profiling (Altar et al., 2009).
Oligonucleotide and cDNA microarrays are both affordable and
offer a high-throughput approach.
However, due to the use of indirect signal detection by
hybridization, microarray techniques possess several limitations
(Courtney et al., 2010). These include reliance upon knowledge
of already known sequences, poor range of quantification, and
relatively low sensitivity and specificity (Choi et al., 2013). Furthermore, the non-specific binding of samples make the detection
of low expressed transcripts against the background noise difficult
(Sutherland et al., 2011) and unsuitable for the quantification of
over- and under-expressed genes with fold changes smaller than
two (Wang et al., 2009). van Bakel et al. (2010) reported that
hybridization signals from microarrays can lead to a high number of false positive signals especially from transcripts with low
expression levels.
Several microarray studies on amyloid mouse models for AD
have been reported (Stein and Johnson, 2002; Dickey et al., 2003;
Wu et al., 2006; Selwood et al., 2009; Wirz et al., 2013). The
transgenic models included APP/PS1∆Ex9 , PDAPP, Tg2576, and
combinations with different mutant PSEN-1 genetic variants. All
of these transgenic lines represent models for familial AD and
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abundant plaque formation without severe neuron loss. Therefore,
we compared two models that do show a robust behavioral deficit
and in addition harbor a significant neuron loss.
RNA-Seq allows to cope with many of the problems described
for microarrays and has a number of advantages over microarray
technology. Most importantly, deep sequencing does not rely on
known genome sequence data and therefore novel transcripts can
be detected (Courtney et al., 2010). It is possible to detect billions of
nucleotide information within a single experiment (Cheng et al.,
2013). Furthermore, problems with saturation and background
signal do not exist as each molecule is individually sequenced and
mapped to unique regions of the genome. RNA-Seq offers a larger
dynamic range than microarray technology as no upper or lower
levels exist in this quantification technique (Courtney et al., 2010).
In comparison to microarrays, deep sequencing has a low false positive rate and is moreover highly reproducible (Nagalakshmi et al.,
2008).
5XFAD, A MODEL FOR FAMILIAL ALZHEIMER’S DISEASE

Using deep sequencing technology, we analyzed the RNA profiles
from the two AD models 5XFAD and Tg4–42 (Table 6). We compared these two models, because they show a robust behavioral
deficit and in addition develop a significant neuron loss.
5XFAD is a model for familial AD that shows massive and
early plaque formation, intraneuronal Aβ aggregation, behavioral
deficits, and neuron loss in the neocortical layer 5 and subiculum (Oakley et al., 2006; Jawhar et al., 2010). In the 5XFAD
model, many molecular pathways are altered due to mutant APP
and PS1 over-expression leading to massive elevation of Aβ1–42 ,
Aβ1–40 , Aβ4–42 , pyroglutamate AβpE3–42 , and Aβ3–42 (Wittnam
et al., 2012). The consequence of this is that 5XFAD harbor soluble
forms of full-length and diverse N-truncated Aβ species that are
also found precipitated in plaques.
Tg4–42, A MODEL FOR SPORADIC ALZHEIMER’S DISEASE

In vitro and in vivo analysis of amyloid deposits in AD revealed
N- and C-terminal variants of the Aβ peptide (Masters et al.,
1985; Prelli et al., 1988; Miller et al., 1993). Masters et al. (1985)
discovered that the majority (64%) of the peptides in amyloid
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Table 2 | List of differentially expressed transcripts in young 5XFAD mice.
ID

Gene

Gene description

name
MGI:87994

Aldoa

Aldolase A, fructose-bisphosphate

GO biological process

Log2 fold

Adjusted

annotation/functions

change

p-value

Fructose-bisphosphate aldolase activity

1.62

1.16E-08

1.60

7.99E-07

1.30

2.92E-03

1.22

2.92E-03

1.20

3.51E-02

1.18

6.09E-04

1.17

3.16E-03

1.12

3.65E-02

1.09

5.67E-03

Actin binding
Cytoskeletal protein binding
Tubulin binding
Glycolysis
MGI:2148181

Snora68

Small nucleolar RNA, H/ACA box 68

Non-coding RNA
Uridine modifications

MGI:105110

Rps2

Ribosomal protein S2

mRNA binding
Fibroblast growth factor binding
Structural constituent of ribosome

MGI:96412

Ide

Insulin-degrading enzyme

Insulysin activity
Metalloendopeptidase activity
Protein homodimerization activity
Hydrolase Activity
Beta-amyloid binding
Glycoprotein binding
ATP-binding
Zinc ion binding
Ubiquitin binding

MGI:1353472

Rpl7a

Ribosomal protein L7a

RNA binding
Structural constituent of ribosome

MGI:98865

Ttr

Transthyretin

Hormone activity
Protein heterodimerization activity
Retinol binding

MGI:1340062

Sgk1

Serum/glucocorticoid regulated kinase 1

Kinase activity
Potassium/calcium channel regulator activity
ATP-binding
Response to DNA damage stimulus

MGI:1278340

Rpl21

Ribosomal protein L21

Structural constituent of ribosome
RNA binding

MGI:108415

Pafah1b2

Platelet-activating factor acetylhydrolase,
isoform 1b, subunit 2

Hydrolase activity
1-Alkyl-2 acetylglycero-phosphocholine
esterase activity
Homodimerization activity

MGI:99845

Gdi2

Guanosine diphosphate (GDP) dissociation

Rab GDP-dissociation inhibitor activity
Rab GTPase activator activity

0.99

3.51E-02

inhibitor 2
MGI:1934664

Rpph1

Ribonuclease P RNA component H1

Endoribonuclease activity

0.90

3.51E-02

MGI:97783

Psap

Prosaposin

Glycoprotein

0.90

3.51E-02

0.90

4.41E-02

Lipid binding
Enzyme activator activity
MGI:97591

Pkm

Pyruvate kinase, muscle

Magnesium ion binding
ATP-binding
Potassium ion binding
Pyruvate kinase activity

(Continued)
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Table 2 | Continued
ID

Gene

Gene description

name
MGI:108391

Kif1a

Kinesin family member 1A

GO biological process

Log2 fold

Adjusted

annotation/functions

change

p-value

ATP-binding

−0.90

3.51E-02

−0.90

3.51E-02

−1.07

2.82E-02

−1.23

1.50E-04

Phospholipid binding
Motor activity
Axonal neuropathies
MGI:88106

Atp1a2

ATPase, Na+/K+ transporting, alpha 2

Sodium:potassium-exchanging ATPase

polypeptide

activity
ATP-binding
Metal ion binding
Hydrolase activity

MGI:1860283

Ubqln2

Ubiquilin 2

Protein binding
Cell death

MGI:1313261

Spnb3

Spectrin beta, non-erythrocytic 2

Phospholipid binding
Actin binding
Structural constituent of cytoskeleton

MGI:1337000

Rn45s

45S pre-ribosomal 5

Non-coding RNA

−1.23

1.50E-04

MGI:104296

Nova2

Neuro-oncological ventral antigen 2

RNA binding

−1.37

2.14E-03

plaques of AD begin with a phenylalanine residue corresponding
to position 4 of the full-length sequence. Moreover, they detected
dimeric and tetrameric Aβ aggregates from the HPLC separations
of plaques from AD having the same ragged NH2 -terminal ends.
The importance of Aβ4–42 was later supported by the finding that it
represents a dominant fraction in the hippocampus and cortex of
AD patients using immunoprecipitation and mass spectrometry
(Portelius et al., 2010).
In order to investigate the long-lasting neurotoxic effect of
Aβ4–42 , we recently generated the novel mouse model Tg4–42
expressing exclusively Aβ4–42 (Bouter et al., 2013). Tg4–42 mice
develop severe hippocampal neuron loss and memory deficits
that correlate well with the hippocampus-specific intraneuronal
expression of Aβ4–42 . These findings are corroborated by previous
mouse models expressing full-length mutant APP. For example,
APP/PS1KI mice exhibit neuron loss in the CA1 region of the hippocampus (Casas et al., 2004; Breyhan et al., 2009), the frontal
cortex (Christensen et al., 2008), and in distinct cholinergic nuclei
(Christensen et al., 2010). The APP/PS1KI model is characterized by age-dependent accumulation of heterogeneous N-terminal
truncated Aβ peptides with Aβ4–42 being one of the most abundant variants (Casas et al., 2004). In 5XFAD mice, a heterogeneous
mixture of full-length, N-truncated and modified Aβ peptides,
including Aβ4–42 , was also found (Wittnam et al., 2012). Hence,
the pathological events observed in the APP/PS1 KI and 5XFAD
mouse models might be at least partly triggered by N-terminal
truncated Aβ4–42 .
LEARNING AND MEMORY DEFICITS IN 5XFAD AND Tg4–42 MICE

In the present work, we could show that Tg4–42 mice and 5XFAD
mice feature comparable learning and memory deficits. Both
mouse lines exhibited age-dependent spatial reference memory

Frontiers in Aging Neuroscience

deficits as assessed by the Morris water maze. Aged Tg4–42 and
5XFAD mice have also been tested in the CFC paradigm and exhibited deficits in this hippocampus-dependent memory tasks. Tg4–
42 and 5XFAD mice displayed hippocampus-dependent memory
deficits similar to those of other AD transgenic models (Chen et al.,
2000; Stover and Brown, 2012; Kishimoto et al., 2013).
Classical fear conditioning is assumed to be highly dependent
on the hippocampus (Bast et al., 2003). Phillips and LeDoux (1992)
reported that lesions of the hippocampus interfered with CFC
but not with cue and TFC. In contrast, a functional amygdala is
required for appropriate fear conditioning for both context and
tone. Moreover, anxiety behavior was claimed to correlate with
the presence of intraneuronal Aβ in the amygdala (España et al.,
2010). These observations are in agreement with the impairment
in conditioned learning in response to a tone stimulus of aged
5XFAD mice, but not of age-matched Tg4–42 animals.
DEEP SEQUENCING IN 5XFAD AND Tg4–42 MICE

In order to detect gene expression changes in the two AD mouse
models, deep sequencing analysis was performed on young as well
as aged 5XFAD and Tg4–42 mice. A wide range of DEGs could be
identified in aged Tg4–42 as well as in young and aged 5XFAD mice
compared to age-matched wildtype controls, respectively. Even
though, the potential for false positive results cannot be eliminated
completely, more than 25 transcript changes detected by RNA-Seq
could be successfully validated by qRT-PCR and therefore validated the deep sequencing results. Furthermore, the detection of
the transgenic human PSEN-1 and APP sequences in young and
aged 5XFAD mice through deep sequencing is also an indication
for the quality of the method.
The expression changes detected in the transgenic mice give
a broad picture of the profound physiological changes that
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Table 3 | List of transcripts exclusively differentially expressed in aged Tg4–42.
ID

Gene

Gene description

GO biological process annotation/functions

name
MGI:1914517

Uqcc2

Ubiquinol-cytochrome-c reductase

Beta-S

Adjusted

change

p-value

Regulation of insulin secretion
ATP production

1.17

2.18E-02

Iron ion binding

1.14

1.31E-02

0.90

1.77E-02

Phosphotransferase Activity
Regulation of transcription

−0.86

4.74E-02

Potassium channel activity
ATP-binding

−0.93

3.76E-02

channel 10

Protein tyrosine kinase activity

−0.94

3.98E-02

Neuropeptide hormone activity

−0.95

3.64E-02

−0.98

1.90E-02

−1.02

3.76E-02

−1.03

4.42E-02

complex assembly factor 2
MGI:5474852

log2 Fold

Hemoglobin, beta adult s chain

Oxygen binding
MGI:108391

Kif1a

Kinesin family member 1A

Microtubule motor activity
ATP-binding

MGI:2153272

Trrap

Transformation/transcription
domain-associated protein

MGI:1194504

Kcnj10

ATP-sensitive inward rectifier potassium

MGI:3039582

Lmtk3

Lemur tyrosine kinase 3

MGI:1343180

Vgf

Nerve growth factor inducible

Synaptic plasticity
Neurosecretory protein (Jahn et al., 2011 no. 284)
Regulation of energy balance (Jahn et al., 2011
no. 284)
Important for modulating neuronal activity (Cocco
et al., 2010 no. 286)
MGI:106374

Zmiz2

Zinc finger MIZ domain containing

Zinc ion binding

protein 2
Ligand-dependent nuclear receptor transcription
coactivator activity
MGI:1194488

MGI:1277171

Slc32a1

Dcx

Vesicular inhibitory amino acid transporter
solute carrier family 32 (GABA vesicular

Glycine transporter activity
Amino acid-polyamine transporter activity

transporter), member 1

Neurotransmitter transport

Doublecortin

Microtubule binding
Protein kinase binding
Neurogenesis

MGI:101947

MGI:109591

Hnrnpd

Nfic

Heterogeneous nuclear

Regulation of transcription
RNA binding and telomeric DNA binding

−1.04

1.99E-02

ribonucleoprotein D
Nuclear factor I/C

Transcription factor activity

−1.10

1.90E-02

Unknown

−1.11

9.46E-03

Rac GTPase activator activity

−1.12

1.08E-02

−1.14

1.04E-02

DNA binding
MGI:2441726

BC005537

cDNA sequence BC005537

MGI:2673998

Arhgap33

Rho GTPase activating protein 33

Phosphatidylinositol binding
MGI:1330828

Cdk5r2

Cyclin-dependent kinase 5 activator 2
(p39)

Lipid binding
Cyclin-dependent protein kinase 5
Activator activity
Neuron-specific

MGI:2674092
MGI:1915454

Zfp609

Zinc finger protein 609

Zinc ion binding

−1.17

1.90E-02

2900060

RIKEN cDNA 2900060B14 gene

Unknown

−1.18

2.43E-02

B14Rik
(Continued)
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Table 3 | Continued
ID

Gene

Gene description

GO biological process annotation/functions

name
MGI:1351334

Syn3

Synapsin III

Catalytic activity

log2 Fold

Adjusted

change

p-value

−1.25

1.30E-02

ATP-binding
MGI:1920907

Fbrsl1

Fibrosin-like 1

Unknown

−1.25

2.43E-02

MGI:106589

Hivep3

Human immunodeficiency virus type I

DNA binding
Zinc ion binding

−1.26

5.18E-03

enhancer binding protein 3

Transcription factor

COMMON MOLECULAR SIGNATURE OF Tg4–42 AND 5XFAD MICE

FIGURE 6 | Venn diagram analysis for significantly regulated genes in
Tg4–42 mice compared to 5XFAD mice. The numbers outside each circle
represent the number of genes that were significantly differentially
expressed in the respective mouse line (compared to WT mice). The
numbers in the spaces of overlapping circles represent the number of
genes that were affected in more than one condition. p < 0.05.

accompany the neuron loss and the detected memory deficits in
5XFAD and Tg4–42 mice. Some of the DEGs have been reported
before, while many genes are described for the first time in the context of AD. The observed parallel expression of these genes now
offers new perspectives in understanding the pathology of AD.
DIFFERENTIALLY EXPRESSED GENES IN YOUNG 5XFAD MICE

In young 5XFAD mice, a substantial number of genes is differentially expressed prior to robust amyloid deposition and neuron
loss. The 19 DEGs encoded proteins from diverse functional categories, including translation, glycolysis, and ATP-binding, kinases
and hydrolases. The 5XFAD model has been reported to develop
plaque deposition starting already at the age of 3 months (Jawhar
et al., 2010). Intraneuronal Aβ is evident at 1.5 months of age, just
before the first appearance of amyloid deposits at 2 months of age
(Oakley et al., 2006).
The data of young 5XFAD mice elucidate the expression profile
at the commencement of plaque formation and before learning
and memory deficits are apparent. Several DEGs that are involved
in the clearance of Aβ: transthyretin (Ttr) (Li and Buxbaum, 2011)
and insulin-degrading enzyme (Ide) (Farris et al., 2003; Miners
et al., 2009) are found up-regulated.
No DEGs were detected in young Tg4–42 mice, which suggest
that the pathology is weak at that age and points to a later onset
of the pathological events that underlie the phenotypic changes
observed at later ages.
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Interestingly, 36 genes were differentially expressed in both mouse
models indicating common disease pathways associated with
behavioral deficits and neuron loss occurring in these mouse models. Nearly half of the DEGs in aged Tg4–42 were also differentially
expressed in 5XFAD mice.
Many of the genes that showed differential regulation in 5XFAD
alone belong to neuroinflammatory processes typically found
associated with plaques. As Tg4–42 mice do not develop any
plaques, but massive neuron loss, we assume that the genes isolated
in both models and those in Tg4–42 alone are defining the molecular signature underlying memory decline in this mouse model
for AD.
The DEGs that were found in both models fall in a broad
range of functional categories: regulation of cell differentiation
and anatomical structure development, regulation of gene expression and transcription, histone modification, ion binding and
protein methyltransferase activity, nervous system development,
and neurogenesis.
Together with Calm3, Fbxo2, and Gpm6a only Gfap was found
to be up-regulated in both aged 5XFAD and Tg4–42 mice.
The astrocyte marker glial fibrillary acidic protein gene (Gfap)
was found to be similarly up-regulated in both mouse lines.
Increased astrogliosis was previously described in both mouse
lines (Oakley et al., 2006; Bouter et al., 2013). Increased astrogliosis, measured by GFAP concentration, is also found in cortex,
thalamus, brainstem, and cerebellum in AD brains (Delacourte,
1990).
Next to the up-regulated genes, 32 genes were commonly downregulated in aged transgenic mice compared to WT. Among others Lrp1 was altered. Kanekiyo et al. (2013) demonstrated that
receptor-mediated endocytosis in neurons by LRP1 plays a critical
role in Aβ clearance in the brain.
Decreased levels of Shank1 RNA were found in both mouse
lines. The levels of the post-synaptic proteins SHANK1 and
SHANK3 were also regulated in patients with AD and in the brains
of amyloid precursor protein transgenic mice. It has been proposed that Aβ reduces Shank levels in the dendrites (Pham et al.,
2010).
The gene coding for the lysine (K)-specific methyltransferase
2D (Mll2), also known as Kmt2b, that is highly expressed throughout development as well as in adult tissue (Glaser et al., 2006)
is down-regulated in aged 5XFAD and Tg4–42. Kerimoglu et al.
(2013) showed that mice lacking Mll2 in the adult forebrain
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Table 4 | List of transcripts differentially expressed in both aged Tg4–42 and 5XFAD mice.
ID

Gene

Gene description

name

MGI:103249

Calm3

Calmodulin 3

GO biological process

log2

Adjusted

log2

Adjusted

annotation/functions

Fold

p-value

Fold

p-value

change Tg4–42

change

5xFAD

Tg4–42

5xFAD

Ion channel binding

1.90

5.49E-13

1.00

1.28E-03

1.40

6.60E-04

1.24

1.73E-03

0.90

1.77E-02

0.90

5.39E-03

0.88

3.76E-02

3.64

2.36E-42

−0.92

4.35E-02

−1.27

8.71E-05

−0.92

3.79E-02

−0.86

2.85E-02

Calcium ion binding
G-protein coupled receptor protein
signaling pathway
MGI:2446216

Fbxo2

F-box protein 2

Ubiquitin-protein ligase activity
Glycoprotein binding
Beta-amyloid binding
Carbohydrate binding

MGI:107671

Gpm6a

Neuronal membrane glycoprotein

Calcium channel activity involved in

M6-a

neuronal differentiation
Role in neuronal plasticity

MGI:95697

Gfap

Glial fibrillary acidic protein

Integrin binding
Kinase binding
Structural constituent of cytoskeleton

MGI:1860283

Ubqln2

Ubiquilin 2

Ubiquitin binding
Protein modification
Proteolysis

MGI:97495

Pbx1

Pre-B-cell leukemia transcription
factor 1/pre-B-cell leukemia

Transcription factor activity
Protein heterodimerization activity

homeobox 1

involved in the regulation of osteogenesis
required for skeletal patterning and
programing

MGI:3647820

Gm15800

Predicted gene 15800

Ubiquitin-protein ligase activity

−0.96

1.04E-02

−0.83

1.84E-02

MGI:96669

Kcnc3

Potassium voltage-gated channel,

Voltage-gated potassium channel activity
Delayed rectifier potassium channel

−0.99

3.47E-02

−1.04

6.53E-03

−1.00

5.80E-03

−0.83

1.77E-02

−1.04

1.29E-02

−0.89

2.33E-02

shaw-related sub-family, member 3

activity
MGI:96828

Lrp1

Low density lipoprotein
receptor-related protein 1

Endocytic receptor or receptor activity
Lipoprotein binding
Calcium ion binding
Apolipoprotein binding
Beta-amyloid clearance
Apoptotic cell clearance

MGI:2183691

Nav2

Neuron navigator 2

Heparin binding
Helicase activity
ATP-binding
Role in neuronal development

MGI:1890563 Wasf1

WAS protein family, member 1

Actin binding

−1.05

1.99E-02

−0.95

2.11E-02

MGI:96995

Lysine (K)-specific

Calcium ion binding
Zinc ion binding

−1.05

4.97E-03

−0.81

3.37E-02

Mll1

methyltransferase 2A

Chromatin binding
Histone methyltransferase activity
Regulation of transcription
(Continued)
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Table 4 | Continued
ID

Gene

Gene description

name

MGI:2446229 Tet3

Tet methylcytosine dioxygenase 3

GO biological process

log2

Adjusted

log2

Adjusted

annotation/functions

Fold

p-value

Fold

p-value

change Tg4–42

change

5xFAD

Tg4–42

5xFAD

Methylcytosine dioxygenase activity

−1.05

1.98E-02

−1.05

6.56E-03

−1.06

3.98E-02

−1.12

7.24E-03

−1.06

4.30E-02

−1.11

9.22E-03

Oxidoreductase activity
Metal ion binding
Plays role in the DNA methylation process
MGI:99948

Zfhx3

Zinc finger homeobox 3

GTP binding
Sequence-specific DNA binding
transcription factor activity
Zinc ion binding

MGI:1347464

Foxg1

Forkhead box G1

Sequence-specific DNA binding
Negative regulation of neuron
differentiation
Regulation of transcription
Brain development
Forebrain marker (Yahata et al., 2011
no. 296)

MGI:1919847

Auts2

Autism susceptibility candidate 2

Unknown

−1.07

2.00E-02

−1.05

7.45E-03

MGI:1915467

Prrc2a

Proline-rich coiled-coil 2A

Unknown

−1.07

4.33E-03

−0.85

2.24E-02

MGI:1917685

Inf2

Inverted formin, FH2 and WH2

Rho GTPase binding
actin binding

−1.07

7.70E-03

−0.87

2.60E-02

SH3 domain binding
Hydrolase activity

−1.12

2.43E-02

−1.78

6.55E-07

Histone methyltransferase

−1.12

1.90E-03

−1.05

1.48E-03

Receptor signaling protein activity

−1.18

1.53E-02

−1.25

1.89E-03

domain containing
MGI:2158663

Inpp5j

Inositol polyphosphate
5-phosphatase J

Phosphatase activity
MGI:2682319

Mll2

Lysine (K)-specific
methyltransferase 2D

MGI:3026647

Flrt1

Fibronectin leucine rich
transmembrane protein 1

MGI:1888520

Brd4

Bromodomain containing 4

DNA binding

−1.19

4.97E-03

−1.05

7.64E-03

MGI:1916205

Srrm4

Serine/arginine repetitive matrix 4

mRNA binding

−1.22

2.43E-02

−1.25

6.20E-03

Unknown

−1.27

9.85E-03

−1.60

2.91E-05

Motor activity

−1.27

1.57E-03

−1.09

4.62E-03

Promotes alternative splicing and
inclusion of neural-specific exons in target
mRNAs
MGI:1926106

Fam163b

Family with sequence similarity
163, member B

MGI:2685951

Myo16

Myosin XVI

ATP-binding
Protein phosphatase binding
MGI:1923304

Prrc2b

Proline-rich coiled-coil 2B

Unknown

−1.30

2.37E-05

−1.11

2.28E-04

MGI:1923206

Srrm2

Serine/arginine repetitive matrix 2

C2 H2 zinc finger domain binding

−1.33

8.92E-06

−1.04

7.25E-04

RNA binding involved in pre-mRNA
splicing
(Continued)
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Table 4 | Continued
ID

