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Summary

Summary
The majority of the emerging infectious diseases (EIDs) are zoonotic diseases that can be naturally
transmitted between animals and humans. There has been an increase in EIDs worldwide, a trend
that is hypothesised to be a result of increased contact between humans and animals due to habitat
fragmentation, intensified land use and global warming. Avian influenza virus (AIV) is one example of
a well-known viral infection in birds that has recently crossed the species barrier to infect new
species of wild and domestic animals, and humans. Yet we know little about the epidemiology of AIV
in wild birds. The purpose of this dissertation is to advance our understanding about the immune
system in the most important natural host of AIV, the mallard Anas platyrhynchos. To this end I
studied immunocompetence in mallards, and assessed genetic variation and evolutionary patterns in
the immune system in waterfowl.
Throughout my PhD project I made use of massively parallel sequencing technologies called
next generation sequencing (NGS). NGS has revolutionised the biological sciences, by allowing for the
sequencing of whole genomes and transcriptomes without prior genetic information in the species of
interest. This allows for an unbiased study design and the detection of novel genes of importance for
the phenomenon of interest. As my first chapter I wrote an extensive review on how transcriptomic
analyses can be used to answer questions that have long been asked in traditional ornithology but
could not be answered with regular field or molecular techniques.
The motivation behind the second chapter was to examine and provide baseline information
on physiological and behavioural changes in mallards during the immune response. For this purpose I
simulated natural infections by viral and bacterial pathogens in captive ducks, and used a
combination of genome-wide gene expression profiling and state-of-the-art bio-loggers to record
physiological and behavioural changes during the immune response. I found that changes in body
temperature, heart rate and white blood cell composition are all are good indicators for an immune
response in mallards. Using gene expression profiling I showed that the immunostimulants induced
pathogen specific immune responses down to the molecular level. The viral mimic, in particular,
triggered a strong immune response similar to that by true viruses and thus has great potential for
future disease ecology studies in mallards.
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The objective of the third chapter was to learn more about the selection pressure of the
innate immune system in wild waterfowl. For this purpose I used customised DNA oligonucleotide
baits and NGS to sequence 120 innate immune genes in mallards from four different populations,
and from a small number of closely related duck species. No adaptation to local pathogen
communities was detected in mallards inhabiting different continents. To allow for interspecies
comparisons I further included published genomic data of all goose species. Evolutionary analysis
showed that genes with different functions in the immune response (pathogen detectors, signalling
molecules, and effector molecules) have experienced different evolutionary pressure. Interestingly,
genes coding for pathogen detection molecules had the lowest overall polymorphism of the
functional groups but codon specific selection analyses showed that they have experienced this
directional selection locally, on very particular codons in the pathogen binding regions. This suggest
that innate immune receptors are co-evolving with pathogens, similar to the adaptive immune locus
MHC. My study is the first to examine genetic diversity and evolutionary patterns in immune genes
across whole innate immune signalling pathways, and highlight immune genes that may be of
importance for the differences in susceptibility and resistance to infectious diseases in birds.
In summary, the work presented within this dissertation has improved our understanding of
the evolution of the innate immune signalling pathways in waterfowl. This gives clues to what might
cause the difference in susceptibility and resistance to infectious diseases in waterfowl. It further
provides baseline information on physiological changes that can be monitored in wildlife populations
using bio-loggers and thus enable remote disease surveillance in mallards. The second and third
chapters both identify a number of candidate genes for future eco-immunogenetic and functional
studies. I hope that my work will contribute to establishing the mallard as a model-species for
disease ecology studies and will facilitate future eco-immunological studies in ducks as well as other
animals with importance for the spread of EIDs.
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Zusammenfassung
Neu und vermehrt auftretende Infektionskrankheiten (engl.: emerging infectious diseases, EID)
nehmen in den letzten Jahrzehnten weltweit in ihrer Häufigkeit zu und werden meist durch
zoonotische Erreger hervorgerufen, die auf natürlichem Wege zwischen Tier und Mensch übertragen
werden können. Eine Ursache für das verstärkte Auftreten der EID ist der enger werdende Kontakt
zwischen Mensch und Tier, der aus der Fragmentierung des Lebensraumes, einer stark intensivierten
Landwirtschaft und der globalen Erwärmung resultiert. Die aviäre Influenza (AI) ist ein Beispiel für
eine gut bekannte Viruserkrankung, die nach Erweiterung des Wirtsspektrums über die Artgrenzen
hinweg neuerdings neben Wildvögeln und Hausgeflügel auch den Menschen infiziert. Obwohl
Wildvögel, insbesondere Wasservögel, das natürliche Reservoir der AI bilden, wissen wir nur wenig
über die Epidemiologie der Krankheit in diesem Wirtssystem. Der wichtigste natürliche Wirt der AI ist
die Stockente (Anas platyrhynchos) und die Untersuchung des Immunsystems dieser Vogelart ist
Schwerpunkt der vorliegenden Doktorarbeit. Neben der Immunkompetenz der Stockente habe ich
auch die genetische Variation und evolutionäre Muster im Immunsystem von Wasservögeln
untersucht.
Im Rahmen meines Dissertationsvorhabens habe ich durchgängig die Methode der
Sequenzierung der nächsten Generation (engl.: next generation sequencing, NGS) genutzt. Diese
Methode hat die Biowissenschaften revolutioniert und zeichnet sich dadurch aus, dass sie die
Sequenzierung ganzer Genome und Transkriptome ohne vorherige genetische Information bezüglich
der untersuchten Spezies ermöglicht. Damit wird ein Studiendesign ohne vorausgehende Annahmen
ermöglicht und neuartige Gene, die für das zu untersuchende Phänomen von Bedeutung sind,
können identifiziert werden. Das erste Kapitel besteht aus einer Übersichtsarbeit, die beschreibt, wie
Transkriptomanalysen dazu genutzt werden können, Antworten auf seit langem anstehende Fragen
der traditionellen Ornithologie zu finden, die mit den herkömmlichen molekularen Methoden oder
anhand von Feldstudien bislang nicht gelöst werden konnten.
Im zweiten Kapitel meiner Arbeit untersuche ich die Auswirkungen einer Behandlung mit
exogenen Pyrogenen auf Physiologie und Verhalten von Stockenten. Eine natürliche bakterielle oder
virale Infektion wurde in gehaltenen Stockenten simuliert und während der Immunantwort wurde
zum einen eine genomweite Transkriptionsanalyse durchgeführt und zum anderen mittels modernen
Biologgern Veränderungen von physiologischem Status und Verhalten untersucht. Veränderungen
11
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der Körpertemperatur, der Herzfrequenz und des weißen Blutbildes konnten als gute Indikatoren für
eine Immunantwort bestätigt werden. Durch die Genexpressionsanalysen ließ sich die durch die
exogenen Pyrogene ausgelöste, pathogenspezifische Immunantwort bis auf die molekulare Ebene
nachvollziehen. Insbesondere die Simulation einer viralen Infektion führte zu einer stark
ausgeprägten Immunantwort, die eine natürliche Virusinfektion sehr gut imitierte und damit
vielversprechend für zukünftige immunökologische Untersuchungen in Stockenten ist.
Das dritte Kapitel meiner Arbeit befasst sich mit dem angeborenen Immunsystem von
wildem Wassergeflügel. Mit dem Ziel, den Selektionsdruck auf diesen Teil des Immunsystems zu
untersuchen, habe ich 120 Gene des angeborenen Immunsystems in Proben aus Stockenten vier
unterschiedlicher Populationen und aus kleineren Stichproben nah verwandter Entenarten mittels
maßgeschneiderter DNA-Oligonukleotidköder (engl.: customised DNA oligonucleotide baits) und NGS
sequenziert. Für die Stockenten von verschiedenen Kontinenten konnte keine koevolutive Anpassung
an lokale Populationen von Krankheitserregern festgestellt werden. Mit dem Ziel eines
weitergehenden Vergleiches zwischen verschiedenen Vogelarten wurden sämtliche bereits
publizierte Genomsequenzdaten von Gänsearten in die Studie einbezogen. Die Analysen zeigten,
dass Gene, die für unterschiedliche Funktionen der Immunantwort (Erkennung von
Krankheitserregern, Signal- und Effektormoleküle) kodieren, im Laufe der Evolution
unterschiedlichem Selektionsdruck ausgesetzt waren. Interessanterweise weisen Gene, die für
Moleküle der Pathogenerkennung kodieren, insgesamt am wenigsten Polymorphismen der
funktionalen Gruppen auf. Codon-spezifische Selektionsanalysen ergaben jedoch, dass diese Gene
einem gerichteten Selektionsdruck ausgesetzt waren, der sehr spezifisch auf Codons innerhalb der
Pathogen-bindenden Regionen wirkte. Daraus lässt sich schließen, dass sich Rezeptoren des
unspezifischen Immunsystems mit den Krankheitserregern koevolutiv entwickeln, ähnlich, wie dies
für den MHC-Komplex des adaptiven Immunsystems bekannt ist. Einzigartig an meiner Arbeit ist der
Ansatz, die genetische Diversität und die evolutiven Muster in Immungenen durchgängig für ganze
Kaskaden des angeborenen Immunsystems zu untersuchen und damit Immungene herauszustellen,
die für die Unterschiede in der Empfänglichkeit oder Resistenz einzelner Vogelarten für
Krankheitserreger von Bedeutung sein können.
In ihrer Gesamtheit betrachtet trägt die im Rahmen dieser Dissertation vorgestellte Arbeit
dazu bei, die Signalkaskaden des angeborenen Immunsystems der Wassergeflügelarten besser zu
verstehen. Dies ermöglichte einen Einblick in die Ursachen der unterschiedlichen Empfänglichkeit
und Resistenz der einzelnen Wassergeflügelarten gegenüber Infektionskrankheiten. Weiterhin
konnte gezeigt werden, dass physiologische Veränderungen während einer Immunantwort mit Hilfe
von Biodatenloggern erfasst werden können. Dies wird in Zukunft eine Fernüberwachung von
12
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Krankheitsausbrüchen in wilden Stockentenpopulationen ermöglichen. Im zweiten und dritten
Kapitel wurde eine Reihe von Genen identifiziert, die als Kandidaten für zukünftige ökoimmunogenetische und funktionelle Studien dienen. Meine Arbeit soll dazu beitragen, die Stockente
als Modellorganismus für die Krankheitsökologie zu etablieren und zukünftige ökoimmunogenetische Studien in Enten und anderen Tieren, die eine maßgebliche Rolle in der
Verbreitung der EID spielen, zu ermöglichen.
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General introduction
In the last decades, the number of emerging infectious diseases (EIDs) has significantly increased in
the human population with devastating effects both on human health and economics (Jones et al.
2008). The majority of these EIDs are zoonotic, i.e. they originate from wild animals (van Doorn
2014). A well-known example is the human immunodeficiency virus (HIV), which causes the acquired
immune deficiency syndrome (AIDS). The first cases of AIDS were reported in Los Angeles already in
1980-81 (Centers for Disease Control 1981). However, it took almost two years before two separate
research teams discovered the link between AIDS and HIV (Barré-Sinoussi et al. 1983; Gallo et al.
1983), and even longer until the original source of HIV was successfully traced; After a retrovirus
related to HIV was isolated in captive monkeys (Daniel et al. 1985), the first true HIV isolates were
detected in healthy wild individuals of the African green monkey Cercopithecus aethiops (Kanki et al.
1985; Ohta et al. 1988). Genetic analyses have now shown that two distinct lineages of HIV have
been transmitted into the human population from simian species on several occasions (Lemey et al.
2003). Since then, a tremendous effort has been made to increase our knowledge about HIV, which
has now resulted in effective antiretroviral treatment that has turned this fatal disease into a chronic
but manageable condition.
While finding the cure to EIDs in humans is vital for reducing the health impact of these
diseases, the ideal approach for minimising the harmful effects of zoonotic diseases is to prevent
their outbreak in the first place. This involves minimising the risk of interspecies transmission and, in
the case of a spillover to humans, fast identification of the infectious agent to allow for appropriate
precautionary actions for stopping the spread of the disease. As most EIDs have their origin in wild
animals, prior knowledge of pathogen dynamics in animal populations would facilitate the
identification of EIDs after a spill over event. Increasing our understanding about the behaviour and
physiological changes in the natural hosts during infection would further facilitate predictions on
where, when and how a transmission from the natural host might occur.
Studying behaviour and physiology in wild animals is problematic in many ways. Animals
often inhabit areas that are inaccessible to researchers and often move over large distances, which
makes it difficult to follow individuals or populations over time. In addition, it is difficult to recapture
animals to obtain repeated measures during the lifetime of an individual. This limits the chance of
detecting when an individual acquires an infection, and to record how the animal responds to the
15
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disease. However, the development of biological sensor tags (also called bio-loggers) has now made
it possible to follow individuals during extended periods of time while recording changes in
behaviour as well as physiological measures (Kays et al. 2015; Wilmers et al. 2015; Wilson et al.
2015). Some of the most commonly used bio-loggers can record movement data (location,
acceleration) as well as changes in body temperature and heartrate. Bio-loggers have not only
revolutionised the study of behaviour and physiology in wild animals, but also bear a great potential
for surveillance of disease outbreaks in wild animals.
EIDs are not only a threat to humanity, but also to wildlife and biodiversity in general (Daszak
et al. 2000). The decline of bats in North America caused by the white-nose syndrome (Frick et al.
2010), the worldwide suffering of amphibians from chytridiomycosis (Kilpatrick et al. 2010), and the
infection of the Tasmanian devil (Sarcophilus harrisii) by facial tumour disease (McCallum 2008) are
some examples. These outbreaks are not only harmful for the affected species, but can disrupt the
balance of ecosystems and thereby threaten other species sharing the environment with the affected
species (Daszak et al. 2000). However, in many cases, the natural hosts of EIDs show little to no signs
of disease when being infected by the same pathogen that causes serious damage in other species.
One well-known example is the crayfish plague fungus Aphanomyces astaci, which has caused mass
mortality in crayfish native to Europe after the introduction of latently infected American crayfish
(Svoboda et al. 2017). Host-pathogen co-evolution and natural selection are the most likely drivers of
this phenomenon.
Biological evolution refers to the “change in the properties of groups of organisms over the
course of generations” (Futuyma 2005). In natural populations, evolutionary change is caused by
trans-generational changes in frequency of alternative gene forms (alleles), which mainly arise
through random mutation or recombination (Futuyma 2005). Such changes can be mediated either
by random processes such as genetic drift, or, more noteworthy, non-random processes such as
natural selection, which occurs through differential survival and reproduction of individuals in a
population or species (Endler 1986). Pathogens are believed to impose strong selective pressure on
their host, as individuals with higher resistance to a particular pathogen are more likely to survive
and reproduce than susceptible individuals upon contact with that particular pathogen (Schlenke and
Begun 2003). At the same time, many pathogens have short life cycles, large population sizes, and
elevated mutation rates, which greatly increases their evolvability. Pathogens therefore have the
ability to rapidly develop new ways to avoid recognition or elimination by the immune system. This
poses a great challenge to their hosts, and may lead to an evolutionary arms race between
pathogens and the host immune system (Stahl and Bishop 2000). The co-evolution between hosts
and pathogens is believed to contribute to the great genetic variation of the immune system (Klein
16
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1986). This is a prime example of the Red Queen Hypothesis, where organisms need to adapt
constantly to survive in an ever-changing environment (Clay and Kover 1996). Learning more about
the genetic components of host immunity and how this leads to functional variation during an
infection is an important piece of the puzzle for understanding the cause of susceptibility and
resistance to infectious diseases.
The immune system (of vertebrates) is usually divided into two branches, the innate immune
system and the adaptive immune system. The innate immune system is the first line of defence upon
infection and non-specific in the sense that it recognises general patterns of pathogens. The adaptive
immune system on the other hand, is highly specific and recognises antigens from pathogens that
have been previously encountered. Apart from a small number of other, single target genes, previous
research in immunogenetics has mainly focused on the MHC (major histocompatibility complex)
locus (Piertney and Oliver 2006). MHC is an important part of the adaptive immune system, which
presents antigens to T-cells, thereby allowing for recognition of molecules that are non-self by the
immune system. While there is a strong association between MHC alleles and diseases (Svejgaard
and Ryder 1994; Thomson and Cox 1995), MHC gene polymorphism is not sufficient for explaining
the observed variation in response to infectious diseases (Jepson et al. 1997). The common focus on
this locus alone when assessing functional variation of the immune system has thus been questioned
(Daszak et al. 2000). Today, a wide variety of immune genes have been identified, and the complex
genetic interactions and pathways within the immune system can only be comprehensively studied
with a systems biology approach (Ortutay and Vihinen 2006).
Next Generation Sequencing (NGS) technologies have greatly facilitated the study of whole
genomes and transcriptomes in model- and non-model species (Shendure et al. 2017). Genome
analyses are the key to study the genotype of an organism and can be used to detect disease-causing
mutations or immune genes under selection. Complementarily, transcriptome (the complete set of
RNA present in an organism, cell or tissue, Wolf 2013) analyses allow to understand and characterise
the phenotype of a cell, an organ, or complete organism. By studying gene expression in many genes
simultaneously during the immune response, novel immune genes can be detected and the
expression of whole immune signalling networks can be examined simultaneously. NGS is thus a key
technology for evolutionary and immunology studies under a systems biology approach.
This dissertation aims at contributing to our understanding of the immune system in the
mallard (Anas platyrhynchos L.), an important natural host of avian influenza virus (AIV) (Jourdain et
al. 2010; Olsen et al. 2006; Wallensten et al. 2004). Most strains of AIV that circulate in mallards and
other species of waterfowl are of low pathogenicity. However, they are the original source of
influenza viruses that cause disease outbreaks in poultry and humans (Swayne and Suarez 2000,
17
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Krauss and Webster 2010). Since the first known transmission of highly pathogenic AIV (HPAIV) H5N1
to humans in 1997 (Claas et al. 1998), AIV has not only caused the deaths of over 450 humans (WHO
2018), but also widespread deaths among wild and domestic birds (Hoye et al. 2010). Despite the
fact that mallards are frequent carriers of AIV, their role in the spread of the virus is poorly
understood. Furthermore, it is still unknown why mallards are more resistant to AIV than other
species (Brown et al. 2006; Laudert et al. 1993; Leigh Perkins and Swayne 2002). In this dissertation I
aimed to improve our understanding of the immune system in mallards, and to establish the mallard
as a model species for disease ecology studies. For this purpose, I used a combination of NGS and
bio-logging technologies to study immunocompetence and immunogenetics in the mallard.
The first chapter of this thesis contains the results of my detailed biological and
methodological assessment of the current state of transcriptomics (Jax et al. 2018) and explains how
this technology can be used to understand and characterise the phenotype of a cell, an organ, or
complete organism. Throughout the review I use examples from birds to illustrate how a wide range
of research questions ranging from biology to immunology can be solved using transcriptomic
analysis. I discuss the advantages and challenges of this technology for non-model species research,
and the possible future developments in transcriptomics. Using the experience from my own
research, I give a comprehensive step by step guideline on how to undertake a transcriptomics
analysis in non-model species, from the collection of samples to the analysis of data. The review is
written for an audience with little experience in molecular biology with the aim of stimulating more
interdisciplinary research.
In the second chapter I used a combination of transcriptome analyses and state-of-the-art
bio-loggers to understand how mallards regulate their immune system during an immune response.
The main goal was to collect baseline information on physiological and behavioural changes in
mallards during the immune response to see whether these changes can be used to detect an
immune response in wild ducks. For this purpose, a stimulation experiment was undertaken in
captive mallards using immunostimulants from three types of pathogens. I used heart rate and body
temperature loggers as well as acceleration loggers to record physiological and behavioural changes
in the stimulated mallards. I further characterised the changes in gene expression in blood samples
to test whether the up- and downregulation of immune genes can be detected in blood samples, and
to determine whether the immunostimulants invoked pathogen specific immune responses. I used
blood samples as this tissue can be repeatedly samples from the same individual, and be collected
from wild animals. I found that changes in body temperature and heart rate are good indicators for
an immune response, and that this can be monitored remotely using bio-loggers. Using a genome
wide gene expression approach, I further showed that the immune-stimulants evoked pathogen
18
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specific immune responses, indicating that they are good mimics for true infections. This study paves
the way for further ecological immunology studies in wild birds.
In the third chapter I used NGS technologies to re-sequence a large number of innate
immune genes in wild ducks, and assessed genetic variation and evolutionary patterns of major
innate immune signalling pathways in a group of species with high importance for the spread of AIV. I
evaluated DNA polymorphism and selection patterns in 120 genes across several innate immune
signalling pathways in mallards. I made population-wide comparative analyses in mallards from
Canada, Greenland, Spain and Sweden, representing all major mallard populations globally. I
hypothesised that populations inhabiting different parts of the world would experience different
selection patterns from local pathogen communities. I further studied patterns of molecular
evolution in a taxonomically wider set of waterfowl to detect immune genes under natural selection,
determine their mode of selective pressure, and find specific codons that might be affected by hostpathogen co-evolution. I compared nucleotide diversity and selection patterns in genes with
different function (detection, signalling, response) in the innate immune system to evaluate whether
immune genes with different functions are under different selection. Interestingly, no signs of local
adaptation were detected in immune genes in mallard populations inhabiting different continents.
While the majority of the genes that showed signatures of natural selection were under purifying
selection, specific codons in genes coding for pattern recognition receptors were under positive
selection, which is likely the cause of host-parasite co-evolution. My study is an important step
forward for understanding what might cause differences in susceptibility to infectious diseases in
waterfowl species.
The current time has been proposed as a golden age of evolutionary genetics (Nadeau and
Jiggins 2010), as well as for biologging technologies (Wilmers et al. 2015). With the birth of ecoimmunology as a new field of science (Demas and Nelson 2012; SICB 2014; Viney and Riley 2014), we
now have the possibilities to move from the lab to the field to study immunology. This will give
invaluable knowledge about the role of the natural hosts of EIDs in the spread of infectious diseases,
and thus facilitate disease surveillance as well as management of future outbreaks of zoonotic
diseases. It is time for immunology to “go wild”.
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Chapter 1
Avian transcriptomics –
opportunities and challenges
Elinor Jax, Michael Wink, Robert H. S. Kraus