Gene

Gene description

name

GO biological process

log2

Adjusted

log2

Adjusted

annotation/functions

Fold

p-value

Fold

p-value

change

Tg4–42

change

5xFAD

Tg4–42
MGI:1337080

Ncor2

Nuclear receptor co-repressor 2

Chromatin binding

5xFAD

−1.38

5.62E-05

−1.39

1.21E-05

−1.44

3.82E-07

−1.62

9.68E-10

−1.44

2.15E-04

−1.32

3.38E-04

Regulation of transcription
Transcription co-repressor activity
Notch binding
MGI:1306776

Mtap1a

Microtubule-associated protein 1 A

Structural molecule activity
Microtubule assembly
Perception of sound

MGI:104725

Atn1

Atrophin 1

Toxin receptor binding
Transcription co-repressor activity

MGI:104296

Nova2

Neuro-oncological ventral antigen 2

RNA binding

−1.49

4.27E-05

−1.64

7.71E-07

MGI:3613677

Shank1

SH3 and multiple ankyrin repeat

SH3 domain binding
Identical protein binding

−1.57

9.26E-08

−1.53

7.43E-08

domains 1

Synapse maturation
MGI:2679002

Prr12

Proline-rich 12

DNA binding

−1.59

3.68E-04

−1.68

2.80E-05

MGI:2143886

Dot1l

DOT1-like histone H3

Transcription factor binding
DNA binding

−1.63

3.29E-05

−1.06

1.72E-02

−1.73

1.31E-10

−1.90

1.70E-13

−1.73

1.31E-10

−0.90

5.70E-03

methyltransferase

Histone-lysine N-methyltransferase
activity
MGI:88107

Atp1a3

Sodium/potassium-transporting

Sodium:potassium-exchanging ATPase

ATPase subunit alpha-3

activity
ATP-binding
Metal ion binding
Hydrolase activity

MGI:98974

Xist

Inactive × specific transcripts

Non-protein coding

displayed impaired hippocampus-dependent memory function.
Furthermore, the loss of MLL2 leads to down-regulation of
genes implicated in neuronal plasticity. 5XFAD and Tg4–42
also showed hippocampus-dependent memory impairments. The
down-regulation of Mll2 that is reported to be crucial for memory
consolidation and regulation of hippocampal plasticity genes is
well in line with our findings.
DIFFERENTIALLY EXPRESSED GENES IN AGED Tg4–42 MICE

Up-regulated genes in aged Tg4–42 mice

Twenty genes were solely differentially expressed in aged Tg4–
42. Among these, only the genes Uqcc2, Beta-S, and Kif1a were
found to be up-regulated. Kif1a is a member of the kinesin
family (KIFs) (Takemura et al., 1996) and has previously been
connected to AD (Kondo et al., 2012). These microtubule-based
motor proteins transport membrane organelles, mRNA, and proteins (Hirokawa et al., 2009). By transporting those complexes,
KIFs play important roles in neuronal function and plasticity as
well as morphogenesis and survival (Hirokawa et al., 2010). In neurons, KIF1A transports components of synaptic vesicles containing
synaptic vesicle proteins such as synaptophysin and synaptotagmin

Frontiers in Aging Neuroscience

(Hirokawa et al., 2010). Recently, Kondo et al. (2012) could show
that an up-regulation of KIF1A contributes to synaptogenesis in
the hippocampus.
Down-regulated genes in aged Tg4–42 mice

The 17 genes that were significantly down-regulated in aged Tg4–
42 are involved in diverse biological processes. These include
regulation of gene expression, nervous system development, cell
communication, metal ion transport, neurogenesis, and regulation of synaptic plasticity. The gene encoding nerve growth factor
inducible protein (VGF), which is down-regulated in aged Tg4–42,
is a neurosecretory protein that is solely expressed in neurons (van
den Pol et al., 1994). Adult VGF is detected in several areas in the
brain including the olfactory system, cerebral cortex, hypothalamus, and hippocampus as well as the adrenal medulla and motor
neurons of the spinal cord (van den Pol et al., 1994; Snyder and
Salton, 1998; Thakker-Varia and Alder, 2009). Several groups proposed VGF as a potential biomarker for AD (Carrette et al., 2003;
Jahn et al., 2011). They detected lower protein levels of VGF in
the cerebrospinal fluid (CSF) of AD patients compared to healthy
controls.
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Table 5 | List of differentially expressed transcripts in aged 5XFAD mice.
ID

MGI:88228

Gene name

C4b

Gene description

Complement component 4B

GO biological process

log2 Fold

Adjusted

annotation/functions

change

p-value

Endopeptidase inhibitor activity

3.31

2.44E-27

Complement activation
Immune response

3.05

1.84E-23

Phosphate transport
Complement activation

2.99

1.31E-24

2.75

5.00E-21

2.72

2.22E-19

2.49

1.01E-15

2.27

8.36E-13

2.16

9.49E-15

2.13

1.66E-16

2.11

4.37E-14

2.03

1.32E-15

1.86

5.03E-10

Transmembrane transport

1.86

1.32E-07

Chemokine receptor activity

1.66

9.43E-07

Inflammatory response
Complement activation
Immune response
MGI:88225

C1qc

Complement component 1, q
subcomponent, C chain

MGI:88223

C1qa

Complement component 1, q
subcomponent, alpha polypeptide

Immune response
MGI:107341

Ctss

Cathepsin S

Cysteine-type peptidase activity
Hydrolase activity
Proteolysis
Immune response

MGI:88224

C1qb

Complement component 1, q
subcomponent, beta polypeptide

Phosphate transport
Complement activation
Immune response

MGI:1891190

Ctsz

Cathepsin Z

Cysteine-type peptidase activity
Hydrolase activity

MGI:98932

Vim

Vimentin

Structural constituent of cytoskeleton
Identical protein binding
Apoptotic process

MGI:96074

Hexb

Hexosaminidase B

Cation binding
Protein homodimerization activity
Beta-N-acetylhexosaminidase activity
Protein heterodimerization activity

MGI:88562

Ctsd

Cathepsin D

Aspartic-type endopeptidase activity
Hydrolase activity

MGI:2148181

Snora68

Small nucleolar RNA, H/ACA box 68

Non-coding RNA
Uridine modifications

MGI:87994

Aldoa

Aldolase A, fructose-bisphosphate

Actin binding
Fructose-bisphosphate aldolase activity
Cytoskeletal protein binding
Tubulin binding
Glycolysis

MGI:88127

B2m

Beta-2 microglobulin

MHC class I receptor activity
Cellular defense response
Innate immune response

MGI:108046

Laptm5

Lysosomal-associated protein
transmembrane 5

MGI:1333815

Cx3cr1

Chemokine (C-X3-C motif) receptor 1

G-protein coupled receptor activity
Transmembrane protein
Signal transduction
(Continued)
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Table 5 | Continued
ID

MGI:99554

Gene name

Lgals3bp

Gene description

Lectin, galactoside-binding, soluble, 3
binding protein

GO biological process

log2 Fold

Adjusted

annotation/functions

change

p-value

Scavenger receptor activity
Isomerase activity

1.66

1.19E-05

Cellular defense response
Signal transduction
MGI:1921298

4632428N05Rik RIKEN cDNA 4632428N05 gene

Receptor activity

1.63

1.48E-06

MGI:96614

Itgb5

Integrin binding

1.56

1.05E-06

Integrin beta 5

Receptor activity
Cell adhesion
MGI:1914877

Olfml3

Olfactomedin-like 3

Scaffold protein

1.53

1.36E-04

MGI:96073

Hexa

Hexosaminidase A

Beta-N-acetylhexosaminidase activity

1.51

3.85E-06

1.45

1.58E-06

1.42

8.90E-07

1.40

2.68E-04

1.37

2.20E-04

1.35

4.77E-05

1.32

6.22E-06

1.27

1.20E-03

1.25

1.21E-05

1.23

3.42E-04

Protein heterodimerization activity
Hydrolase activity
MGI:1339758

Csf1r

Colony -stimulating factor 1 receptor

Macrophage colony-stimulating factor
Receptor activity
Protein homodimerization activity
ATP-binding
Immune response

MGI:107387

Aqp4

Aquaporin 4

Porin activity
Water transmembrane transporter activity

MGI:1918089

P2ry12

Purinergic receptor P2Y, G-protein coupled 12

ADP receptor activity
Guanyl-nucleotide exchange factor activity
G-protein coupled adenosine receptor activity
Signal transducer activity

MGI:1278340

Rpl21

Ribosomal protein L21

Structural constituent of ribosome
RNA binding

MGI:107286

Man2b1

Mannosidase 2, alpha B1

Carbohydrate binding
Alpha-mannosidase activity
Hydrolase activity

MGI:1096881

Eef1a1

Eukaryotic translation elongation factor 1
alpha 1

GTPase activity
Translation elongation factor activity
Regulation of transcription

MGI:1915213

Npc2

Niemann Pick type C2

Cholesterol binding
Enzyme binding

MGI:88561

Ctsb

Cathepsin B

Cysteine-type peptidase activity
Hydrolase activity
Immune response

MGI:88564

Ctsl

Cathepsin L

Cysteine-type peptidase activity
Hydrolase activity
Histone binding
Immune response

MGI:1934664

Rpph1

Ribonuclease P RNA component H1

Endoribonuclease activity

1.23

1.21E-05

MGI:1920174

Anln

Anillin

Actin binding

1.22

1.53E-03

Phospholipid binding
(Continued)
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ID

MGI:95832

Gene name

Grn

Gene description

Granulin

GO biological process

log2 Fold

Adjusted

annotation/functions

change

p-value

Growth factor activity

1.21

1.00E-03

1.18

4.94E-03

1.17

2.21E-04

1.15

5.42E-03

1.14

1.96E-02

1.07

1.82E-03

1.03

2.85E-02

1.02

4.65E-02

1.01

3.07E-03

1.01

1.59E-02

1.01

3.08E-03

1.00

1.56E-03

Cytokine activity
Signal transduction
MGI:98729

Tgfbr2

Transforming growth factor, beta receptor II

ATP-binding
Transmembrane receptor protein
serine/threonine kinase activity
Transferase activity
Receptor activity
SMAD binding
Signal transduction

MGI:894320

Prdx6

Peroxiredoxin 6

Glutathione peroxidase activity
Oxidoreductase activity
Antioxidant activity
Response to oxidative stress

MGI:1921305

Plce1

Phospholipase C, epsilon 1

Guanyl-nucleotide exchange factor activity
Calcium ion binding
Receptor signaling protein activity
Hydrolase activity
Signal transducer activity

MGI:107357

Inpp5d

Inositol polyphosphate-5-phosphatase D

SH3 domain binding
PTB domain binding
Hydrolase activity
Signal transducer activity
Immune response

MGI:1330838

Lgmn

Legumain

Cysteine-type endopeptidase activity
Peptidase activity
Immune response
Hydrolase activity

MGI:1917329

Golm1

Golgi membrane protein 1

Protein modification
Nucleus organization

MGI:88385

Cfh

Complement component factor h

Heparin binding
Heparan sulfate proteoglycan binding
Complement activation
Immune response

MGI:95640

Gapdh

Glyceraldehyde-3-phosphate dehydrogenase

Microtubule binding
NADP binding

MGI:1924096

Rps9

Ribosomal protein S9

Structural constituent of ribosome
RNA binding
Translation regulator activity

MGI:97171

Mt1

Metallothionein 1

Organic cyclic compound binding
Hormone binding
Copper ion binding

MGI:97591

Pkm

Pyruvate kinase, muscle

Magnesium ion binding
Pyruvate kinase activity
ATP-binding

(Continued)
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ID

MGI:88423

Gene name

Clu

Gene description

Clusterin

GO biological process

log2 Fold

Adjusted

annotation/functions

change

p-value

ATPase activity

0.96

2.50E-03

0.95

4.86E-02

0.93

2.03E-02

Ubiquitin -protein ligase binding
Misfolded protein binding
Immune response
MGI:1338892

Padi2

Peptidyl arginine deiminase, type II

Protein-arginine deiminase activity
Calcium ion binding
Hydrolase activity
Immune response

MGI:1915472

Tubb4b

Tubulin, beta 4B class IVB

Structural molecule activity
GTPase activity
Double-stranded RNA binding
Structural constituent of cytoskeleton
Unfolded protein binding

MGI:2445114

Pisd

Phosphatidylserine decarboxylase

Lyase activity

0.93

1.94E-02

MGI:96247

Hsp90ab1

Heat shock protein 90 alpha (cytosolic), class

Unfolded protein binding
GTP binding

0.90

6.13E-03

B member 1

ATP-binding
Double-stranded RNA binding
Ion channel binding
Immune response
Negative regulation of neuron apoptotic
process
MGI:1925017

Ermn

Ermin, ERM-like protein

Actin filament binding

0.90

3.02E-02

MGI:105959

Cox8a

Cytochrome-c oxidase subunit VIIIa

Cytochrome-c oxidase activity

0.88

1.52E-02

MGI:96748

Lamp2

Lysosomal-associated membrane protein 2

Membrane glycoprotein

0.88

2.94E-02

0.86

3.15E-02

Cytochrome-c oxidase activity

0.85

2.02E-02

RNA binding
Identical protein binding

0.84

3.11E-02

Apolipoprotein binding
Phospholipid binding

0.82

4.37E-02

0.81

3.02E-02

TRNA ligase activity
ATP-binding
Hemostasis
MGI:97748

Ctsa

Cathepsin A

Enzyme activator activity
Serine-type carboxypeptidase activity
Hydrolase activity

MGI:103099

Cox6a1

Cytochrome-c oxidase subunit VIa
polypeptide 1

MGI:1346074

Fxr2

Fragile × X mental retardation, autosomal
homolog 2

MGI:99607

Abca1

ATP-binding cassette, sub-family A (ABC1),
member 1

Cholesterol binding
ATP-binding
MGI:88252

Calr

Calreticulin

Iron ion binding
Calcium ion binding
Hormone binding
mRNA binding
Regulation of transcription
Signal transduction
Immune system

(Continued)
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MGI:98467

Gene name

Syp

Gene description

Synaptophysin

GO biological process

log2 Fold

Adjusted

annotation/functions

change

p-value

Transporter activity

0.79

2.74E-02

0.78

4.37E-02

0.77

4.93E-02

−0.86

2.10E-02

−0.87

1.10E-02

Calcium ion binding
Cholesterol binding
Syntaxin-1 binding
SH2 domain binding
Synaptic vesicle maturation
Synaptic transmission
MGI:98373

Sparc

Secreted acidic cysteine rich glycoprotein

Extracellular matrix binding
Calcium ion binding
Signal transduction
Hemostasis

MGI:1096398

Cd81

CD81 antigen

MHC class II protein complex binding
Regulation of immune response

MGI:1915347

Dynll2

Dynein light chain LC8-type 2

Cytoskeletal protein binding
Motor activity

MGI:1277955

Bsn

Bassoon

Metal ion binding
Synaptic transmission

MGI:3648294

Tnrc18

Trinucleotide repeat containing 18

DNA binding

−0.87

3.34E-02

MGI:2145310

Rnf44

Ring finger protein 44

Zinc ion binding

−0.89

3.49E-02

MGI:103291

Rai1

Retinoic acid induced 1

Zinc ion binding

−0.90

2.82E-02

−0.90

1.19E-02

DNA binding
Transcription factor
MGI:1096362

Nrxn2

Neurexin II

Cell adhesion molecule binding
Calcium channel regulator activity
Metal ion binding
Synaptic transmission

MGI:1337000

Rn45s

45S pre-ribosomal 5

Non-coding RNA

−0.90

5.41E-03

MGI:88106

Atp1a2

ATPase, Na+/K+ transporting, alpha 2

Sodium:potassium-exchanging ATPase

−0.90

5.39E-03

polypeptide

activity

−0.92

1.07E-02

−0.94

3.02E-02

−0.96

3.73E-02

−0.96

4.59E-02

Metal ion binding
Hydrolase activity
ATP-binding
MGI:96667

Kcnc1

Potassium voltage -gated channel,
shaw-related sub-family, member 1

Rectifier potassium channel activity
Voltage-gated ion channel activity
Synaptic transmission

MGI:1347488

Foxk1

Forkhead box K1

Transcription regulation
Cell differentiation
DNA binding
Mg-ion binding

MGI:106190

Bcl11a

B cell CLL/lymphoma 11A (zinc finger protein)

B cell differentiation
T cell differentiation
Regulation of transcription

MGI:1321395

Ltbp4

Latent transforming growth factor beta
binding protein 4

Growth factor binding
Hormone secretion
Regulation of cell differentiation

(Continued)
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Gene name

Gene description

MGI:2176606

Scrt1

Scratch homolog 1, zinc finger protein

MGI:1925589

Ttyh3

Tweety homolog 3

GO biological process

log2 Fold

Adjusted

annotation/functions

change

p-value

Transcription regulation

−0.96

2.09E-02

Chloride channel activity

−0.96

7.91E-03

Transmembrane transport
MGI:2444218

Ahdc1

AT hook, DNA binding motif, containing 1

DNA binding

−0.97

1.84E-02

MGI:98460

Syn1

Synapsin I

Neurotransmitter secretion

−0.98

3.98E-03

−0.99

1.52E-02

Synaptic vesicle transport
MGI:95617

Gabra5

Gamma-aminobutyric acid (GABA) A

GABA-receptor

receptor, subunit alpha 5
Chloride transport
Gamma-aminobutyric acid signaling pathway
MGI:2143099

AI593442

Expressed sequence AI593442

Unclassified

−1.00

4.30E-03

MGI:1346031

Tshz1

Teashirt zinc finger family member 1

Transcription factor

−1.00

1.73E-02

DNA binding
MGI:2444817

C530008

RIKEN cDNA C530008M17 gene

Unknown

−1.00

2.26E-02

Transmembrane protein 8B

Cell cycle regulation

−1.00

2.27E-02

−1.01

6.32E-03

M17Rik
MGI:2441680

Tmem8b

Cell matrix adhesion
MGI:109169

Epas1

Endothelial PAS domain protein 1

Regulation of transcription
Angiogenesis
Transcription
Signal transduction
Cellular stress response

MGI:1351323

Snord33

Small nucleolar RNA, C/D box 33

Unknown

−1.04

4.35E-02

MGI:107363

Stxbp1

Syntaxin binding protein 1

Release of neurotransmitters via syntaxin

−1.04

7.75E-04

−1.04

2.43E-02

regulation
Vesicle transport
Exocytosis
Regulation of insulin secretion
MGI:2443847

Sdk2

Sidekick homolog 2

Chemotaxis
Protein targeting
Cell adhesion

MGI:1919559

Tmem158

Transmembrane protein 158

Ras pathway

−1.06

2.27E-02

MGI:102858

Fosl2

Fos-like antigen 2

Regulation of transcription

−1.10

1.07E-02

−1.11

6.32E-03

−1.11

4.47E-03

Cell regulation
Fibroblasten proliferation
MGI:2686934

Zfhx2

Zinc finger homeobox 2

DNA binding
Transcriptional factor activity

MGI:96434

Igf2

Insulin-like growth factor 2

Hormone activity
Growth factor activity
Cell proliferation
Regulation of cell cycle
Protein metabolism
Hemostasis
Signal transduction

(Continued)
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ID

Gene name

Gene description

GO biological process

log2 Fold

Adjusted

annotation/functions

change

p-value

MGI:2444034

9530091C08Rik RIKEN cDNA 9530091C08 gene

Unclassified non-coding RNA gene

−1.14

1.10E-02

MGI:1313277

Vamp2

Vesicle mediate transport

−1.14

2.79E-04

−1.19

1.28E-03

−1.23

6.34E-04

Vesicle-associated membrane protein 2

Synaptic vesicle exocytosis
Regulation of insulin secretion
MGI:1890616

Scube1

Signal peptide, CUB domain, EGF-like 1

Inflammatory response
Endothelial cell differentiation

MGI:2444210

Nr1d1

Nuclear receptor sub-family 1, group D,
member 1

Transcription factor
Insulin secretion
Metabolic processes
Inflammatory processes

MGI:2444521

Rnf165

Ring finger protein 165

Zinc ion binding

−1.25

1.05E-02

MGI:1351339

Grm2

Glutamate receptor, metabotropic 2

Synaptic transmission

−1.27

2.12E-03

−1.42

7.64E-05

−1.55

6.15E-07

Glutamate secretion
MGI:102703

Gng4

Guanine nucleotide binding protein
(G-protein), gamma 4

Signal transduction
GTPase activity
Hemostasis
Synaptic transmission
Glucagon response
Transmembrane transport of small molecules

MGI:95295

Egr1

Early growth response 1

Transcriptional regulator
Immune response
T cell differentiation

FIGURE 7 | Validation of young 5XFAD deep sequencing results through
quantitative real-time polymerase chain reaction (qRT-PCR) analysis. To
confirm the deep sequencing data, qRT-PCR experiments for various genes
were performed on young 5XFAD and age-matched WT mice. Expression

Another notable down-regulated gene in aged Tg4–42 mice
codes for doublecortin (Dcx). Doublecortin is a microtubuleassociated protein that is expressed in migrating neuronal
precursors of the developing CNS and immature neurons
(Couillard-Despres et al., 2005). Human DCX is often used as
a marker for neurogenesis (Couillard-Despres et al., 2005; Verwer et al., 2007). In AD mouse models expressing mutant forms
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levels of 5XFAD mice were compared to age-matched WT animals (dashed
red line represents WT standard). Normalization was performed against the
housekeeping gene β-Actin. ***p < 0.001; **p < 0.01; *p < 0.05; m age in
months; n = 4–5 per group.

of APP or PSEN-1, neurogenesis was found to be impaired.
Aβ was found to disrupt neurogenesis in the subventricular
zone and the hippocampus in these mice (Haughey et al.,
2002a,b). Jin et al. (2004) however described increased levels of doublecortin in the hippocampus of AD patients brains
and therefore suggested that neurogenesis is increased in AD
hippocampus.
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Table 6 | Comparison of the two transgenic mouse models 5XFAD and
Tg4–42.
Features

5XFAD

Tg4–42

Mutations

APP695 (Swedish, Florida,

None

London)
PSEN-1 (M146L and L286V)
Genetic background

C57Bl6

C57Bl6

Transient intraneuronal Aβ

Yes

Yes

Prevalence of Aβ variants

Aβ1–42 > 1–40 > 4–

only Aβ4–42

42 > pyroglutamate3-42
FIGURE 8 | Validation of aged 5XFAD deep sequencing results through
quantitative real-time polymerase chain reaction (qRT-PCR) analysis. To
confirm the deep sequencing data, qRT-PCR experiments for various genes
were performed on aged 5XFAD and age-matched WT mice. Expression
levels of 5XFAD mice were compared to age-matched WT animals (dashed
red line represents WT standard). Normalization was performed against the
housekeeping gene β-Actin. **p < 0.01; *p < 0.05; m age in months;
n = 4–5 per group.

FIGURE 9 | Validation of aged Tg4–42 deep sequencing results through
quantitative real-time polymerase chain reaction (qRT-PCR) analysis. To
confirm the deep sequencing data, qRT-PCR experiments for various genes
were performed on aged Tg4–42 and age-matched WT mice. Expression
levels of Tg4–42 mice were compared to age-matched WT animals (dashed
red line represents WT standard). Normalization was performed against the
housekeeping gene β-Actin. ***p < 0.001; **p < 0.01; *p < 0.05; m age in
months; n = 4–5 per group.

The pathology of AD has recently been linked to the deregulation of cyclin-dependent kinase 5 (CDK5) (Shukla et al., 2012).
CDK5 is regulated by the neuron-specific cyclin-related proteins
p35 (CDK5R1) and p39 (CDK5R2). Activated CDK5 plays an
important role in neurogenesis, synaptic plasticity and neuronal
survival (Nikolic et al., 1996; Tan et al., 2003; Shukla et al., 2012).
CDK5 phosphorylates tau and the CDK5 complex is involved in
posttranslational modification of APP and PSEN (Rademakers
et al., 2005). Various neurotoxic events, including oxidative stress
and elevated Aβ levels, result in calpain cleavage of the regulatory
proteins p39 and p35. The resulting C-terminal truncated proteins p29 and p25 lead to hyperactivation and mislocalization of
CDK5. The introduction of p25 in primary neurons leads to the
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Plaques

Plaque deposits starting at

None

3 months
Neuron loss

38% loss in cortical layer 5

49% loss in
CA1

Gliosis

Yes

Yes

Behavioral deficits

Yes

Yes

deregulation of CDK5 causing among others phosphorylation of
tau and neuronal cell death (Cruz and Tsai, 2004; Rademakers et al.,
2005). It can be hypothesized that the over-expression of Aβ4–42
in Tg4–42 mice stimulates activation of calpain and therefore
down-regulation of Cyclin-dependent kinase 5 activator 2.
It is notable that several DEGs in aged Tg4–42 mice have an ion
binding function. The proteins ZMIZ2 and ZFP609 bind to zinc
ions while Beta-S is an iron ion binding protein. Furthermore, the
metal ion binding proteins MLL1, ZFHX3, SRRM2, and ATP1A are
down-regulated in both aged Tg4–42 and 5XFAD mice. The binding targets zinc and iron, in addition to copper, have been shown
to be involved in the pathology of AD. Zinc promotes the aggregation of Aβ (Watt et al., 2010) and was found to be enriched in AD
plaques (Lovell et al., 1998; Leskovjan et al., 2011; Roberts et al.,
2012). While the overall Zn level in the aging brain is relatively
constant, the zinc transporter ZnT3 has been shown to decrease
with age (Roberts et al., 2012). Furthermore, disruption of zinc
homeostasis in the brain leads to synaptic and memory deficits
(Watt et al., 2010). Aged 5XFAD mice also displayed a variety of
DEGs involved in metal binding, for example Bsn, Rnf44, Rai1,
Atp1a2, and Rnf165.
DIFFERENTIALLY EXPRESSED GENES IN AGED 5XFAD MICE

Inflammatory processes

In aged 5XFAD mice 131 genes with significant expression changes
were identified. Eighty-seven of these genes were only found to
be altered in this mouse line and not in Tg4–42. Compared to
aged Tg4–42 mice, a significant larger number of genes were
differentially expressed in aged 5XFAD mice.
Recently, Upadhaya et al. (2013) suggested somatic versus neuritic mechanism by which Aβ may cause neurodegeneration in
APP48 and APP23 transgenic mice, respectively. The authors
defined the somatic type of neurodegeneration as intraneuronal
accumulations of Aβ that are produced independent of APP.

www.frontiersin.org

April 2014 | Volume 6 | Article 75 | 23

Bouter et al.

Deep sequencing: 5XFAD versus Tg4–42

In contrast to the APP48 model, the Tg4–42 mice did not develop
such a dendritic pathology (Bouter et al., 2013). This may be due
to the different signal peptides used in APP48 (preproenkephalin)
and Tg4–42 (thyreotropin-releasing hormone). The signal peptide of Tg4–42 ensures the routing through the secretory pathway
allowing the release of the peptide from neurons.
The neuritic type of neurodegeneration linking APP-derived
extra- and intracellular Aβ aggregation may be similar between
APP23 and 5XFAD mice. Hence, the DEGs observed in 5XFAD and
Tg4–42 mice could be partly explained by the different mechanism
by which Aβ causes neurodegeneration in these two models.
A large number of DEGs is involved in regulation of immune
system processes and inflammation. The respective transcripts
are involved among others in adaptive immune response, regulation, and activation of immune response as well as immune
system development. Inflammatory processes in the brain are
a well-described feature of AD. It has been shown that plaque
deposition in AD brains is associated with chronic inflammation characterized by increased inflammatory cytokine expression
and activation of microglia, astrocytes, and complement factors
(Akiyama et al., 2000). Inflammation is thought to be a downstream process appearing after Aβ plaques, NFT, and neuron
degeneration (Arnaud et al., 2006). 5XFAD mice display distinct
neuroinflammatory features. The number of reactive astrocytes
and microglia increases proportionally to the amyloid burden in
this mouse line (Oakley et al., 2006; Kalinin et al., 2009).
5XFAD mice also show a dramatic increase in Aβ42 in comparison to Aβ40. This results in an early pathology onset with plaque
deposition seen as early as 3 months of age. The plaque pathology
increases dramatically in an age-dependent manner (Oakley et al.,
2006; Jawhar et al., 2010). Aggregation of Aβ results in activated
microglia and induces the production of reactive-oxygen species,
pro-inflammatory cytokines, chemokines, and prostaglandines
leading to degenerative changes in neurons (Akiyama et al., 2000).
A large number of DEGs in aged 5XFAD mice have a role in
inflammatory pathways (including Scube1 and Nr1d1). Strikingly,
four genes of the complement system (C4b, C1qa, C1qb, and C1qc)
are highly up-regulated in 12-month-old 5XFAD mice. Complement activation is a major inflammatory process and is thought
to be activated in AD by the interaction of complement proteins
with the aggregated forms of Aβ and tau (Rogers et al., 1992; Shen
et al., 2001).
Notably, five genes, encoding the cysteine proteases Cathepsin B, Cathepsin L, Cathepsin S, and Cathepsin Z as well as the
aspartyl protease Cathepsin D, were up-regulated in aged 5XFAD
mice. Cathepsin D is a lysosomal enzyme found in neuritic plaques
and is considered to be involved in APP processing (Schuur et al.,
2011). Cataldo et al. (1995) showed an up-regulation of Cathepsin D mRNA in the pyramidal neurons of AD brains. The cysteine
protease Cathepsin B has been proposed as an alternative candidate β-secretase in the regulated secretory pathway of neurons,
where it produces Aβ by cleavage of the WT β-secretase site of APP
(Hook et al., 2009; Wang et al., 2012). Hook et al. (2009) demonstrated that deletion of Cathepsin B in a hAPPwt transgenic mouse
model significantly reduced the levels of Aβ40 and Aβ42. Therefore, Cathepsin B might be a valid target for developing inhibitors
to lower brain Aβ levels in AD patients.
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Another interesting gene that showed an up-regulated expression in aged 5XFAD mice is clusterin (Clu) also known as
apolipoprotein J. Clusterin is a chaperone glycoprotein that affects
many cellular processes, including inflammation. Clusterin is elevated in AD affected brain regions and CSF from AD patients
(Lidström et al., 1998; Nilselid et al., 2006). Furthermore, it was
found to be associated with AD in several large genome-wide association studies (GWAS) (Harold et al., 2009; Lambert et al., 2009;
Carrasquillo et al., 2010). Recent studies suggest that Clusterin
contributes to the pathology to AD through various pathways,
including lipid metabolism, neuroinflammation, and apoptosis.
Interestingly, it is reported to increase Aβ aggregation as well as Aβ
clearance (Yu and Tan, 2012).
It should be noted that Inpp5d RNA was found to be differentially expressed in 5XFAD mice. This gene was recently described
as a new locus for AD in a GWAS (Lambert et al., 2013). Inpp5d
encodes a member of the inositol polyphosphate-5-phosphatase
family of enzymes involved in second messenger signaling in
myeloid cells. INPP5D influences pathways that are associated
with cell proliferation and inflammatory responses (Medway and
Morgan, 2014).
EVIDENCE FOR DIVERSE MOLECULAR PATHWAYS

In addition to genes involved in inflammatory processes, DEGs in
aged 5XFAD mice were also involved in cell communication and
system development, signal transduction, synaptic transmission as
well as regulation of gene expression and transcription.
We observed significant transcriptional changes of genes with
synaptic function in aged 5XFAD mice. For instance, the gene
products of Bsn, Nrxn2, Kcnc1, Grm2, and Gng4 all play a role
in synaptic transmission and are down-regulated in 12-monthold 5XFAD mice. Syn1, the gene encoding Synapsin1, a neuronal
phosphoprotein associated with the cytoplasmic surface of synaptic vesicles, is significantly down-regulated in aged 5XFAD mice.
It is involved in synapse formation and promotion of neurotransmitter release (Südhof, 1990; Jaffrey et al., 2002). Qin et al. (2004)
showed that synapsin levels were also significantly decreased in the
CA1 and the dentate gyrus in AD patients.
Wirz et al. (2013) studied the genome-wide gene expression of another AD double transgenic APP/PS1 mouse model
using microarrays. A vast range of genes was altered in these
APP/PS1∆Ex9 mice that are involved in immune response and
inflammation. In contrast to our observations in 5XFAD mice, no
changes in the expression of genes involved in synaptic plasticity or
transmission were found. However, in AD patients dominant gene
expression changes concerning synaptic plasticity or transmission
were recently described in a genome-wide gene expression study
of the prefrontal cortex (Bossers et al., 2010). It can be argued that
deep sequencing and the use of 5XFAD mice are more informative
and better suited to identify the expression changes in a model
system of AD.
LIMITATIONS OF THE STUDY

Finally, it can be stated that RNA-Seq is a powerful technique
to analyze the expression profiles in AD mice. The detection of
hundreds of DEGs may offer a new perspective on the biological
processes underlying the pathology of AD. However, even though
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there is a strong correlation between gene expression levels and
abundances of the respectively corresponding proteins in mammalian cells (Lundberg et al., 2010), it has to be kept in mind that
proteins, rather than mRNAs, are the main mediators of physiological processes and that there is a considerable body of data
that suggests a major role for post-transcriptional processes in
controlling protein abundances (Vogel and Marcotte, 2012).
While investigating the role of DEGs on the protein level is
beyond the scope of this study, we believe that the presented dataset
will provide an important source of information for the validation
in both mouse and human tissue in independent studies. A wide
range of detected genes were previously shown to be regulated in
AD, however, a variety of DEGs in the studied mouse models were
not previously associated with AD in humans. It remains to be
seen if these genes are also regulated in AD cases.
In agreement with the German guidelines for animal care all
animals were sacrificed by CO2 anesthesia. This treatment may
lead to prefinal hypoxia in both the transgenic as well as in the control wildtype mice. However, it cannot be ruled out that hypoxia
has distinct effects on transgenic mice inducing a different set
of DEGs.

CONCLUSION
In conclusion, we could (1) validate the Tg4–42 model expressing only Aβ4–42 as a valuable model for AD. The comparison
with 5XFAD, an established plaque-developing AD mouse model,
revealed a remarkable overlap in the molecular profile with the
Tg4–42 model. Although the 5XFAD produces also Aβ4–42 , Aβ1–42
is more abundant followed Aβ1–40 and pyroglutamated and nonpyroglutamated Aβ3–42 . The jointly DEGs might indicate common
pathways that are involved in the learning and memory decline
apparent at 12 months of age in both transgenic models. (2) The
pool of genes that showed differential expression exclusively in
Tg4–42 is only associated to soluble Aβ4–42 as no extracellular
plaques or other Aβ variants are found in this model. In addition,
the robust CA1 neuron loss could also contribute to the differential expression profile. (3) As most of the genes with expression
levels exclusively altered in 5XFAD mice belong to inflammationassociated pathways, we conclude that the majority is not associated with neuron loss and memory decline. (4) As expected, the
deep sequencing approach identified a plethora of genes that have
so far not been linked to AD, which might opens up new avenues
of research into the etiology of this devastating neurodegenerative
disorder.
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Robert Weissmanna,1 , Melanie Hüttenrauchb,1 , Tim Kacprowskic , Yvonne Bouterb , Laurent Pradierd ,
Thomas A. Bayerb , Andreas W. Kussa,∗ and Oliver Wirthsb,∗
a Department

of Human Genetics, University Medicine Greifswald and Interfaculty Institute of Genetics
and Functional Genomics, University of Greifswald, Greifswald, Germany
b Division of Molecular Psychiatry, Department of Psychiatry and Psychotherapy,
University Medical Center (UMG), Georg-August-University, Göttingen, Germany
c Department of Functional Genomics, Interfaculty Institute for Genetics and Functional Genomics,
University Medicine and Ernst-Moritz-Arndt University Greifswald, Germany
d Sanoﬁ, Therapeutic Strategy Unit Neurodegeneration and Pain, Chilly Mazarin, France

Accepted 18 October 2018

Abstract. Alzheimer’s disease (AD) is a devastating neurodegenerative disorder characterized by early intraneuronal amyloid␤ (A␤) accumulation, extracellular deposition of A␤ peptides, and intracellular hyperphosphorylated tau aggregates. These
lesions cause dendritic and synaptic alterations and induce an inflammatory response in the diseased brain. Although the
neuropathological characteristics of AD have been known for decades, the molecular mechanisms causing the disease are still
under investigation. Studying gene expression changes in postmortem AD brain tissue can yield new insights into the molecular
disease mechanisms. To that end, one can employ transgenic AD mouse models and the next-generation sequencing technology.
In this study, a whole-brain transcriptome analysis was carried out using the well-characterized APP/PS1KI mouse model for
AD. These mice display a robust phenotype reflected by working memory deficits at 6 months of age, a significant neuron loss in a
variety of brain areas including the CA1 region of the hippocampus and a severe amyloid pathology. Based on deep sequencing,
differentially expressed genes (DEGs) between 6-month-old WT or PS1KI and APP/PS1KI were identified and verified by
qRT-PCR. Compared to WT mice, 250 DEGs were found in APP/PS1KI mice, while 186 DEGs could be found compared to
PS1KI control mice. Most of the DEGs were upregulated in APP/PS1KI mice and belong to either inflammation-associated
pathways or lysosomal activation, which is likely due to the robust intraneuronal accumulation of A␤ in this mouse model. Our
comprehensive brain transcriptome study further highlights APP/PS1KI mice as a valuable model for AD, covering molecular
inflammatory and immune responses.
Keywords: Alzheimer’s disease, amyloid, differential gene expression, next-generation sequencing, transcriptome, transgenic
mice
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INTRODUCTION
Alzheimer’s disease (AD) is the most prominent
form of dementia and is associated with a progressive accumulation of extracellular amyloid plaques
and intracellular neurofibrillary tangles. While plaques
mainly consist of amyloid-␤ (A␤) peptides derived
from proteolytic processing of the amyloid-␤ protein
precursor (A␤PP), neurofibrillary tangles are composed of hyperphosphorylated tau protein [1]. In recent
years, a variety of transgenic AD mouse models have
been described which differ in the extent of pathology and the presence or severity of behavioral deficits.
Many neuropathological features like amyloid deposition, inflammatory changes, or tau phosphorylation
have been successfully modeled; however, overt neuron
loss is still mostly lacking [2]. The APP/PS1KI mouse
model used in the present study has been shown to harbor significant neuron loss in the CA1 region of the
hippocampus [3, 4], in the frontal cortex [5], as well as in
the cholinergic system [6] already at 6 months of age. In
addition, it also suffers from robust deficits in working
memory [7] and disturbed long-term potentiation [3].
In recent years, several studies on the expression profile of postmortem AD brain tissue and transgenic AD
mouse models were carried out, applying diverse technological approaches [8–17]. Earlier studies applied
hybridization-based approaches using micro-arrays.
Such studies mainly use fluorescently labeled cDNA,
are relatively easy to perform, and rather inexpensive.
On the other hand, they have several limitations including the risk of cross-hybridization and a relatively
narrow dynamic range due to background noise or
signal saturation. In contrast, sequencing-based techniques, e.g., Sanger sequencing of cDNA libraries, are
laborious, rather expensive, and generally not quantitative [18]. Next-generation sequencing technology
(“RNA-Seq”) bears several advantages, as it allows
for high-throughput analysis of transcription profiles
at single base resolution [18]. We already successfully
applied this technique in expression profiling studies
in AD mouse models [9].
Here, we carried out a whole-brain transcriptome
study using the APP/PS1KI mouse model showing
robust and widespread pathology in comparison to agematched PS1KI and wildtype (WT) mice.
MATERIAL AND METHODS
Transgenic mice
APP/PS1KI mice overexpress human amyloid precursor protein (APP751) carrying the Swedish and

London mutations in addition to murine presenilin-1
(PSEN-1) carrying the M233T/L235P mutations on
a homozygous knock-in background [4, 19]. Mutant
murine PSEN1 is expressed under the control of the
endogenous promoter, leading to a lack of endogenous
WT PSEN-1. A␤PP is expressed under the control of
the neuronal Thy1.2-promoter. Only female mice were
used in this study.
Tissue harvesting
Mice were sacrificed via CO2 anesthetization followed by cervical dislocation. Brain hemispheres were
carefully dissected (the cerebellum was removed),
frozen on dry-ice, and stored at –80◦ C for subsequent
use.
RNA expression proﬁling
Expression profiling for 6-month-old APP/PS1KI,
PSKI, and WT mice was performed by next-generation
sequencing on a SOLiD 5500xl Genetic Analyzer
(Life Technologies, Carlsbad, CA, USA). RNA extraction from individual mouse brain hemispheres was
carried out as follows. The tissue was homogenized
using a Polytron (VWR) homogenizer and subsequently treated with TRIzol (Life Technologies). Next,
5 g of each total RNA sample were spiked with
ERCC spike-in control mixes (Life Technologies), followed by removal of rRNA by use of a RiboZero Kit
(Epicentre, Madison, WI, USA). The RNA was prepared for sequencing following the protocol provided
by the manufacturer of the sequencer. In brief, the
rRNA depleted RNA samples were fragmented by
chemical hydrolysis, phosphorylated, and purified.
Prior reverse transcriptions into cDNA, adaptors were
ligated to the RNA fragments. The cDNA was purified and size-selected using two rounds of Agencourt
AMPure XP bead purification (Beckman Coulters
Genomics, Danvers, USA) and released from the
beads. The sample was amplified by 12 PCR cycles
in the presence of primers that contained unique
sequences (barcoding). The size distribution and concentration of the fragments were determined using
an Agilent 2100 Bioanalyzer and the corresponding
chemicals (Agilent Technologies, Santa Clara, USA).
The cDNA fragments were pooled in equimolar
amounts and diluted to 76 pg/l corresponding to a
concentration of 500 pM. A 50 l aliquot of this dilution was mixed with a freshly prepared oil emulsion,
P1 and P2 reagents, and P1 beads in a SOLiD EZ Bead
Emulsifier prepared according to the E80 scale protocol (Life Technologies). Emulsion PCR was carried
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out in a SOLiD EZ Bead Amplifier (Life Technologies)
using the E80 setting. To enrich for beads carrying
amplified template DNA, the beads were purified on
a SOLiD EZ Bead Enricher using the recommended
chemicals and software (Life Technologies). The purified beads were loaded onto a SOLiD 6-lane Flowchip
and incubated upside down for 1 h at 37◦ C. The
Flowchip was positioned in the 5500xl SOLiD System
and the DNA was sequenced using the settings and recommended chemicals for sequencing 75 nucleotides in
the forward direction and 35 nucleotides in the reverse
direction (Life Technologies).
Sequence reads were mapped to the mouse
genome reference sequence mm10 (ftp://hgdownload.
cse.ucsc.edu/goldenPath/mm10/) using the workflow
‘whole.transcriptome.pe’ LifeScope-v2.5.1-r0 (Life
Technologies). Reads mapping to RefSeq coding exons
(http://hgdownload.cse.ucsc.edu/goldenPath/mm10/
database/refGene.txt.gz, accessed 2012-06-27) and
matching the coding strand were considered coding
RNAs. All other mapping reads were considered
non-coding.
Differential expression analysis
To normalize for GC-content within and between
lanes, full-quantile normalization as implemented in
the EDASeq R package [20] was performed. Dispersion was estimated with the help of the DESeq R
package, treating all samples as replicates of a single condition. Following analyses were based on fitted
dispersion values. Two conditions were compared with
a negative binomial test. Differential expression was
deemed significant if the Benjamini-Hochberg corrected p-value was smaller than 0.05. One hemisphere
per time point and condition was used. The following
conditions were compared: APP/PS1KI versus PS1KI,
APP/PS1KI versus WT, and PS1KI versus WT.
Overlap in the up- and downregulated genes between
the different groups was visualized using BioVenn
[24].
Real-time quantitative PCR (qRT-PCR)
conﬁrmation
RNA for qRT-PCR verification was isolated from
additional cohorts of female 6-month-old APP/PS1KI,
PS1KI, and WT mice (n = 5 each) as described previously [20]. Briefly, frozen right brain hemispheres
were homogenized with 10 strokes of a R50D homogenizer (CAT) set at 800 rpm in 1.5 ml ice-cold Trifast®
(Peqlab, Erlangen, Germany). 300 l Chloroform
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(Merck) was added to each sample. After 10 min incubation, the samples were centrifuged at 12,000 g for
15 min at 4◦ C to separate the RNA. The upper RNAcontaining aqueous phase was transferred into a new
tube, vigorously mixed with 500 l Isopropanol and
incubated for 20 min on ice. After centrifugation at
12,000 g for 10 min at 4◦ C, the supernatant was discarded. RNA pellets were washed twice with 500 l
75 % ethanol. After the pellet was air-dried, the RNA
was dissolved in 30 l of RNAse free water. RNA
was stored at –80◦ C until further use. RNA purity and
yields were determined by a Biophotometer (Eppendorf, Hamburg, Germany).
Total RNA (1 g) was subjected to reverse transcription to synthesize cDNA using the First Strand cDNA
Synthesis Kit (Fermentas, St. Leon-Rot, Germany)
according to the manufacturer’s instructions. Prior to
reverse transcription, RNA was subjected to digestion
by DNase using a DNase Digestion Kit (Fermentas).
Generated cDNA was diluted 1:10 in ddH2 O and used
as the sample template for qRT-PCR. The obtained
cDNA was stored at –20◦ C until use.
Deep sequencing results were validated by qRTPCR. Several genes were selected and primers were
purchased from Eurofins (Ebersberg, Germany) as
intron-spanning validated primer pairs. The diluted
first-strand cDNA was used for qRT-PCR using the
SYBR-green Fast Start Universal SYBR Green qPCR
Kit (Roche, Penzberg, Germany) containing ROX as
an internal reference dye. Samples were normalized to
the housekeeping genes ␤-Actin and GAPDH.
Analysis of brain transgene expression in
APP/PS1KI, PS1KI, and WT animals was performed
in the MX3000P Real-Time Cycler (Stratagene, Santa
Clara, CA, USA) and data collected using the MxPro
Mx3000P software (Stratagene). Statistical analysis of
qRT-PCR measurements was done using the Relative
Expression Software Tool V1.9.6 (REST, Qiagen,
Hilden, Germany) [21]. The expression ratio results
of the studied transcripts were tested for significance
by Pair Wise Fixed Reallocation Randomization Test.
Overrepresentation analysis of gene annotation
Functional annotation clustering was performed
using the DAVID software tool [26] using all genes that
were up- or downregulated in 6-month-old APP/PS1KI
mice compared to age-matched PS1KI and WT littermate controls with a p-value <0.05. Annotations from
the Gene Ontology (GO) [22] and the Kyoto Encyclopedia of Genes and Genomes (KEGG) [28] were tested
for enrichment.
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RESULTS
Deep sequencing of mouse brains
In total, deep sequencing identified 15,352,395 reads
for APP/PS1KI, 20,057,929 reads for PS1KI, and
11,134,008 reads for WT mice. For the 6-month-old
APP/PS1KI mice, 8,142,864 reads (53.04%), for agematched PS1KI 10,833,034 reads (54.01%), and for
WT mice 4,436,061 reads (39.84%) were mapped to
exons.
Deep sequencing identiﬁed differentially expressed
transgenic sequences
A␤PP is expressed under the control of the neuronal Thy1.2-promoter, while mutant murine PSEN1 is
expressed at endogenous levels. As expected, sequence
reads pertaining to A␤PP and a Thy1.2-promoter
sequence were over-represented in APP/PS1KI brains
(log2-fold-change (l2FC) = 0.9, p = 7.9E-03 and
l2FC = 2.56, p = 3.5E-24 respectively, Supplementary
Table 1) and therefore served as positive and internal
controls for RNA-sequencing efficiency.
Differential gene expression in 6-month-old
APP/PS1KI, PS1KI, and WT mice
In 6-month-old APP/PS1KI mice, 185 genes were
differentially expressed compared to PS1KI mice,
with 150 genes upregulated and 35 downregulated
(Fig. 1A and Supplementary Table 1). In comparison
to WT mice, 250 genes were found to be differentially expressed in 6-month-old APP/PS1KI mice, with
175 being upregulated and 75 being downregulated
(Fig. 1B and Supplementary Table 2). In APP/PS1KI
mice, 126 genes were overexpressed compared to both
PS1KI and WT, while 49 genes showed an upregulation
only compared to the WT situation and 24 genes were
only found upregulated compared to the PS1KI line
(Fig. 2). The top-20 genes, with regard to fold-change,
upregulated in APP/PS1KI compared to PS1KI and
WT are shown in Table 1. APP/PS1KI mice showed
downregulation of 29 genes compared to both WT and
PS1KI, while only 6 genes showed a downregulation
compared to PS1KI only. A larger pool of 46 genes
was exclusively downregulated in APP/PS1KI mice
compared to age-matched WT mice (Fig. 2). Interestingly, only 6 genes showed a differential expression
pattern in PS1KI compared to WT mice, with 4 genes
being overexpressed and 2 genes being downregulated
(Fig. 1C and Supplementary Table 3).