Abstract
Recent developments of next-generation sequencing (NGS) technologies have greatly facilitated the
study of whole transcriptomes in model and non-model species. Studying the transcriptome and how
it changes across a variety of biological conditions, has implications on our understanding of how the
genome is regulated in different contexts and how to understand adaptions and the phenotype of an
organism. The aim of this review article is to highlight the potentials of these new technologies for
the study of avian transcriptomics, and to summarise how it has been applied in ornithology, which
mostly works with non-model organisms. A total of 81 peer-reviewed scientific articles that used
transcriptomics to answer questions within a broad range of study areas in birds are used as
examples throughout the review. We further provide a quick guide to highlight the most important
points to take into account when planning a transcriptomic study in birds, and discuss how to avoid
potential pitfalls to an audience with little background in molecular biology. Further reading
suggestions are supplied throughout. We also discuss future developments in the technology
platforms used for RNA-seq. By summarising how these novel technologies can be used to answer
questions that have long been asked by ornithologists we hope to bridge the gap between traditional
ornithology and genomics and to stimulate more interdisciplinary research.
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1. Background
The genetic information of an organism is stored in its genome. While the genomes of some viruses
are made of the molecule RNA (ribonucleic acid), the majority of genomes are comprised of DNA
(deoxyribonucleic acid). In multicellular animals, DNA is stored in chromosomes (in the nucleus;
ncDNA) and in organelles (such as mitochondria, mtDNA). Most vertebrates have genomes with
roughly 20000 protein-coding genes representing a fraction of only 2-3% of the genome. The rest of
the DNA includes ribosomal DNA (rDNA) genes, pseudogenes, DNA for non-coding RNA and
repetitive DNA elements.
Whereas almost all cells in one individual multicellular organism carry identical genomes
(known as the genotype), every cell differs in the expression of its genes, leading to cell, tissue and
development specific phenotypes. For gene expression, information encoded in the genes is used for
the synthesis of functional gene products. In the most well-known of these processes, DNA is
transcribed into messenger RNA (mRNA) which is then translated to amino acid chains and folded
into functional proteins during the protein synthesis (Figure 1.1). Gene products can however also be
functional RNA molecules, as is the case for ribosomal RNA and non-protein coding genes (Wolf
2013). While non-coding DNA has previously been regarded as “junk RNA”, it is becoming evident
that it has important regulatory roles in both normal cellular processes and disease states (Clancy
2008).
The complete set of RNA present in an organism, cell or tissue at a certain time point is called
the transcriptome of that organism, cell or tissue. In contrast to the genome, the transcriptome is
highly dynamic throughout the life span of an organism. By measuring the content and composition
of the mRNA in a biological sample, it is therefore possible to estimate which genes are being
expressed at a particular time point in that sample. In addition, analysing the number of specific RNA
molecules provides evidence as to how strongly a gene is transcribed. Studying the transcriptome
therefore gives us a better idea of which functions different coding or non-coding genes might have
and a better understanding of how they contribute to the phenotype of individuals and their
functional adaptations during their lifetime.
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Figure 1.1 Protein synthesis: protein coding genes are transcribed to messenger RNA (mRNA), which are
consecutively translated to proteins in ribosomes. During this process, transfer RNAs (tRNAs) carry amino
acids to the ribosome, which is composed of ribosomal RNAs (rRNAs) and ribosomal proteins. The ribosome
is the structure in which protein synthesis takes place, and there the amino acids brought by the tRNA are
connected to a growing amino acid chain, which is in turn folded to a protein. In some cases alternative
splicing of pre-mRNA produces different isoforms of the same gene, in this illustration “protein A” and
“protein B” (for details see section 4.6).
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Molecular biologists have been studying gene expression for some time already. For many
years, DNA microarray analyses were the method of choice, but these were mainly available for
model species. Recent developments of high-throughput, or next-generation, sequencing (NGS)
technologies have greatly facilitated the study of transcriptomes also in non-model species (so-called
transcriptomics), and the last few years a rapid growth of such studies in the scientific literature has
been seen (Ekblom and Galindo 2011). The wide variety of applications of transcriptomics within
fields ranging from developmental biology, molecular ecology and evolution to immunology and
medicine has contributed to its increasing popularity (Alvarez et al. 2015; Todd et al. 2016).
In this review, we will highlight developments of transcriptome analyses in birds, starting
from some of the first methodologies used to study gene expression to today’s high-throughput
sequencing methodologies. With examples from birds, we discuss these technologies using study
systems well known to the readers of Journal of Ornithology, and give also those readers with little
background in genomics an overview of the current state of avian transcriptomics. We will highlight
the potential of these new technologies for the study of avian transcriptomics, and discuss how to
avoid potential pitfalls, thereby creating a resource of both conceptual summaries and case studies.

2. RNA analysis of birds before NGS, a brief history
A number of excellent reviews already give a comprehensive overview of the history of
methodologies developed for transcriptome analysis (Morozova et al. 2009; Schulze and Downward
2001; VanGuilder et al. 2008). Here, we will therefore only briefly mention some of the most
commonly used pre-NGS RNA analysis techniques that have been used to improve our understanding
of gene expression patterns in non–model species (such as most birds), and we will briefly discuss
the advantages and disadvantages of these techniques.
Real-time quantitative polymerase chain reaction (real-time qPCR) is currently one of the
most widely used methods for the study of gene expression of known candidate genes. When using
this method, cDNA is synthesised from isolated mRNA by reverse transcriptase. Gene specific primers
are then used to amplify the gene of interest, and the abundance of that particular cDNA molecule is
monitored in real-time during amplification using fluorescent dyes (Josefsen et al. 2012). From the
kinetics of PCR product formation one can calculate the actual amounts of starting RNA transcript
and do quantitative comparisons between samples (Pfaffl 2012). However, the genes of interest
must be known; this is often not the case when more complex phenomena are to be investigated.
This technology has been used extensively to study gene expression in birds, for example with the
aim to better understand how bird species adapt to new environments (Martin et al. 2014b),
acclimatise to winter conditions (Swanson et al. 2009) or deal with infections (Fleming-Canepa et al.
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2011). Furthermore, real-time qPCR has a number of applications other than analysis of gene
expression, such as transcript genotyping, virus detection or measuring the length of telomeres.
Examples of this in birds has been the genotyping of the MHC class I (major histocompatibility
complex; Moon et al. 2005) and avian influenza virus detection (Fleming-Canepa et al. 2011; Kraus et
al. 2009; Kraus et al. 2011b; Takekawa et al. 2011).
Real-time qPCR is one of the most accurate, sensitive and fast techniques available for
candidate gene expression studies (Derveaux et al. 2010). In comparison to many other RNA
technologies it is furthermore rather inexpensive and easy to undertake in-house; and it is hence
available to most research groups. Concerns, however, have repeatedly been raised regarding 1) the
lack of quality control and standardisation in the real-time qPCR workflow and 2) the lack of
sufficient details reported in many publications to enable quality evaluation of the results (Bustin et
al. 2009; Chapman and Waldenström 2015; Derveaux et al. 2010; Nolan et al. 2006).
Recent advances allowing for parallelisation of real-time qPCR by micro-fluidic techniques
now make this method attractive for studying gene expression in a large numbers of genes
simultaneously (Spurgeon et al. 2008). This parallelisation technology has already been used to
investigate gene expression in domestic Chicken Gallus gallus (Van Goor et al. 2017) and Mule Duck
Anas platyrhynchos × Cairina moschata (Annabelle et al. 2017). The necessity of prior knowledge of
genes and their nucleotide sequences, however, limits the use of this technology in non-model
species.
Microarray analysis is another technology that has been used in many model species,
including birds. DNA microarrays have a number of applications, such as sequencing or measuring
the expression levels of a large number of genes simultaneously (Harrington et al. 2000; Schena et al.
1995). DNA microarrays are small glass slides with a large number of DNA oligonucleotides
(representing individual genes) bound to their surface. By fluorescently labelling the sample of
interest, hybridisation of the DNA (or cDNA) to its complementary sequences on the microarray can
be detected and measured in parallel (Lockhart and Winzeler 2000). In gene expression studies, using
different fluorescent labels on different samples enables the comparison of gene expression
between groups and thus differential gene expression. Microarrays have been developed to study
expression of genes involved in a wide range of functions in avian model species, such as bird song
and immune reactions (Afrakhte and Schultheiss 2004; Bliss et al. 2005; Burnside et al. 2005; Li et al.
2008; Neiman et al. 2001; Smith et al. 2006; Van Hemert et al. 2003; Wada et al. 2006; Wade et al.
2004). Microarrays customised for avian model species such as Zebra Finch Taeniopygia guttata
(Naurin et al. 2008; Wada et al. 2006) have further been used for related species (Cheviron et al.
2008; Naurin et al. 2012), also known as cross-species microarray (CSM) analyses.
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Microarrays enable the study of hundreds of genes simultaneously, and have hence
contributed to improving our understanding of the complexity of gene networks in birds. For those
species where microarrays are available, this technology therefore offers great opportunities to
study gene expression in a straight forward manner for a relatively low price. The necessity of prior
information of a large number of genes, however, has limited the use of this technology for nonmodel species research. Further, when a DNA microarray developed for, i.e., Zebra Finch is used to
study gene expression of another bird, it is likely that some transcripts will not be detected because
the corresponding sequences differ between both taxa. As a consequence, some sequences of the
target species will not bind to the microarray. With the development and decreasing costs of NGS
technologies, we therefore expect to see a shift away from using microarrays to NGS in non-model
avian research. NGS further avoids the common issues of microarray technology, e.g., background
hybridisation and cross-hybridisation of the cDNA and probes, which makes it difficult to detect rare
transcripts as well as accurately measure expression levels of more common transcripts (Ekblom and
Galindo 2011; Zhao et al. 2014).
The majority of the pre NGS RNA analyses, including real-time qPCR and the most commonly
used DNA microarrays, require prior knowledge of the genes of interest. Before the genomic era,
these downstream applications were therefore limited to a small subset of genes in a few model
species. As the field of avian genomics, and thereby the knowledge of the genetic code of a
multitude of non-model species, continues to progress (Kraus and Wink 2015) the potential use of
these targeted downstream applications are likely to grow. Still, being able to study a number of
preselected genes has several limitations, which can be avoided when directly using new NGS
technologies.

3. Ornithology in the age of *omics
Next generation sequencing (NGS), or massively parallel sequencing, refers to technologies that allow
for the concomitant sequencing of millions of smaller pieces of DNA, so called short sequence reads
(Chiu and Miller 2016). Recent advances in NGS technologies have made it possible to undertake in
depth transcriptomic and genomic analysis of ecologically important model species (Alvarez et al.
2015; Ellegren 2008; Tautz et al. 2010). These technologies have further enabled the ornithological
community to study large scale *omics in non-model species of birds (including genomics,
transcriptomics, proteomics, metabolomics), thus providing a new tool to get a better insight to the
genetics and evolution of birds.
The first genomic studies of bird species were undertaken in model species with high
importance in agriculture such as the Chicken Gallus gallus (Hillier et al. 2004), Turkey Meleagris
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gallopavo (Dalloul et al. 2010) and Pekin Duck Anas platyrhynchos domestica (Huang et al. 2013). In
2010, the genome of the Zebra Finch Taeniopygia guttata, an important model species for behaviour
and neurobiology, was published (Warren et al. 2010), this being considered a big step forward for
evolution and ecology studies in birds (Balakrishnan et al. 2010). Since then the genomic era of wild
avian non-model species has taken off with, for example, the Collared Flycatcher Ficedula albicollis
(Ellegren et al. 2012) and the Peregrine Falcon Falco peregrinus and Saker Falcon Falco cherrug
genomes (Zhan et al. 2013), followed by a Science issue on avian genomics performing comparative
studies on 48 avian genomes (Zhang et al. 2014a). In 2015, the Avian Phylogenomics Consortium
further launched the project Bird 10,000 genomes (B10K) with the aim of generating draft genomes
for all extant bird species within the next five years (Zhang 2015). Unfortunately, many of the newly
published genomes are largely incomplete and not well annotated (although this will change, c.f.
Korlach et al. 2017). Nevertheless, the continuously growing database of avian genomes has
important implications on downstream applications such as transcriptomics. For further reading on
avian non-model genomics there are a number of recent reviews covering this topic (Kraus and Wink
2015; Oyler-McCance et al. 2016; Toews et al. 2015).
Recent advances in NGS technologies have further made it possible to characterise the whole
RNA content and composition in a sample using whole-transcriptome shotgun sequencing (RNA-seq)
(Wolf 2013). When using RNA-seq, information on the whole transcriptome can thus be acquired
without prior knowledge of the transcripts in the target species (Wang et al. 2009). This method has
revolutionised the study of transcriptomics in non-model species, and has resulted in a number of
publications using RNA-seq to analyse the transcriptome in birds. The rapid developments of NGS
technologies and analytical tools as well as the decreasing costs for using these technologies have
made it available also for small research groups interested in ornithological research. In this review,
we show some of the areas where RNA-seq has proven useful for ornithological studies of non-model
species so far, and try to guide those scientists new to this technology through the workflow
necessary when using this technology. In our opinion, RNA-seq is an important technology, which
should be added to the toolbox to help us answer questions regarding the biology, development,
ecology and behaviour of birds.
In this section, we will briefly introduce the concepts of RNA-seq. For a more detailed
description of the general RNA-seq workflow there are a number of informative reviews covering this
topic in a non-taxon specific manner (Bullard et al. 2010; Conesa et al. 2016; Mazzoni and
Kadarmideen 2016; Oshlack et al. 2010; Vijay et al. 2013; Wang et al. 2009; Wolf 2013). In section 5
of this review, we will further give a quick guide on what to take into consideration when planning an
RNA-seq study in birds.
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3.1 RNA-seq, a brief introduction
A typical RNA-seq workflow comprises field or laboratory work, wet laboratory processes,
bioinformatics processing and biological inference (Wolf 2013). Briefly, after acquiring samples, the
RNA of interest is isolated (for more details see section 5.2). The RNA is then converted to a
fragmented, complementary DNA (cDNA) library with molecular adaptors specific to the sequencing
platform and the individual samples (Chu and Corey 2012). The library is then sequenced by NGS,
resulting in a large number (millions) of short reads normally ranging from 50-300 nucleotides (nt)
(although new technologies allow for sequencing the whole length of the transcripts that can span
far more than 1000 nt, see section 5.3.2). The quality of the sequencing reads is then controlled using
bioinformatic tools, and low quality sequence positions as well as duplicated reads or remaining
adaptors are removed in a process called pre-processing (Conesa et al. 2016). The remaining
sequences are then either aligned to a reference genome or transcriptome (also called mapping), or
in the absence of a reference genome assembled de novo (Oshlack et al. 2010; Vijay et al. 2013). For
those interested in sequence diversity or genetic marker discovery, the assembled transcripts can
now be used for further analysis (De Wit et al. 2012). In comparative transcriptomic studies the
quantitative expression levels of the genes are used to infer differential expression between groups
of interest. Here, the number of transcripts aligned to each gene is normalised, taking parameters
such as gene length and total number of reads per sample into account (Bullard et al. 2010). For
species without a reference genome, a gene identification step called gene annotation might further
be necessary (for more details see section 5.5.3). The last step of the RNA-seq workflow is
interpretation how the results can be positioned in a biological context.

4. Applications of transcriptomics for non-model bird
species
Two of the first RNA-seq studies undertaken in birds were published in 2010 in a Special issue of
Molecular Ecology: “Next Generation Molecular Ecology”. In one of these papers Wolf et al. (2010)
used transcriptomic data to study population differentiation and speciation in the hybridisation zone
between the black Carrion Crow Corvus [corone] corone and the grey coated Hooded Crow Corvus
[corone] cornix. The authors found a clear clustering of the expression profiles when comparing the
two morphs, and thus suggested that gene expression differences may be a sensitive indicator of
initial species divergence (Wolf et al. 2010). In the same special issue, a second study analysed the
pattern of mutation rate and selection across ten non-model avian species using brain
transcriptomes, and among other findings the authors discovered a higher mutation rate of the Z
chromosome than of autosomes (Künstner et al. 2010). This work was soon followed by a study
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investigating the tissue specific gene expression profiles in the Zebra Finch (Ekblom et al. 2010a). By
focusing on certain immune genes the authors showed that NGS data is useful for analysis of gene
expression of the whole genome as well as for candidate genes (Ekblom et al. 2010a). Since 2010, the
number of transcriptome studies has increased in avian non-model species. In this section, we will
give an overview of topics that can be studied using RNA-seq methodologies. We further illustrate
each topic with a few specific examples from ornithological research, and present selected example
studies in more detail in separate case study boxes. We close with a tabularisation (Table 1.2) in
which all currently available peer-reviewed scientific articles on this topic (N=81) are collected for
future guidance of the interested reader. For the purpose of this section, Google Scholar was
searched using the keywords “transcriptomics”, “RNA-seq” or “RNA sequencing” + “avian” or “bird”
(until 18th of December 2017).