Fig. 1. Volcano plots of the significantly differentially expressed
genes. Fold-change (X-axis) and p-value (Y-axis) of DEGs comparing APP/PS1KI versus PS1KI (A), APP/PS1KI versus WT (B), and
PS1KI versus WT (C). Each dot represents a single DEG and the
dashed line on the Y-axis illustrates statistical significance (p = 0.05).
Blue - downregulated; red – upregulated.

Overrepresentation analysis
GO enrichment analysis of genes upregulated in
APP/PS1KI compared to PS1KI, WT and both was
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Transglutaminase 1, K polypeptide
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Histocompatibility 2, class II antigen
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Leukocyte immunoglobulin-like
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Histocompatibility 2, class II antigen
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n.d.
n.d.
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Top 20 genes upregulated in APP/PS1KI versus WT
Gene description
log2-fold change

Table 1
The Top20 upregulated genes in APP/PS1KI compared to either PS1KI or WT. Genes that overlap in both analyses are highlighted in bold
p-value

6,4E-14

3,8E-04
1,4E-04

6,6E-08
8,1E-26

1,5E-03
9,9E-08

3,2E-47

4,8E-15

3,9E-40
7,9E-17

6,7E-03
7,8E-35
4,3E-38
8,1E-15

2,9E-05
5,9E-04
2,4E-03
3,1E-03

8,1E-26
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Fig. 2. Venn diagrams of significantly regulated genes in different comparisons. Overlapping up- (A) and downregulated genes (B) are shown
in the intersections. A large overlap is present when the top 20 upregulated genes from APP/PS1KI versus WT and APP/PS1KI versus PS1KI
are compared (14 of 20, C).

performed using DAVID [23, 24]. Genes upregulated in 6-month-old APP/PS1KI versus PS1KI mice
were significantly (Benjamini-Hochberg corrected pvalue <0.05) enriched for 145 GO classes (Biological
Process (BP): 127, Cellular Component (CC): 13,
Molecular Function (MF): 5). Genes upregulated
in APP/PS1KI versus WT mice were significantly
enriched for 145 GO classes (BP: 131, CC: 12, MF: 2),
as well. The 126 genes that were significantly upregulated in APP/PS1KI compared to both PS1KI and
WT are involved in diverse biological mechanisms,
with a large group of differentially expressed genes
(DEGs) being involved in several processes related
to the immune system and inflammatory response.
According to the BP annotation, these include, e.g.,
“immune response”, “positive regulation of immune
system process” or “inflammatory response” among
others. In terms of the CC annotation, “lysosome”
or “external side of plasma membrane” showed the
strongest enrichment. Regarding the MF annotation,

“protein complex binding” or “MHC protein binding”
showed the highest relevance (Table 2).
No enriched functional annotations could be found
for downregulated genes in 6-month-old APP/PS1KI
mice.
Genes that were differentially regulated in
APP/PS1KI mice compared to PS1KI were further subjected to an overrepresentation analysis
of canonical pathways defined by KEGG [25]. A
Benjamini-Hochberg corrected p-value of <0.05 was
deemed significant. The most striking pathways were
“lysosome” with 16 genes “complement and coagulation cascades” with 8.1-fold enrichment each. The other
pathways showing significant gene enrichment were
“systhemic lupus erythematosus”, “hematopoetic cell
lineage”, “antigen processing and presentation”, “cell
adhesion molecules”, “glycosaminoglycan degradation”, and “leukocyte transendothelial migration”For
APP/PS1KI versus WT the following pathways
were identified based on a significant Benjamini-
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Table 2
A list of the most important Gene Ontology identifiers in the cluster of overlapping upregulated genes in APP/PS1KI compared to both PS1KI
and WT. BP, biological process; CC, cellular component; MF, molecular function
Category

Function

FE

p-value (BH)

BP

GO:0006955

GO class

Immune response

8,0

1,7E-16

BP

GO:0048002

43,5

2,2E-14

BP

GO:0006909

Antigen processing
and presentation of
peptide antigen
Phagocytosis

19,1

9,7E-06

BP

GO:0006935

Chemotaxis

10,7

1,8E-05

BP

GO:0001775

Cell activation

6,2

5,0E-05

BP

GO:0051130

7,7

1,8E-03

BP

GO:0006958

19,5

2,5E-03

C1QA, C1QB, C4A, C3, C4B, C1QC

BP

GO:0031343

20,4

1,5E-02

H2-K1, PTPRC, LAG3, B2M

BP

GO:0016485

Positive regulation of
cellular component
organization
Complement
activation, classical
pathway
Positive regulation of
cell killing
Protein processing

7,8

1,5E-02

BP

GO:0001819

CC

C1QA, C1QB, MASP1, C4A, C3, C4B,
C1QC
SLC11A1, TLR2, FCER1G, CLEC7A,
CD14
5430435G22RIK, CTSZ, HEXA, GUSB,
HEXB, CTSS, CD74, GNS, SLC11A1,
CD68, NPC2, LAPTM5, MT1, H2-AA,
CTSD, CTSB, MAN2B1, CTSH,
SLC15A3
H2-K1, PTPRC, TGFBR2, H2-D1, TLR2,
H2-AB1, ITGB2, CD74, ITGAM,
PDCD1, SLC11A1, LRP1, FCGR2B,
ITGAX, CD44, FCER1G, H2-AA,
CLEC7A, CTSB, LAG3
ITGAX, CSF1, TGFBR2, ITGB5, ITGB2,
CD14, ITGAM, CSF1R
H2-EB1, H2-AA, H2-AB1

9,4

2,6E-02

GO:0005764

Positive regulation of
cytokine production
Lysosome

10,4

3,1E-11

CC

GO:0009986

Cell surface

6,4

6,8E-09

CC

GO:0043235

Receptor complex

9,4

4,5E-04

CC

GO:0042613

29,3

4,6E-02

MF

GO:0032403

11,0

8,9E-03

MF
MF
MF

GO:0042287
GO:0019864
GO:0019955

MHC class II protein
complex
Protein complex
binding
MHC protein binding
IgG binding
Cytokine binding

27,3
73,8
8,4

4,4E-02
4,8E-02
4,1E-02

Hochberg corrected p-value <0.05: “lysosome” (18
genes, 7.4-fold enrichment), “antigen processing and
presentation”, “systemic lupus erythematosus”, and
“complement and coagulation cascades”.
Real-Time PCR validation of differentially
expressed genes identiﬁed by deep sequencing
Several DEGs with either high or low fold-change
values were selected for qRT-PCR validation using

Genes
CCL3, MASP1, C3, LY86, H2-D1, TLR2,
C1QC, CD74, CCL6, B2M, SLC11A1,
FCER1G, INPP5D, H2-K1, PTPRC,
C4A, C4B, NCF1, MYO1F, H2-AB1,
CD180, PSMB8, FCGR3, C1QA, C1QB,
FCGR2B, LILRB4, H2-EB1, IRF8,
CX3CR1, H2-AA, CLEC7A, CD14
H2-K1, UNC93B1, H2-D1, H2-AB1, CD74,
B2M, FCGR3, SLC11A1, FCGR2B,
H2-EB1, CTSE, H2-AA, FCER1G
SLC11A1, LRP1, FCGR2B, IRF8,
FCER1G, ABCA1, CLEC7A, FCGR3
LSP1, C3AR1, CCL3, CX3CR1, FCER1G,
CSF3R, ITGB2, ITGAM, FCGR3, CCL6
PTPRC, PLEK, TGFBR2, MYO1F, ITGB2,
CD74, ITGAM, FCGR3, SLC11A1,
FCGR2B, ITGAX, CX3CR1, FCER1G
SLC11A1, PLEK, FCGR2B, C3, TGFBR1,
FCER1G, CLEC7A, FCGR3

FCGR2B, HCLS1, ITGB5, FCER1G,
GPNMB, COL16A1, FCGR3
H2-AA, LAG3, CD74, PSMB8
FCGR2B, FCER1G, FCGR3
OSMR, TGFBR1, CX3CR1, CSF3R, CD74,
CSF1R

APP/PS1KI versus PS1KI mice. The selection contained some genes with high l2FC like Cystatin F
((Cst7), 8.57, p = 9.0E-37), or medium to low values like glial fibrillary acidic protein ((GFAP), 3.26,
p = 1.0E-35) or transforming growth factor, beta receptor II (Tgfbr2), 1.7, p = 3.8E-06). Some genes like
Cathepsin D ((Ctsd), 1.44, 2.5E-07) or S100 calciumbinding protein A6 ((S100A6), 1.51, p = 1.3E-02) had
already been identified to be upregulated in an earlier
study [26] and were confirmed in the present analysis.
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Fig. 3. Validation of sequencing results for up- (A) or downregulated genes (B) in APP/PS1KI versus PS1KI mice using qRT-PCR. Several genes
with high, medium or low l2FC values were randomly selected and qRT-PCR experiments were performed. The housekeeping gene ␤-Actin
was used for normalization. Significances for differential expression are indicated as ∗∗∗ p < 0.001; ∗∗ p < 0.01; ∗ p < 0.05.

The same holds true for genes that were downregulated
in APP/PS1KI versus PS1KI mice. Here, also genes
with higher l2FC like dopamine transporter ((Slc6a3),
–4.32, p = 4.2E-17) or lower values like Apelin ((Apln),
–1.56, p = 2.9E-04) or kinesin family member 1A
((Kif1a), –0.9, p = 7.9E-03) were selected and could
be confirmed by qRT-PCR analysis, thereby validating
the deep sequencing approach (Fig. 3).

DISCUSSION
At the age of 6 months, APP/PS1KI mice show a
lot of different pathological alterations in a variety
of different brain regions which make it one of the
most “complete” amyloid-based models available so
far. This time point of 6 months comprises a variety of
pathological hallmarks including robust extracellular
amyloid pathology [5, 27], loss of CA1 neurons and
hippocampal atrophy [3, 28], loss of neurons in frontal
cortex and in cholinergic brain stem nuclei [5, 6], as
well as robust behavioral deficits in working memory
and motor performance [7] or Morris water maze [28].
In order to reproduce the complexity of neuropathological and behavioral alterations at this time point, we
decided to carry out a whole brain approach, although
this might bear the risk that more subtle changes in
local gene expression levels might not be detected.
However, we cannot exclude that the genes identified
in the APP/PS1KI mice are mimicking the situation
in patients with Down syndrome, having a triplication
of the APP-carrying chromosome 21, or that of AD
patients with a microduplication of the APP gene.

Upregulated genes in APP/PS1KI mice
Inﬂammatory response
APP/PS1KI mice represent an aggressive model
mainly reflecting familial AD showing a very robust
and early-onset amyloidosis [4, 5, 27]. In line with
previous results and data from other mouse models like 5XFAD, the majority of the genes identified
to be upregulated in 6-month-old APP/PS1KI mice
are implicated in the regulation of an inflammatory
response [13, 26]. An upregulation of inflammationassociated transcripts has been reported in most
APP-transgenic mouse models harboring extracellular
A␤ deposition (e.g., [13, 29–35]) and both astrocyte and microglial activation are intimately linked to
human AD pathology (e.g., [36–38]). Deep sequencing revealed an upregulation of GFAP, which could be
confirmed by qRT-PCR, corroborating earlier studies
in this [26] and other APP transgenic models [13, 30,
32, 39–41]. Immunohistochemical stainings against
GFAP also validated the upregulation on the protein
level in the APP/PS1KI model [26]. The astrocytic
calcium/zinc binding protein S100A6 has been previously reported to be upregulated in human AD patients,
as well as in transgenic AD models [26, 42], which
supports the assumption of astrocytes being actively
involved in A␤ clearance. Members of the complement
system (e.g., C1qa, C1qb, C1qc, C4a, C4b) are also
strongly upregulated in 6-month-old APP/PS1KI mice.
Complement activation in AD is regarded as an attempt
to initiate clearance of toxic protein aggregates. It
has been shown that A␤ represents a strong complement activator by binding to C1q, which leads to the
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classical complement activation pathway [43, 44]. SerpinA3 (coding for alpha-1-antichymotrypsin, ACT)
showed a strong upregulation in both deep sequencing and qRT-PCR verification. ACT has been shown to
promote A␤ fibrillization, correlates with progression
of dementia in AD patients, and has been attributed
to induce tau phosphorylation in disease-affected
neurons [45].
Other upregulated transcripts include microgliaassociated cytokines like colony-stimulating factor 1
(Csf1) and related receptors like Csf1r and Csf3r that
represent key regulators of the monocyte/macrophage
lineage. It has been demonstrated that Csf1 provides powerful neuroprotective and survival signals in
brain injury and neurodegeneration and that systemic
administration of human recombinant Csf1 ameliorates memory deficits in a transgenic AD mouse model
[46]. A related study demonstrated that injection of
CSF1 to APP/PS1 mice prior to the appearance of
learning and memory deficits prevented cognitive loss
while it increased the number of microglia in the
parenchyma and decreased the number of A␤ deposits
[47]. APP/PS1KI mice at 6 months of age exhibit profound neuron loss in the hippocampus [3] and frontal
cortex [5], as well as massive extracellular amyloid
pathology. It has been also shown that CSF1 is capable of lowering lysosomal pH, thereby facilitating the
degradation of fibrillar A␤ by activated microglia [48].
Therefore, the observed upregulation of Csf1 and its
receptor in the current setting might represent a compensatory mechanism.
Increased levels of the toll-like receptor family
member Tlr2 were found as previously reported in
the same model [26]. This receptor has been shown
to mediate an inflammatory response towards aggregated A␤42 peptides [49]. Cultured microglial cells
incubated with Tlr2 agonists showed a markedly
boosted ingestion of A␤ in vitro, supporting a major
role in A␤ clearance [50]. Transmembrane glycoprotein NMB (Gpnmb) is a type I transmembrane
protein implicated in cell differentiation, inflammation, tissue regeneration, and tumor progression. So
far it has not been implicated in AD; however, it has
been shown that Gpnmb is expressed in microglial
cells [51] and that it is able to reduce the secretion of proinflammatory cytokines from macrophages
in vitro [52]. This suggests that it might act on
immune effector cells and might alleviate excessive proinflammatory responses in the central nervous
system.
Lipoprotein lipase (Lpl) is a member of a lipase
family known to hydrolyze triglyceride molecules
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found in lipoprotein particles. It has been assumed
that Lpl plays a role in cholesterol and lipid recycling from degenerating terminals [53], which might
explain its upregulation at 6 months of age, a timepoint with profound neuron and synapse loss [3, 5,
6]. Recent data further indicates that Lpl binds to A␤
and promotes cell-surface association and uptake of
A␤ peptides in mouse primary astrocytes, suggesting
that Lpl is an important A␤-binding protein promoting cellular uptake and subsequent A␤ degradation
[54].
Lysosomal activation
Macrophage expressed gene 1 (Mpeg1) and Cyba,
encoding for the light chain of cytochrome b-245, have
been previously detected to be upregulated in mouse
models of lysosomal storage disorders [55], as well
as in progranulin-deficient mice following traumatic
brain injury [56].
One of the strongest upregulated genes in both
RNA sequencing and qRT-PCR verification was Cst7
(coding for Cystatin F). It represents a papain-like
lysosomal cysteine proteinase inhibitor selectively
expressed in immune cells [57] that was identified as
upregulated after lipopolysaccharide (LPS) stimulation of monocyte-derived dendritic cells [58]. After
its synthesis, Cystatin F is translocated to the endosomal/lysosomal system and is able to regulate cathepsin
activity in these vesicles [59]. In good agreement,
a variety of different cathepsins, including Cathepsin B (Ctsb), Cathepsin E (Ctse), Cathepsin S (Ctss),
Cathepsin Z (Ctsz), Cathepsin H (Ctsh), or Cathepsin D (Ctsd) was also found to be upregulated in
APP/PS1KI compared to PS1KI mice. In comparison to WT mice, Cathepsin A (Ctsa), Cathepsin C
(Ctsc), and Cathepsin L (Ctsl) were upregulated in
addition to the aforementioned cathepsins. All found
cathepsins represent endoproteases that are expressed
in lysosomal compartments. Cathepsins also play an
important role in autophagic processes in AD [60]. It
has been demonstrated that, for example, Cathepsin
B and D rise in the early stages of AD in Rabpositive endosomes [61]. In the brain, A␤ generated
in autophagic vacuoles is delivered to lysosomes and
degraded by Cathepsins. A deletion of Cathepsin B
leads to elevated brain A␤ levels while increasing
Cathepsin B expression has the opposite effect [62].
Ctss is particular interesting, as it has been shown
recently that Cathepsin S is also expressed by cortical
microglia in a circadian fashion. A genetic deletion of Ctss causes mice to exhibit hyperlocomotor
activity and removes diurnal variations in the synap-
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tic activity and spine density of cortical neurons. This
suggests that Ctss secreted by microglia during the
dark-phase decreases the spine density of the cortical
neurons by modifying the perisynaptic environment
[63]. Thus, an overexpression of Ctss might contribute
to reduced synaptic spine density, which is a common phenotype in AD mouse models [64]. Cathepsin
E has been previously demonstrated by immunohistochemistry to be abundant in microvessels, microglia
and senile plaques in AD patients while it was only
detectable in low amounts in normal brain [65].
Other upregulated genes like lysozyme 2 (Lyz2), Hexosaminidase A and B (HexA, HexB), Glucuronidase B
(GusB), lysosomal-associated protein transmembrane
5 (Laptm5) or N-Acetylglucosaminidase alpha (Naglu)
underscore the increased lysosomal activity.
Downregulated genes in APP/PS1KI
In comparison to PS1KI mice, 35 downregulated
genes were identified in APP/PS1KI mice, while 75
genes were downregulated compared to WT mice.
Among these genes, a variety of ion transporters like
the dopamine transporter DAT (Slc6a3) or the vesicular monoamine transporter 2 (VMAT2, Slc18a2), as
well as sodium/potassium cation transport ATPases,
like Atp1a1 and Atp1a2 were detected. One of
the most strongly downregulated genes identified in
APP/PS1KI mice compared to both PS1KI as well as
WT is endothelial lipase (Lipg). It has been suggested
that lysophosphatidylcholine (lysoPC) is a preferred
carrier of docosahexaenoic acid (DHA), an essential
fatty acid needed for normal brain function. Endothelial lipase is secreted by cells of the blood-brain barrier
and thought to play an important role in the delivery of DHA phospholipid carriers to the brain [66].
The downregulated neuropeptide ligand apelin (Apln)
has been implicated in the promotion of neuronal survival by activating pro-survival signaling in addition
to inhibition of NMDA receptor-mediated excitotoxicity signaling cascades [67]. The decreased expression
level of the immediate early gene Arc might reflect
the neuron loss in the CA1 region in this model to a
certain extent and it correlates with working memory
deficits [7] and impaired long-term potentiation [3].
Reduced levels of kinesin family member 1A (Kif1a),
the primary anterograde motor protein required for
axonal transport, have been previously described in
older APP/PS1KI mice [68] and correlate with axonal
degeneration in this model [69].
In summary, we provide comprehensive insight into
the transcriptome of 6-month-old APP/PS1KI mice.
Due to the presence of early amyloid pathology, overt

neuron loss and behavioral deficits, these mice represent one of the most complete AD models. However,
it should be considered that due to the combination of
several APP and PSEN1 mutations, APP/PS1KI mice
do not entirely reflect the pathophysiological changes
in sporadic AD, but more closely mimic the situation
in familial AD. The transcriptional profiling data presented in this study further emphasizes APP/PS1KI
mice being a valuable model to understand the involvement of inflammatory and immune pathways in AD.
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Langerholc T, Zavašnik-Bergant V, Turk B, Turk V,
Abrahamson M, Kos J (2005) Inhibitory properties of cystatin F and its localization in U937 promonocyte cells. FEBS
J 272, 1535-1545.
Nixon RA (2007) Autophagy, amyloidogenesis and
Alzheimer disease. J Cell Sci 120, 4081-4091.
Grbovic OM, Mathews PM, Jiang Y, Schmidt SD, Dinakar
R, Summers-Terio NB, Ceresa BP, Nixon RA, Cataldo
AM (2003) Rab5-stimulated up-regulation of the endocytic
pathway increases intracellular ␤-cleaved amyloid precursor
protein carboxyl-terminal fragment levels and A␤ production.
J Biol Chem 278, 31261-31268.
Mueller-Steiner S, Zhou Y, Arai H, Roberson ED, Sun B,
Chen J, Wang X, Yu G, Esposito L, Mucke L, Gan L (2006)
Antiamyloidogenic and neuroprotective functions of cathepsin B: Implications for Alzheimer’s disease. Neuron 51,
703-714.
Hayashi Y, Koyanagi S, Kusunose N, Okada R, Wu Z, TozakiSaitoh H, Ukai K, Kohsaka S, Inoue K, Ohdo S, Nakanishi
H (2013) The intrinsic microglial molecular clock controls
synaptic strength via the circadian expression of cathepsin S.
Sci Rep 3, 2744.
Perez-Cruz C, Nolte MW, van Gaalen MM, Rustay NR,
Termont A, Tanghe A, Kirchhoff F, Ebert U (2011) Reduced
spine density in specific regions of CA1 pyramidal neurons in two transgenic mouse models of Alzheimer’s disease.
J Neurosci 31, 3926-3934.
Bernstein HG, Wiederanders B (1994) An immunohistochemical study of cathepsin E in Alzheimer-type dementia brains.
Brain Res 667, 287-290.
Chen S, Subbaiah PV (2007) Phospholipid and fatty acid
specificity of endothelial lipase: Potential role of the enzyme
in the delivery of docosahexaenoic acid (DHA) to tissues.
Biochim Biophys Acta 1771, 1319-1328.
Cook DR, Gleichman AJ, Cross SA, Doshi S, Ho W, JordanSciutto KL, Lynch DR, Kolson DL (2011) NMDA receptor
modulation by the neuropeptide apelin: Implications for excitotoxic injury. J Neurochem 118, 1113-1123.

R. Weissmann et al. / Gene Expression Proﬁling in the APP/PS1KI Mouse Model of Familial Alzheimer’s Disease
[68]
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Abstract—Ionizing radiation is known to induce genomic lesions,
such as DNA double strand breaks, whose repair can lead to mutations that can modulate cellular and organismal fate. Soon after
radiation exposure, cells induce transcriptional changes and alterations of cell cycle programs to respond to the received DNA damage. Radiation-induced mutations occur through misrepair in a
stochastic manner and increase the risk of developing cancers
years after the incident, especially after high dose radiation exposures. Here, the authors analyzed the transcriptomic response of
primary human gingival fibroblasts exposed to increasing doses
of acute high dose-rate x rays. In the dataset obtained after 0.5
and 5 Gy x-ray exposures and two different repair intervals
(0.5 h and 16 h), the authors discovered several radiationinduced fusion transcripts in conjunction with dose-dependent
gene expression changes involving a total of 3,383 genes. Principal
component analysis of repeated experiments revealed that the duration of the post-exposure repair intervals had a stronger impact
than irradiation dose. Subsequent overrepresentation analyses
showed a number of KEGG gene sets and WikiPathways, including
pathways known to relate to radioresistance in fibroblasts (Wnt,
integrin signaling). Moreover, a significant radiation-induced modulation of microRNA targets was detected. The data sets on
IR-induced transcriptomic alterations in primary gingival fibroblasts will facilitate genomic comparisons in various genotoxic
exposure scenarios.
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INTRODUCTION
THE LAST decades have seen a growing application of ionizing radiation (IR) in medical diagnostics and radiology.
While these applications usually involve very low doses of
IR, acute high dose rate exposures are known from a number of radiation accidents. These often involve exposition
to one single acute dose of IR that induces acute radiation
sickness (ARS) and localized injuries and may lead to stochastic consequences. While deterministic damages relate
to IR-induced cell death and necrosis, lower doses induce
stochastic effects like mutations that may alter a cell’s fate
and contribute to cancerogenesis. Altered gene expression
patterns are seen as an important indicator for the cellular
response to such IR-induced genetic defects, and it is widely
believed that the study of transcriptomic consequences can
provide important insights into the processes involved
(e.g., Paul and Amundson et al. 2003). Moreover, there have
been several successful attempts in the use of gene expression signatures for the prediction/reconstruction of radiation
dose using nucleated cells of the peripheral blood (e.g.,
Amundson 2008; Brengues et al. 2010; Paul and
Amundson 2011; Paul et al. 2011; Port et al. 2012).
Besides internal organ systems, the skin plays an important role in diagnostics and management of radiation accident victims or in cancer therapy, when IR-exposure
compromises its barrier function and leads to resulting inflammatory reactions (Dorr and Meineke 2011). Since fibroblasts are important for tissue repair, primary human
gingival fibroblasts (HGF) were chosen as a cellular model
for the study presented here. Fibroblasts play a central role
in the maintenance of the structural integrity of connective
tissues, as they continuously secrete precursors of all the components of the extracellular matrix (ECM), the composition
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of which determines the physical properties of connective
tissues (e.g., Watt and Fujiwara 2011).
Most previous studies have applied microarray-driven
gene expression analysis to gain insights concerning
the genomic consequences of radiation exposure. In this
investigation, an RNA-sequencing approach was used
to investigate the impact of different acute doses of
x-irradiation on human gingival fibroblasts, also taking
into account different post-exposure (repair) intervals;
i.e., the time span between irradiation and harvesting of
the cells. The obtained results show dose-dependent
changes in gene expression after two different repair intervals for a total of 3,383 genes. Principal component
analysis (PCA) of the obtained data sets showed that the
duration of the repair interval had a more pronounced impact than the irradiation doses applied. Moreover, overrepresentation studies revealed a number of KEGG gene
sets and WikiPathways to be overrepresented among the
genes differentially expressed over the different repair intervals and showed modulation of microRNA targets as a
consequence of irradiation treatment.

MATERIALS AND METHODS
Cell culture and radiation treatment
Human gingival fibroblasts (HGFs) were obtained
from Provitro AG (Berlin, Germany). The HGFs (passage
9) were cultured at 37 °C using Fibroblast Growth Medium
(Provitro, Berlin, Germany) without antibiotics. Cells were
grown to near confluency and irradiated in 175 cm2 bottles.
Thereafter, cells were returned to the incubator or detached
from the flasks by a brief treatment with trypsin/EDTA
(PAA Laboratories, Dartmouth, MA, USA). After resuspension in a small volume of medium in a cell culture tube,
these were snap-frozen in liquid N2 and stored at −86 °C until RNA preparation. With the exception of one combination
of radiation dose and repair interval (0.5 Gy and 16 h),
which was not used for quantitative analyses, experiments
were performed in duplicates or triplicates (see Table Supplemental Digital Content 1, http://links.lww.com/HP/A52
which contains general information on the datasets).
Irradiation
Cells were irradiated at room temperature with 240 kV
x rays at 13 mA (YXLON Maxishot; Hamburg, Germany)
filtered with 3 mm beryllium at a dose rate of 1 Gy min−1.
Absorbed dose was measured with a PTW Unidos dosimeter (PTW Freiburg GmbH, Freiburg, Germany). Control
cells were sham-irradiated.
RNA sequencing
RNA sequencing was performed on a SOLiD 5500xl
Genetic Analyzer (Life Technologies, Carlsbad, NM, USA).
RNA from experimentally treated HGFs was extracted as
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follows. The cells were homogenized using a Polytron
(VWR) device and then treated with TRIzol (Life Technologies, Carlsbad, NM, USA). Next, the rRNA was removed
from the RNA samples by use of a RiboZero Kit (Epicentre,
Madison, WI, USA) according to the manufacturers’ instructions. The thus purified RNA was fragmented by
chemical hydrolysis, phosphorylated and purified. Adaptors were ligated to the RNA fragments, which subsequently
were reverse-transcribed into cDNA. This was then used for
preparation of a sequencing library according to the protocols provided by the manufacturer of the sequencer (see also
Bouter et al. 2014) and sequenced using the settings and
recommended chemicals for sequencing 75 nucleotides in
the forward direction and 35 nucleotides in the reverse direction (Life Technologies, Carlsbad, NM).
Sequence reads were mapped to the human genome
reference sequence hg19 (ftp://hgdownload.cse.ucsc.edu/
goldenPath/hg19/) using the workflow 'whole.transcriptome.pe'
of LifeScope-v2.5.1‐r0 (Life Technologies, Carlsbad, NM,
USA). Reads that mapped to RefSeq coding exons (http://
hgdownload.cse.ucsc.edu/goldenPath/hg19/database/
refGene.txt.gz) and matching the coding strand were considered coding RNAs. All other mapping reads were considered non-coding.
RNA-sequencing yielded between 23 and 64 millions
of reads per sample (see also Table Supplemental Digital
Content 1, http://links.lww.com/HP/A52).
Differential expression analysis
Quality control and principal component analysis
(PCA) were conducted with variance-stabilized read count
data. The PCA was implemented in R, relying on the prcomp
function. Each of the 18 principal components was interpreted as outcome for multiple linear regression models incorporating the sample parameters to be analyzed as exposures.
Differential expression analysis was performed using
the R package DESeq2 (Love et al. 2014). Due to the applied mathematical models, DESeq2 relies on raw count
data. Hence, in contrast to the quality control and PCA mentioned above, which were performed on normalized data,
the authors did not perform normalization of the data prior
to differential expression analysis. DESeq2 employs empirical Bayes shrinkage to estimate model parameters and
fits negative binomial generalized linear models per gene.
In contrast to maximum likelihood estimation, the Bayes
shrinkage can automatically account for gene-specific
variation in the count data and is more generalizable.
The significance of differential expression was assessed
by Benjamini-Hochberg corrected p-values of a Wald test
of the model coefficients corresponding to the sample parameters. The threshold for significance was set to p = 0.05. In
R notation, the final model for differential expression was
count ~ dT + Gray + seqStart + PC1 + PC2 + PC3. Count
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is the read counts for a gene, dT is the repair interval (time
span between irradiation and cell harvest), Gray is the radiation dose in Gy, seqStart denotes the individual experiments, and PCi is the ith principal component from the
aforementioned PCA. The model was restricted to the first
three PCs. These explain already more than 50% of the variance in the data. No more PCs were included since the increase in explained variance per PC as well as the PC
Eigenvalues drop sharply for PC4–PC18. This avoids
over-specification of the model and allows for easier
interpretation.
Annotation analysis
An overrepresentation analysis (ORA) was conducted
to learn about the biological function and to understand
the putative role of differentially expressed genes in specific
biological pathways. The ORA was done as implemented
in GO-Elite (Zambon et al. 2012), relying on the default parameters and the EnsMart62Plus annotation for humans.
The EnsMart62Plus comprises annotation from KEGG
(Kanehisa and Goto 2000), WikiPathways (Kelder et al.
2012), transcription factor-target relationships from the
Amadeus Metazoan compendium (Linhart et al. 2008) and
the PAZAR transcription factor and regulatory sequence database (Portales-Casamar et al. 2007), and microRNA target
sets as compiled in AltAnalyze (Emig et al. 2010). The
complete list of all detected genes served as background
for the ORA. Gene symbols were automatically mapped to
Ensembl IDs by GO-Elite. As foreground (or gene set of interest), the parameter specific list of significantly differentially
expressed genes was used. That is, the authors performed
ORA for each parameter (dT, gray, seqStart, PC1, PC2,
PC3) of the model used to assess differential expression.
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investigated as shown in the Venn diagram in Fig. 1. A subset of these genes shows overlapping expression effects at
different time points after irradiation; e.g., 218 genes show
a dose-dependent increase in expression 0.5 h and 16 h after
IR (see Tables Supplemental Digital Content 2–5, (http://
links.lww.com/HP/A53, http://links.lww.com/HP/A54,
http://links.lww.com/HP/A55, http://links.lww.com/HP/A56)
which show differentially regulated genes in a dose dependent manner after different repair intervals).
For four genes, reverse regulation depending on the repair interval was observed. The zinc finger gene ZMYND12
(Zinc Finger, MYND-Type Containing 12) and TSSK1B
(Testis-Specific Serine Kinase 1B) showed a downregulation with increasing dose 0.5 h after exposure and dosedependent upregulation after 16 h (Fig. 1b and c). The
LYG1 (Lysozyme G-Like 1) gene and the Nucleolar Complex Associated 2 Homolog (S. cerevisiae) pseudogene
(LOC401010), on the other hand, displayed dose-dependent
upregulation at 0.5 h and down-regulation at 16 h post IR
(Fig. 1a and b).
Principal component analysis (PCA)
PCA of the RNA-Seq data (Table Supplemental Digital
Content 6, http://links.lww.com/HP/A64 which contains the
complete list of differentially expressed genes) revealed that
gene expression was comparatively homogenous within the
samples from a given experiment; i.e., the first three principal components (PCs) were strongly associated with individual experiments (as determined by multiple linear
regression) (Fig. 2, 3b). Differential expression based on radiation dose and and/or duration of the repair interval had
only a subordinate influence on clustering of the samples,
as only the third, fifth, and tenth PC were associated with either the repair interval or the IR dose (Fig. 2).

RESULTS
Radiation-induced fusion transcripts
RNA sequencing revealed a few radiation-induced fusion
transcripts in comparison to untreated cells (Table 1). Only one
of these, involving the first exon each of RMRP (RNA component of mitochondrial RNA processing endoribonuclease;
OMIM: 157660) and RPPH1 (ribonuclease P RNA component H1; OMIM: 608513), includes exons from two different chromosomes (Chr 9 and Chr 14, respectively). This
fusion transcript was found in two independent samples that
were exposed to 0.5 Gy and were harvested after different
repair intervals. The remaining fusion transcripts were all
intrachromosomal and contained exons from relatively closely
spaced neighboring genes (Table 1). A clear association of
the frequency of occurrence with irradiation dose and/or duration of the repair interval was not evident.
Radiation-induced effects on gene expression in HGFs
Next, the numbers of genes with dose-dependent expression modulation 0.5 h and 16 h after irradiation were

Annotation analysis
In order to understand the biological function and the
putative role of differentially expressed genes in specific biological pathways, an overrepresentation analysis (ORA) was
performed. With respect to radiation dose, only one significant overrepresentation was detected; i.e., targets of the transcription factor p53 (Table 2). This was mainly due to the
upregulation of pro-apoptotic BBC3 (BCL2 Binding Component 3) and DDB2 (Damage-Specific DNA Binding Protein 2) with an average log2‐fold change (L2FC) of 0.046.
When looking at post-irradiation repair intervals, on
the other hand, a slightly larger number of KEGG gene sets
and WikiPathways were overrepresented among the differentially expressed protein coding genes. In general, these
gene sets were downregulated on average, and only a few
gene sets showed a slight average upregulation (Table 2).
It is interesting that genes targeted by microRNAs
showed a reverse behavior: 395 microRNA target sets
showed an average upregulation, while only two exhibited
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E1/2-strand: ± strand.
E1/2-start: start position (hg19)
E1/2-end: end position (hg19)
E1/2-size: exon size in bp.
E1/2-readcount: number of reads that map on the first/second exon.
E1/2-RPKM: reads Per kbp Per Million Reads (RPKM) exon-1 from F3.
Exon-distance: distance between two exons (not applicable if exons are on different chromosomes).
Total-PR-evidence: total paired-end evidence for the junction.
Unique-PR-evidence: unique paired-end evidence for the junction.
Total-SR-evidence: total single-read evidence for the junction.
Unique-SR-evidence: unique single-read evidence for this junction.
JCV: junction confidence value.
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Table 1. Radiation-induced fusion transcripts in comparison to untreated cells.a
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Fig. 1. Venn diagram [developed using Venny (Oliveros 2015)] showing the numbers of genes with dose-dependent expression increase 0.5 h
(a) and 16 h (c) after IR, the numbers of genes with dose-dependent expression decrease 0.5 h (b) and 16 h (d) after IR. An explicit list of the genes
with altered expression is given in Tables Supplemental Digital Content 2–5, http://links.lww.com/HP/A54, http://links.lww.com/HP/A55,
http://links.lww.com/HP/A56.

average downregulation (Table Supplemental Digital Content 7 http://links.lww.com/HP/A57). Notably, though, for
many overrepresented gene sets, especially for the target sets
of microRNAs, the standard deviation of the log2‐fold change
(L2FC) was larger than the absolute average L2FC, which
may indicate general modulation of microRNA targets
through a widespread effect on microRNA expression.
Since there was no evident order relationship of individual experiments (the magnitude of effects in experiment
A or B cannot be distinguished), the analysis could only focus on dysregulation, which means that gene sets could only
be evaluated irrespective of the direction of fold changes.
This revealed similar gene sets to be overrepresented as observed for the repair intervals (Table Supplemental Digital
Content 7, http://links.lww.com/HP/A57); e.g., Parkinson’s,

Alzheimer’s, and Huntington’s disease (KEGG-hsa05012,
KEGG-hsa05010, KEGG-hsa05016, respectively), Oxidative
phosphorylation (KEGG-hsa00190), Citrate cycle (KEGGhsa00020), Ribosome (KEGG-hsa03010) and Proteasome
(KEGG-hsa03050). Also 23 target sets of microRNAs were
found to be overrepresented (Table Supplemental Digital
Content 7 http://links.lww.com/HP/A57).
In addition to that, a search for genes that were differentially expressed across the first three PCs of the count data
(Table Supplemental Digital Content 7, http://links.lww.
com/HP/A57) was performed. As these PCs were associated with individual experiments, again the direction of
fold-changes could not be considered, and only dysregulation (instead of PC-specific up- and downregulation) was
taken into account.

Fig. 2. Association of principal components to sample properties. dT- repair interval; Gray - radiation dose in Gy; Experiment - individual experiments; PCi - ith principal component. Blue shading indicates significant association between a PC and a sample parameter. Numbers in cells represent the adjusted R-squared value for the linear regression models.
www.health-physics.com
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Fig. 3. Principal component analysis results. (a) Importance of principal components (PC). The grey bars depict the cumulative explained variance in
the data when considering PC1 to PCi; e.g., the third bar, corresponding to PC3, shows the variance in the data explainable by PC1, PC2, and PC3
together. The blue dots indicate the Eigenvalues of the respective PCs. The Eigenvalues are a measure for how far the data spread along the given
PC. This information is closely related to the explained variance per PC (the more variance is explained by the PC, the further the data are spread along
it). (b) Scatter plots of the samples projected onto PC1 vs. PC5 (left) and PC1 vs. PC10 (right). The shape of the symbol corresponds to the individual
experiments. The time between irradiation and sequencing is indicated by the size of the symbols (larger symbol, longer time). The color shows the
radiation dose (black: 0 gray, red: 0.5 gray, green: 5 gray, blue: 10 gray). The sorting of symbols along the x-axis visualizes the strong association
of PC1 to the individual experiments. Similarly, PC5 sorts the symbols according to their size, indicating its association to the time between irradiation
and sequencing. PC10's association to the radiation dosage becomes evident by the sorting of the symbols according to their colors.

Among the genes differentially expressed across the
first PC, several overrepresented GPCR related gene sets
were observed (WP24, WP455, WP501, WP334, WP117,
WP58). Overrepresentation of targets of specific microRNAs,
however, was absent. Nevertheless, several microRNArelated gene sets such as microRNAs involved in DNA
damage response (WP1545), microRNA-targeted genes in
adipocytes (WP2001), and microRNA targets in ECM and
membrane receptors (WP2911) were overrepresented (Table
Supplemental Digital Content 7, http://links.lww.com/HP/A57).
Across the second PC, differentially expressed genes
were overrepresented in disease-related pathways, protein
synthesis, and degradation related gene sets. Here, 24 overrepresented microRNA target sets were counted (Table Supplemental Digital Content 7, http://links.lww.com/HP/A57).

When focusing on the genes differentially expressed
across the third PC, which was also associated with the duration of the repair interval, signaling-related gene sets like
the TGF-beta (Receptor) signaling pathway (KEGG-hsa04350,
WP366), the Wnt signaling pathway (KEGG-hsa04310), and
the (m)TOR signaling (pathway) (KEGG-hsa04150, WP1471)
were found to be overrepresented. In addition to that, several
cancer-related gene sets, such as Prostate cancer, Colorectal
cancer, and Acute myeloid leukemia (KEGG-hsa05215,
KEGG-hsa05210, KEGG-hsa05221, respectively), were overrepresented as well as microRNA-related gene sets such
as microRNA-targeted genes in lymphocytes, muscle
cells, epithelium, and squamous cells (WP2004, WP2005,
WP2002, WP2006, respectively). With respect to microRNA
target gene sets, a total of 234 showed overrepresentation
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Table 2. Targets of the transcription factor p53.

Parameter

BH-adjusted
# genes
Direction
permutation differentially # genes in # genes
of avg
p-value
regulated
Dataset annotated regulation

Annotation class

Term

Radiation dose
Repair interval
Repair interval
Repair interval
Repair interval
Repair interval
Repair interval
Repair interval
Repair interval
Repair interval
Repair interval
Repair interval
Repair interval
Repair interval
Repair interval

TFTargets
KEGG
KEGG
KEGG
KEGG
KEGG
KEGG
KEGG
KEGG
KEGG
KEGG
KEGG
KEGG
KEGG
KEGG

Repair interval
Repair interval
Repair interval
Repair interval
Repair interval
Repair interval
Repair interval
Repair interval
Repair interval
Repair interval
Repair interval
Repair interval
Repair interval

KEGG
KEGG
KEGG
WikiPathways
WikiPathways
WikiPathways
WikiPathways
WikiPathways
WikiPathways
WikiPathways
WikiPathways
WikiPathways
WikiPathways

p53(Source:Kannan-Amadeus)
Ribosome (hsa03010)
Huntington's disease (hsa05016)
Oxidative phosphorylation (hsa00190)
Parkinson's disease (hsa05012)
Alzheimer's disease (hsa05010)
Spliceosome (hsa03040)
Ubiquitin mediated proteolysis (hsa04120)
Proteasome (hsa03050)
Lysine degradation (hsa00310)
Protein processing in endoplasmic reticulum (hsa04141)
Protein export (hsa03060)
Shigellosis (hsa05131)
Bacterial invasion of epithelial cells (hsa05100)
Endocrine and other factor-regulated calcium
reabsorption (hsa04961)
RNA transport (hsa03013)
Insulin signaling pathway (hsa04910)
Circadian rhythm - mammal (hsa04710)
Cytoplasmic Ribosomal Proteins (WP477)
Electron Transport Chain (WP111)
Oxidative phosphorylation (WP623)
Alpha6-Beta4 Integrin Signaling Pathway (WP244)
Translation Factors (WP107)
miR-targeted genes in squamous cell - TarBase (WP2006)
Histone Modifications (WP2369)
Androgen receptor signaling pathway (WP138)
Proteasome Degradation (WP183)
Apoptosis-related network due to altered Notch3 in
ovarian cancer (WP2864)