4.1 Characterisation of transcriptomes
While it may be straight forward to imagine what a reference genome is (Kraus and Wink 2015), a
reference transcriptome needs more explanation. A reference transcriptome comprises a
comprehensive set of transcripts that can be transcribed from the genome. As the transcriptome is
cell, tissue and age specific, a reference transcriptome should preferably contain transcripts from a
number of (or possibly all) different tissues and from different life stages. Having access to a high
quality reference transcriptome as well as a genome is a great advantage when undertaking
transcriptomic studies, as these resources can be used to facilitate the transcript assembly as well as
gene identification (annotation; for more details see section 5.5.3). As of December 2017, there were
only five well-annotated genomes of birds (i.e., those genomes annotated by extensive
transcriptomics) available for download on the genomic data base Ensembl (www.ensembl.org).
These species were Chicken, Collared Flycatcher, Mallard, Turkey and Zebra Finch (Table 1.1).
Several avian transcriptomes have further been published as parts of specific studies in
ecology and evolution with the aim of serving as important resources for future transcriptomic
studies (e.g., Chu et al. 2012; Ekblom et al. 2014; Koglin et al. 2017; Peterson et al. 2012; Richardson
et al. 2017; Santure et al. 2011; Srivastava et al. 2012) (Box 1.1), sometimes in combination with the
genome analyses of the same species (e.g., Chung et al. 2015; Mueller et al. 2015).
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Table 1.1 Reference transcriptomes available at the Ensemble database (www.ensembl.org) as of 18th of December 2017
Common
name

Latin name

Assembly

No. of annotated
coding genes

No. of annotated
non-coding Genes

Chicken

Gallus gallus

Gallus_gallus-5.0

18346

6491

Collared
flycatcher
Mallard
Turkey

Ficedula albicollis

FicAlb_1.4

15303

6539

Anas platyrhynchos
Meleagris gallopavo

BGI_Duck_1.0
Turkey_2.01

15634
14123

567
755

Tissues for which
transcript analyses
were performed
1, 3-6, 8-11, 13-16,
18-22, 24-26
2, 7, 13, 15-18, 21,
23
2, 12, 16, 17, 22
NI

Zebra Finch

Taeniopygia guttata

taeGut3.2.4

17488

724

7, 15, 17, 21, 22,23,

Evidence for
genes/transcripts
retrieved from
RNA-seq
RNA-seq
RNA-seq
Online databases; protein,
cDNA and EST sequences
from Turkey and Chicken
RNA-seq

Tissues: 1) Breast muscle, 2) Brain, 3) Bursa, 4) Caecal tonsil, 5) Cerebellum, 6) Duodenum, 7) Embryo, 8) Gizzard fat, 9) Harderian gland, 10) Heart muscle, 11)
Ileum, 12) Intestine, 13) Kidney, 14) Left optic lobe, 15) Liver, 16) Lung, 17) Muscle, 18) Ovary, 19) Pancreas, 20) Proventriculus, 21) Skin, 22) Spleen, 23) Testes,
24) Thymus, 25) Thyroid, 26) Trachea, NI) No Information, RNA-seq (RNA-sequencing)
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Box 1.1 – Characterisation of a transcriptome, a case study
Title: De Novo Assembly of the Liver Transcriptome of the European Starling, Sturnus vulgaris
Authors: Richardson et al. (2017)
The European Starling Sturnus vulgaris is an important model for ecology and invasion biology
(Richardson et al. 2017). To facilitate future molecular ecology and evolution studies in the European
Starling, Richardson et al. (2017) characterised the liver transcriptome of this species. For this
purpose, liver tissue was collected from two juvenile males from Western Australia. RNA was isolated
from the tissues, and mRNA libraries were prepared and sequenced using the Illumina HiSeq 2500
sequencing platform. In total, 230 million paired end sequencing reads of 125bp were generated. The
authors removed low quality sequences and sequencing adaptors using the software Trimmomatic
(Bolger et al. 2014), resulting in a total of 45 million high quality reads for further analyses. The
sequencing reads were assembled de novo using Trinity (Grabherr et al. 2011). After filtering out
assembled contigs shorter than 300bp, a total of 59557 transcripts remained. Likely coding regions
were identified using TransDecoder (https://github.com/TransDecoder/TransDecoder), and
functional annotation of the transcriptome was undertaken using the Trinotate pipeline
(http://trinotate.sourceforge.net). To estimate gene expression, the non-assembled transcripts were
mapped to the contigs using Bowtie2 (Langmead and Salzberg 2012) and quantified using RSEM (Li
and Dewey 2011). The authors assessed the completeness and quality of the transcriptome using
BUSCO (Simão et al. 2015), which showed similar completeness values as two other passerine
transcriptomes (Meitern et al. 2014; Richardson et al. 2017). Further, they compared their
transcriptome to the European Starling genome and predicted transcriptome, using a BLAST (Altschul
et al. 1990) approach for the assembled transcripts as well as a mapping approach (bbmap,
https://sourceforge.net/projects/bbmap/) for the non-assembled sequencing reads. While the
majority of the sequencing reads and contigs were found in the genome, a smaller proportion was
found in the predicted transcriptome. The authors thus suggest that the predicted transcriptome is
missing certain features, and highlight the importance of using RNA-seq data when annotating
genomes (Richardson et al. 2017). The European Starling transcriptome is an important resource for
understanding rapid evolution and adaptation in birds, and for improving the annotation of the
European Starling genome. Ideally, further studies will add more tissues, as well as samples from
female birds, to the transcriptome data set to identify a broader range of transcripts.
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4.2 Functional studies (gene expression)
One of the main advantages of transcriptomic studies is that they allow for the quantification of gene
expression; information which is absent from genomic studies. By comparing gene expression from
individuals living in different environments or life stages, the importance of differential gene
regulation can be studied. In the following paragraphs, we will give some examples of how
comparative gene expression data has been used to study gene regulation in birds within fields such
as evolutionary developmental biology, immunology, migration, and population genetics.

4.2.1 Evo-Devo
Evolutionary developmental biology (Evo-Devo) aims at discovering how developmental processes
evolved in organisms (Müller 2007). This involves comparisons of developmental processes of
different taxa and the study of phenotypic change during development (ontogeny) and evolution.
Phenotypic change is normally caused by two different types of mutations; mutations of the coding
sequence, which can change the function of the gene itself, or mutations of regulatory regions which
can affect the expression of the genetic material (Necsulea and Kaessmann 2014). Comparative
transcriptomics has become an important tool for Evo-Devo studies due to its potential to study the
molecular basis of phenotypic evolution as well as the evolution of the transcriptome (Pantalacci and
Sémon 2015). In this framework, transcriptomic data is compared between embryos or organs during
their development in different species (Pantalacci and Sémon 2015), also in birds (Chen et al. 2016;
Xu et al. 2016). By comparing the transcriptome between Pigeon ovaries pre- and post-ovulation, Xu
et al. (2016) investigated what changes occurred in the gene expression profiles during different
stages of ovulation. The authors found that immune genes were enriched in the transcriptome of the
post-ovulation stroma. This suggests that the immune response is at least partly responsible for postovulatory follicle regression and elimination (Xu et al. 2016).

4.2.2 Disease studies
During the genomic era, extensive efforts have been invested into finding genetic variants associated
with disease states. The majority of disease associated Single Nucleotide Polymorphisms (SNPs)
detected in Genome-Wide Association Studies (GWAS) are located in non-coding regions of the
genome (Freedman et al. 2011). This indicates that these genetic variants might influence gene
expression levels rather than protein function (Costa et al. 2013). And indeed, by comparing gene
expression profiles in healthy and diseased individuals we can get a better understanding of what
parts of the genome are up- or down regulated during disease, or detect certain disease causing
alterations that might not be observed on a genomic level but can only be detected when looking at
expression of genes.
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A commonly used experimental setup to study the immune response to infection is to
undertake comparative gene expression studies in healthy and diseased individuals. This has been of
particular interest in avian species that are known carriers of zoonotic diseases, as this gives an
insight to how birds deal with these infections. A number of studies have used transcriptomics to
study the immune response to infectious diseases such as avian influenza virus (AIV) in non-model
species of birds (Huang et al. 2013; Smith et al. 2015; Vijayakumar et al. 2015). A particular interest in
understanding what makes a species resistant or susceptible to a certain infectious disease has
further led to a number of comparative immunological studies between different species of birds.
Using transcriptomics, Smith et al. (2015) found key differences in expression patterns of the
interferon-induced transmembrane protein (IFITM) gene family in Ducks and Chickens, something,
which the authors suggested might contribute to the large differences in susceptibility to AIV in these
birds.
Another interesting application of transcriptomics, which has great potential to advance the
field of immunology as well as studies of host-parasite co-evolution, is dual RNA-seq of host and
pathogen. Transcriptomic studies (and RNA-seq in particular) result in millions of sequence reads
from which the vast majority will be from the target species sampled. A small fraction of the
sequences, however, might represent transcripts from a previously known or unknown pathogen
from the host tissue sampled. RNA-seq thus enables the simultaneous study of gene expression in
the host and its pathogens, a possibility which was limited in pre-NGS techniques due to the need for
specific primers and hence prior knowledge of the pathogens present in the sample (Westermann et
al. 2012). In a study on the effect of avian malaria infection on Eurasian Siskins Carduelis spinus the
transcriptome was characterised from the host (Videvall et al. 2015) and the parasite (Videvall et al.
2017) simultaneously. Using this setup, the authors showed that a number of genes associated with
functions within the immune system, stress response, cell death regulation, metabolism, and
telomerase activity were overrepresented in the infected hosts (Videvall et al. 2015). The gene
expression profiles from the parasites were more similar within the same individual across different
infection stages than between individuals at the same infection stage, suggesting that the parasite
might adjust its gene expression to specific host individuals (Videvall et al. 2017).

4.2.3 Migration strategies
A prominent aspect of avian biology that can be investigated using gene expression is bird migration.
Dingle and Drake (2007) describe migration as an “adaptation to resources that fluctuate
spatiotemporally”. In birds, this could for example be the movement between nonbreeding areas
and breeding grounds in response to seasonal change. Migratory birds go through behavioural,
morphological and physiological changes before and during migration (Bowlin et al. 2010;
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Hedenström 2008). Using comparative gene expression, we can get a better understanding of how
the genome is regulated at different stages of bird migration (Box 1.2). Johnston et al. (2016) found
188 genes that were differentially expressed in the brain of captive Swainson’s Thrushes Catharus
ustulatus during different migratory states, using RNA-seq data. A large number of these genes were
associated with functions such as cell adhesion, proliferation and motility, and the authors hence
suggested that migration-related changes might be regulated by seasonal neural plasticity (Johnston
et al. 2016). However, migration is a complex behaviour, which certainly involves hundreds of genes,
some of them with known functions (these can be identified by annotation with other known genes)
and others, for which a function still needs to be explored.
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Box 1.2 – Gene expression during bird migration, a case study
Title: Animal tracking meets migration genomics: transcriptomic analysis of a partially migratory bird
species
Authors: Franchini et al. (2017)
The Common Blackbird Turdus merula shows a range of overwintering strategies, from migratory
behaviour in Northern Europe to resident behaviour in Southern Europe. To investigate the genetic
basis of these strategies, Franchini et al. (2017) used transcriptomics of blood cells to compare gene
expression between resident and migratory Common Blackbirds in a partially migratory population of
blackbirds in Southern Germany. Blood was collected from 12 individuals, and their migratory
strategy was assessed using a combination of geolocators and radio transmitters. Briefly, 100uL
blood was collected shortly before the winter migration, immediately frozen on dry ice, and
subsequently stored in -80°C. RNA was isolated and mRNA libraries were prepared and sequenced on
the Illumina HiSeq2000 sequencing platform. A total of 59-101 million paired end sequencing reads
of 100bp were obtained per individual. Low quality reads and sequencing adaptors were removed
using the CLC Genomics Workbench (CLC bio, Aarhus, Denmark). Further, overlapping paired end
reads were merged to a single read using SeqPrep (https://github.com/jstjohn/SeqPrep). To detect
and remove potential contaminating sequences, the transcripts were searched against a custom
made database containing microbial sequences (source: NCBI Reference Sequence, RefSeq,
September 2015). The remaining 642 million sequencing reads were subsequently assembled de
novo using Trinity (Grabherr et al. 2011). To identify genes, contigs of >200 bp were blasted (Altschul
et al. 1990) against protein sequences from Chicken, Duck, Zebra Finch, Turkey and Flycatcher, as
well as mouse and human (Ensembl release 77). To quantify gene expression the short sequencing
reads from each individual were aligned to the transcriptome using Bowtie2 (Langmead and Salzberg
2012), and transcripts were clustered and subsequently quantified using Corset (Davidson and
Oshlack 2014). Differential expression analyses were undertaken using the R package DESeq2 (Love
et al. 2014), and further validated using the R package EBSeq (Leng et al. 2013). The authors found
differentially expressed genes related to hyperphagia, moulting and enhanced DNA replication and
transcription when comparing resident and migrating individuals. These results contribute to our
understanding of the molecular mechanisms involved in migratory behaviour in birds. A restraint of
studies of this kind is that organs that might be of high relevance, such as brain, liver or intestine
cannot be investigated (for more details see section 5.1.1). At the time of this study, there was also
no reference genome or transcriptome available for the Common Blackbird. This gap, however is
currently being closed as a new Common Blackbird de novo transcriptome annotation has recently
been published based on 14 different tissues (Koglin et al. 2017).
35

Chapter 1

4.2.4 Population transcriptomics
Differences in gene expression have for long been suspected to be an important contributor to
evolutionary change, along with genetic divergence (Ellegren and Sheldon 2008; King and Wilson
1975). In population transcriptomics, gene expression patterns are compared between different
individuals and populations, and can thus be used to study evolutionary processes such as adaptation
and speciation. And indeed, large variations in gene expression have been detected between
individuals and natural populations (Oleksiak et al. 2002; Whitehead and Crawford 2006). RNA-seq
offers unique opportunities to compare gene expression between individuals and populations as well
as species, partly because it does not depend on the development of primers with similar efficiency
for the populations or species of interest. Further, RNA-seq allows for detection of differences in, for
example, isoform (section 4.6) and regulatory transcript (section 5.2.1) abundance. Recent
developments of NGS technologies as well as the decrease in sequencing costs made RNA-seq a
useful tool for population wide comparisons because multiple individuals can now be subjected to
sequencing for a price that was impossible to achieve just a few years ago (section 5.2.3. and 5.3.1).
In order to study adaptation to high altitudes in the Saker Falcon, Pan et al. (2017) did a comparative
transcriptomic study between populations inhabiting habitats of different elevations across Eurasia.
At the nucleotide level, the authors found 37 SNPs in transcripts that were under directional
selection in falcons that inhabited the high altitudes of the Qinghai–Tibetan Plateau, of which several
were located in genes involved in oxygen transport and immunity. Further, the authors found that
genes involved in oxygen transport were enriched and that half of the upregulated transcription
factors were related to hypoxia responses. This nicely shows that changes both at the genomic and
transcriptomic level have occurred in response to rapid adaptation to new environments. However,
there are likely many other relevant genes, which could not be identified in such analyses, because
corresponding genes might not have been analysed with functional assays in model organisms.

4.3 Gene interactions and function
One of the main advantages of RNA-seq is that up- or down regulation of all expressed genes can be
detected simultaneously in a single RNA-seq run. This is of paramount importance, as a gene product
in a pool of other translated genes usually acts as a part of a complex network. For example, in order
to fight an avian influenza virus infection, an immune response is induced through the upregulation
of a network of genes; starting with the recognition of the pathogen and ending with an antiviral
response. To find networks of genes and molecules that are over- (or under-) represented in a
transcriptomic study, pathway and network analyses can be undertaken (Tomfohr et al. 2005). The
Kyoto Encyclopaedia of Genes and Genomes (KEGG) is one example of a popular database resource
that can be used to predict gene regulatory networks from the gene expression profiles (Kanehisa
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and Goto 2000; Kanehisa et al. 2010; Ogata et al. 1999) and has been so in birds (Lu et al. 2015;
Peterson et al. 2012; Tariq et al. 2015; Vijayakumar et al. 2014). With the recent publication of the
first Goose genome (Swan Goose Anser cygnoides), Lu et al. (2015) used transcriptomic profiles to
study susceptibility of geese to fatty liver disease. Using pathway analyses the authors showed that
the majority of genes in glucose and lipid metabolic pathways were upregulated in overfed individual
geese (Lu et al. 2015). Although this study was undertaken in domesticated geese, understanding the
mechanism behind weight gain in migrating species is of high relevance for ecology research, too.

4.4 Genetic marker discovery
While whole genome or transcriptome sequencing has greatly promoted our understanding of the
biology of birds, many research questions of interest to ecologists are also answerable using only a
subset of information from the genome or transcriptome. Genetic markers that represent
information along the genome are routinely used to answer important research questions within
population genetics and evolution (Davey et al. 2011; Morin et al. 2004; Schlötterer 2004; Selkoe and
Toonen 2006). Most of the genetic markers used in bird studies derive from non-coding DNA
sequences; however, the transcriptome can also be used for marker discovery. Sequencing the
transcriptome instead of the entire genome makes the discovery of markers cheaper and thus more
feasible for small research groups studying non-model species. Further, developing markers from a
functionally relevant subset of the genome can be beneficial for studying adaptations (Wolf 2013).
However, developing genetic markers from coding genes means that they are usually not neutral and
this violates the assumptions of most population genetics models (Hartl and Clark 2007). Designing
primers from exon regions alone might also cause problems when amplifying genomic DNA as
primers for markers close to exon/intron boundaries might span long intronic regions in the genome,
which will hence not amplify successfully (De Wit et al. 2015).
In birds, RNA-seq data has been used to develop genetic markers such as microsatellites and
SNPs. Microsatellites are regions in the genome constituted of repeated mono-, di-, tri- or
tetranucleoide motifs (Ellegren 2004). Microsatellites in repetitive DNA have a high mutation rate
and are therefore highly polymorphic with different numbers of repeats in different individuals
(Ellegren 2004); and are thus good markers for detecting genetic variation within or between closely
related populations. This statement basically applies for non-coding DNA. However, RNA-seq data
may be of interest in this context.
For House Sparrow Passer domesticus, a transcriptomic approach yielded 327 gene-linked
microsatellites, thereby providing important genomic tools for future molecular ecology studies in
this species (Ekblom et al. 2014).
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SNPs are single base pair positions in genomic DNA where variation can be detected, and
where the least common variant (allele, in this case called minor allele) can be found in at least 1% of
the population of interest (Brookes 1999). SNPs are abundant in the genome and can be found
especially in non-coding but also in coding regions and are hence valuable markers to answer many
types of research questions or to see whether genetic variants are associated with a certain trait or
disease. SNPs have been discovered using transcriptomics in many avian species (Balakrishnan et al.
2013; Ekblom and Wang 2017; Ekblom et al. 2014; Hagen et al. 2013; Kaiser et al. 2017; Lundberg et
al. 2013; Ramstad et al. 2016; Santure et al. 2011; Srivastava 2011; Srivastava et al. 2012;
Vijayakumar et al. 2014; Zhang et al. 2014b) (Box 1.3). Whole body transcriptomics was used to find
candidate loci explaining the divergence between two sub species of songbirds with several
phenotypically different characteristics inhabiting either the mainland or islands in Alaska (Srivastava
2011). The authors found 1402 SNPs or indels that were fixed between populations and subspecies,
and hence provided candidate loci for further evolutionary studies (Srivastava 2011).
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Box 1.3 – Genetic marker discovery, a case study
Title: Sixteen kiwi Apteryx spp transcriptomes provide a wealth of genetic markers and insight into
sex chromosome evolution in birds
Authors: Ramstad et al. (2016)
The unique biology of Kiwis Apteryx spp make them interesting species for evolutionary studies.
Further, all Kiwis are currently considered vulnerable or near threatened (The IUCN Red List of
Threatened Species. Version 2017-3.), making them an important species for conservation biology.
To develop genetic markers and hence enable population genomic, phylogenomic or molecular
evolution studies in Kiwis, Ramstad et al. (2016) sequenced transcriptomes of 16 Kiwis from two
species, the Little Spotted Kiwi Apteryx owenii and the Rowi Apteryx rowi. Note that the current IOC
World Bird List (Gill and Donsker 2017) calls this species Okarito Kiwi. We here use the vernacular
name Rowi just the same as in the published paper. The authors collected 0.5 mL blood from eight
Rowis and eight Little Spotted Kiwis from wild populations in New Zealand. RNA was isolated, and
mRNA sequencing libraries were prepared and sequenced on the Illumina HiSeq2000 sequencing
platform. A total of 851,254,015 paired end reads of 100bp were obtained. To reduce the proportion
of transcripts from haemoglobins in the assembly, transcripts mapping to haemoglobin sequences
(Bowtie2, Langmead and Salzberg 2012) were removed and the remaining transcripts were
assembled de novo for each species separately using Trinity (Grabherr et al. 2011). To assess the
completeness of the transcriptomes, the Little Spotted Kiwi transcriptome was aligned using to the
North Island Brown Kiwi Apteryx mantelli genome (Le Duc et al. 2015) using Bowtie2 (Langmead and
Salzberg 2012). To identify orthologous genes the assembled transcripts were searched against the
NCBI protein database (Gish 1993), and the gene function of the orthologue hits was described using
gene ontology analyses in Blast2Go (Conesa et al. 2005). To enable SNP detection the non-assembled
sequencing reads were aligned to the Little Spotted Kiwi transcriptome using Bowtie2 (Langmead
and Salzberg 2012). SNPs were then called using GATK (McKenna et al. 2010), and SNPs with a
sequencing depth of <50x in each individual and a distance of less than 200bp from one another
were removed. In total, the authors provide 120,035 SNP markers from the Rowi and 27,170 SNP
markers from the Little Spotted Kiwi, of which roughly 67,000 SNPs were unique to the Rowi and
hence can be used to differentiate the species (Ramstad et al. 2016). Out of these markers, 29,313
and 12,384 SNPs can be used to differentiate individuals within the same species for the Rowi and
Little Spotted Kiwi respectively (Ramstad et al. 2016). The higher number of polymorphic sites in the
Rowi transcriptome in comparison to the Little Spotted Kiwi transcriptome is likely due to differences
in demographic history between the species and could be due to the fact that the Little Spotted Kiwi
underwent a bottleneck about a century ago (Ramstad et al. 2016).
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4.5 Genetic variation
Transcriptomic data represent a functional subset of the genome and offer unique opportunities to
investigate genetic variation in coding and regulatory regions. This might be of particular interest
when comparing phenotypes, which are likely to be caused by changes in the functional part of the
genome. The functional part of the genome might further be under different evolutionary forces
than the rest of the genome. Studying genetic variation in this part of the genome might hence
provide a different angle to evolutionary studies than when using the whole genome.
Transcriptomics have been used to study evolution, phylogenomics and population genomics in
various avian species, as outlined below.