(Table Supplemental Digital Content 7, http://links.lww.
com/HP/A57).
DISCUSSION
When cells are exposed to IR, their response often depends on the dose and the dose rate. For lesions leading to
stochastic damages and ultimately cancer, the DNA is the
relevant molecule. A first line response to IR is the adjustment of the transcriptional activity to the needs of a damaged cell that seeks to undergo repair. In agreement, many
labs have reported transcriptome responses associated with
radiation exposure, some of which are dose dependent (e.g.,
Amundson et al. 2000; Ghandhi et al. 2008, 2010, 2015).
Until recently, the standard technique to quantify large
numbers of mRNA transcripts simultaneously for such studies was the analysis of microarrays that could analyze up to
30,000 different mRNAs (Amundson 2008). Still, as these
assays depend on the hybridization of preselected genespecific probes, there are several disadvantages, such as the
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limitation to known sequences, a comparatively poor range
of quantification, low sensitivity, and specificity (Marioni
et al. 2008). Moreover, unspecific binding hampers the detection of lowly expressed transcripts and the quantification
of differentially expressed genes with fold-changes below
two (Wang et al. 2009). Here, a next generation sequencing
approach (RNA-Seq) was used, which allowed circumvention of many of the described disadvantages (Wang et al.
2009). In particular, RNA-Seq does not rely on preselected
known transcripts and thus allows not only the detection of
novel protein-coding as well as non-coding transcripts but
also the discovery of fusion transcripts.
Here, the authors observed for the first time radiationinduced fusion transcripts in irradiated HGFs whose number, however, was very limited. This could, in part, be
due to the short length of the individual sequence reads
produced by their sequencing platform. Still, it is more
likely that there are indeed only very few fusion transcripts
induced by the IR conditions applied. One possibility is
that fusion transcripts of genes from different chromosomes
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arise from reciprocal translocations that have been detected
by molecular cytogenetics at a low rate in low-LET
x-irradiated cells (Whitehouse et al. 2005; BEIR VII
2006). Fusion transcripts from cis are likely the result
of intrachromosomal deletions/fusions, which by molecular
cytogenetic methods go largely undetected. A prevalence
of fusion transcripts from deletions in this investigation
goes along with the notion that high dose/dose rate exposures lead predominantly to genomic losses (Finn et al.
2004; Muradyan et al. 2011). Moreover, the protein coding
part, which is the subject of this investigation, comprises
only about 2% of the human genome. Since low-LET irradiation seeds about 25 DSB Gy−1 cell−1 in the fibroblast genome (Stenerlow et al. 2003; Antonelli et al. 2015; own
unpublished observations), the bulk of IR-induced stochastic events will most likely affect extragenic regions and thus
remain undetected by transcriptomic analyses. In all, it will
be of interest to compare the number of induced (detected)
fusion transcripts with that of cytogenetically visible translocations. As an alternative to fusion-transcript formation
by translocations/deletions, it can be envisaged that alternative trans-splicing (for review see Horiuchi and Aigaki
2006) may be a source of fusion transcripts, especially since
clonal expansion of a particular aberration-carrying cell is
not required. Future investigation in this direction will have
to elucidate this route further.
Comparing these results with previous findings from
the literature reveals only very few datasets that can be taken
into account, as most studies focused on different tissues or
cell types. Moreover, many of these investigations primarily
dealt with findings from cohorts comprising individuals that
were subject to different radiation exposure scenarios rather
than controlled cell cultures in a standardized setting as used
in the present study. Interestingly, the IR-induced gene expression signature of white blood cells (Paul and Amundson
2008) comprised, among others, CDKN1A, FDXR, SESN1,
BBC3 and PHPT1, of which BBC3 (BCL2 binding component 3) was also showing a dose-dependent increase in this
fibroblast study (0.5‐h repair time).
The differences between studies likely relate to cell
type-specific effects. A study focusing on fibroblasts presented about 60 differentially expressed genes upon IR exposure (Ghandhi et al. 2010), several of which also showed
expression differences in this study (see also Tables Supplemental Digital Content 8-10 (http://links.lww.com/HP/A58,
http://links.lww.com/HP/A59, http://links.lww.com/HP/A60)
that show differential expression results for the genes described by Ghandhi et al. 2010). Concerning the quality
and quantity of expression changes, the effects noted by
Ghandhi et al. (2008), however, were often at variance to
the observations made here, which is most likely due to experimental setup, differences in radiation quality, and dose
rates applied in the two studies: Ghandhi et al. used high
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LET alpha irradiation with 4He ions at a dose rate of
0.5 Gy min−1, while this study applied low LET 240 kV x rays
at 1 Gy min−1. In line with this reasoning, different DSB
yields and qualities have been observed for different radiation qualities (Prise et al. 1998; Antonelli et al. 2015).
As to the results from overrepresentation analysis, the
authors found a number of overrepresented cancer-related
gene sets, such as prostate cancer, colorectal cancer, and
acute myeloid leukemia across the third principal component (i.e., repair interval), as well as several cancer-related
signaling gene sets, one example being the TGF-beta receptor signaling pathway, which plays a role in cancer (for review see Drabsch and ten Dijke 2012) but also in the
response to ionizing radiation exposure of the skin (see
Schultze-Mosgau et al. 2006). In this respect, it is of note
that the radiation-induced dysregulation of skin fibroblasts
studied here is involved in fibrosis (Bentzen 2006; Avraham
et al. 2010) where TGF-beta is known to play an important
etiological role (e.g., Forrester et al. 2013).
Interestingly, in a previous study investigating follistatin
in a set of primary fibroblast cells derived from patients
who developed fibrosis after radiotherapy, the authors
observed reduced follistatin (FST) gene expression levels
as compared to controls at both basal levels and after IR
(Forrester et al. 2013), which compares to this study where
FST was among the genes that showed consistent dosedependent downregulation 16 h after IR (Table Supplemental Digital Content 6 http://links.lww.com/HP/A64).
Further overrepresented gene sets were the mTor pathway (reviewed by Zhou and Huang 2010) and the Wnt signaling pathway. Wnt signaling plays an important role in the
control of cell morphology, motility, and proliferation and
maintains the homeostasis of tissues including the skin,
where abnormal regulation of this pathway leads to neoplastic proliferation (Li et al. 2015) and beta-Catenin, a key
component in the Wnt-signaling pathway, directs the radiation response of skin fibroblasts (Gurung et al. 2009).
Interestingly, also the integrin-signaling pathway was
among the gene sets detected by the ORA to be differentially expressed over different repair intervals. This is of
note since integrin signaling has been observed to be modulated by IR and relates to radioresistance. For example, it
was found that b1‐integrin signaling confers radioresistance to breast cancer cells (Ahmed et al. 2013).
In addition, the results presented here repeatedly
showed the overrepresentation of microRNA-genes. Interestingly, deregulation of microRNA gene expression was
noted in leukocytes of chronically radiation-exposed humans
(Abend et al. 2015).
However, for many overrepresented gene sets, especially
for the target sets of microRNAs, the standard deviation of the
L2FC was larger than the absolute average L2FC, which makes
it difficult to establish consistent up- or down-regulation and
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rather points to some general dysregulation of microRNA
target sets. Further experiments are required to elucidate
this point in more detail.
CONCLUSION
This RNAseq NGS study on the consequences of
IR exposure of human primary fibroblasts disclosed novel
IR-induced fusion transcripts, which underline the translocation and deletion-inducing potential of IR exposure at
the transcriptional level. Furthermore, principal component analysis followed by overrepresentation analyses revealed a number of overrepresented KEGG gene sets and
WikiPathways among the genes differentially expressed
during the two repair intervals studied and a significant
radiation-induced modulation of microRNA targets. The
authors observed the IR modulation of pathways known
to relate to radioresistance in fibroblasts (Wnt, integrin
signaling), validating the experimental approach. The observed alterations in other pathways will be the subject of
further analysis. Finally, the generated NGS transcriptomic
data sets on the genotoxic IR exposure of gingival primary
fibroblasts will facilitate genomic comparisons in various
genotoxic exposure scenarios.
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Abstract
Background: Determinations of thyrotropin (TSH) and free thyroxine (FT4) represent the gold standard in evaluation
of thyroid function. To screen for novel peripheral biomarkers of thyroid function and to characterize FT4-associated
physiological signatures in human plasma we used an untargeted OMICS approach in a thyrotoxicosis model.
Methods: A sample of 16 healthy young men were treated with levothyroxine for 8 weeks and plasma was sampled
before the intake was started as well as at two points during treatment and after its completion, respectively. Mass
spectrometry-derived metabolite and protein levels were related to FT4 serum concentrations using mixed-effect linear
regression models in a robust setting. To compile a molecular signature discriminating between thyrotoxicosis and
euthyroidism, a random forest was trained and validated in a two-stage cross-validation procedure.
Results: Despite the absence of obvious clinical symptoms, mass spectrometry analyses detected 65 metabolites and
63 proteins exhibiting significant associations with serum FT4. A subset of 15 molecules allowed a robust and good
prediction of thyroid hormone function (AUC = 0.86) without prior information on TSH or FT4. Main FT4-associated
signatures indicated increased resting energy expenditure, augmented defense against systemic oxidative
stress, decreased lipoprotein particle levels, and increased levels of complement system proteins and
coagulation factors. Further association findings question the reliability of kidney function assessment under
hyperthyroid conditions and suggest a link between hyperthyroidism and cardiovascular diseases via increased
dimethylarginine levels.
Conclusion: Our results emphasize the power of untargeted OMICs approaches to detect novel pathways of
thyroid hormone action. Furthermore, beyond TSH and FT4, we demonstrated the potential of such analyses
to identify new molecular signatures for diagnosis and treatment of thyroid disorders. This study was
registered at the German Clinical Trials Register (DRKS) [DRKS00011275] on the 16th of November 2016.
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Background
Thyroid hormones (TH) circulating as thyroxine (T4) and
triiodothyronine (T3) are essential for normal development
and function of virtually all tissues [1]. Both their synthesis
and release are closely controlled by pituitary thyroid
stimulating hormone (TSH), which in turn is stimulated by
hypothalamic thyrotropin releasing hormone (TRH). TH
exert a negative feedback on synthesis and secretion of
TRH as well as of TSH. As the feedback of TH on the
hypothalamic-pituitary regulation of TSH is particularly
sensitive, the robust relation of TSH and free T4 (FT4) is
generally used as the ‘gold standard’ tool for diagnosis and
follow-up of thyroid disorders.
Specific TH transporters mediate the cellular uptake of
TH [2]. At the latest in the target cells, specific deiodinases convert T4 to T3 which is the major ligand for the
nuclear TH receptors (TR) α and β and their subtypes [1].
Formation of ligand-activated TR homodimers and heterodimers with TR auxiliary proteins and other receptors,
such as retinoid X receptor (RXR), finally results in stimulated or repressed expression of TH target genes. In
addition to this so-called genomic action mediated by nuclear TRs, TH exert rapid non-genomic effects by binding
to extranuclear receptors, like truncated cytoplasmic TRα
isoforms or plasma membrane-localized integrin ανβ3,
resulting in the activation of specific phosphorylation cascades [3]. Also, for the putative TH derivative 3,5-diiodothyronine, interaction with specific mitochondrial sites
was reported [3]. Thus, in sum, by cell- and organ-specific
TH uptake and activation, TR subtype synthesis and nongenomic modulation, TH are able to induce their various
tissue- and cell-specific responses. It is thus not surprising
that clinical symptoms of thyroid dysfunction are regarded
to be of restricted diagnostic value because they are neither sufficiently sensitive nor specific [4]. Currently, the
diagnosis of thyroid dysfunction and the assessment of
treatment effects are almost entirely based on the biochemical determination of serum TSH, free T4 (FT4) and,
under special conditions, free T3 (FT3). However, their use
is limited by a number of drawbacks.
Despite the sensitive negative feedback regulation between TSH and FT4 leading to a tightly controlled individual set point [5, 6], large population-based studies
established a wide reference range for TSH and free TH
levels. This is explained by varying sensitivity at different
levels of the activation process as well as the negative
feedback mechanisms [7] and differences between assay
specificities [8, 9]. Additionally, a number of rare severe
clinical conditions lead to discordant alterations in serum
TSH and FT4, including resistance to TH, TSH producing
pituitary tumors, or central hypothyroidism [10, 11].
Therefore, peripheral biomarkers such as cholesterol and
sex hormone- binding globulin (SHBG) concentrations
have been suggested under these conditions as they are
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strongly correlated with thyroid function [12, 13].
However, because these parameters are also influenced by
non-thyroidal disturbances, they were never established in
clinical practice and accordingly current guidelines do not
recommend their use [14]. Thus, currently available
diagnostic tools are insufficient and novel biomarkers are
urgently needed.
Indeed, systematic screens for novel markers of thyroid
function in humans are lacking so far. In particular, only
few studies attempted to detect peripheral TH effects by
untargeted approaches. The influence of thyroid dysfunction on various tissue-specific proteomes or the metabolomes of serum and urine was assessed almost entirely
using rodent models [15–18]. Even if these studies undoubtedly added to our understanding of TH action on
metabolism, translation of these results to humans is still
missing. Moreover, most of the scarce data on peripheral
TH effects in humans are based on observations in patients
with thyroid disorders such as autoimmune thyroid disease,
which hamper the distinction between TH dependent
effects and those related to the underlying autoimmune
process. To avoid these problems, we herein studied TH
effects in a strictly controlled model of experimental hyperthyroidism where healthy young male volunteers were subjected to a challenge of thyroxine over a period of 8 weeks.
Untargeted plasma proteome and metabolome analyses
were performed in a hypothesis-free approach to detect
FT4-associated proteins and metabolites, and the generated
data were used for characterization of main physiological
signatures and to develop a biomarker-based classification
model that allows prediction of TH function without prior
information on TSH or free TH.

Methods
Study design and sampling

Sixteen young healthy male subjects were treated with a
single tablet of 250 μg levothyroxine (L-T4; Henning-Berlin,
Berlin, Germany) per day for 8 weeks. Plasma was sampled
before L-T4 intake started (baseline, bas), after 4 (w4(T4))
and 8 (w8(T4)) weeks under treatment as well as 4 (w12)
and 8 (w16) weeks after ending the application, respectively
(Fig. 1a). The chosen sample size is appropriate as the
volunteers were selected to reduce inter-individual variance.
The repeated measure character of the study further reduced the influence of inter-individual variance. Body mass
index (BMI) of the volunteers ranged from 21 to 30 kg/m2
and their age from 22 to 34 years (Table 1). During the
study, thyrotoxicosis questionnaires were performed as well
as 24 h blood pressure, and pulse rate activity (Cambridge
Nanotechnology, Cambridge, UK) were recorded. The work
has been approved by the ethics committee of the University of Lübeck and written informed consent was received
from all participants prior to the study. The study conformed to the WMA Declaration of Helsinki.
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Fig. 1 a Study design including sampling time points as well as duration of levothyroxine (L-T4) treatment. b Boxplots with mean values
(diamonds) of serum TSH (white) and FT4 (grey) for each time point. bas baseline, w4(T4)/w8(T4) 4 and 8 weeks of levothyroxine treatment, w12/
w16 4 and 8 weeks after stopping the application point

Assays

Serum levels of TSH, free triiodothyronine (FT3) and FT4
were measured using an immunoassay (Dimension
VISTA, Siemens Healthcare Diagnostics, Eschborn,
Germany) with a functional sensitivity of 0.005 mU/L for
TSH, 0.77 pmol/L for FT3, and 1.3 pmol/L for FT4. SHBG
levels were determined via a chemiluminescent enzyme
immunoassay on an Immulite 2000XPi analyzer (SHBG
Immulite 2000, Siemens Healthcare Medical Diagnostics,
Bad Nauheim, Germany) with a functional sensitivity of
0.02 nmol/L. Serum cystatin C (CYTC) was measured
using a nephelometric assay (Dimension VISTA, Siemens
Healthcare Diagnostics, Eschborn, Germany) with a
functional sensitivity of 0.05 mg/L. Insulin serum concentrations were measured using a chemiluminescent immunometric assay (Immulite 200 XPi; Siemens Healthcare
Diagnostics) with a functional sensitivity of 2 mU/L.
Lipids (total cholesterol, HDL- and LDL cholesterol, triglycerides), serum glucose, serum activities of alanine
amino transferase (ALT), aspartate amino transferase
(AST), γ-glutamyl transpeptidase (GGT), as well as the
levels of the complement factors C3 and C4 were measured by standard methods (Dimension VISTA, Siemens
Healthcare Diagnostics, Eschborn, Germany).
Plasma metabolome analysis

Metabolic profiling of plasma samples was performed by
Metabolon Inc. (Durham, NC, USA), a commercial supplier of metabolic analyses. Three separate analytical
methods (GC-MS and LC-MS (positive and negative
mode)) were used to detect a broad metabolite panel
[19]. Briefly, proteins were precipitated from 100 μL
plasma with methanol, which further contained four standards to monitor extraction efficiency, using an automated
liquid handler (Hamilton ML STAR, Hamilton Company,
Salt Lake City, UT, USA). The resulting extract was
divided into four aliquots; two for analysis by LC, one for
analysis by GC, and one reserve aliquot. Aliquots were
placed briefly on a TurboVap® (Zymark, Sparta, NJ, USA)
to remove the organic solvent. Each aliquot was then

frozen and dried under vacuum. LC-MS analysis was
performed on a LTQ mass spectrometer (Thermo Fisher
Scientific Inc., Waltham, MA, USA) equipped with a
Waters Acquity UPLC system (Waters Corporation,
Milford, MA, USA). Two aliquots were reconstituted
either with 0.1% formic acid (positive mode) or 6.5 mM
ammonium bicarbonate (negative mode). Two separate
columns (2.1 × 100 mm Waters BEH C18 1.7 μm particle)
were used for acidic (solvent A: 0.1% formic acid in H2O,
solvent B: 0.1% formic acid in methanol) and basic (A: 6.5
nM ammonium bicarbonate pH 8.0, B: 6.5 nM ammonium bicarbonate in 98% methanol) mobile phase conditions, optimized for positive and negative electrospray
ionization, respectively. After injection, the samples were
separated in a gradient from 100% A to 98% B. The MS
analysis alternated between MS and data-dependent MS/
MS scans using dynamic exclusion. GC-MS analysis was
performed on a Finnigan Trace DSQ fast-scanning singlequadrupole mass spectrometer (Thermo Fisher Scientific
Inc., Waltham, MA, USA), equipped with a GC column
containing 5% phenyl residues. The temperature was
ramped between 60 and 340 °C. For electron impact
ionization one aliquot was derivatized under dried
nitrogen using bistrimethyl-silyl-triflouroacetemide. Quality control of platform performance was achieved by the
use of pooled samples and technical blanks as well as the
addition of non-interfering internal standards to the
samples. Metabolites were identified from LC-MS and
GC-MS spectra by automated comparison with a proprietary library, containing retention times, m/z ratios, and
related adduct/fragment spectra of over 1000 standard
compounds measured by Metabolon. To correct for daily
variations of platform performance, the raw area count of
each metabolite was rescaled by the respective median
value of the run day. In total, 380 metabolites could be
identified.
Plasma proteome analysis

Depletion of six highly abundant proteins in plasma was
performed using multi-affinity chromatography (MARS6-
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–4

–1.29 × 10–3 (1.14 × 10–3)
–2

no

(1.62 × 10 )

5.76 × 10

–3

4.19 × 10–3 (2.35 × 10–4)
–3

yes

(9.11 × 10 )

1.41 × 10

–4

–1.35 × 10–1 (6.42 × 10–3)
–2

no

(8.22 × 10 )

–

–
2.76 × 10

–
–

–
–

Logc

β (SD)b

3.09 × 10–2 (2.94 × 10–2)f

2.38 × 10–2 (1.75 × 10–2)f

1.06 × 10–1 (6.69 × 10–2)

5.83 × 10–1 (2.35 × 10–1)

6.55 × 10–1 (3.18 × 10–1)

4.67 × 10–1 (2.37 × 10–1)

9.99 × 10–2 (7.00 × 10–2)

3.08 × 10–1 (1.65 × 10–1)

3.05 × 10–10 (6.84 × 10–10)f

2.91 × 10–8 (6.08 × 10–8)f

1.33 × 10–5 (1.54 × 10–5)f

6.58 × 10–1 (2.29 × 10–1)

2.91 × 10–1 (1.38 × 10–1)

8.26 × 10–9 (1.10 × 10–8)f

3.41 × 10–10 (1.03 × 10–9)f

7.26 × 10–21 (2.02 × 10–20)f

7.43 × 10–25 (4.28 × 10–24)f

<0.001e

–

–

P value(SD)d

b

L-T4 application of levothyroxine
Mean and standard deviation (SD) of the estimate for FT4 in linear mixed regression models adjusted for age and body mass index (BMI) from 101 subsamples
c
Dependent variable was logarithmized to base 10
d
Mean and SD of the P value
e
Repeated measurement analysis of variance adjusted for age and BMI
f
Significant results
FT4 free thyroxine, FT3 free triiodothyronine, TSH thyrotropin, SHBG sex hormone binding globulin, HDL high-density lipoprotein, LDL low-density lipoprotein, ALT alanine aminotransferase, AST aspartate aminotransferase, GGT γ-glutamyl transpeptidase

a

baseline

Characteristics

Table 1 Clinical characteristics of participants during the study period
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human, Agilent Technologies, Waldbronn, Germany) in accordance with the manufacturer’s protocol. After precipitation of proteins of the non-bound fraction with
trichloroacetic acid (final concentration 15%), the pellet was
re-suspended in 100 μL 8 M urea/2 M thiourea. Protein
concentrations of depleted samples were determined via a
Bradford Assay (Bio-Rad Laboratories, Munich, Germany)
using bovine serum albumin as standard protein. Individual
protein samples (4 μg) were reduced with 2.5 mM dithiothreitol (60 °C, 1 h), subsequently alkylated with 10 mM
iodoacetamide (37 °C, 30 min), and subjected to proteolytic
cleavage with trypsin (Promega, Madison, WI, USA) using
a trypsin to protein ratio of 1:25 overnight at 37 °C. After
stopping the digestion with 1% acetic acid, samples were
purified with C18 ZipTip® with a loading capacity of 2 μg
(Millipore Cooperation, Billerica, MA, USA). Prior to MS
analysis, desalted peptides were subjected to reverse phase
chromatography. Chromatographic separation of peptides
was done on a nanoAquity UPLC system equipped with a
pre-column (nano Aquity UPLC Trap column, 180 μm ×
20 mm, 5 μm) and reverse phase column (BEH130 C18,
100 μm × 100 mm, 1.7 μm) configuration (Waters Corporation, Milford, MA, USA). A 100-min non-linear
gradient of 2–60% ACN in 0.1% acetic acid was run at
a constant flow rate of 0.4 μL/min. Mass spectral data
were recorded on-line on a LTQ-Orbitrap Velos mass
spectrometer (Thermo Electron, Bremen, Germany)
which was operated in a data-dependent acquisition
mode. MS/MS fragmentation was performed by collision induced dissociation. The recorded LC-MS/MS
raw data were processed using the Refiner MS software
version 7.6.6 (GeneData, Basel, Switzerland) with an
adapted workflow with the following steps: (1) chemical
noise removal, (2) retention time alignment across all
samples, and (3) feature extraction and isotope group
clustering. Data was searched against a human Swissprot/Uniprot database (rel. 2012/08) limited to human
entries with a precursor ion tolerance set to 10 ppm
(0.6 Da for fragment ions) using an in-house MASCOT server (rel. 2.3). The carbamidomethylation of cysteine was set
as static modification, methionine oxidation was considered
as dynamic modification. Peptides identified with rank = 1
and an ion score ≥ 20 and identified as unique in the data
set were used for relative quantitation on the level of
summed peptide intensities per protein. MS analyses of all
80 plasma samples revealed 2374 unique peptides representing 497 human proteins. The mass spectrometry proteomics data have been deposited to the ProteomeXchange
Consortium via the PRIDE [20] partner repository with the
dataset identifier PXD004815 and 10.6019/PXD004815.
Statistical analysis

To ensure a median availability of data points on three
time points, only metabolites and proteins with less than
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40% missing values were used for the analysis, resulting in
349 metabolites and 437 proteins. Values of metabolite/
protein intensities were log10-transformed. To account for
compliance and intestinal resorption during L-T4 treatment we applied a mixed-effect linear regression model
with serum FT4 concentrations as exposure and metabolite/protein concentrations as outcome. Since the study
considered repeated measurements, serum FT4 was determined as a fixed effect whereas the study participant was
the random effect in the model. All analyses were adjusted
for baseline age and BMI as well as experimental batch in
case of proteome analyses. To account for multiple testing, we adjusted the P values of the regression analysis by
controlling the false discovery rate (FDR) at 5% [21].
Distributional assumptions were tested visually using QQplots and no obvious violations were observed. Robustness
of the results was assessed by a leave-three-out procedure.
For this purpose, we randomly chose three participants
and excluded them from the analyses. This procedure was
repeated 100 times. Since three participants strikingly differed in their response to L-T4 regarding their serum ALT
and AST activities, an additional data set was created excluding them leading to finally 101 distinct subsets of the
data. Subsequently, estimates and FDR values were averaged across the subsamples. Metabolites and proteins with
an average FDR below 0.05 were defined significant. In
consequence, the results presented in this work constitute
the most robust FT4-associated alterations. The functional
classification analysis for significantly altered proteins was
performed using Ingenuity Pathway Analysis software
(Ingenuity Systems, Redwood City, CA, USA). Significance
of the enrichment of altered proteins among functional categories was assessed by Fisher’s exact test. For every time
point, ratios to the baseline values for each participant were
calculated and plotted as mean log2-fold change.
Sample classification

For classification purposes, samples were divided in two
groups. First, all samples before L-T4 treatment as well as
8 weeks after cessation of treatment were defined as euthyroid. Second, all samples from the two treatment time
points were defined as hyperthyroid. Both assignments
were justified by suppressed serum TSH concentrations in
concordance with elevated serum FT4 (Table 1 and Fig. 1).
In total, 64 samples were used for classification analysis
(time point w12, 4 weeks after stop of treatment, was left
out because of the presence of an intermediate state). To
ensure reproducibility of possible markers, only metabolites/proteins without missing values as well as unambiguous assignment were used, resulting in 201 metabolites
and 207 proteins. Since no independent validation set was
available and to avoid overfitting, we performed a twostage cross validation procedure to select a subset of
metabolites/proteins capable of classifying the samples
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using a random forest [22] as classifier (Additional file 1:
Figure S1). A first split was performed to divide samples
in training and validation set (outer loop; repeated 30
times). The resulting training sets were once more partitioned into training and test set (inner loop; repeated 50
times). Based on the last split, a random forest was
trained. Prediction performance was assessed using receiver operating characteristic (ROC) curves on the independent test set for the current loop. Variable
importance was assessed by the Gini index [23] for
each feature of the trained forest. Variable importance
of each inner loop were averaged weighted by the area
under the ROC-curves (AUC). The 15 most important
variables from the inner loop were taken forward to
build a new random forest. Analogous to the previous
procedure the prediction performance was assessed
yielding the final classification performance based on a
reduced subset of the features. The random forest was
implemented in R via the randomForest package (v 4.610) [22]. Statistical analyses were performed using SAS
version 9.4 (SAS statistical software, version 9.4, SAS
Institute, Inc.; NC, USA) and R 3.0.1 (R Foundation for
statistical computing, version 3.0.1, Vienna, Austria).

Results and Discussion
L-T4 treatment and standard clinical hormone assays

As previously described [24], treatment with 250 μg/day
L-T4 for 8 weeks resulted in the expected suppression of
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mean TSH concentrations from 2.10 mU/L (standard
deviation (SD): ±1.01) at baseline to 0.017 mU/L (SD:
±0.029) at 4 weeks and 0.007 mU/L (SD: ±0.007) at
8 weeks, respectively. Mean concentrations of FT4 and
FT3 exhibited the opposite profile with peak concentrations of 28.6 pmol/L (SD: 5.7) and 9.19 pmol/L (SD:
±2.01) after 4 weeks of L-T4 intake, respectively, consistent with a biochemical condition of overt hyperthyroidism (Fig. 1 and Table 1). All parameters normalized
within the first 4 weeks after termination of L-T4 intake
(Fig. 1b). We further assessed effects on some of the
well-known TH targets such as SHBG, CYTC, and different blood lipids (Table 1). In general, L-T4 treatment
resulted in a transient decline of blood lipids (Fig. 2)
apart from triglycerides, whereas serum glucose and insulin were not significantly altered. The complement factors C3 and C4 showed a moderate, but significant
positive association with FT4 (Fig. 2).
General FT4-associated alterations of the plasma
metabolome

Treatment of the euthyroid male volunteers with L-T4
markedly affected the plasma metabolome, significantly
altering the levels of 65 out of 349 detected metabolites
(19%), of which 45 exhibited a positive and 20 a negative
association with serum FT4, respectively. The associated
metabolites represented diverse metabolite classes,
where lipids and related compounds encompassed the
largest portion of FT4-associated molecules (39 of 65

Fig. 2 Means with 95% confidence intervals for serum concentrations of selected biochemical parameters during the study periods. Corresponding
estimates from regression analyses are given in Table 1. bas baseline, w4(T4)/w8(T4) 4 and 8 weeks of levothyroxine treatment, w12/w16 4 and 8 weeks
after stopping the application
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present in the analysis panel). These could be
assigned to the following categories: free fatty acids
(FFAs), acyl carnitines (ACs), polyunsaturated fatty
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acids (PUFAs), lysophospholipids (LPs), and androgens. All results are summarized in Fig. 3 and
Additional file 2: Table S1.

Fig. 3 Heatmap of plasma metabolites significantly associated with free thyroxine (FT4) in mixed effect linear regression models. The first column
displays the values of the mean false discovery rate (FDR) for the FT4 effect across 101 subsamples coded in grey color. The other columns indicate the
mean log2-ratio from baseline (bas) compared to 4 (w4(T4)) and 8 (w8(T4)) weeks of treatment as well as 4 (w12) and 8 (w16) weeks after finishing the
treatment. The time course of the FT4 concentrations is shown on top of the map as reference. Orange shading denotes an increase and blue shading
a decrease compared to baseline, respectively. Derived physiological signatures are labeled on the left. The corresponding estimates and FDR values
from regression analysis can be found in Additional file 2: Table S1. Metabolites marked with a star were assigned based on in silico
fragmentation spectra
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A plasma metabolome signature indicating increased
resting energy expenditure and enhanced mitochondrial
fatty acid β-oxidation

Thyroxine treatment induced an increase in long chain
saturated as well as monounsaturated FFAs, which was
accompanied by elevated glycerol levels (Fig. 3). As demonstrated by Mitchell et al. [25], both Graves’ thyrotoxicosis and resistance to TH due to THRB mutations
(RTHβ) result in significantly increased resting energy
expenditure. Involved mechanisms include TH-stimulated
lipolysis in white adipose tissue, mediated by increased
local concentrations of catecholamines with successive
activation of adipocyte β-adrenergic receptors [26, 27].
Consistently, the ubiquitous increase of FFAs and glycerol
in plasma following L-T4 treatment observed in the
present study clearly indicates TH-triggered lipolysis in
white adipose tissue.
After transport into tissues highly active in respiration,
namely skeletal muscle as the major determinant of energy
expenditure in humans [28], and liver, FFAs are subjected
to mitochondrial β-oxidation that is also enhanced by TH.
This is mainly mediated by increased expression of CPT1
encoding carnitine palmitoyltransferase-I (CPT-1), which
represents a direct transcriptional target of T3-activated
TR [29]. In exchange with carnitine, acyl-carnitines are
translocated through the outer mitochondrial membrane
by CPT-1 [30]. Simultaneous TH-mediated up-regulation
of the gene encoding the final enzyme of carnitine biosynthesis, the γ-butyrobetaine hydroxylase, ensures the increased carnitine levels required for that, as demonstrated
in a rodent model [31]. The resulting enhanced activity of
the complete carnitine acyl-carnitine translocase system
explains the pronounced increase in short to medium
chain ACs in plasma observed in this study (Fig. 3), as a
fraction of the newly synthesized ACs spills from tissue in
the circulation, as reported earlier by Jourdan et al. [32].
Indeed, our results replicate the positive association between ACs and FT4 reported by this group for the
population-based KORA cohort study based on data from
1463 euthyroid individuals [32]. In contrast, a previous
patient-based study revealed no relation between plasma
AC profiles and the restoration of euthyroidism [33]. However, the value of the latter results might be limited by the
small sample size of six hyper- and hypothyroid individuals, respectively.
Augmented β-oxidation of FFAs causes increased
acetyl-CoA levels and stimulation of the TCA cycle, which
would be expected to finally trigger increased ATP production by oxidative phosphorylation. Indeed, accelerated
carbon flux through the TCA cycle was demonstrated in
human skeletal muscle in a short-term model of experimental thyrotoxicosis (Lebon et al. [34]) as well as in patients suffering from RTHβ (Mitchell et al. [25]). However,
ATP production by oxidative phosphorylation did not
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change under these conditions, which was explained by
increased uncoupling of respiration and ATP synthesis,
potentially caused by increased expression of UCP3
(SLC25A9) encoding the mitochondrial uncoupling protein 3 (Lebon et al. 2001; Mitchell et al. [25]). Less efficient
ATP generation in muscle might also explain our observation of increased creatine plasma levels (Fig. 2) under conditions of thyrotoxicosis, as the synthesis of the central
muscle energy storage compound phosphocreatine by
ATP-dependent creatine phosphorylation can be predicted
to be reduced by TH-induced mitochondrial uncoupling.
Enhanced systemic glucose utilization represents a further well-known consequence of increased energy expenditure under conditions of hyperthyroidism [29]. In the liver,
TH stimulate glycogenolysis and gluconeogenesis mainly
consuming gluconeogenic amino acids and glycerol while
down-regulating glycolysis, resulting in a higher hepatic
glucose output [35]. In this context, the already mentioned
strongly increased plasma glycerol pool under L-T4 treatment that is explained by stimulated lipolysis also represents a potential source for gluconeogenesis (Fig. 3). Our
did not support for the use of amino acids as a source for
TH-stimulated hepatic gluconeogenesis, partially in line
with results of the already mentioned population-based
KORA study [32]. However, the unaltered plasma levels of
gluconeogenic amino acids that were measured despite the
predicted increased demand after L-T4-treatment could be
caused by the enhanced renal amino acid recovery reported
for such conditions [36].
In skeletal muscle, TH induce expression of SLC2A4 encoding the glucose transporter GLUT4 as well as trafficking of GLUT4 to the plasma membrane [29]. Thus,
increased glucose uptake in peripheral tissues, namely the
muscle, might explain our observation that in spite of
increased hepatic glucose release the corresponding serum
concentrations were not significantly changed (Table 1).
However, besides glucose, glycogenolysis also produces
glucose-6-phosphate which subsequently can be converted to mannose [37]. Whether the increased plasma
mannose levels observed in our study (Fig. 3) reflect THstimulated glycogenolysis in liver or result from glycogen
breakdown in muscle remains unclear.
A plasma metabolome signature indicating augmented
defense against systemic oxidative stress

The strong positive FT4-association observed for γglutamyl amino acid (GGAA) levels represents one of the
novel findings of this study (Fig. 3). As elevated GGAA
levels were recently related to several types of liver damage
[38] and TH were furthermore demonstrated to represent
potent hepatic mitogens triggering hepatocyte turnover
[39], we first hypothesized that the observed increase during thyrotoxicosis might also result from hepatocellular
lysis. However, determination of the classical laboratory
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markers for liver damage, namely ALT, AST, and GGT
activities in serum, did not support this hypothesis.
GGAA synthesis by transfer of the glutathione (GSH)
glutamyl moiety to free amino acids is catalyzed by γglutamyl transpeptidase (GGT) as part of the γ-glutamyl
cycle (GGC). As the GGT catalytic center is localized at the
extracytoplasmic side of the hepatocyte membrane, this
represents the site of γ-glutamyl amino acid production,
which is strongly determined by the availability of GSH
[40]. The rate-limiting step in GSH biosynthesis is catalyzed
by the heterodimeric glutamate-cysteine ligase consisting of
a heavy catalytic and a light regulatory subunit. Expression
of GCLC and GCLM encoding the two subunits of the enzyme is induced by transcriptional up-regulation via NRF2,
the redox-sensitive key regulatory transcription factor of
the major cellular defense system against oxidative stress
[41]. Strikingly, hepatic activation of the NRF2 regulon by
TH-induced production of reactive oxygen species due to
increased respiration was demonstrated in rodent models
[42, 43]. Similarly, a stimulatory effect of TH on the GGC
resulting in improved antioxidant capacity was shown in
astrocytes [44]. Thus, it seems plausible that the increase in
plasma GGAA levels under conditions of thyrotoxicosis
observed in this study reflects the NRF2-mediated induction of GSH synthesis as part of the systemic network antagonizing pronounced oxidative stress as a consequence of
FT4-stimulated respiration.
Our study further revealed an FT4-associated increase in
n3 and n6 plasma PUFAs and a drop in LPs (Fig. 3), partially replicating findings from other recent metabolome
analyses [17, 32, 45]. Indeed, the LPs displayed opposite
associations, depending on the presence of either choline
(lysophosphatidylcholine (LPC); positively associated) or
ethanolamine (lysophosphatidylethanolamine (LPE); negatively associated) as the head group (Fig. 3).
Previous animal studies demonstrated a direct negative
effect of TH on the hepatic PUFA content [46–48], wherein
PUFAs were depleted under hyperthyroid conditions. It
was supposed that TH initiate remodeling of mitochondrial
membranes resulting in a decrease of PUFA-containing
phosphatidylcholines. As saturated FAs are less prone to
peroxidation, this was interpreted as an adaptive mechanism contributing to the protection of mitochondrial
membranes against enhanced oxidative stress forced by
TH-induced up-regulation of respiration [46, 47]. Thus,
PUFA release from mitochondrial membranes might be
reflected in the observed increased plasma PUFA levels.
The negative association between serum FT4 and plasma
LPEs represents an additional novel finding of this study
(Fig. 3). Previous analyses of rodent hyperthyroidism
models [49, 50] revealed enhanced incorporation of phosphatidylethanolamine (PE) in mitochondria of liver [50] and
brain [49]. Augmented PE utilization might explain the observed plasma decrease of PE metabolites, namely the LPEs.
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Discordant changes in classical and novel markers of
kidney function under thyrotoxicosis

As outlined above, increased plasma creatine levels under
conditions of thyrotoxicosis most likely reflect decreased
creatine phosphorylation in skeletal muscle due to pronounced uncoupling of respiration and ATP synthesis. By
contrast, we observed decreased plasma levels of the creatine catabolite creatinine in this study (Fig. 3), which could
be explained by increased renal clearance of creatinine,
possibly above the general glomerular filtration rate [51].
Both findings were previously described for hyperthyroidism [52, 53]. Thus, a reliable estimation of the glomerular
filtration rate based on creatinine might be biased and hampers the interpretation of kidney function in thyroid disease.
Similar holds true for CYTC, the second common circulating marker for kidney function, which was strongly elevated
by L-T4 treatment in our study, a finding in line with
previous results of hyperthyroidism studies [54, 55]. Very
recently, novel promising markers for kidney function estimation were published using a similar metabolomics approach as in this study [56], namely C-mannosyltryptophan
and pseudouridine. In contrast to creatinine and CYTC,
none of these markers was altered to a similar extent in the
present study (Additional file 2: Table S1), suggesting that
the observed changes in creatinine and CYTC levels are
metabolically driven and to a lesser extent due to altered
kidney function. Thus, novel markers of kidney function
such as C-mannosyltryptophan and pseudouridine may be
advantageous under conditions of thyrotoxicosis.
Thyrotoxicosis increases plasma asymmetric
dimethylarginine (ADMA) levels

We observed increased plasma levels of methylated arginine (as the sum of ADMA and symmetric dimethylarginine)
under L-T4 treatment, while the levels of its catabolite citrulline decreased (Fig. 3). A positive association between
TH levels and circulating ADMA was previously reported
in epidemiological studies and under conditions of hyperthyroidism [57–60]. ADMA was suggested as a severe risk
factor for cardiovascular disease (for review see [61]),
mainly as it directly inhibits endothelial nitric oxide
synthase (NOS), thereby impairing NO-dependent
vasodilation and favoring hypertension. ADMA is generated as a putative by-product of pronounced systemic
proteolysis [62], which is known to be triggered by TH
excess [63]. Therefore, the increased plasma levels of
leucine, isoleucine, and their degradation intermediate
2-methylbutyrylcarnitine in the present study (Fig. 3)
might indicate pronounced FT4-associated protein
catabolism. The products of dimethylarginine
dimethylaminohydrolase-catalyzed ADMA degradation,
citrulline, and dimethylamine, are subsequently cleared
by the kidneys [64]. At least one study using a murine
model [65] described an inhibitory effect of prolonged
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T3 treatment on dimethylarginine dimethylaminohydrolase in the liver. Thus, our novel observation of an
FT4-associated ADMA/symmetric dimethylarginine increase and citrulline decrease in plasma may indicate
TH-induced suppression of ADMA catabolism leading
to its systemic accumulation. In sum, augmented production as well as reduced decomposition of ADMA
might therefore contribute to its increased plasma
levels under conditions of thyrotoxicosis.
Thyrotoxicosis-induced elevated ADMA levels are predicted to mediate increased blood pressure by NOS inhibition [57–59]. The notion that TH directly affect vascular
smooth muscle cells causing vascular relaxation and
dilatation [66, 67] seemingly contradict the above discussed findings. However, it appears that the described
TRα-dependent, non-genomic activation of endothelial
NOS via the PI3/AKT-pathway is only present at very high
TH concentrations [68, 69], which were not observed in
the present study.
General FT4-associated alterations of the plasma proteome

Using an untargeted shotgun-LC-MS/MS-approach, our
proteome study demonstrated two major general categories
of proteins exhibiting FT4-associated plasma levels, namely
the higher abundant actively secreted proteins predominantly originating from the liver and representing the majority of detected proteins and, in addition, leakage proteins
whose presence in the circulation is predicted to result
from cell lysis. The latter comprised only 3% of the total
protein intensity. Similar to the metabolome, the levels of
63 out of 437 detected proteins (14%) exhibited significant
associations with FT4 (Additional file 2: Table S2). The
majority (N = 47) was positively associated, whereas about
one fourth (N = 16) demonstrated a negative association
with serum FT4. SHBG and CYTC, which are known to be
altered in thyroid dysfunction, were among the strong
positively FT4-associated proteins. The changes in the levels
of both proteins as determined by MS were similar to those
measured with standard laboratory assays (Additional file 1:
Figure S3). Of note, we observed no significant alterations
of the major TH transport proteins thyroxine-binding
globulin (SERPINA7) and thyroid-hormone binding protein
transthyretin. The results are summarized in Fig. 4 and
Additional file 2: Table S2.
A plasma proteome signature indicating decreased
lipoprotein particle levels during thyrotoxicosis

TH-dependent alterations in the levels of apolipoproteins
and different lipid-rich particles were reported previously
[70–73]. In line with these findings, we observed a significant drop in the plasma levels of apolipoproteins APOB
(apoB-100), APOD, and APOC3 (apoCIII) during the peak
of induced thyrotoxicosis, where APOD exhibited the
strongest association (Fig. 4 and Additional file 2: Table S2).
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The apoB100 protein represents the primary apolipoprotein of VLDL and LDL particles essentially mediating
systemic transport of lipids including cholesterol to peripheral tissues in the context of the fuel and overflow
transport pathways, respectively, and is the primary ligand
of the low-density lipoprotein receptor (LDL-R) [74].
Peripheral as well as liver-specific LDL particle uptake via
apoB100-dependent LDL-R binding and endocytosis is
promoted by TH, as LDLR encoding this receptor represents a direct TR target and is additionally upregulated by the transcriptional regulator SREBP-2,
which, in turn, is also induced by TH at the gene expression level [75–77]. Thus, the decreased apoB100
abundance under conditions of thyrotoxicosis represents a direct consequence of TH-stimulated LDL uptake from the circulation.
APOD is primarily associated with HDL particles mediating reverse cholesterol transport (RCT) from peripheral
tissues to the liver. It represents an atypical apolipoprotein
and belongs to the family of lipocalin proteins which
transport small hydrophobic ligands [78]. TH stimulate
the RCT by increasing the expression of several genes
involved in cholesterol metabolism, among them SCARB1
encoding the multiple-ligand binding scavenger receptor
class B member 1 (SRB1), which is responsible for the
binding of cholesterol enriched HDL particles in numerous cell tissues, namely liver and adrenal [79]. Therefore,
the observed drop in APOD plasma levels can be explained by TH-stimulated HDL particle binding as part of
the activated RCT.
The apoCIII protein is localized on the surface of mature
triglyceride-rich chylomicrons and VLDL particles as well
as HDL particles contributing to the fuel transport and the
RCT pathways, respectively [74]. Uptake of VLDL particles
is mediated by the VLDL receptor that binds APOE, a further apolipoprotein found in chylomicrons. Expression of
the gene encoding this receptor was demonstrated to be
under positive TH control in a rodent model [80]. Therefore, the decreased apoCIII levels observed in our study
during thyrotoxicosis are explained by TH-mediated upregulation of the genes encoding VLDL receptor and SRB1.
The TH-induced drop in the plasma levels of apolipoproteins belonging to different classes is consistent with
the observed significant TH-associated transient reductions in the plasma levels of HDL-cholesterol, LDLcholesterol, and total cholesterol as determined by
standard clinical assays (Table 1 and Fig. 2).
A plasma proteome signature indicating augmented
coagulation during thyrotoxicosis

The positive association between blood coagulation and
TH concentrations is well known. In line with the predominantly clinical studies published so far on this topic
[81–85], our proteome analysis demonstrated several
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Fig. 4 Heatmap of plasma proteins significantly associated with free thyroxine (FT4) in mixed effect linear regression models. The first column
displays the values of the mean false discovery rate (FDR) for the FT4 effect across 101 subsamples of the data coded in grey color. The other
columns indicate the mean log2-ratio from baseline (bas) compared to 4 (w4(T4)) and 8 (w8(T4)) weeks of treatment as well as 4 (w12) and 8
(w16) weeks after finishing the treatment. The time course of FT4 concentrations is shown on the top of the map as reference. Orange shading
denotes an increase and blue shading a decrease compared to baseline, respectively. Derived physiological signatures are labeled on the left.
The corresponding estimates and FDR values from regression analysis can be found in Additional file 2: Table S2

proteins involved in the coagulation cascade to exhibit
FT4-associated plasma levels (Fig. 4); these findings have
been published separately [86]. In short, we were able to
demonstrate that experimental thyrotoxicosis increases

the levels of coagulation cascade proteins in plasma,
supporting a positive impact of TH on blood coagulation
even at non-pathological levels. Coagulation factor XIII
B chain (F13B) and the factors IX (FA9) and XI (FA11)
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exhibited significantly increased levels under thyrotoxicosis conditions, as well as SERPINA5 (IPSP), an inhibitor of activated protein C. As the latter inhibits clot
formation, increased levels of its inhibitor SERPINA5
and of factors XIIIB, IX, and XI can be predicted to result in a prothrombotic, hypercoaguable environment, in
accordance with the aforementioned findings from
clinical studies [81–85]. For factors XIIIB and IX, the increased plasma levels after L-T4-treatment were independently validated by ELISA techniques [86]. The
molecular mechanism(s) underlying the increased levels
of these proteins are currently not clear and cannot be
clarified by our study design. Plausible hypotheses might
be a TH-stimulated increase of their stability in plasma
or enhanced expression of their encoding genes. The
recently published finding of unaltered coagulation
parameters in RTHβ patients despite elevated FT4
levels favors the latter hypothesis and suggests that the
procoagulant effects observed under conditions of
thyrotoxicosis and hyperthyroidism are mediated via
TRβ [87].
A plasma proteome signature indicating increased
complement system plasma protein levels

Nine proteins of the complement system were positively
associated with FT4, including mannose-binding protein
C (MBL2) and mannan-binding lectin serine protease 2
(MASP2). Additionally, the complement-factor H-related
proteins CFHR1 and CFHR5 as binding proteins of complement component C3b showed a positive association
with serum FT4 (Fig. 4). Consistently, although the C3
protein barely missed statistical significance in the proteome analysis (Additional file 2: Table S2), higher abundance of C3 as well as C4 was determined by standard
laboratory assays (Table 1 and Fig. 2). In addition, our metabolome analysis detected one C3 fragment (HWESASLLR) [88] mirroring the positive association (Fig. 3).
Similarly, clinical studies [84, 89, 90] reported positive associations between complement system proteins and TH
levels. Of note, the duration of hyperthyroidism might be
crucial in this context, since a short-term model of experimental thyrotoxicosis revealed no significant C3 level
alterations [84]. Data explaining the impact of TH on the
complement system proteins, which originate primarily
from the liver, are scarce. Previous studies demonstrated
that MBL2 encoding mannose-binding lectin, an early
module of the lectin pathway in the complement system
that exhibited increased plasma levels under thyrotoxicosis conditions in our study, represents a direct PPARα
target [91, 92]. As PPARα belongs to those transcriptional
co-regulators interacting with TH-ligated TR [29], it may
be speculated that a corresponding TH-mediated
induction of MBL2 expression causes the observed plasma
level increase, which might also hold true for other
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complement system proteins. However, in mice, the fact
that several analyses of the hepatic transcriptome in different murine models before and after T3 application failed
so far to demonstrate convincingly differentially expressed
genes encoding complement system proteins [65, 93–95]
argues against a TR-dependent regulation at the mRNA
level. Future analyses involving TH-treated primary
human hepatocytes might represent a promising approach
to clarify the molecular mechanism(s) underlying the observed plasma level alterations of complement system
proteins.
Differences in response profiles and effect magnitudes

Different kinetic patterns as well as mean magnitude sizes
were observed for several associated molecule categories
(Figs. 3 and 4): ACs exhibited an invariable response during
the complete study period whereas the levels of long-chain
FAs further increased between 4 and 8 weeks (Fig. 3). In
contrast, complement system proteins reached their maximal mean levels after 4 weeks of L-T4 treatment followed
by a moderate decline after 8 weeks (Fig. 4). Timedependent alterations were also evident in the magnitudes
of the detected effects. For instance, lipid species demonstrated an almost two-fold increase, whereas the levels of
complement system proteins increased only moderately
(~30%). Despite these differences, all associations were
most likely mediated by L-T4 treatment as they were captured by the mixed-effect linear regression models.
A biomarker-based signature to predict thyroid function

Our approach of a precisely controlled transient increase in
systemic TH levels in healthy male volunteers allowed
characterizing effects clearly and unambiguously based on a
defined duration and dose of thyroxine. As we deliberately
searched for a clinically relevant and yet unmet diagnostic
approach to classify TH status without using TSH and/or
free TH, we combined the data generated by the untargeted
OMICS techniques in a classification model. For this purpose, we built a random forest classifier via a two-stage
cross-validation procedure (see Methods and Additional file
1: Figure S1), thereby allowing for a more realistic estimation of the generalization of the random forest than
conventional k-fold cross-validation. This is exemplarily
demonstrated by the ROC curves (Fig. 5), which were
obtained when both situations occurred, perfect (AUC = 1)
as well as fair (AUC = 0.75) classification neither representing the expected general performance. Additionally, the approach chosen here allowed for combining classification
with feature selection to define a small set of biomarkers
among the numerous FT4-associated molecules described
above. We obtained a list comprising 15 metabolites and
proteins (Fig. 5, left panel) exhibiting robust and good classification performance over all 30 validation runs (mean
AUC = 0.86; Fig. 5, right panel) and therefore representing
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Fig. 5 Final results from classification analyses using random forests in a two-stage cross-validation scheme with 50 inner and 30 outer loops
(Additional file 1: Figure S1). Left panel: Fifteen most important metabolites/proteins ranked by a weighted (area under the curve) mean Gini
index. Right panel: Receiver operating characteristic (ROC) curves (upper) and boxplot of the area under the curve (lower) from 30 outer loops.
Overlapping ROCs are displayed by darker shades and the diamond indicates the mean AUC. CADH5 cadherin-5, FHR5 complement factor
H-related protein 5, F13B coagulation factor XIII B chain, LUM lumican, VASN vasorin

appropriate biomarkers for a reliable prediction of the TH
status. Of this biomarker panel, most components were
already discussed above in the context of different physiological signatures, namely increased resting energy expenditure and enhanced mitochondrial fatty acid β-oxidation
(decanoylcarnitine, octanoylcarnitine, hexanoylcarnitine,
laurylcarnitine), increased GSH synthesis as part of the augmented defense against oxidative stress as a consequence of
stimulated respiration (γ-glutamylvaline, γ-glutamylleucine,
γ-glutamylmethionine), and increased levels of complement
system (FHR5) or coagulation (F13B) proteins.
Cadherin-5 (CDH5), also named VE-cadherin, represents
a calcium-dependent adhesion protein specific to endothelial cells and is a major component of adherens junctions
found in blood vessels. It is essentially involved in the
regulation of vascular integrity, restricting permeability of
the endothelium [96]. Shedding of CDH5 by proteinases increases microvascular permeability and is one of the molecular mechanisms involved in transendothelial neutrophil
migration during inflammatory processes and endothelial
apoptosis [97]. CDH5 shedding is mediated by two proteinases of the ADAM (A Disintegrin And a Metalloprotease
domain metalloproteases) family, namely ADAM9 and
ADAM10 [98], where the proteolytic activity of ADAM10
is stimulated by thrombin (coagulation factor 2, F2a) [99].
Therefore, the observed increased levels of circulating

CDH5 most probably result from stimulated thrombin activation under the prothrombotic thyrotoxicosis-associated
conditions described above.
A similar explanation can be found for the increased
vasorin (VASN) levels – VASN is a typical type I membrane protein that was identified as target of the ADAM17
metalloprotease. Limited proteolysis by ADAM17 generates a soluble fragment encompassing the extracellular
VASN domain, which directly binds to transforming
growth factor (TGF)β and attenuates TGFβ signaling
[100]. As in the case of ADAM10, ADAM17-dependent
shedding has been demonstrated to be stimulated by
thrombin [101]. Consistently, the three CDH5-specific
peptides as well as the six VASN-specific peptides that
were detected in the proteome analysis exclusively
mapped to the extracellular domains of the two proteins.
Therefore, together with CFHR5, CDH5, and VASN can
be assigned to the signature of increased levels of coagulation factors.
The plasma level of cysteine was previously reported to
be decreased by TH-treatment via direct down-regulation
of the expression of CTH and CBS encoding cystathionine
gamma-lyase and cystathionine beta-synthase, respectively
[102]. This might explain the pronounced negative association between the plasma levels of cysteine as well as its
metabolite 4-amino-2-hydroxybutyrate and FT4 in our
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study (Fig. 3). Threonate, which is either derived from glycated proteins or represents a degradation product of
ascorbate [103], was previously linked to altered thyroid
function in two murine models [45, 104], but not yet in
humans.
Finally, lumican (LUM) represents an extracellular matrix
protein modified as a proteoglycan in several tissues. The
core protein with leucine-rich repeats that are characteristic
for the corresponding superfamily binds collagen fibrils and
regulates its structure. In addition, LUM associates with
CD14 on the surface of macrophages and neutrophils and
promotes the CD14-TLR4 mediated response to bacterial
lipopolysaccharides where it is involved in macrophagemediated phagocytosis [105–107]. LUM is proteolytically
degraded by matrix metalloproteinase (MMP) 14 [108],
whose encoding gene MMP14, among several other genes
encoding MMPs, was demonstrated to be down-regulated
by TH [109]. Thus, the observed increase in plasma LUM
levels might be the consequence of its decreased degradation due to TH-mediated reduced MMP14 expression.