4.5.1 The study of speciation
In population genomics and phylogenomics, numerous loci or genome regions are studied
simultaneously to disentangle questions about the importance of evolutionary processes such as
mutation, genetic drift, gene flow and natural selection within and between closely related species
(Luikart et al. 2003). The large amounts of data generated in whole-genome shotgun sequencing
projects and the high costs of sequencing the entire genome make this approach problematic for
population wide studies in which tens of samples need to be analysed for each population. By
sequencing a subset of the genome, the sequencing power can instead be focused on a small region
of interest and more individuals can then be included for the same costs. As the transcriptome
represents only the functional subset of the genome, the complexity is further reduced; thus there is
great potential to study population genomics or phylogenomics using transcriptomic data (De Wit et
al. 2012). One experimental difficulty is to obtain non-degraded RNA from wild birds (see section
5.1.2). By comparing the genetic diversity of the transcriptomes of two differentially migrating
subspecies of the Willow Warbler Phylloscopus trochilus Lundberg et al. (2013) confirmed results
from previous studies that showed that the majority of the genetic variation is shared between the
subspecies. The authors, however, also found a small set of SNPs that was differentiated between
the subspecies. These SNPs clustered on two chromosome regions, and the authors suggest that
these regions might be influenced by divergent selection associated with the subspecies’ migration
strategies (Lundberg et al. 2013). These results provide a starting point for further research to better
understand the importance of these genome regions for bird migration. Similarly, transcriptomics
was used for comparative genomic analyses between ten non-model avian species (Künstner et al.
2010), demonstrating its utility as a genomic resource for phylogenomics. In this study, the authors
detected a negative correlation between chromosome size and the synonymous substitution rate,
which suggests that small chromosomes have higher mutation rates than large chromosomes
(Künstner et al. 2010).
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4.5.2 Sex-differences
Birds exhibit a wide range of sexual dimorphism, including differences in behaviour, physiology and
morphology. Ornithologists have long asked how these differences arise, considering that the
majority of the genome is shared between the two sexes.
At the genome level, sex differences are manifested in the presence of two structurally
distinct sex-chromosomes, which have arisen through different selection pressures between females
and males. As in the XY sex-determination system of mammals, the avian sex chromosomes evolved
from autosomal chromosomes and differentiated through stepwise suppression of recombination,
something, which has led to the loss of most functional genes on one of the sex-chromosomes
(Ellegren 2011). In contrast to mammals, birds have evolved a female heterogametic sex system, with
females having two distinct sex chromosomes (ZW) and males two copies of the Z chromosome (ZZ)
(Ellegren 2000). The distinct pattern of inheritance on sex chromosomes means that they experience
evolutionary forces different from the rest of the genome (Mank et al. 2010), and they have hence
been subject to a number of evolutionary studies in birds (Wang et al. 2014; Zhou et al. 2014), also
using transcriptomic data (Balakrishnan et al. 2013; Künstner et al. 2010; Ramstad et al. 2016; Wright
et al. 2015). Wright et al. (2015) studied sequence and expression data of sex-chromosomes
simultaneously in six species of birds using RNA-seq data. The authors found that gene divergence
between the species was higher on the Z-chromosome than on autosomal chromosomes. This is in
line with the Faster-Z evolution theory (Meisel and Connallon 2013).
A research question, which has further received a lot of attention, is how individuals of the
homogametic sex avoid overexpression of the genes located on those chromosomes. In the XY sex
determination system of mammals, one of the female’s X chromosomes is silenced through a process
called dosage compensation into the Barr body (Charlesworth 1996; Ohno 1959). Interestingly,
evidence of dosage compensation has not yet been found in the avian sex determination system
(Baverstock et al. 1982). This finding has been supported in several species of birds such as the
Carrion Crow Corvus corone (Wolf and Bryk 2011) and Collared Flycatcher (Uebbing et al. 2013), using
transcriptomic data.
The lack or presence of certain sex-chromosomes in an individual, however, cannot alone
explain the vast differences seen between females and males. This is supported by a number of
studies that have shown sex-linked expression patterns in genes located on autosomes (as reviewed
in Parsch and Ellegren 2013). Transcriptomic data enable genome wide studies of sex-biased gene
expression, and has therefore been an important tool in discovering what genes contribute to the
different phenotypes seen in males and females (Mank 2009; Parsch and Ellegren 2013). Today, we
still know little about how birds regulate the expression of the sex-linked genes, and we therefore
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expect to see more transcriptomic studies on this topic within the near future. In a comparative gene
expression study in female and male Blue Tits Cyanistes caeruleus 53% of all expressed genes showed
sex-biased expression patterns (Mueller et al. 2015). Interestingly, a larger portion of the genes that
were expressed at similar levels in both sexes mapped to annotated protein-coding genes than genes
that were expressed in a sex-biased manner (Mueller et al. 2015). The authors hence suggested that
sex-biased gene expression might involve non-coding and regulatory elements of the genome
(Mueller et al. 2015).

4.6 Alternative splicing / transcriptome isoforms
In eukaryotes, protein coding genes consist of exons which are used as template to synthesise the
polypeptide, and interspersing regions called introns (Figure 1.1). During transcription, premessenger RNA (pre-mRNA) molecules consisting of all exons and introns are transcribed. The premRNAs then undergo a splicing event where introns are removed and the exons ligated, leaving as a
result mature mRNA, which can be translated into proteins. In a process called alternative splicing,
different combinations of exons can be ligated. Through this process several mature mRNA
molecules (called isoforms) can be encoded by the same gene (Figure 1.1). Alternative splicing is a
common phenomenon in eukaryotes, and is believed to contribute to the complexity of the
proteome in all species. In fact, about 40-60% of the human genes have differently spliced isoforms
(Ast 2004). This explains the paradox between the high numbers of proteins in comparison to the
moderate number of genes (e.g. 20,000 in vertebrates) (Modrek and Lee 2002).
RNA-seq has been an important tool for discovering alternatively spliced isoforms (Wang et
al. 2009), especially in non-model species without a well annotated reference genome. Zhang et al.
(2014b) studied alternative splicing in spleen transcriptomes from two populations of House Finches
Haemorhous mexicanus with different exposure histories to the bacterium Mycoplasma
gallisepticum. The authors found a total of 41.8% and 40.8% transcripts, respectively, with two or
more splice variants, of which 0.9% of the isoforms were found in one of the populations only (Zhang
et al. 2014b). The high number of isoforms produced by the same gene, ranging from 2-23 variants,
suggests that alternative splicing is likely also common in other avian species (Zhang et al. 2014b).
As most NGS technologies depend on the assembly of short sequences spanning the whole
mRNA molecule, they are of limited use for correctly recognising different isoforms. In fact, only
sequences covering the whole transcript can unambiguously recognise the true number of isoforms
from a particular gene. New technologies enabling sequencing of longer DNA fragments, such as
IsoSeq (http://www.pacb.com/blog/intro-to-iso-seq-method-full-leng/) and MinION
(https://nanoporetech.com/products/minion), will greatly improve the possibilities to detect
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different isoforms in transcriptomic studies. The application of these third generation sequencing
technologies to RNA sequencing are further discussed in section 5.3.2.
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Table 1.2 Collection of RNA-sequencing studies undertaken in non-model species of birds

Order
Accipitriformes

Species
Aegypius monachus
Aquila chrysaetos

Common name
Cinereous Vulture
Golden Eagle

Reference, [Research Category] and {Tissue}
Chung et al. (2015) [1] {27}
Van Den Bussche et al. (2017) [1] {2,15,17}

Anseriformes

Anas platyrhynchos

Mallard / Pekin Duck

Anser cygnoides

Swan Goose1

Cairina moschata
Aerodramus fuciphagus
Aerodramus maximus
Apus affinis
Archilochus colubris

Muscovy Duck
Edible-nest Swiftlet
Black-nest Swiftlet
Little Swift
Ruby-throated Hummingbird
Anna’s Hummingbird
Southern Brown Kiwi
Little Spotted Kiwi
Okarito Kiwi2
Emu

Charadriiformes

Calypte anna
Apteryx australis
Apteryx owenii
Apteryx rowi
Dromaius
novaehollandiae
Gallinago media

Columbiformes

Columba livia

Rock Dove3

Falconiformes
Galliformes

Falco cherrug
Alectoris rufa
Coturnix japonica

Saker Falcon
Red-legged Partridge
Japanese Quail

Huang et al. (2013) [1,2] {2,12,16,17,21} ; Wright et al. (2014)
[3] {18,22,23}; Harrison et al. (2015) [3] {18,22,23}; Li et al.
(2015) [2] {3,22,24}; Smith et al. (2015) [2] {12,16}; Wright et
al. (2015) [3] {18,22,23}
Harrison et al. (2015) [3] {18,22,23}; Lu et al. (2015) [1,2] {15};
Tariq et al. (2015) [2] {28}; Wright et al. (2015) [3] {18,22,23};
Chen et al. (2017b) [2] {28}; Cao et al. (2017) [2] {44}
Wang et al. (2015b) [2] {22}, Wang et al. (2017b) [2] {15}
Looi et al. (2017) [6] {38}
Looi et al. (2017) [6] {38}
Looi et al. (2017) [6] {38}
Künstner et al. (2010) [4] {2}; Nabholz et al. (2011) [5] {2};
Workman et al. (2017) [6] {15}
Künstner et al. (2010) [4] {2}; Nabholz et al. (2011) [5] {2}
Subramanian et al. (2010) [5] {7}
Ramstad et al. (2016) [6] {27}
Ramstad et al. (2016) [6] {27}
Künstner et al. (2010) [4] {2};
Nabholz et al. (2011) [5] {2}; Farlie et al. (2017) [6] {37}
Ekblom and Wang (2017) [8] {27}; Höglund et al. (2017) [6,8]
{27}
Xu et al. (2016) [6] {18}; MacManes et al. (2017) [3] {2, 18,
23,39}; Nimpf et al. (2017) [6] {45}
Pan et al. (2017) [6] {27}
Sevane et al. (2017) [1,2] {3,21,22,24}
Finseth and Harrison (2014) [1] {43}; Finseth and Harrison
(2017) [6] {23,43}

Apodiformes

Casuariiformes

Great Snipe
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Passeriformes

Gallus gallus
Meleagris gallopavo

Red Junglefowl
Wild Turkey4

Numida meleagris

Helmeted Guineafowl

Pavo cristatus

Indian Peafowl

Phasianus colchicus

Common Pheasant

Catharus ustulatus

Swainson’s Thrush

Chloris chloris5
Corvus brachyrhynchos

European Greenfinch
American Crow

Meitern et al. (2014) [2] {27}
Künstner et al. (2010) [4] {2};
Nabholz et al. (2011) [5] {2}; Nabholz et al. (2010) [5] {2}

Corvus corone

Carrion Crow6

Corvus macrorhynchos

Large-billed Crow7

Cyanistes caeruleus8

Eurasian Blue Tit

Eurillas virens9
Ficedula albicollis

Little Greenbul
Collared Flycatcher

Künstner et al. (2010) [4] {2};
Wolf et al. (2010) [5] {2}; Künstner et al. (2011) [4] {2}; Wolf
and Bryk (2011) [3] {2}
Vijayakumar et al. (2014) [1] {16}; Vijayakumar et al. (2015) [2]
{16}
Künstner et al. (2010) [4] {2};
Nabholz et al. (2011) [5] {2}; Nabholz et al. (2010) [5] {2};
Künstner et al. (2011) [4] {2}; Mueller et al. (2015) [1,3]
{1,2,8,10,12,13,15,16,18,19,21-23}
Zhen et al. (2017) [1] {1,2,10,15,27}
Ellegren et al. (2012) [1,4] {2,7,13,15-18,21,23}; Uebbing et al.
(2013) [3] {2,7,13,15-18,21,23}; Wang et al. (2015a) [5]
{2,7,13,15-18,21,23}; Uebbing et al. (2016) [5] {2,7,13,1518,21,23}; Wang et al. (2017a) [5,6] {2,13,15-17,21,23}; Ålund
née Podevin (2017) [6] {23};
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Bélteky et al. (2017) [6] {2}
Harrison et al. (2015) [3] {18,22,23}; Wright et al. (2014) [3]
{18,22,23}; Wright et al. (2015) [3] {18,22,23}
Harrison et al. (2015) [3] {18,22,23}; Wright et al. (2015) [3]
{18,22,23}
Harrison et al. (2015) [3] {18,22,23}; Wright et al. (2015) [3]
{18,22,23}
Harrison et al. (2015) [3] {18,22,23}; Wright et al. (2015) [3]
{18,22,23}
Johnston et al. (2016) [7] {2}
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Ficedula hypoleuca

European Pied Flycatcher

Künstner et al. (2010) [4] {2}; Nabholz et al. (2010) [5] {2};
Künstner et al. (2011) [4] {2};
Nabholz et al. (2011) [5] {2}; Ellegren et al. (2012) [1,4]
{2,7,13,15-18,21,23}; Wang et al. (2015a) [5] {2,7,13,1518,21,23}; Uebbing et al. (2016) [5] {2,7,13,15-18,21,23};
Wang et al. (2017a) [5,6] {2,13, 15-17,21,23}; Ålund née
Podevin (2017) [6] {23}

Uraeginthus granatinus
Haemorhous mexicanus10

Violet-eared Waxbill
House Finch

Hirundo rustica

Barn Swallow

Balakrishnan et al. (2013) [9] {2}
Backström et al. (2013) [4,6] {22}; Zhang et al. (2014b) [5,2]
{22}
Arai et al. (2017) [6] {40}

Junco hyemalis

Dark-eyed Junco

Manacus vitellinus

Golden-collared Manakin

Melospiza melodia

Song Sparrow

Parus major

Great Tit

Passer domesticus

House Sparrow

Phylloscopus trochilus
Poecile atricapillus
Serinus canaria
Setophaga caerulescens
Setophaga coronata
Sinosuthora webbiana13
Spinus cucullatus
Spinus spinus14
Spinus tristis

Willow Warbler
Black-capped Chickadee
Atlantic Canary11
Black-throated Blue Warbler
Myrtle Warbler12
Vinous-throated Parrotbill
Red Siskin
Eurasian Siskin
American Goldfinch
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Peterson et al. (2012) [1] {1,2,8,10,13,15,16,18,21,23,29-33};
Fudickar et al. (2016) [7] {17,27}
Künstner et al. (2010) [4] {2};
Nabholz et al. (2011) [5] {2}; Nabholz et al. (2010) [5] {2}
Srivastava (2011) [5] {2,10,15,17,19,34,35}; Srivastava et al.
(2012) [5,8] {2,10,15,17,19,34,35}; Balakrishnan et al. (2014)
[9] (Alles et al.)
Santure et al. (2011) [1] {1,2,10,13,15,18,19,21,23}; Watson et
al. (2017) [6] {15,27}
Hagen et al. (2013) [8] {2,10,13,15,16,23,27}; Ekblom et al.
(2014) [1] {3,22,27}
Lundberg et al. (2013) [7] {2}
Cheviron and Swanson (2017) [6] {1}
Lopes et al. (2016) [6] {15,21}
Kaiser et al. (2017) [5] {2,15,17,27}
Dick (2017) [7] {1}
Chu et al. (2012) [1] {2,15}
Lopes et al. (2016) [6] {15,21}
Videvall et al. (2015) [2] {27}
Cheviron and Swanson (2017) [6] {1}
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Sturnus vulgaris
Taeniopygia guttata

Common Starling15
Zebra Finch

Turdus merula

Common Blackbird16

Psittaciformes

Zonotrichia albicollis
Zonotrichia leucophrys
Melopsittacus undulatus

White-throated Sparrow
White-crowned Sparrow
Budgerigar

Sphenisciformes

Pygoscelis papua

Gentoo Penguin

Richardson et al. (2017) [1] {15}
Ekblom et al. (2010a) [1,2,6] {7,15,17,21-23}; Ekblom et al.
(2010b) [2,4] {3,7,15,17,21-23,27}; Gunaratne et al. (2011) [9]
{2}; Balakrishnan et al. (2012) [3] {36}; Chen et al. (2016) [6]
{21}; Chen et al. (2017a) [1,6] {21}; Davidson and Balakrishnan
(2016) [6] {2}; Newhouse et al. (2017) [2] {22}; Korlach et al.
(2017) [1,5] {2}; Han et al. (2017) [2] {3,22}
Franchini et al. (2017) [7] {27}; Koglin et al. (2017) [1]
{1,2,10,12,13,15,16,21-23,27,41,42}
Balakrishnan et al. (2014) [9] (Alles et al.)
Balakrishnan et al. (2014) [9] (Alles et al.)
Künstner et al. (2010) [4] {2}; Nabholz et al. (2011) [5] {2};
Cooke et al. (2017) [6] {40}
Han et al. (2017) [2] {27}

In square brackets [] categorised research areas: 1) Genome and Transcriptome Annotation, 2) Immune Response, Disease Biology and Genetic Disorders, 3) Sex-Differences, 4)
Comparative Genomics, 5) Phylogenomics and Population Genomics, 6) Trait Evolution and Evo-Devo, 7) Migration, 8) Genetic Marker Development, 9) Bird Song
In curly brackets {} tissues used: 1) Breast muscle, 2) Brain, 3) Bursa, 4) Caecal tonsil, 5) Cerebellum, 6) Duodenum, 7) Embryo, 8) Gizzard, 9) Harderian gland, 10) Heart muscle,
11) Ileum, 12) Intestine, 13) Kidney, 14) Left optic lobe, 15) Liver, 16) Lung, 17) Muscle, 18) Ovary, 19) Pancreas, 20) Proventriculus, 21) Skin, 22) Spleen, 23) Testes, 24) Thymus,
25) Thyroid, 26) Trachea, 27) Blood, 28) Peripheral blood lymphocytes, 29) Syrinx, 30) Beak, 31) Eye, 32) Preen gland, 33) Tongue, 34) Egg, 35) Bone, 36) Cell-line, 37) Wing, 38)
Salivary gland, 39) Pituitary gland, 40) Feather, 41) Stomach, 42) Retina, 43) Foam gland, 44) T-cells, 45) Hair cells
Nomenclature according to the IOC World Bird List (v 7.3) (Gill and Donsker 2017). See footnotes for cases, where the nomenclature differs from the reference/references: in
reference/s referred to as 1) Chinese Goose, 2) Rowi, 3) White-king Pigeon, 4) Turkey, 5) Carduelis chloris, 6) European Crow, 7) Jungle Crow, 8) Parus caeruleus, 9) Andropadus
virens, 10) Carpodacus mexicanus, 11) Common Canary, 12) Yellow-rumped Warbler, 13) Paradoxornis webbianus bulomachus, 14) Carduelis spinus, 15) European Starling, 16)
European Blackbird
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5. Planning of an RNA-seq study - quick guide
In this section we will briefly walk though the most important steps involved in a RNA-seq workflow
(Figure 1.2), with the focus on non-models species research. We will further point the readers to
more detailed literature for each step in the workflow. There are currently a number of reviews,
tutorials and best practise guides available that should be used in parallel to find more in depth
information on how to plan and smoothly undertake transcriptomics studies (Bullard et al. 2010;
Conesa et al. 2016; Mazzoni and Kadarmideen 2016; Oshlack et al. 2010; Teng et al. 2016; Vijay et al.
2013; Wang et al. 2009; Wolf 2013). Eventually, early meetings with your local sequencing core
facility and/or a commercial provider should be sought for details.

5.1 Sample collection
5.1.1 Tissues
The content and composition of RNA is tissue-specific, and hence the research question of interest
will direct what tissue to sample for a particular study. For example, brain tissue might be the best
tissue for studying bird song while intestine might be the optimal tissue for studying nutrition or the
response to low pathogenic AIV. Many tissues, including brain and intestine, cannot be sampled from
living individuals and this can become an issue when working with wild populations of birds and in
particular when working with endangered species. If an individual has to be released after sampling,
such as might be the case when working with protected species or when repeated measures are
required, then tissues such as blood or feathers can be used for RNA isolation. When planning a
transcriptomic study under these conditions one hence needs to consider whether information
obtained from these tissues is relevant for answering the question of interest and whether these
tissues can be collected without harming the birds (McDonald and Griffith 2011). Further, the
collection of samples from wild individuals usually requires special licences and an agreement from
an ethical committee. Several studies have compared the transcriptomic profile between whole
blood and other tissues during the immune response (Désert et al. 2016; Ekblom et al. 2014;
Sandford et al. 2012), showing the utility of RNA from blood for disease ecology studies. Blood has
further been successfully used to study sex-chromosome evolution in two rare Kiwi species, Apteryx
owenii and Apteryx rowi, showing that this tissue can be used as a source of RNA for transcriptomic
studies in protected birds (Ramstad et al. 2016).
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Figure 1.2 Overview of a typical RNA sequencing workflow. The individual elements of the work flow are
detailed in section 5. Protein structure by Richard Wheeler (Zephyris), licensed under CC BY 3.0 via
Wikimedia Commons.
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5.1.2 Preservation methods
Each nucleotide in the RNA molecule contains a ribose sugar, which has a hydroxyl group that is
prone to hydrolysis (Shukla 2015). This in combination with the rich abundance and high activity of
ribonucleases, which actively degrade RNA (Ilinskaya and Mahmud 2014) make RNA less stable than
DNA. Hence, specific care has to be taken when working with RNA to avoid degradation, may it be in
the laboratory or in the field. In fact, changes in transcript abundance and complexity may occur
during collection, handling and RNA isolation (Lorkowski and Cullen 2006). To make sure that the
analysed RNA accurately represents the in vivo expression profile of the sample, it is essential to
stabilise the RNA sample as soon as possible after collection (Lorkowski and Cullen 2006). The most
reliable method to avoid degradation of RNA after sampling is rapid freezing in liquid nitrogen (Wolf
2013). Another option, which might work under special conditions, is the use of RNA stabilising
reagents. Several commercial RNA stabilising reagents are currently available, of which one of the
most commonly used is RNAlater (Ambion, Inc). This stabilises and protects the integrity of RNA at
room temperature for up to a day at 37°C, a week at 18-25°C or several weeks at 4°C (Ambion, Inc).
Cheviron et al. (2011) examined how preservation method and time between sample collection and
processing affect the RNA-quality and yield in avian tissue samples collected in the field. The authors
found that RNA yields were higher for tissues that had been snap-frozen, however, that the yield and
quality of the RNA from tissues collected in the common standard chemical RNAlater and stored up
to two hours before shock-freezing were also sufficient for most gene expression applications
(Cheviron et al. 2011). In order to obtain good results from RNA-seq, RNA must be of very good
quality; thus it is important, to optimise the preservation step in any transcriptome study.

5.2 RNA-isolation and library preparation
5.2.1 Coding and Non-coding RNA
Many of the RNA-seq studies have focused on mRNAs used for protein synthesis. However, RNA-seq
can also provide information on RNA referred to as non-coding, that is, RNA that will not be
translated into proteins. Non-coding RNAs such as long non-coding RNAs (lncRNA, >200nt), small
nuclear RNAs (snRNAs <200nt), microRNAs (miRNAs ≈ 22nt), and small interfering RNAs (siRNA ≈
21nt) have important roles in biological processes such as gene regulation, replication, mRNA
processing, and splicing and might hence be of interest for certain research questions (Clancy 2008;
Morris and Mattick 2014). When designing an RNA-seq study, it is important to keep in mind what
population of RNAs are of interest, as the RNA isolation step, the library preparation and the
sequencing settings all depend on the type of RNA to be studied. The most common RNA species to
be targeted in RNA-seq studies are mRNA, total RNA or small RNA (sRNA, including the small RNA
types such as snRNA, microRNA, siRNA).
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There are several aspects to take into account when choosing the population of RNA for a
specific study (Kratz and Carninci 2014). mRNAs carry the genetic information from protein coding
genes in the genome and are used as a template for proteins during translation. The presence of
certain mRNAs hence indicates what protein coding genes are being expressed in a sample. As the
goal of many transcriptomic studies is to see which genes are down- or up-regulated under certain
conditions, the use of mRNAs is a common choice. Further, when working with non-model species,
annotation of other populations of RNA might be difficult and hence add complications to the
interpretation of the data. However, mRNA is only a small portion (1-5%) of all RNA in the cell (Rao et
al. 2006), and when overlooking other types of RNA the complexity of the entire RNA composition is
underestimated. In order to capture a wider range of RNAs total RNA can be targeted, which allows
for detection of coding and multiple forms of noncoding RNA. This has been done in some avian RNAseq studies (Chen et al. 2017a; Srivastava 2011; Videvall et al. 2015), which has contributed to our
understanding of the role of functional RNAs (fRNAs) in birds. While whole-transcriptome analysis
with total RNA gives a more comprehensive picture of the transcriptome than mRNA sequencing,
certain types of RNAs will not be accurately represented in a total RNA sample. In particular small
RNAs such as microRNAs (miRNAs), which are about 22 nucleotides in length (Bartel 2004), are easily
lost during RNA isolation, and several companies have thus released isolation kits that are specified
to capture small RNAs. In birds, up-regulation of microRNAs has been observed in chicken and ducks
infected with AIV (Li et al. 2015; Wang et al. 2012), and in Eurasian Siskins infected with avian malaria
(Videvall et al. 2015). Further, the miRNA profile was altered in the auditory forebrain of Zebra
Finches when hearing bird song (Gunaratne et al. 2011). This shows that miRNAs are involved in
various biological functions in birds, ranging from the immune response to song communication, and
that they are likely involved in more functions as well, although they have largely been overlooked so
far.

5.2.2 RNA isolation
There is a wide range of RNA isolation kits available on the market, some of which are specialised for
a specific type of tissue and others, which are specialised at capturing RNA molecules of certain sizes
(see section 5.2.1). It is important to keep in mind that most commercial kits have been developed
for model species such as mouse or human, and that the protocols might in certain cases require
optimisation to work optimally on bird tissues. One such example is blood, where avian red blood
cells are nucleated in contrast to mammalian red blood cells and hence can block the columns, which
are used in most RNA isolation kits. In several avian RNA-seq studies using whole blood, a
combination of kits was used to avoid this issue (i.e. Franchini et al. 2017; Meitern et al. 2014;
Videvall et al. 2015). To minimise the risk of sequencing a mixture of unknown parts of genomic DNA
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(gDNA) and cDNA, gDNA should be removed during RNA isolation (Dotti and Bonin 2011). This can,
for example, be achieved by digestion of DNA with the enzyme DNase during RNA isolation.
Before library preparation the purity and degradation of the samples should be assessed
using an automated electrophoresis system. Further, as many RNA-seq applications are dependent
on quantification measures it is of highest importance that the same amount of input RNA is used for
the library preparation. The concentration of the samples should hence be carefully measured,
preferably using sensitive fluorescence-based techniques.

5.2.3 Library prep
During library preparation, RNA is converted to cDNA with a number of molecular adaptors that
enable sequencing of the RNA of interest on the sequencer of choice. When sequencing mRNA or
total RNA a typical library preparation protocol will start by either capturing mRNA molecules or
removing ribosomal RNA (rRNA; Figure 1.3). In the case of mRNA selection, magnetic beads
containing oligo dT (oligodeoxthymidylate) molecules are usually used to capture RNA molecules with
a polyadenylated (polyA) region, which is present in most mRNA. In the case of total RNA
sequencing, rRNA, which comprises about 90 percent of the RNA in the cells (Wilhelm and Landry
2009), is removed. In both applications, the RNA is thereafter fragmented, reverse transcribed to
double stranded cDNA and adaptors allowing for sequencing are added to the cDNA. To enable
pooling of samples during sequencing, sample specific adaptors (also called indexes or barcodes) can
further be added to the samples. cDNA molecules with the appropriate adaptors are then enriched
using PCR. Finally the quality of the libraries is validated using an automated electrophoresis system,
normalised and, in many cases, pooled prior to sequencing. When interested in miRNA the RNA is not
fragmented in the beginning of the protocol, but a size selection step will instead be undertaken
using a gel electrophoresis step (Figure 1.3).
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Figure 1.3 The most commonly studied types of RNA in RNA sequencing projects and how they are selected
for. mRNA = messenger RNA, rRNA = ribosomal RNA, sncRNA = small non-coding RNA, lncRNA = long noncoding RNA

Many total RNA isolation kits provide information on strand orientation of the transcripts.
This has several advantages, as it allows for identification of antisense transcripts, which might have
regulatory roles, and as it might help resolve the difficulty of knowing what gene a certain sequence
belongs to in the case of overlapping transcripts (Levin et al. 2010).
Sequencing facilities normally offer library preparation as a service, a good alternative for
groups that are not interested in- or do not have the appropriate facilities or experience for library
preparation.

5.3 Sequencing
5.3.1 Sequencing depth and read length
In most next generation sequencing projects, the genetic material is fragmented into short pieces,
which are then sequenced in a random order. The sequencing platform used in a project sets the
limit on the total number of fragments that can be sequenced in one sequencing run. By choosing
different sequencing platforms and by pooling different numbers of samples in one sequencing run
the sequencing depth per sample can thus be adjusted. The sequencing platforms also differ in their
ability to sequence DNA fragments of different lengths. Depending on the project in mind one hence
has to decide what sequencing length to aim for.
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An ideal transcriptomic study would contain many experimental replicates with high
sequencing depth of long sequences. As will soon become clear, when planning an RNA-seq study,
however, sequencing is still costly despite recent advances. A trade-off between numbers of
experimental replicates, sequencing depth and lengths therefore has to be made. If the goal of the
study is to make a reference transcriptome then aiming for longer sequences might be the
appropriate choice, as this will facilitate the de novo assembly. For this reason, many avian studies
have used the now deprecated Roche 454 sequencing technology where sequence lengths can be
several hundreds of nucleotides long (Ekblom et al. 2014; Peterson et al. 2012). However, if a good
reference genome or transcriptome is already available for the target species or a closely related one
then shorter sequences (as generated by Illumina sequencers) might be sufficient - and much
cheaper. The sequencing depth necessary will also differ from study to study. If some transcripts are
known or expected to occur in low abundance compared to all the other expressed RNA in a cell then
a high sequencing depth might be required as the chance of sequencing rare transcripts will increase
with the number of sequences. However, if the main goal is to find the most differentially expressed
genes between two treatments and rare transcripts are of little interest, then fewer sequences might
be sufficient. Around 100 million sequences of 100 nt have been shown to efficiently capture the
majority of the genes in a sample which is of importance when characterising the transcriptome
(Vijay et al. 2013). In Chicken, it was shown that ten million sequencing reads of 75 nt captured about
80% of the annotated Chicken genome, and the authors hence suggested that RNA-seq at this depth
is a good alternative to microarray technology (Wang et al. 2011). The required sequencing depth will
further determine how many replicates can be pooled in one sequencing run. Many sequencers have
separate sequencing lanes, which can be used to increase the output or separate samples. Further,
most companies offer index adaptors (so called barcodes) that allow for pooling of up to 96 different
samples (or, if custom made, even more), which can reduce the sequencing cost greatly. There are a
number of tools that can be used to help estimating the number of replicates and sequencing depth
necessary for a study design (i.e. Busby et al. 2013; Liu et al. 2013).

5.3.2 Choice of sequencing platform
In this review, we will only briefly discuss the available sequencing platforms and the possibilities and
challenges that these platforms present for non-model research, as there are excellent reviews giving
a deep insight to these technologies already (Chu and Corey 2012; Metzker 2010; Morozova et al.
2009; Wang et al. 2009; Wolf 2013).
The most commonly used sequencing platforms for avian transcriptome research are Roche
454/pyrosequencing and Illumina (Table 1.3). The Roche 454/pyrosequencing technology was the
first commercial NGS technology used for whole-transcriptome shotgun sequencing. This technology
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allowed for sequencing of relatively long fragments, which is greatly beneficial for de novo assembly
of transcriptomes. The Illumina technology specialises in producing a high number of short
sequencing reads. This has been of great value for reference based RNA-sequencing projects, where
the main purpose is to study or compare gene expression between treatment groups. Illumina is
currently the most commonly used sequencing platform for RNA-seq studies, and there are a number
of Illumina sequencing platforms available such as the MiSeq and the HiSeq series. The Illumina
sequencing systems all have different specifications and flexibility, which will make them more or
less suitable for a particular study designs. The MiSeq has short sequencing run times (4-56 h) and
can sequence fragments of lengths 36-300 bp (single or paired end reads), and depending on the
settings produce an output of about 540 Mb-15 Gb. The HiSeq series which contains a number of
sequencing systems (currently HiSeq 2500/3000/4000) offers great flexibility in sequencing lengths
(single end 36 bp-paired end 250 bp) as well as total output (9 Gb-1500 Gb), with sequencing run
times ranging from 1-6 days. The continuous development of sequencing systems as well as reagent
kits lead to rapid changes in sequencing outputs as well as costs; we therefore encourage those
planning an RNA-seq study to contact their local sequencing facility to find the most suitable and
cost-efficient option available for the study design.
While the above mentioned platforms differ in some aspects, they also have commonalities.
For example, they use a fragmented cDNA library, which requires that the full-length RNA molecules
are then reconstructed from the short sequences by further processing by software that can find
overlaps between the individual sequences and stitch them together, a process called sequence
assembly. New technologies such as the Pacific Biosciences (PacBio) Isoform Sequencing (Iso-Seq)
application (Gonzalez-Garay 2016), can generate full-length cDNA sequences, and hence reduce the
need for reconstructing the full-length RNA molecule by post-hoc assembly approaches (Rhoads and
Au 2015). The first avian transcriptomes have recently been sequenced using this new technology
(Kuo et al. 2017; Workman et al. 2017). Another new application, which enables sequencing of fulllength transcripts is the Oxford Nanopore Technologies’ MinION (Ayub et al. 2013; Garalde et al.
2016). However, to our knowledge this application has not yet been used for RNA sequencing in bird
species.
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Table 1.3 The most commonly used sequencing platforms in transcriptomics
Sequencing
Platform
Illumina

454/pyrosequencing

PacBio

Pros’ for non-model research

Cons’ for non-model research

High number of short
sequences make this
technology attractive for
comparative gene expression
studies in species with a
reference genome. Further it is
currently the cheapest
technology per nt sequenced
The relatively long reads (~700
nt) facilitated de novo
assembly, and this technology
was hence suitable for species
without a reference genome
The possibility to sequence
whole transcripts (several kb of
length) make this technology
highly suitable for de novo
assembly or for detecting
alternative splicing

The short read lengths makes this technology
problematic for species without a reference
genome/transcriptome

High error rates in homo-polymer repeats.
Technology has been discontinued
https://www.genomeweb.com/sequencing/rocheshutting-down-454-sequencing-business
This technology is still new and costly

5.4 Transcriptome assembly or alignment
The most commonly used RNA-seq technologies produce a large library of short sequences, which
have to be merged in order to reconstruct the original sequence (Oshlack et al. 2010). To ensure the
best alignment possible, the quality of the sequences can be checked in a process called preprocessing. During this process, quality scores which have been assigned by the sequencer can be
used to evaluate the quality of the sequencing library, and sequencing adaptors which have not been
successfully removed can be detected. Using this information, thresholds can be set to trim the
sequences accordingly, thereby minimising the use of low quality sequences.
There is a vast array of tools available for alignment and assembly of the sequences (Bao et
al. 2011; Trapnell and Salzberg 2009), which will be more or less suitable for the project in mind. If a
reference genome or transcriptome is not available then the sequences will have to be assembled de
novo, which requires special de novo assembly software (Haas and Zody 2010). The access to a
reference genome will enable alignment of the reads to the reference (Vijay et al. 2013).
Alternatively, the sequences can be aligned to closely related species with a reference genome.
Alignment tools differ in their ability to align sequences to references of more or less divergent
species, and this will thus also affect what tool to use (Wolf 2013). In general, the quality of
transcriptomes reconstructed with the help of reference genomes or transcriptomes is better than
those reconstructed de novo. Once the sequences have been successfully aligned or assembled,
genetic markers can be developed or transcript levels can be estimated.
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5.5 Analysis
5.5.1 Variant calling
If transcriptomic data is available from several individuals then sites that are polymorphic within and
between individuals can be detected from the aligned sequences. As misaligned sequencing reads
could cause an overestimation of polymorphic sites it is important to have an alignment of high
quality when calling SNPs. There are a number of tools available to detect SNPs using NGS data
(reviewed in Nielsen et al. 2011). Using these SNPs the genotypes can be estimated for all individuals,
and population genomic, phylogenomic or molecular evolution analyses can be undertaken. There
are several reviews and tutorials that go into depth on how to call SNPs from NGS data, and how to
use this to study population genomics and speciation in non-model species (De Wit et al. 2012; De
Wit et al. 2015; Toews et al. 2015).

5.5.2 Gene expression quantification
To quantify gene expression levels the number of sequencing reads that map to genes along the
genome are counted. As the raw counts will vary with the sequencing depth of the samples, the raw
counts have to be normalised to enable comparison across samples of interest. This is done by
calculating the ratio of expression for each gene, taking the total number of sequencing reads per
sample into account. Some of the most commonly used scales for gene expression are RPKM (Reads
Per Kilobase of transcript per Million mapped reads), FPKM (Fragments Per Kilobase of transcript per
Million mapped reads), TPM (Transcripts Per Million) and CPM (Counts Per Million). The length of the
gene can also be taken into account, as longer genes with a certain expression level will have more
sequencing reads mapping to them than shorter genes with a similar expression level. Further, as
highly expressed genes will affect the ratio of the remaining genes, the distribution of expression
levels for each sample should further be normalised. This can be done using scale normalisation
factors such as the TMM (Trimmed Mean of M values; Robinson and Oshlack 2010), the upperquartile (Bullard et al. 2010), or the geometric mean (Anders and Huber 2010). Once gene expression
levels have been quantified and appropriately normalised for all samples, comparative analyses can
be undertaken to estimate differential gene expression under the conditions of interest. Many
softwares are available for this purpose (for more details see Soneson and Delorenzi 2013; Teng et al.
2016).
During differential expression analysis, the expression values for each gene are compared
across the different conditions and will hence result in a significance value (often a p-value) for the
comparison for each gene. As explained by Noble (2009), p-values are, however, only statistically
valid when a single test in undertaken. Due to the large number of genes for which the expression
levels are estimated and compared in RNA-seq projects, multiple testing correction needs to be
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applied. Several reviews go into more detail on how to analyse RNA-seq data, and we thus
recommend further reading for a more in depth description of this complex subject (Haas and Zody
2010; Ockendon et al. 2016; Oshlack et al. 2010; Vijay et al. 2013).