Conclusion
The unique feature of the present study is its specific experimental design. By focusing on healthy young male volunteers
we excluded any potentially interfering, disease-specific influences related, for example, to the autoimmune process in
Graves’ thyrotoxicosis. This approach allows to control the
extent and duration of biochemical hyperthyroidism induced
by thyroxine as one of the most prescribed drugs and to
monitor its recovery, thereby enabling unique insights into
the kinetics of subjective changes experienced by the volunteers in relation to the biochemical changes measured.
Application of L-T4 clearly induced biochemical thyrotoxicosis in our volunteer sample as indicated by strongly
suppressed TSH and clearly increased TH levels, which
were rapidly reversed after ceasing hormone application.
The model was further validated by known thyrotoxic alterations in biochemical markers, including SHBG, CYTC,
and total and LDL-cholesterol [12, 13, 55].
Interestingly, as described in a previous study analyzing the same volunteer sample, subjectively the volunteers did not notice any thyrotoxic symptoms, which
was supported by the negative results of a standardized
questionnaire for thyrotoxicosis and a battery of behavioral and cognitive tests [24]. A 24-h blood pressure profile before and at the end of 8 weeks of thyroxine
application was not significantly different, neither when
analyzed over 24 h or during sleep between 01:00 and
06:00 am [24]. In contrast, comparison of the mean 24-h
pulse rates revealed a moderate increase of about 8.9
beats/minute (from 66.7 to 75.6 beats/minute), which
was not recognized by the volunteers [24].
L-T4 application clearly changed a large number of biochemical parameters beyond the expected alterations in
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TSH and TH levels or in known biochemical markers. The
combined findings reveal a surprising discrepancy between
biochemical alterations and subjective symptoms in this cohort of young healthy subjects and shed new light on the
mechanisms mediating adaptation to subclinical hyperthyroidism. They suggest that biochemical alterations might be
detectable considerably earlier than clinical symptoms
occur and are much more sensitive. In consequence, the
diagnosis of thyrotoxicosis in clinical routine might frequently miss the real onset time of the disease by several
months.
The comprehensive robust analysis of a human thyrotoxicosis model using state of the art untargeted plasma
OMICS approaches demonstrated a strong and pleiotropic
metabolic impact of TH on this compartment. The characterized physiological signatures comprised biomarkers indicating increased resting energy expenditure, augmented
defense against systemic oxidative stress, decreased lipoprotein particle levels, and increased levels of complement system proteins as well as coagulation factors, where the latter
results in a pro-thrombotic environment. Measurement of
15 specific biomarkers, metabolites as well as proteins,
allowed reliable prediction of the individual thyroid function in the analyzed sample independent of common TSH
and FT4 measurements. In addition, by following the subjects during the recovery from thyrotoxicosis we gained
first insight in the target-specific kinetics of TH-dependent
responses. The definition of this prediction panel might
represent an important step forward in molecular
characterization of early forms of hyperthyroidism.
However, it has to be emphasized that the analyzed study
sample consisted exclusively of young men, limiting the
generalizability of the results. Therefore, further validation
studies using larger samples of higher complexity in terms
of age and sex as well as hypothyroid conditions have to be
performed. Similarly, our findings concerning the influence
of increased TH levels on kidney function markers and
systemic ADMA levels that might be of special clinical
importance have to be replicated in appropriate patient cohorts and/or population-based studies where the required
parameters are available.

Additional files
Additional file 1: Figure S1. Flowchart of the classification procedure.
Each outer loop started with splitting off the validation data from the
remaining data that were further divided in a training set and a test set at
each start of a training period. The training set was used to build a random
forest (RF) exploiting all metabolites/proteins as features. Predictions were
made on the test set and RF performance was assessed by the area under the
curve (AUC) while feature importance was measured as the Gini index.
Training was repeated on i different splits of data and an AUC-weighted mean
Gini index was computed for all features. Afterwards, a new RF restricted to
the top k features (those with the highest mean Gini index) was built. It was
trained on the combination of training and test data and employed to classify
the validation data. The described procedure was repeated j-times, once more
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yielding an AUC-weighted mean Gini index for feature importance. The final
results of this procedure with i = 50, j = 30 and k = 15 are shown in Fig. 4 in
the main text. Figure S2. Boxplots for each study time point for glucose and
total cholesterol levels measured either by standard laboratory assays (dark
grey) or by metabolomics (light grey). bas baseline, w4(T4)/w8(T4) 4 and
8 weeks of levothyroxine treatment; w12/w16 4 and 8 weeks after stopping
the application. Figure S3. Boxplots for each study time point for sexhormone- binding globulin (SHBG) and cystatin C levels determined either by
standard laboratory assays (dark grey) or in the untargeted proteome approach (light grey). bas baseline, w4(T4)/w8(T4) 4 and 8 weeks of levothyroxine
treatment, w12/w16 4 and 8 weeks after stopping the application. (DOCX 580
kb)
Additional file 2: Table S1. Results from mixed-effect linear regression
analyses with serum FT4 concentrations as exposure and metabolites as
outcome. Table S2. Results from mixed-effect linear regression analyses
with serum FT4 concentrations as exposure and protein levels as
outcome. (XLSX 88 kb)
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Aims

MicroRNAs (miRNA) are important non-coding modulators controlling patterns of gene expression. However,
profiling and validation of circulating miRNA levels related to adverse cardiovascular outcome has not been performed in patients with an acute coronary syndrome (ACS).

...................................................................................................................................................................................................
Methods
In a multicentre, prospective ACS cohort, 1002 out of 2168 patients presented with ST-segment elevation myocardial
and results
infarction (STEMI). Sixty-three STEMI patients experienced an adjudicated major cardiovascular event (MACE, defined
as cardiac death or recurrent myocardial infarction) within 1 year of follow-up. From a miRNA profiling in a matched
derivation case–control cohort, 14 miRNAs were selected for validation. Comparing 63 cases vs. 126 controls, 3
miRNAs were significantly differentially abundant. In patients with MACE, miR-26b-5p levels (P = 0.038) were
decreased, whereas miR-320a (P = 0.047) and miR-660-5p (P = 0.01) levels were increased. MiR-26b-5p has been suggested to prevent adverse cardiomyocyte hypertrophy, whereas miR-320a promotes cardiomyocyte death and apoptosis, and miR-660-5p has been related to active platelet production. This suggests that miR-26b-5p, miR-320a, and miR660-5p may reflect alterations of different pathophysiological pathways involved in clinical outcome after ACS.
Consistently, these three miRNAs reliably discriminated cases from controls [area under the receiver-operating characteristic curve (AUC) in age- and sex-adjusted Cox regression for miR-26b-5p = 0.707, miR-660-5p = 0.683, and miR320a =0.672]. Combination of the three miRNAs further increased AUC to 0.718. Importantly, addition of the three
miRNAs to both, the Global Registry of Acute Coronary Events (GRACE) score and a clinical model increased AUC
from 0.679 to 0.720 and 0.722 to 0.732, respectively, with a net reclassification improvement of 0.20 in both cases.

...................................................................................................................................................................................................
Conclusion
This is the first study performing profiling and validation of miRNAs that are associated with adverse cardiovascular
outcome in patients with STEMI. MiR-26b-5p, miR-320a, and miR-660-5p discriminated for MACE and increased
risk prediction when added to the GRACE score and a clinical model. These findings suggest that the release of
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specific miRNAs into circulation may reflect the activation of molecular pathways that impact on clinical outcome
after STEMI.
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Introduction
MicroRNAs (miRNAs), a class of non-coding RNAs, are important
post-transcriptional modulators.1 Recently, experimental studies
demonstrated that circulating miRNAs are involved in cell-to-cell
communication. As miRNAs are bound to transport proteins or
encapsulated in microvesicles and exosomes, they are protected
from degradation and can be reliably measured in plasma samples.2,3
Differences in miRNA levels between healthy subjects and patients
with acute coronary syndrome (ACS)4 indicate that miRNAs may
serve as biomarkers predicting outcome beyond the currently used
scores in patients presenting with ACS and unravel molecular pathways involved in the disease.
We aimed to assess changes in miRNA levels in ST-segment elevation myocardial infarction (STEMI) patients that are associated with
cardiovascular outcome. Differential expression levels of miRNAs
may lead to improving our understanding of pathophysiological
mechanisms that are related to clinical outcomes in this patient
population.

Methods
All experimental procedures and computational analyses are described in
detail in Supplementary material online.

Results
The study population included STEMI patients with available EDTAplasma sample (n = 1002) derived from a previously described multicentre, prospective ACS-cohort (NCT01000701).5

Derivation cohort
To detect whether miRNAs are associated with cardiovascular outcome in patients presenting with STEMI (Figure 1A), a miRNA profiling was conducted in plasma samples from patients with a major
adverse cardiovascular event (MACE, defined as cardiac death or
recurrent myocardial infarction) and without a MACE within 1-year
follow-up. Patients with confounding variables known to influence
miRNA levels (see Supplementary material online, Table S1) were
excluded. Cases with MACE and controls without MACE were
matched (see Supplementary material online, Table S2) according to
age, gender, symptom onset to balloon angioplasty time, and dualantiplatelet therapy. Using a miRNA-profiling approach, 752 miRNAs
were assessed with the miRCURY LNATM Universal RT miRNA
PCR Human panel I þ II (Exiqon, Vedbaek, Denmark). The 752
miRNAs comprise miRNAs that were—based on array, qPCR, and
published literature data—most consistently expressed. We identified 92 miRNAs in all samples, with an average of 290 miRNAs

..
.. detectable per sample. Differences of miRNA levels between cases
.. (n = 7) and controls (n = 7) were found for 15 miRNAs (P < 0.05;
..
.. Supplementary material online, Table S3). MiRNAs detected in <10
.. samples (miR-663a, miR-27a-3p, and miR-211-5p) were excluded
..
.. from further analysis. Due to their known role in cardiomyocyte
.. apoptosis and adverse hypertrophy, miR-320a6 and miR-150a7 were
..
.. included. Finally, 14 miRNAs were carried over to the validation
.. phase. Baseline characteristics and medication of the derivation
..
.. cohort are shown in Supplementary material online, Tables S4 and S5.
..
..
..
.. Validation cohort
..
.. For validation of differentially abundant miRNAs, we conducted a
.. case–control study in 1002 STEMI patients from the multicentre,
..
.. prospective SPUM-ACS-Cohort. The 14 miRNAs identified in the
.. screening phase were investigated in 63 cases and 126 matched con..
.. trols. Patient characteristics and medication are shown in
.. Supplementary material online, Tables S6 and S7. Cases were older
..
.. and presented more frequent with renal failure, whereas controls
.. had higher cholesterol levels. The other variables, including medica..
.. tion, showed no significant differences. Of note, the comparison of
.. baseline characteristics and medication did not reveal significant dif..
.. ferences between the validation and derivation cohort
.. (Supplementary material online, Tables S8 and S9). In addition, no sig..
.. nificant differences were found between storage time of case and
.. control samples in the derivation (P = 0.235) and validation (P = 0.
..
.. 815) cohort.
..
Out of 14 miRNAs, 9 miRNAs were reliably detected in the major..
.. ity of samples. Of note, UniSp6 that was used as a spike-in control for
.. cDNA synthesis showed no difference between samples.
..
..
Levels of three miRNAs, miR-26b-5p, miR-660-5p, and miR-320a,
.. differed in cases as compared with controls (all P < 0.05, Welch’s t..
.. test, Benjamini–Hochberg corrected). Patients experiencing MACE
..
.. had lower levels of miR-26b-5p, but higher levels of miR-660-5p and
.. miR-320a (Figure 1B).
..
To test the association of miR-26b-5p, miR-660-5p, and miR..
.. 320a with MACE, we calculated the area under the receiver..
.. operating characteristic curves (AUC) (Figure 1C) of Cox regres.. sion models. MiR-26b-5p (AUC 0.707), miR-660-5p (AUC
..
.. 0.683), and miR-320a (AUC 0.672) discriminated patients with
.. MACE from patients without MACE. Importantly, combination of
..
.. these three miRNAs yielded an increased AUC of 0.718. Of note,
.. high-sensitivity troponin T (AUC 0.666) and pro B-type natriu..
.. retic peptide (pro-BNP) (AUC 0.674) showed lower discrimina.. tory power as compared with the three miRNAs (Figure 1C). We
..
.. further assessed whether miR-26b-5p, miR-660-5p, and miR.. 320a may add predictive value to a clinical model (hypertension,
..
.. diabetes mellitus, smoking, hypercholesterolemia, previous myo.. cardial infarction, and family history of coronary artery disease)
..
. or the Global Registry of Acute Coronary Events (GRACE)-
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A

B

C

D

Figure 1 (A) Study design and workflow. Cases are patients who experienced a major cardiovascular event (defined as cardiac death or recurrent
myocardial infarction) within 1 year; controls did not experience a major cardiovascular event within 1 year. (B) Fourteen miRNAs identified in the
miRNA-profiling from the derivation cohort were analysed in the validation phase. In the validation cohort (cases, n = 63; controls, n = 126), miR26b-5p, miR-660-5p, and miR-320a were significantly (P < 0.05) differently abundant between cases and controls after Welch’s t-test and Benjamini–
Hochberg correction. Since fold-changes (log2) are calculated for dCt-values, negative fold-changes imply higher miRNA levels in cases as compared
with controls. (C) Area under the receiver-operating characteristic curve values for miRNAs and biomarkers when classifying cases vs. controls in
Cox regression models adjusted for sex and age. MiR-26b-5p (area under the receiver-operating characteristic curve 0.707), miR-660-5p (area under
the receiver-operating characteristic curve 0.683), and miR-320a (area under the receiver-operating characteristic curve 0.672) reliably discriminate
cases from controls. Combination of the three miRNAs enhances discriminatory power to an area under the receiver-operating characteristic curve
of 0.718. (D) Addition of miR-26b-5p, miR-660-5p, and miR-320a increases the predictive value of the Global Registry of Acute Coronary Events
score and a clinical model. Shown are area under the receiver-operating characteristic curve and net reclassification improvement for the clinical
model and the Global Registry of Acute Coronary Events score with and without the three miRNAs. CI, confidence interval; hsTNT, high-sensitivity
troponin T; pro-BNP, pro B-type natriuretic peptide.

Score (Figure 1D). MiR-26b-5p most profoundly increased AUC,
whereas miR-660-5p and miR-320a showed only a moderate or
no increase in AUC (Figure 1D). Addition of the three miRNAs to
a clinical model or the GRACE score, however, further moderately increased AUC from 0.722 to 0.732 and 0.679 to 0.720,
respectively. Comparing the GRACE score to the miRNAextended GRACE score and the clinical model to the miRNAextended clinical model directly yielded the highest increase for
miR-26b-5p (NIR for miR-26b-5p-extended GRACE score= 0.16; NIR for miR-26b-5p-extended clinical model = 0.11) when
miRNAs were assessed individually and a further moderately
increased net reclassification improvement (NRI) of 0.2 in both

..
..
..
..
..
..
..
..
..
..
..
..
..
..
..
..
..
..

cases when the three miRNAs were combined (Figure 1D). After
integration of renal function (estimated glomerular filtration rate
(eGFR)) in the miRNA-extended clinical model, the NRI
remained
significantly
increased
(NRI
of
clinical
model þ eGFR þ (miR-26b-5p þ miR-660-5p þ miR-320a) = 0.17
[95% confidence interval (CI) 0.15–0.19)]. In addition, when the
analysis was limited to cases only used in the validation cohort,
the added prognostic value of the three miRNAs remained significant [NRI for clinical model þ (miR-26b-5p þ miR-320a þ miR660-5p) = 0.16 (95% CI, 0.14–0.18); NRI for GRACE
score þ (miR-26b-5p þ miR-320a þ miR-660-5p) = 0.16 (95% CI,
0.14–0.19)].
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Discussion
This is the first study that performed profiling and validation of
miRNAs that are associated with adverse cardiovascular outcome
using a large multicentre, prospective ACS cohort. We identified
three miRNAs (i.e. miR-26b-5p, miR-660-5p, and miR-320a) that discriminate patients experiencing MACE from those without it within
the first year after STEMI. As these miRNAs have been reported as
modulators of adverse cardiac hypertrophy,8 cardiomyocyte apoptosis,6 and active platelet count9 in experimental studies, our findings
shed light onto a miRNA-mediated modulation of molecular pathways that may be related to adverse clinical outcomes.
Previous studies focused on selected and mostly cardiac-derived
miRNA panels or examined surrogate outcomes. We conducted an
miRNA profiling of 752 miRNAs in a derivation cohort to identify
miRNAs that are related to adjudicated MACE (defined as cardiac
death or recurrent myocardial infarction). Validation in a matched
case–control design involving 63 patients with MACE identified three
miRNAs (miR-26b-5p, miR-660-5p, and miR-320a) that are differentially abundant between cases and controls. A decreased level of
miR-26b-5p and higher levels of miR-660-5p and miR-320a were
detected in patients experiencing a MACE. Interestingly, experimental studies suggest that these three miRNAs are involved in pathophysiological mechanisms relevant for cardiovascular outcome.
Overexpression of miR-26b-5p reduced cardiac hypertrophy in an
experimental transverse aortic constriction model in vivo.8
Therefore, it is conceivable that lower miR-26b-5p levels in our study
predict MACE. Elevated levels of circulating miR-320a as observed in
patients with MACE in our study have previously been reported in
cardiac tissues derived from end-stage heart failure as compared with
control samples.10,11 Interestingly, overexpression of miR-320
increased cardiomyocyte apoptosis, potentially through the inhibition
of heat-shock protein 20.6 For miR-660, overexpression of miR-660
increased production of active platelets in vitro,9 indicating a potential
role for thrombotic events, as in recurrent myocardial infarction.
These experimental studies suggest that differential expression of
miR-26b-5p, miR-660-5p, and miR-320a are related to pathophysiological mechanisms that trigger heart failure, recurrent myocardial
infarction, and cardiac death. Consistently, miR-26b-5p, miR-660-5p,
and miR-320a were good discriminators of MACE. Combination of
these three miRNAs improved discriminatory power. In predictive
models using the GRACE score and a clinical model, addition of miR26b-5p resulted in the highest increase in AUC and NRI, whereas
miR-660-5p and miR-320a did not substantially improve prognostication when added alone to these models. However, combination of
the three miRNAs moderately increased AUC and NRI as compared
with the miR-26b-5p-extended models, potentially reflecting the
involvement of different pathophysiological pathways relevant for
clinical outcome
Of note, several studies have examined acute miRNA regulation in
patients with STEMI (Supplementary material online, Table S10) in different cell types12 or in plasma samples using restricted panels of
muscle-enriched miRNAs,13,14 or miRNA profiling.12,15,16 However,
these miRNAs detected in diagnostic studies of STEMI were not
associated with MACE in our prognostic study. Notably, studies that
used a profiling and validation approach for the diagnosis of ACS have
shown promising results to establish miRNAs as early diagnostic
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..
.. biomarkers.4 The present study, however, for the first time has per.. formed a miRNA profiling and validation approach to assess miRNA
..
.. related to adverse prognosis in a secondary prevention cohort of
.. STEMI patients. Furthermore, we show that miRNAs may improve
..
.. risk prediction when added to currently used models and scores. In a
.. different clinical setting, i.e. in a primary prevention cohort analysing
..
.. 19 candidate miRNAs, Zampetaki et al.17 have observed that three
.. endothelial cell or platelet-enriched miRNAs (i.e. miR-126, miR-223,
..
.. and miR-197) were associated with the incident myocardial infarc.. tion. However, no initial miRNA profiling related to myocardial
..
.. infarction and cardiovascular death was performed, and these three
.. miRNAs were not tested for improvement of net reclassification.
..
..
Whether differential abundance of circulating miRNAs is a result
.. of different release mechanisms or modulated intracellular produc..
.. tion has to be determined in future studies. Notably, Hergenreider
.. et al.18 and others have shown that circulating miRNAs exert impor..
.. tant functions after cellular uptake, indicating that miRNAs continu.. ously modulate pathophysiological pathways depending on their
..
.. abundances. Therefore, an miRNA-targeted therapy may evolve as a
.. strategy to counteract heart failure or thrombotic events and
..
.. improve outcome in patients presenting with STEMI. However, to
..
.. date, no clinical therapies targeting these miRNAs exist.
..
In conclusion, using a profiling and validation approach, we identi..
.. fied miR-26b-5p, miR-660-5p, and miR-320a to be associated with
.. adverse cardiovascular events in patients presenting with STEMI.
..
.. Importantly, in experimental studies, these miRNAs are involved in
.. pathways regulating cardiomyocyte apoptosis, adverse cardiac
..
.. remodelling, and active platelet production. Therefore, these three
.. miRNAs may reflect pathophysiological mechanisms relevant for clin..
.. ical outcome and may be further examined for improvement of risk
.. stratification in patients with STEMI.
..
..
..
..
..
.. Supplementary material
..
.. Supplementary material is available at European Heart Journal online.
..
..
..
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