5.5.3 Biological interpretation of RNA-seq data
To make sense of the data received from a transcriptomic study it is necessary to identify which
genes the individual transcripts belong to and infer their function. When aligning sequences to wellannotated reference genomes, information on the known regions from the reference will
automatically be assigned to the aligned reads, something, which greatly facilitates biological
interpretation. In the case of de novo assemblies, an extra annotation step is necessary. During
annotation, protein and transcript information from the target species or (closely) related species are
aligned to the genome, and this information in combination with gene prediction is used to identify
genes and to assign biological information to the gene lists (Yandell and Ence 2012). Several
annotation pipelines that make use of a number of tools are currently available (Andersson et al.
2015; Cantarel et al. 2008). Still, gene annotation is anything but trivial, and hence having access to a
well annotated reference genome is highly beneficial. Only a fraction of the published avian genomes
are well annotated (Table 1.1) and there is thus a great need of further work on many genomes.
Further transcriptomic studies play a major role here. It should not be overlooked that even in well
studied model organisms (including humans) the function of many genes is still obscure.
Unfortunately, even more genes need to be characterised in terms of function in birds.
Gene ontology (GO) analyses can be used to interpret the biological function of the list of
genes retrieved from the alignment or annotation step. During GO analysis, genes are classified into
ontology classes that describe gene products in terms of their associated molecular function, cellular
component and biological process (Gene Ontology Consortium 2004). This classification scheme was
initiated to generate consistent descriptions of gene products that can be used across species
boundaries (Gene Ontology Consortium 2004). GO analyses are frequently used in transcriptome
studies to help reduce complexity and highlight biological processes (Young et al. 2010), also, of
course, in avian studies (Balakrishnan et al. 2013; Chu et al. 2012; Ekblom et al. 2014; Peterson et al.
2012; Santure et al. 2011; Vijayakumar et al. 2014; Wright et al. 2015). By classifying the genes that
were differentially expressed between migratory and sedentary Dark-eyed Juncos Junco hyemalis
through GO analysis, Fudickar et al. (2016) found that genes involved in lipid transport and
metabolism were overrepresented in migrant individuals while genes involved in reproductive
processes were overrepresented in resident individuals.
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6. Challenges with RNA-seq and its utility for non-model
avian species
NGS has revolutionised the study of transcriptomics. However, there are significant challenges that
need to be taken into consideration when using RNA-seq technology for research of non-model
organisms.

6.1 Library preparation, we might be introducing bias in the data
Some of these challenges are related to complications associated with the construction of libraries
for the major NGS platforms. For example, the current fragmentation methodologies can introduce
bias during template fragmentation (as discussed by Wang et al. 2009). Furthermore, a number of
errors, such as self-priming, template switching, and reverse transcriptase inaccuracies can occur
during cDNA synthesis (Ozsolak and Milos 2011; Wang et al. 2009). Also, most current RNA-seq
protocols contain a template amplification step, and as certain transcripts might be more prone to
amplify than others, this step can lead to an uneven distribution of transcripts which is not well
representative of the sample (Garalde et al. 2016; Kozarewa et al. 2009). New technologies are
continuously being developed to avoid or minimise these issues, including long-read technologies
(Gonzalez-Garay 2016), direct RNA sequencing technologies (Ayub et al. 2013; Garalde et al. 2016;
Ozsolak et al. 2009), and PCR free protocols (Mamanova et al. 2010). Ensuring a high quality library is
of highest priority in all NGS projects, and it is therefore likely that we will see further developments
aiming at minimising the problems involved in library preparation for RNA-seq within the short
future. It is further important to stress that NGS needs DNA or RNA of high quality and purity.

6.2. Working with large datasets (“Big Data”), a new era for biology
Once a transcriptome has been successfully sequenced, the next challenge is to analyse the great
amount of data received from deep-sequencing projects (for a detailed tutorial see Wolf 2013). A
common RNA-seq project can easily result in a raw data set in the size of 10-100 billion bases (Giga
bases; Gb), and during analysis, this further expands due to intermediate results in the down-stream
analysis pipelines. It is therefore important to provide for sufficient computational storage, either
locally or via a remote high performance computer cluster (Schatz et al. 2010). While some tools,
such as Galaxy (https://usegalaxy.org/), offer a user friendly web interface for analysing RNA-seq
data (Goecks et al. 2010), most applications used during the analysis of RNA-seq are either run on the
command line in the UNIX operating systems or in the R environment (R Core Team 2014) and thus
require some bioinformatics expertise. Recent improvements in sequencing technologies have led to
rapid advances in the availability of bioinformatics tools (Conesa et al. 2016; Schurch et al. 2016;
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Seyednasrollah et al. 2015), as well as user friendly manuals (Law et al. 2016; Pertea et al. 2016) and
tutorials (Conesa et al. 2016; Wolf 2013). Eventually it is imperative to make oneself familiar with
bioinformatics or seek collaborations when designing a project idea.

6.3 Transcriptomics, from the lab to the field
The majority of the transcriptomic studies in birds have been performed under controlled laboratory
conditions, and this for a good reason. In these setups, one typically compares an experimental
condition with a non-manipulated control, and by keeping all factors except the one of interest
constant across the different treatment groups the influence of other factors is kept to a minimum.
For example, by performing experiments between treatment and control concurrently, or on the
same time of the day, temperature or diurnal rhythm can be controlled for.
When undertaking experiments in a controlled environment, the main idea is to reduce
complexity of the environment to make it possible to focus on one factor alone. However, wild birds
live in a complex world, where their gene expression is influenced by a number of factors
simultaneously. And in order to better understand the flexibility of the transcriptome in birds, it is
necessary to study transcriptomics under the wide range of conditions that they experience in their
natural environment. In natural populations, it is however difficult to know for sure whether the
difference observed between individuals or treatment groups are indeed due to the factor of interest
or other factors that can neither be measured nor be controlled for. Larger sample sizes will be
needed in natural settings. It seems that a combination of controlled and natural experiments will
give the best possibilities to better understand, how the genome is regulated in different contexts.

6.4 Experimental proof as a last step to ascribe biological function
Knowing that a gene is up or down regulated under a certain condition does not necessarily verify
the function of that gene. Instead, the results can be used to propose a hypothesis about the
function of a specific gene in a particular context. Experimental testing of such hypotheses is the
actual proof beyond correlation from gene expression studies. Modification of specific genes using
gene editing technologies is currently the gold standard for determining gene function (Capecchi
2005). By this strategy, so-called “knock-out” or “knock-in” strains are produced; which are then
available for biological and pharmacological research. These methods are labour extensive and
delicate also from ethical perspectives, and have been available only to dedicated research groups
(Kratochwil and Meyer 2015). And they are particularly challenging in birds because of the
inaccessibility of the zygote which is enclosed in the egg (Cooper et al. 2017).
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Recently it was shown that genome editing using homologous recombination can be
undertaken in cultured Chicken primordial germ cells (PGCs) which can then be injected into a
surrogate egg shell (Schusser et al. 2013). Similar to mammals, breeding schemes can then be used
as a measure to produce homozygous knock-out birds. This method was used to study the knock-out
effect of immunoglobulin which has an important role in the adaptive immune response (Schusser et
al. 2013) and for the knock-out of the egg white protein ovalbumin (Park et al. 2014) in Chicken.
Later, sperm has been successfully used as a delivery mechanism for gene editing vectors in Chicken,
something which opens up the possibility for gene editing in species of birds where methodologies
for long term culture of PGCs are not available (Cooper et al. 2017). New technologies such as
CRISPR-Cas9 for genome engineering have further made genome editing more feasible for research
in non-model species (Doudna and Charpentier 2014), and have recently been used in Chicken as
well (Abu-Bonsrah et al. 2016; Oishi et al. 2016). The availability of a knock-out system in Chicken has
the potential to improve our general understanding of gene functions in birds, and allows for the
exploration of whether this technique can be used in other species of birds as well.

7. Future
7.1 Single Cell Sequencing
Cells are the building blocks of multicellular organisms and usually highly specialised (more than 200
cell types occur in vertebrates). In most transcriptome studies, the gene expression profile has been
studied in tissue samples, which were made up from a wide range of different cells and cell
populations. The observed transcriptome is thus a result of a cocktail of transcripts from a large
number of cells of different kinds, and specific information on gene expression in certain types or
subpopulations of cells is lost. The last few years, several technologies enabling gene expression
profiling in single cells have been developed (Hashimshony et al. 2012; Jaitin et al. 2014;
Kolodziejczyk et al. 2015; Picelli et al. 2013; Tang et al. 2009), a major breakthrough for biology.
These technologies allow for a more in-depth knowledge of basic research questions such as how
many distinct cell types there are and how they interact with each other, as well as more specific
research questions such as why some cells are affected by diseases when others are not (Eberwine et
al. 2014). The majority of these technologies requires cell sorting prior to use, something, which is
difficult in non-model species for which cell sorting protocols have not been developed. New
technologies allowing for single cell gene expression analysis in thousands of cells of unknown kind,
however, have now made single cell gene expression analysis possible in non-model species as well
(Macosko et al. 2015). We believe that we will see more single cell RNA-seq studies in birds within
the short future.
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7.2 Spatially resolved *omics
As mentioned previously, the majority of transcriptomic studies are undertaken on homogenised
tissues. This does not only lead to a loss of cell-specific information but also the loss of positional
information of the expression pattern in the tissue of interest. Maintaining spatial information on
gene expression of single cells or subpopulations of cells in tissues could help us to better understand
how different cells function and are regulated, where they are localised and how they interact in
complex tissues (Crosetto et al. 2015). Some techniques can be used in combination with RNA-seq
such as laser-capture microdissection, where single cells or subpopulations of cells can be harvested
from tissue samples and used for downstream analysis (Espina et al. 2006), microtomy sequencing,
where RNA is extracted from thin cryosections (Junker et al. 2014), or spatial transcriptomics where
tissues are positioned on an array with spatially barcoded primers which allow for two-dimensional
positional information to be taken into account in the analysis (Ståhl et al. 2016). These technologies
offer new possibilities to learn more about avian biology, in particular within areas such as
neurobiology and immunology.

7.3 On-site sequencing platforms
One of the newly available sequencing instruments which has great potential for future RNA studies
in a field setting is the portable sequencing device MinION (Oxford Nanopore Technologies, Oxford,
UK). The current version of the MinION weighs less than 100 g and is powered by the USB port of a
laptop and it can thus easily be taken to the field and used on-site. Having the possibility of
sequencing the sample of interest on-site does not only have the potential to reduce the time
between harvesting and sequencing, but can also facilitate the workflow in countries where
sequencing facilities are scarce or where export of tissues is a hampering factor. While there are
studies that have assessed the usefulness of this sequencing device in potential field settings (Mulley
and Hargreaves 2015), we could find relatively few examples where the MinION had been used in
remote field sites such as those experienced by many ornithologists. One of the most common uses
of the MinION in remote locations has been within a biomedical context, including real-time genomic
surveillance of the Ebola virus in Africa (Hoenen et al. 2016; Quick et al. 2016) and the Zika virus in
Brazil (Faria et al. 2016). Incorporating this technology in the surveillance of avian zoonotic diseases,
for example AIV, could facilitate rapid identification of the virus causing an outbreak in birds, and
hence help to make a quick decision on the action required to minimise the spread of infection.
While these studies proved the utility of the MinION at various isolated locations, they all depended
on a minimal set of laboratory equipment such as micro-centrifuges and thermocyclers for sample
processing, and a stable internet connection for data analysis (Faria et al. 2016; Hoenen et al. 2016;
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Quick et al. 2016) that – after all- could be fitted into caravan car making it a mobile mini laboratory.
These obstacles need to be overcome before the MinION can be used routinely in the field. We
believe that the continuous development of efficient library preparation kits as well as tools enabling
data analyses offline will make the MinION a realistic choice for field transcriptomics in the future.
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Abstract
Wild animals are the vectors and reservoirs of emerging infectious diseases with major implications
on human health, and yet, little is known about the interactions of these pathogens and their main
hosts in their natural environment. One reason for this is that reliable ways to measure immune
status and responses is lacking for animals in the wild. In this study we simulated natural infections
by viral and bacterial pathogens in captive mallards (Anas platyrhynchos), an important host of
emerging infectious diseases. We used state-of-the-art bio-loggers to determine the peak of the
innate immune response, by remote monitoring of body temperature and heart rate frequency.
Using genome-wide gene expression profiling of whole blood we confirmed that these
immunostimulants activated pathogen-specific gene regulatory networks. We visualize differential
gene expression in the framework of whole immune pathways through an interactive webpage,
allowing us to identify up regulated genes characteristic of each response. Importantly, we found
that B4GALNT4, adjacent to the Interferon Induced Transmembrane Protein genes involved in
restriction of influenza virus, is up regulated in the viral immune response in mallards. We confirmed
the timing of the acute phase with leukocyte composition, which also can be used as a reliable
predictor of the health status of individual mallards. By reporting baseline information on
physiological changes (heart-rate, body temperature, activity) that can be studied in free-ranging
populations, we provide novel minimally-invasive tools to remotely detect and monitor disease
outbreaks.
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Introduction
Animals live in complex environments where many factors can influence their response to
challenges, such as infections. Still we usually study biological questions in a simplified environment,
where the influence of all factors except the one of interest is ignored (Calisi and Bentley 2009). Most
of the knowledge about the immune system and its response to infections has been gained from
model species in controlled laboratory environments. But this environment differs greatly from that
experienced by most animals in their natural habitat, including the hosts of most emerging infectious
diseases (Brock et al. 2014; Gervasi et al. 2015; Matson and Van Dijk 2016). To learn more about the
importance of animals as vectors of emerging infectious diseases, as well as their ability to prevent or
control pathogens and parasites (immunocompetence) in a natural setting (Norris and Evans 2000),
there is a need to study their immune response in the wild (Pedersen and Babayan 2011). This has
given rise to a new field of research: eco-immunology (SICB 2014). It studies “Interactions among
host physiology and disease ecology in a wide range of environmentally relevant contexts” (Demas
and Nelson 2011). Rapid advances in ecology and evolutionary biology have empowered the study of
eco-immunology (Lee et al. 2006). However, there is still a lack of suitable tools to measure
immunocompetence in wild individuals (Lemus et al. 2010). As a result, ecologists have often used a
simplistic approach when measuring immunocompetence in wild individuals in comparison with the
more advanced methods advocated by immunologists (reviewed in Norris and Evans 2000).
The immediate response to infection or injuries is called acute phase response. It comprises,
amongst others, physiological and behavioural changes (Lee et al. 2008). Studying such changes in a
non-biased manner during infection in animals is not trivial, and often includes disturbance of the
animals for sampling or observation. These difficulties can now be circumvented by using new
technologies such as bio-loggers. Bio-loggers are devices that can be used to monitor physiological
and behavioural changes remotely. Some of the most commonly used bio-loggers record body
temperature, heart rate and high definition acceleration data. Body temperature can be used to
measure the fever response, and has great potential for detecting and monitoring the acute phase
response in the wild (Adelman et al. 2010c). Heart rate is generally used as a means of estimating
energy expenditure in animals. This offers great potential for studying the metabolic cost of an
immune response, a subject that is continuously debated (reviewed in Lochmiller and Deerenberg
2000). High definition accelerometers that record acceleration along three axes can be used to
detect subtle changes in behaviour (Shepard et al. 2008). These loggers could therefore provide
information on how animals behave in the wild when infected, while minimising the interpretation
from a human perspective
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While certain immunological responses can be monitored remotely, others require a
biological sample from the animal. One of the main limitations in eco-immunology studies is the
difficulty of obtaining samples from wild animals. An exception are blood samples that can more
easily be obtained from animals upon capture. After drawing blood the captured individual can be
released, observed and potentially re-captured and re-sampled, to obtain repeated measurements of
the same individuals. One common parameter for determining whether an individual is suffering
from an infection or not, is the composition of white blood cells (leukocytes) in a blood sample
(Pierre 2002). Leukocytes are major players during the immune response. Some leukocytes are part
of the non-specific, the so-called innate immune system, and are involved in detection and killing of
pathogens, as well as signalling to other cells (Murphy and Weaver 2016). Other leukocytes are part
of the specific, the so-called adaptive immune system, and have important functions for
immunological memory; the ability to respond quickly and efficiently to pathogens that have been
encountered previously (Murphy and Weaver 2016). By observing changes in the number of
leukocytes in the blood of an individual, the immune status and health of the individual can thus be
inferred.
One of the most accurate and up-to-date technologies that is used in disease studies is gene
expression profiling. By comparing gene expression profiles in healthy and diseased individuals we
can get a better understanding of which parts of the genome are up- or down regulated during
infection. RNA-sequencing (RNA-seq) is currently the gold standard for analysing the content and
composition of all RNAs (the transcriptome) in a biological sample (Wang et al. 2009). In most
immunological studies gene expression is measured in the organ where the pathogen of interest is
replicating, but again, harvesting organs is often not desired in studies of wild animals. As a
substitution for the organs of interest, blood samples can be used for differential gene expression
analysis. For this to be of relevance, more information is needed on what genes are differentially
expressed in the blood during infections in the host of interest. While gene expression is often
reported for single genes, they function within networks where the up- or downregulation of one
particular gene or regulatory element can have an effect on other genes. To better understand how
these networks function, gene expression should be evaluated globally, across the whole
transcriptome and in the framework of molecular pathways rather than for single genes (Slonim
2002). In comparative immunology, assessing gene expression in the framework of pathways can
give insight as to why species differ in the susceptibility to infections.
As a first step to learn more about immunocompetence in wild animals, there is a need to
study immune responses in wild animals under controlled conditions but in a wild setting. One
strategy to reduce the complexity of the environment in eco-immunological studies is to induce an
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immune response in animals using immunostimulants (Martin et al. 2004). Immunostimulants (e.g.,
pyrogens) are non-infectious compounds that trigger an immune response. They can therefore be
used in field experiments to study the immune response without spreading infectious agents (e.g.,
Adelman et al. 2010a; Adelman et al. 2010c; Martin et al. 2014a).
Waterfowl has been identified as one of the primary reservoirs of avian influenza viruses
(AIV) (Stallknecht et al. 2008; Webster et al. 1992; Webster et al. 1978). While most AIV strains that
circulate in wild birds are of low pathogenicity (LPAIV), they are the original source of influenza
viruses that cause disease outbreaks in poultry and humans (Krauss and Webster 2010; Swayne and
Suarez 2000). Upon transmission of AIV from wild birds to poultry, mutations in one of the viral
proteins can lead to highly pathogenic strains of AIV (HPAIV) that can cause clinically overt disease
and high mortality (Swayne and Suarez 2000; Swayne 2007). As of May 2018 there have been 860
confirmed infections of HPAIV H5N1 in humans, resulting in 454 deaths (WHO 2018). Further, more
than a billion domesticated poultry have died through direct HPAIV H5N1 infection or culling as a
measure to prevent further spread of the disease (Krauss and Webster 2010; Walsh et al. 2017). The
mallard (Anas platyrhynchos) has been identified as the most important natural vector for AIV
(Jourdain et al. 2010; Olsen et al. 2006; Van Borm et al. 2011; Wallensten et al. 2004) and a high-risk
species for spreading H5N1 to domesticated poultry (Atkinson et al. 2006). The mallard shows low to
moderate signs of infection when compared to other avian species (Brown et al. 2006; Laudert et al.
1993; Leigh Perkins and Swayne 2002), and can carry LPAIV along their migratory route (Dijk et al.
2014; Latorre-Margalef et al. 2009). Great efforts have been made to facilitate the diagnosis of, and
understanding the epidemiology of AIV in wild birds (Kraus et al. 2009; Kraus et al. 2011b; Olsen et al.
2006; Stallknecht and Brown 2007; Stallknecht et al. 2008; Takekawa et al. 2011). Still, we know little
about how mallards behave in the wild when infected, and it is therefore difficult to interpret what
effect AIV have on wild mallards, and what role mallards play in the spreading of the disease
(Galsworthy et al. 2011; Van Gils et al. 2007).
The aim of this study was to find reliable and repeatable methods that will facilitate ecoimmunology studies in wild mallards, while learning more about the immune system of this particular
species. For this purpose, a stimulation experiment was undertaken in mallards using
immunostimulants which mimic typical natural infections in this species. We monitored the immune
response using a combination of classical assessment methods, state-of-the-art bio-loggers, and high
throughput sequencing technologies. The aims were to 1) provide baseline information on a number
of physiological changes that occur during the acute phase response in mallards, 2) investigate
whether the immune response can be monitored using bio-loggers, 3) see whether an immune
response can be detected in global gene expression profiles in whole blood, 4) determine the
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specificity of the immune response to different stimulants, and 5) explore ways to visualise how gene
regulatory networks are activated during the immune response.

Methods
We used three types of immunostimulants to mimic infections by RNA viruses, Gram-negative and
Gram-positive bacteria in mallards (Anas platyrhynchos). We used bio-loggers to observe changes in
physiology and behaviour during the acute phase response. For this purpose, we measured changes
in body temperature, heart rate and individual activity during the immune response. We further
looked at changes in leukocyte composition and the heterophil:lymphocyte (H:L) ratio (Norris and
Evans 2000), to get a better understanding of what changes occur at the cellular level during the
acute phase response in mallards. We monitored changes in the whole transcriptome in whole blood
before and after the immune-stimulation using next generation RNA-sequencing (RNA-seq, a
sequencing tool commonly used also in non-model bird species; Jax et al. 2018) to determine
whether relevant immune pathways were upregulated in the respective stimulant. For one of the
treatments we validated our results using real-time quantitative PCR (qPCR), and thereby also
provide a panel of target genes for specific future gene expression studies in mallards.

Birds and housing
A total of 44 mallards (Anas platyrhynchos) were included in the experiment. All individuals were
born in captivity but were of the second generation of wild mallards. The majority of the birds were
one year old, with a few exceptions of older birds that were distributed evenly across the treatment
groups. Initially the mallards had a body mass of 1105 ± 122.37 g (mean ± SD). The mallards were
housed in the outdoor aviaries at the Max Planck Institute for Ornithology (MPIO) in Radolfzell,
Germany. The aviaries consisted of separate compartments measuring 3 x 4 meters, with a height of
2.5 meters. Each compartment contained a water basin (1 x 1.5 meters, 0.3 meters deep) and a
shelter with nesting material (wood shavings and straw). During the immune stimulation, the birds
were kept in groups of three individuals in each compartment. The aviaries were grate fenced to one
side such that all animals were kept under ambient light and temperature conditions and were
provided with food (Lundi Wasservogelsticks, article no.100908) and water ad libitum. Before the
sampling events, birds were caught using a handheld net. All processes described in this experiment
were performed between December 2016 and January 2017. The experiment was approved by the
federal authorities of the German state of Baden-Württemberg (Regierungspräsidium Freiburg,
approval no. AZ: 35-9185.81/G-15/130).
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Treatments
We used three pyrogens in the study to mimic different pathogens. These compounds are used as
common tools for scientific research on the immune response and have all been shown to induce an
increase in body temperature in Pekin ducks (Anas platyrhynchos domesticus) (Marais et al. 2011).
The birds were intramuscularly stimulated with 1 mL of one of the three pyrogens, or with 1 mL
phosphate-buffered saline serving as a control treatment. The first pyrogen, polyinosinic:polycytidylic
acid (poly I:C), is used to mimic certain viral infections due to its similarity to double stranded RNA
which is present in some viruses (Fortier et al. 2004; Homan et al. 1972; Kimura et al. 1994). Each
mallard received 1 mg/kg poly I:C (P9582, double-stranded homopolymer polyinosinic-polycytidylic
acid potassium salt; Sigma-Aldrich). The second pyrogen, lipopolysaccharide (LPS), is the major
component of the outer membrane of Gram-negative bacteria and is known to induce a strong
innate humoral and cellular immune response in animals with sickness behaviour mediated by proinflammatory cytokines (Alexander and Rietschel 2001; Matson et al. 2005; Owen-Ashley et al. 2006;
Owen-Ashley and Wingfield 2006). Mallards receiving the LPS treatment were injected with 100
µg/kg LPS (L2630, phenol extracted Escherichia coli 0111:B4; Sigma-Aldrich, St. Louis, MO). The third
pyrogen, cell walls of heat-killed Staphylococcus aureus, was used to mimic a Gram positive
bacterium. This pyrogen induces fever in mice and ducks (Gray et al. 2013; Luker et al. 2000). About
2.5x1010 cell walls from heat-killed S. aureus (S2014, Wood 46 strain; Sigma-Aldrich) were used for
this treatment. We determined the concentration of cell walls using flow cytometry on a BD Accuri
C6 flow cytometer (BD Biosciences) at the FlowKon facility at Konstanz University, Germany.

Experimental setup
As body temperature as well as heart rate can be elevated in birds during stress or handling (Cabanac
and Guillemette 2001; Cabanac and Aizawa 2000; Cyr et al. 2009; Gray et al. 2008; Korte et al. 1998),
the experiment was divided into two parts. The first part of the experiment (Experiment 1) allowed
us to monitor changes in body temperature, heart-rate and movement patterns from the individuals
without disturbance, while the second part of the experiment (Experiment 2) allowed us to collect
blood samples that were used to study differential gene expression and white blood cell
composition. The experimental design is described in Figure 2.1.

Experiment 1 - Recording of physiological measurements using bio-loggers
We recorded changes during the acute phase response using bio-loggers. For this purpose we
implanted heart rate frequency and body temperature sensors (E-obs GmbH, Grünwald, Germany,
www.e-obs.de) in the thoraco-abdominal cavity of 12 individuals under sterile conditions and general
anaesthesia (inhalational anaesthesia with isoflurane, 5% induction; 2,5 -3,5 % maintenance).
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Preanesthetically, an opiod analgetic (Butorphanol, 1,5 mg / kg/ i.m.) and Ringer’s solution (20 ml/
kg/ s.c.) was administered. The thoraco-abdominal cavity was opened with a midline incision
following the linea alba and the sensor was placed caudoventrally to the liver. The surgical incision
was closed with a two layer (muscle tissue and skin) absorbable suture (Monosyn 4/0, B.Braun,
Melsungen, Germany). Post-surgery a non-steroidal anti-inflammatory analgetic (Meloxicam, 0,5 mg/
kg / p.o.) was administered for pain management. Four weeks after surgery, we divided the
individuals into four groups of three individuals each. The individuals were housed together with the
other individuals about to receive the same treatment, to avoid cross treatment effects. Acceleration
loggers (E-Obs solar bird, www.e-obs.de) were attached to the back of the animals using a
customised backpack (Roshier and Asmus 2009), to record behavioural changes during the acute
phase response. The individuals were left for a week to acclimatise to their new environment and
loggers. The groups of three individuals then received one of the treatments (Figure 2.1, Experiment
1). The individuals were left in the aviaries with minimal disturbances after stimulation to avoid
changes in body temperatures and heart rate due to stress.

Experiment 2 - Blood immune assays
We repeated the treatments to collect blood samples for leukocyte counts and global gene
expression analysis. The treatment was repeated after a minimum of two weeks to avoid potential
short-term tolerance effects to the stimulants (D'alecy and Kluger 1975; Marais et al. 2011). An
additional 32 mallards were included in the second stimulation event to increase the total number of
individuals for the gene expression analysis. Once again, the individuals (n=44) were divided into four
groups (n=11) and stimulated with one of the three treatments and the control as detailed above.
Blood samples (300 μL) were taken from the wing vein (V. cutanea ulnaris) or the caudal tibial vein
(V. metatarsea plantaris superficialis medialis) before stimulation and at a number of time points
post stimulation (ps) (3 hrs, 6 hrs, 12 hrs, and 24 hrs) (Figure 2.1, Experiment 2). The blood was
collected in K3 EDTA coated tubes (Sarstedt, Nümbrecht, Germany).
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Figure 2.4 Timeline of the experiment, showing when what events took place and the number of individuals
that were included in the experiment; n = number of individuals, ps = post stimulation

A total of 44 individuals were included in the second experiment (Figure 2.1). In this study we
analysed RNA samples from 24 individuals using RNA-seq (six from each treatment, three from each
sex) and from nine individuals using real-time qPCR (all individuals from the poly I:C treatment except
for the female outlier and one sample that was lost during cDNA synthesis). As the real-time qPCR
confirmed the results from the RNA-seq in the poly I:C treatment group, we did not repeat the realtime qPCR for the other two treatments.

Analysis of body temperature, heart rate and activity data
We recorded the body temperature, electrical activity of the heart, and acceleration data for a period
of 4.2 seconds every five minutes during the experiment, for three individuals per treatment. The
data recorded during the first stimulation (Figure 2.1) was downloaded using an e-obs base station
located outside the aviaries. For the heart rate data an electrocardiogram was projected in the
acceleration viewer software (Movebank, www.movebank.org, Max Planck Institute of Ornithology,
Germany), and the heart beat detector Java program was used to detect and count the heart beats
(Matthias C. Berger, Schäuffelhut Berger GmbH, www.schaeuffelhut-berger.de). Additionally, we
manually checked each electrocardiogram, to ensure that the heart beats were correctly called by
the program. We calculated the heart rate as beats per minute for every five minute period. We
recorded acceleration in three dimensions for each period of 4.2 seconds every five minutes, which
resulted in a total of 40 values per axis per burst. We calculated the variance of the acceleration
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measurements for each axis per burst, and we used the mean of these three variance values as a
measure of activity (Korner et al. 2016).
We fitted generalized additive mixed models (GAMMs) to the data for each physiological
measurement, to investigate whether they changed due to the different treatments. As an increase
in body temperature as well as heart rate frequency was observed for all individuals (including the
control group) at around 19 hrs ps, we built all models using data from the time of stimulation until
18.5 hrs ps. The means of the heart beats per minute and activity level were calculated for each hour
before fitting the models to these measures. Due to the large variability of the amplitude of the
heartbeat measure, we further log transformed the heart rate data before fitting the model.
The body temperature, heart rate frequency, and activity level were included as response
variables in the respective models. Treatment and time post stimulation were included as predictor
variables for each model. “Individual” was included as a random factor in all models to correct for
repeated measurements within the same individual. We ran the GAMMs in R (R Core Team 2014)
using the MGCV (Wood 2011) and NLME (Pinheiro et al. 2009) packages. To account for autocorrelation
of sampling points across time, we used the corAR1 function in NLME (Box et al. 2015). We estimated
the mean for each measurement from the posterior distribution, using a Bayesian framework. We
further report the 95% Credible Intervals (CrI) using the 2.5% and 97.5% quantiles (Gelman et al.
2014) from the posterior distribution. The mean of each measurement was considered different from
the mean of the control group when the CrI of the treatment group did not include the estimated
mean from the control group.

Leukocyte counting and differentiation
We used stained blood films and light microscopy to look at changes in leukocyte composition during
the acute phase response. For this purpose, we prepared blood smears for five individuals per
treatment and time point. We placed 5μL of whole blood in EDTA on a microscope slide and used the
wedge smear technique to prepare the blood films (Seliger et al. 2012). Staining and evaluation of
blood films was performed by Pendl Lab, Switzerland. Briefly, non-fixed, air-dried blood films were
stained with a modified Wright-Giemsa-staining protocol (Pendl and Samour 2016) (Supplementary
Note 2.1). Microscopic evaluation was carried out on an Olympus BX 41 microscope with WHN
10x/22 oculars armed with a 40x objective (UPlanFL N 40x/0.75 Ph2/0.17/FN 26.5) and a 100x
objective (UplanSApo/100x/1.40 oil/0.17/FN 26.5). For the differential count a minimum of 200
leukocytes was determined per blood smear, using the 40x objective. The total number of
heterophils, lymphocytes, monocytes, eosinophils, and basophils out of these 200 leukocytes was
determined and a relative differential count in percentages was calculated.
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We fitted a multinomial model to estimate and compare the proportions of each leukocyte
type in the different treatments and time points. In the model we included counts for each leukocyte
type as the multinomial response variable, and treatment and time point post stimulation as
explanatory variables. We included “individual” as a random factor to account for repeated
measurements and fitted the model using a Bayesian framework by Markov chain Monte Carlo
(MCMC) simulations. For this purpose we ran WinBUGS (Spiegelhalter et al. 2003) in R using
R2WinBUGS (Sturtz et al. 2005). We ran a total of three Markov chains with 500,000 iterations with a
burn in period of 50,000. The chains were thinned by 10 (nine out of ten observation were
discarded), to reduce autocorrelation. We assessed the convergence visually, and using the R-hat
value (Brooks and Gelman 1998). The mean proportion and CrI for each cell type and explanatory
variable were estimated from the posterior distribution (135,000 simulations). The mean and CrI of
the heterophil:lymphocyte ratio (H:L) was further estimated from the posterior distribution of the
multinomial model. For pairwise comparison between different groups we used the posterior
probability of the hypothesis that one mean is larger than the other from the posterior distributions
of both means. From this comparison, we report the certainty that the mean of one group is larger
than the mean of the other group.

Genome wide gene expression profiling
RNA isolation and RNA-sequencing
Tri Reagent BD (Sigma) supplemented with acetic acid (as described by the manufacturer) was added
to 200 μL blood immediately after drawing. We mixed the samples by inverting and stored them at 80°C until further processing. The samples were later thawed on ice and processed according to the
manufacturer’s description. Briefly, we added the aqueous phase from the phase separation step in
the Tri Reagent manual to a new tube, and processed the samples as described in step 4 (Load and
Bind) and onwards in the peqGOLD Blood RNA Kit manual. We used the DNase I Digest Kit from
peqGOLD to remove contaminating DNA, as described in the peqGOLD Blood RNA Kit manual. We
assessed the quantity and quality of the RNA using the Qubit (Qubit® RNA BR Assay Kit) and Agilent
2100 Bioanalyzer system (Agilent RNA 6000 Nano Kit). We prepared mRNA libraries using the
Illumina® TruSeq® RNA Sample Preparation Kit v2 and assessed the quality of the libraries using the
Qubit system (Qubit® DNA HS Assay Kit, ThermoFisher Scientific), Agilent 2100 Bioanalyzer system
(Agilent High Sensitivity DNA Assay Kit) and LightCycler® system (Lightcycler 480 II; Roche) (KAPA
SYBR® FAST qPCR Kit Master Mix (2X) Universal). The libraries were sequenced on the Illumina
HiSeq2500 (50bp, paired-end, 20mio sequence read pairs (fragments) per sample). The library
preparation and sequencing was undertaken at the Max Planck Institute of Molecular Genetics
(MPIMG) in Berlin, Germany. Initial processing of the data, such as removing adapters and filtering
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the reads by quality was further undertaken by MPIMG. The quality of the sequencing reads were
assessed using FASTQC 0.11.4 (Andrews 2010).

RNA-sequencing analyses
Alignment and quantification
The sequencing reads were aligned to the duck reference genome of Huang et al. (2013;
Anas_platyrhynchos.BGI_duck_1.0.dna.toplevel.fa) and transcriptome
(Anas_platyrhynchos.BGI_duck_1.0.84.gtf) which were both downloaded from Ensembl release 91
(ftp://ftp.ensembl.org/pub/release-86/fasta/anas_platyrhynchos/). We used HISAT2 to index the
reference genome and to align the short reads to the genome in paired-end mode (Kim et al. 2015).
We converted the output file to bam format, sorted the file and examined the alignment statistics
using SAMTOOLS 1.3.1 (http://samtools.sourceforge.net). We then used the SummarizeOverlaps
function from the GenomicRanges package (Lawrence et al. 2013), to quantify the number of reads
that aligned to annotated genes (Anas_platyrhynchos.BGI_duck_1.0.84.gtf) from the bam files. This
provided the raw count tables necessary for the downstream comparative gene expression analyses.
We ran both HISAT2 and SAMTOOLS on a remote high performance computing cluster bwHPC-C5
(http://www.bwhpc-c5.de/).
Identification of uncharacterised genes
The mallard reference genome contains annotation for 15,634 genes, of which roughly 6000 have a
gene name associated to them. We used a reciprocal best hits (RBH) approach to identify
orthologues to the uncharacterised genes. For this purpose, we extracted transcript sequences from
the merged gtf file using the gffread command from the STRINGTIE package (Pertea, Pertea et al.
2015), and did a sequence similarity search against protein databases using the Basic Local Alignment
Search Tool (BLAST) (Altschul et al. 1990). These transcripts were reciprocally blasted using BLASTX
and TBLASTN (Altschul, Gish et al. 1990) against the protein databases for chicken Gallus gallus, turkey
Meleagris gallopavo, zebra finch Taeniopygia guttata, and collared flycatcher Ficedula albicollis, as
well as mouse Mus musculus and human Homo sapiens (all downloaded from Ensembl release 91).
We identified RBHs using the python script reciprocal_blast_hits.py
(https://scriptomika.wordpress.com/2014/01/28/extract-best-reciprocal-blast-matches/), e-values
<= 10-3 in both directions were considered successful hits (as suggested by Pearson 2013). We
downloaded gene IDs for protein hits from Ensembl (release 91) BioMart (Kinsella et al. 2011). We
replaced the gene IDs for the uncharacterised genes with the gene IDs from the RBHs, with
decreasing priority for larger distance since species divergence (chicken, turkey, zebra finch, collared
flycatcher, mouse and human).
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Gene expression analysis
We performed differential gene expression analysis in R using the packages EDGER (McCarthy et al.
2012; Robinson et al. 2010) and LIMMA (Ritchie et al. 2015), as described by Law et al. (2016). Prior to
the comparative analysis, we made multidimensional scaling (MDS) plots for the entire RNAsequencing data set to visualise sample-to-sample distances solely on the basis of their gene
expression profiles, using the plotMDS function in LIMMA (Ritchie et al. 2015). In addition to
treatment, samples clustered according to sex and individual (Supplementary Note 2.2). We
therefore compared gene expression between females and males for each treatment and time point,
to investigate whether females and males responded differently to our treatments. As our
preliminary analyses did not detect a clear difference in the response between females and males
(Supplementary Note 2.3), we included individuals from both sexes in the remaining analyses. As part
of the investigations comparing female and male differences, we detected one individual with an
upregulated immune response at the start of the stimulation (Supplementary Note 2.4). This female,
belonging to the treatment group poly I:C, was excluded from further differential expression analysis.
We computed empirical Bayes moderated t and B-statistics with LIMMA (Smyth 2004), correcting for
possible sex and individual differences using fixed and random factors respectively, to identify genes
that were differentially expressed due to treatment. The change in gene expression in each
treatment group from time point zero to the respective time point ps was compared to the change in
the control group between the same time points. Reported gene expression fold changes from the
RNA-seq analysis were log2 transformed, and the P-values were Benjamini and Hochberg FDR
adjusted p-values. We used Venn diagrams to explore whether the same genes were differentially
expressed in treatment groups and at different time points. We used the coolmap function within
LIMMA (Smyth 2004) to visualise the expression level for the differentially expressed genes from each

treatment in heatmaps.
Gene ontology analysis and enrichment test
We submitted lists containing the significantly differentially expressed genes for each treatment
group and time point to PANTHER (Protein Analysis Trough Evolutionary Relationship; Thomas,
Campbell et al. 2003), to retrieve gene ontology (GO) IDs for the genes of interest. We further
performed the PANTHER overrepresentation test (released 05.12.2017) for each list to investigate
whether certain GO terms were overrepresented in our list of differentially expressed genes. The GO
term annotation was performed for the GO root categories GO biological process complete (GO
Ontology database released 2017-12-27) and Reactome pathways (Reactome version 58 released
2016-12-07) using Homo sapiens (all genes in database) as reference lists. A Fisher's exact test with
FDR multiple test correction was applied to each test.
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Data mapping onto KEGG pathways
We downloaded all available KEGG pathways for Anas platyrhynchos related to “Immune system”,
“Infectious diseases: Viral” and “Infectious diseases: Bacterial” from the Kyoto Encyclopedia of Genes
and Genomes (KEGG) database (Kanehisa et al. 2016) in the VANTED software (Rohn et al. 2012). We
displayed the log2 fold changes from the differential gene expression analysis for each treatment on
each pathway in VANTED (Rohn et al. 2012). In total, the expression data was visualised on seven
pathways (apla04620 Toll-like receptor signalling pathway, apla04621 NOD-like receptor signalling
pathway, apla05132 Salmonella infection, apla05164 Influenza A, apla04623 Cytosolic DNA-sensing
pathway, apla04672 Intestinal immune network for IgA production, apla04622 RIG-I-like receptor
signalling pathway). The interactive pathway pictures were built using VANTED functionality similar
to the protocol described in Junker et al. (2012). For those cases where nodes or edges were missing
after import to VANTED, they were manually added in accordance with the KEGG pathways for Anas
platyrhynchos. All pictures were compiled into an interactive webpage (http://ornfiles.iwww.mpg.de/dgeviz/), through the export function in VANTED (Rohn et al. 2012). The webbased pathway visualisations contain hyperlinks to a description of each gene via the KEGG webpage,
including the gene and protein sequence and links to the National Centre for Biotechnology
Information (NCBI) and Ensembl.

Gene expression of target genes
We measured gene expression of a number of genes using real-time qPCR to validate our RNA-seq
results and to provide a panel of target genes for future gene expression studies in mallards. We
used three reference genes previously used for assessing innate immune genes in LPAI infected
mallards; UBE2O (ubiquitin-conjugating enzyme E2 O), RPS13 (ribosomal protein S13) and RPL4
(ribosomal protein L4) (Chapman et al. 2016a). We measured differential gene expression for five
immune genes of interest; RSAD2 (radical S-adenosyl methionine domain containing 2), IRF7
(interferon regulatory factor 7), TLR3 (toll like receptor 3), TLR7 (toll like receptor 3) and RIG-I
(retinoic acid inducible gene I) in five females and four males from three time points (0 hrs, 3 hrs, and
6 hrs) and one treatment (poly I:C). We used published cDNA primer sequences for some genes (RIGI, RPS13 and RPL4; Barber et al. 2010; Chapman et al. 2016a). We designed the remaining primers, as
primers were either not available for these genes, or did not meet the criteria set by the MIQE
guidelines (Bustin et al. 2009) in our setup. For details of the primer design and the evaluation of
their suitability for the study design, see Supplementary Note 2.5.
We synthesised cDNA from 1 μg total RNA using the qScript™ cDNA Synthesis Kit (Quanta
Biosciences, Darmstadt, Germany). We executed the real-time qPCR runs with the CFX96™ Real-Time
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System and C1000™ Thermal Cycler (BioRad, Germany) using PerfeCTa SYBR Green Fast Mix™
(Quanta Biosciences, Darmstadt, Germany). We ran the real-time qPCR with triplets of each sample.
Each run followed the same protocol of 1 cycle at 98°C for 2 minutes; 45 cycles at 98°C for 2 seconds
and 60°C for 5 seconds; followed by a melting curve analysis, 60-95°C with +0,5°C/5 seconds. We
calculated the quantification cycle (Cq) value of the reference genes for each individual at each time
point. We determined the combined ΔCq for all reference genes and the individual ΔCq for each gene
of interest by calculating the change from Cq of zero hrs (before stimulation) to three and six hrs
after stimulation. We then estimated the relative quantitation of gene expression using the ΔΔCT
method (Rao et al. 2013). We measured gene expression in a total of nine individuals in the real-time
qPCR (using a larger sample size than that used for the RNA-seq analysis. We compared the gene
expression fold changes retrieved from the real-time qPCR and RNA-seq analysis for the five genes
using the five individuals that were included in both the real-time qPCR as well as the RNA-seq
analyses. For this purpose, we calculated the gene expression fold change for the five genes of
interest for each individual from zero hrs (before stimulation) to three and six hrs after stimulation
using the CPM values retrieved from the RNA-seq data for the poly I:C treatment group.

Results
Body temperature, heart rate and activity
To determine whether the treatments caused physiological and behavioural changes in the mallards,
we monitored changes in body temperature, heart rate and activity levels in three individuals per
treatment group using bio-loggers (Figure 2.1, Experiment 1).
The mean body temperature increased in all treatment groups when compared to the
control group (Figure 2.2a). The maximum mean temperature in the poly I:C group was reached after
4.1 hrs (n=3, mean 42.04°C, CrI 41.63-42.45°C) and was elevated until 10.5 hrs ps. The maximum
mean temperature in the LPS group was reached after 3.0 hrs (n=3, mean 41.96°C, CrI 41.5542.37°C), and was elevated until 14.9 hrs ps. The maximum mean temperature in the S. aureus group
was reached after 4.2 hrs (n=3, mean 42.01°C, CrI 41.60-42.42°C) and was elevated until 18.5 hrs ps –
compared to ~40-41°C in the control/0h samples.
The mean heart rate was also elevated in all treatment groups after the stimulation (Figure
2.2b). The estimated mean heart rate was higher in the stimulated groups than in the control group
until 8.8 hrs ps for the poly I:C group, until 7.8 hrs ps for the LPS group, and until 13.8 hrs ps for the S.
aureus group.
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The estimated mean activity was similar for all treatment groups from the time point of the
stimulation until 12 hrs ps (Figure 2.2c). The individuals in the poly I:C treatment group, however,
showed an elevation in activity at about 12.3-18.3 hrs ps when compared to the control group
(Figure 2.2c).
Summaries of each model output are shown in Supplementary Note 2.6.
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Figure 2.2 Mean and 95% credible interval for each treatment group until 18.5 hrs post stimulation, as
estimated from the posterior distribution of the GAMM for a) Body Temperature, b) Heart Rate Frequency c)
Activity. An activity value of 0 means no activity.
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Leukocyte counting and differentiation
To determine whether changes in leukocyte counts accompany immune responses to stimulants in
our study, we estimated the mean heterophil;lymphocyte ratio and the leukocyte proportion for
each treatment group. Leukocyte counting and differentiation was undertaken for five individuals per
treatment group and time point.
The composition of leukocytes changed in in all treatment groups (Figure 2.3a). The
proportion of heterophils was larger, and the proportion of lymphocytes smaller at 3, 6, 12, and 24
hrs ps in the poly I:C treatment group (certainty >99%), at 6, 12 and 24 hrs ps in the LPS treatment
group (certainty >95%), and at 3 and 6 hrs ps in the S. aureus treatment group (certainty >95%) than
in the control group. In the poly I:C treatment group the mean proportion of monocytes decreased
compared to the control group at 3 and 6 hrs ps (certainty >99%). In the LPS treatment group the
mean proportion of basophils was also smaller in the stimulated group than in the control group at 6
and 12hrs ps (certainty >98%).
We observed an increase followed by a decrease in the heterophil:lymphocyte (H:L) ratio for
all treatment groups (Figure 2.3b). The estimated mean H:L ratio was higher in the stimulated groups
than in the control group at 3, 6, 12, and 24 hrs ps in the poly I:C treatment group (certainty >99%),
at 3, 12 and 24 hrs ps in the LPS group (certainty >95%), and at 3 and 6 hrs ps in the S. aureus
treatment group (certainty >96%).
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Figure 2.3 a) Cumulative mean proportion of the different white blood cells and cumulative 95% Credible
Interval as estimated from the posterior distribution of the multinomial model, b) Mean H:L ratio and 95%
credible intervals as estimated from the posterior distribution from the multinomial model.
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Genome wide gene expression profiling
RNA-sequencing and differential gene expression
To identify differentially expressed genes during each treatment, we performed full
transcriptome sequencing on blood samples. The total number of sequencing reads per sample
ranged from 28,210,306-84,361,960 with an average of 49,076,449 per sample. Of these, 86.7591.69% successfully aligned to the reference genome (Supplementary Note 2.7). After filtering out
genes that were not expressed at a biologically meaningful level in any treatment (Law et al. 2016),
9822 genes remained for differential expression analysis. Of these, 7229 had an associated gene
name in the reference annotation. An additional 1372 gene names were identified using the
reciprocal best hits approach with blast (Table S2.1).
The number of differentially expressed genes (DEGs) for each treatment group ranged from 1
to 1016 in the poly I:C group, 0-256 in the LPS group and 0-94 in the S. aureus group and differed
between the time-points (Figure 2.4, Table S2.2-S2.4). The poly I:C treatment induced the highest
number of differentially expressed genes, with the majority of the genes being differentially
expressed at 3 or 6 hrs ps, indicating a rapid response to the challenge. In the LPS treatment group,
significantly differentially expressed genes were only detected at 3 and 6 hrs ps, which similarly
suggests a fast but short acute phase response. In contrast, no differentially expressed genes were
detected at 3 hrs ps in the S. aureus treatment group but the majority of DEGs in this treatment
group were instead detected at 12 hrs ps.

83

Chapter 2

Figure 2.4 Number of significantly differentially expressed genes (DEGs) for all treatment groups and time
points (FDR adjusted p-value<0.05). Significantly differentially expressed genes that were upregulated when
compared to the control group are shown in light grey, while genes that were downregulated when
compared to the control group are shown in dark grey.

To identify key genes that can be used to assess immune status in a field experiment, we
identified the top 10 differentially expressed genes from each time point and each treatment (Tables
2.1-2.3). In the poly I:C treatment group the top ten DEGs at the different time points ps often
overlapped, and many of the top 10 DEGs were also significantly differentially expressed at several
time points ps (Table 2.1). In the LPS and S. aureus treatment groups the overlap of the top ten DEGs
at the time point ps was small, and few genes were significantly differentially expressed at several
time points (Table 2.2-2.3). A list of all DEGs from each treatment and time point is shown in Table
S2.2-S2.4.
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Table 2.1 The top ten significantly differentially expressed genes with the highest gene expression log2 fold change for each time point ps (post stimulation) in the poly I:C
treatment group. As these 10 top genes were not always the same at the different time points ps, the table contains a total of 18 genes. The time points when each gene
was significantly differentially expressed (adjusted p-value < 0.05) are shown in bold. For genes that could not be assigned a gene name from the duck genome but a
reciprocal best hit (RBH) was found, the RBH is shown. All DEGs from the poly I:C treatment group are listed in Table S2.2.

Duck ID

Gene

Reciprocal Best Hit

Log2 Fold Change
3 hrs ps 6 hrs ps 12 hrs ps 24 hrs ps
ENSAPLG00000011142 IFI6
ENSGALP00000022057.2 7.43
8.17
7.36
2.86
ENSAPLG00000002006
7.21
5.01
4.08
1.16
ENSAPLG00000006016 RSAD2
6.48
5.29
2.86
0.45
ENSAPLG00000001610 Ifit1bl1 (IFIT5) ENSMUSP00000132781.1 6.31
5.02
2.82
0.41
ENSAPLG00000011748 BCL2L15
6.30
4.26
2.62
2.07
ENSAPLG00000001534
6.19
5.22
3.75
1.40
ENSAPLG00000002170 CNP
5.94
4.68
2.28
0.72
ENSAPLG00000014996 IFITM1*
ENSGALP00000006737.4 5.81
6.64
5.62
2.66
ENSAPLG00000015414
5.68
4.96
3.37
0.52
ENSAPLG00000002196 Oas3 (OASL)
ENSMUSP00000035588.8 5.50
5.01
2.96
0.26
ENSAPLG00000011972 PLAC8
ENSMGAP00000008232.1 4.94
5.40
4.66
1.87
ENSAPLG00000001534
6.19
5.22
3.75
1.40
ENSAPLG00000005382 EPSTI1
4.85
4.80
3.31
0.66
ENSAPLG00000011216 HYDIN
ENSGALP00000047727.1 2.56
3.86
5.16
1.42
ENSAPLG00000014674 B4GALNT4
3.73
4.41
3.96
2.02
ENSAPLG00000016019 Lao1
ENSGALP00000000108.5 4.94
3.90
3.18
0.36
ENSAPLG00000014232
4.70
3.36
2.97
0.12
ENSAPLG00000001901 ADI1
-0.04
0.19
0.43
0.65
* Gene name changed from IFITM3 to IFITM1, following the suggested nomenclature in Blyth et al. 2016.
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Table 2.2 The top ten significantly differentially expressed genes with the highest gene expression log2 fold change for each time point ps (post stimulation) in the LPS
treatment group. As these 10 top genes were not the same at the different time points ps, the table contains a total of 20 genes. The timepoints when each gene was
significantly differentially expressed (adjusted p-value < 0.05) are shown in bold. For genes that could not be assigned a gene name from the duck genome but a reciprocal
best hit (RBH) was found, the RBH is shown. All DEGs from the LPS treatment group are listed in Table S2.3.

Duck ID

Gene

ENSAPLG00000004626
ENSAPLG00000000744
ENSAPLG00000004200
ENSAPLG00000010563
ENSAPLG00000000741
ENSAPLG00000007119
ENSAPLG00000008731
ENSAPLG00000014182
ENSAPLG00000016361
ENSAPLG00000002995
ENSAPLG00000015164
ENSAPLG00000001211
ENSAPLG00000005304
ENSAPLG00000003584
ENSAPLG00000003674
ENSAPLG00000013942
ENSAPLG00000016446
ENSAPLG00000008309
ENSAPLG00000006283
ENSAPLG00000015598

PTX3

Reciprocal Best Hit

IL1R2
NETO2

TREM2
HTRA1
DNASE2B
C1QB
Lyg2
IL22RA2
Saa3
CYGB
SLC4A8
PLD4
NDST4
BCL11B

ENSGALP00000039043.1

ENSGALP00000027012.2
ENSGALP00000010113.4

Log2 fold change
3 hrs ps 6 hrs ps 12 hrs ps 24 hrs ps
8.25
3.05
1.02
0.43
5.54
2.85
1.45
0.91
4.90
3.33
1.67
1.42
3.55
1.77
0.57
-0.06
3.37
3.11
1.20
0.67
-3.32
-1.48
-2.14
-1.79
-3.38
-1.11
-0.44
-0.21
-3.44
-1.55
-1.17
-0.54
-3.45
-0.45
-0.61
-0.76
-4.45
-0.93
-0.70
-0.22
0.63
3.35
0.97
0.23
1.99
3.33
1.66
0.79
1.79
2.98
1.39
0.53
1.24
2.96
1.97
0.72
1.93
2.83
0.68
-0.44
2.72
2.78
0.89
1.25
-1.64
-2.73
0.12
0.20
-2.49
-2.74
-0.85
0.47
-1.83
-2.79
-1.21
-0.44
-1.45
-3.33
-1.22
-0.08
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Table 2.3 The top ten significantly differentially expressed genes with the highest gene expression log2 fold change for each time point ps (post stimulation) in the S. aureus
treatment group. As these 10 top genes were not the same at the different time points ps, the table contains a total of 21 genes. The timepoints when each gene was
significantly differentially expressed (adjusted p-value < 0.05) are shown in bold. For genes that could not be assigned a gene name from the duck genome but a reciprocal
best hit (RBH) was found, the RBH is shown. All DEGs from the S. aureus treatment group are listed in Table S2.4.

Duck ID

Gene

Reciprocal Best Hit

ENSAPLG00000002420
ENSAPLG00000015164
ENSAPLG00000010198
ENSAPLG00000004736
ENSAPLG00000001221
ENSAPLG00000016180
ENSAPLG00000008495
ENSAPLG00000014306
ENSAPLG00000008858
ENSAPLG00000007308
ENSAPLG00000010562
ENSAPLG00000005998
ENSAPLG00000014111
ENSAPLG00000005690
ENSAPLG00000008636
ENSAPLG00000007357
ENSAPLG00000011102
ENSAPLG00000007230
ENSAPLG00000005135
ENSAPLG00000015291
ENSAPLG00000009934

SLC25A25
Lyg2
ENSGALP00000027012.2
TGM3 ENSMGAP00000004952.2
SKA1
SLC5A3
B4GALT1
STK38L
ATIC
MORC4
IL7R
Cd3g
ENSGALP00000011984.3
Alms1 ENSGALP00000059752.1
EPM2A
GIPC2
MLLT6
NUF2
ENSMGAP00000003305.1
ALAD
Entpd2 ENSGALP00000055706.1
MTR

3 hrs ps
0.68
-0.03
1.18
0.20
0.20
0.41
-0.58
-0.73
-0.58
-1.32
-1.31
-2.03
0.27
0.58
-0.58
-0.51
0.36
-0.61
-1.03
-1.39
-0.98

Log2 fold change
6 hrs ps 12 hrs ps 24 hrs ps
0.32
0.21
0.09
2.36
1.74
-0.27
1.41
1.08
0.43
1.15
0.98
0.29
0.76
0.49
0.22
0.55
0.29
0.30
-0.84
-0.26
-0.13
-1.05
-0.42
-0.38
-1.06
-0.89
-0.70
-1.86
-0.21
0.32
-1.87
0.10
0.26
-2.73
-2.01
-1.64
0.71
1.04
0.39
0.80
0.94
0.34
-0.63
-0.90
-0.50
-0.55
-0.95
-0.52
-0.29
-1.15
-0.26
-0.97
-1.27
-0.38
-1.15
-1.29
-0.87
-1.34
-1.54
-0.37
-1.16
-1.62
-0.33
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When clustering the samples from the poly I:C treatment group in a heatmap, the majority of
the samples taken 3 and 6 hrs ps formed one cluster. This shows that the samples from these
timepoints had a similar gene expression profile for the DEGs (Supplementary Note 2.3). The samples
from the LPS treatment group, however, clustered in separate groups for the time points 3 and 6 hrs
ps. This shows that different genes were differentially expressed at those timepoints in the LPS
treatment group (Supplementary Note 2.3). In the S. aureus treatment group no clear clustering was
observed in the heatmap (Supplementary Note 2.3).
The overlap of significantly differentially expressed genes between the different treatment
groups was moderate, with roughly 13.6%, 7.5%, 4%, and 0% of the DEGs in any of the treatment
groups being shared between two or more treatment groups at time points 3 hrs, 6 hrs, 12 hrs and
24 hrs ps respectively (Supplementary Note 2.8).

Gene ontology (GO) analysis and enrichment test
The results from the GO overrepresentation analysis for the Biological Processes (Supplementary
Note 2.9) were similar to those from the GO overrepresentation analysis for the Reactome pathway.
The pathway overrepresentation analysis showed a significant overrepresentation of Reactome
pathways in the poly I:C treatment group at 3 (n=25), 6 (n=29), and 12 hrs (n=14) post stimulation
and in the LPS treatment group 3 (n=62) and 6 hrs post stimulation (n=29) (Tables S2.5-S2.6). In the
poly I:C treatment group, overrepresented Reactome pathways were found within functions such as
antiviral responses (e.g. R-HSA-164952, R-HSA-918233, R-HSA-168928, R-HSA-168164, R-HSA933541, R-HSA-936440), adaptive and innate immune system (e.g. R-HSA-388841, R-HSA-1280218, RHSA-168249), and interferon signalling (e.g. R-HSA-913531, R-HSA-877300, R-HSA-909733) (Figure
2.5 and Table S2.5). Several of the overrepresented Reactome pathways in the LPS treatment group
were related to T-cell activation and signalling (e.g. R-HSA-202403, R-HSA-389356, R-HSA-388841, RHSA-202424), adaptive immune system functions (e.g. R-HSA-983695, R-HSA-202430, R-HSA1280218) and heat shock and stress responses (e.g. R-HSA-3371453, R-HSA-3371556, R-HSA2262752) (Figure 2.5 and Table S2.6). No overrepresented Reactome pathways were detected for the
S. aureus treatment group. The ten overrepresented Reactome Pathways with the highest
enrichment score for each of these groups are shown in Figure 2.5.
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Figure 2.5 Top ten significantly overrepresented Reactome Pathways for each treatment and time point,
sorted by enrichment score (not shown in figure).
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Data mapping onto KEGG pathways
The RIG-I/MDA5 signalling pathway and Toll-like receptor signalling pathway were both
overrepresented in the poly I:C treatment group (Figure 2.5). Further, many pathways involved in
antiviral response were overrepresented (Figure 2.5, Table S2.5). The log2 fold changes of the gene
expression levels between the control and the poly I:C treatment for the genes in the RIG-I/MDA5
signalling pathway are shown in Figure 2.6.
The log2 fold changes for the characterised genes from the differential gene expression
analyses in the poly I:C treatment group are illustrated on the RIG-I/MDA5 signalling pathway from
KEGG (Figure 2.6). Within the RIG-I/MDA5 signalling pathway several genes were significantly
upregulated at one or several of the time points in the poly I:C treatment group; FADD (Fas
Associated Via Death Domain), IL8 (Interleukin 8), IRF7 (Interferon Regulatory Factor 7), LGP2
(Laboratory of Genetics and Physiology 2; also called DHX58), MAPK11 (Mitogen-Activated Protein
Kinase 11), MAPK12 (Mitogen-Activated Protein Kinase 12), MDA5 (Melanoma DifferentiationAssociated protein 5; also called IFIH1), NFΚB1 (Nuclear Factor Kappa B Subunit 1), RIG-I (retinoic
acid-inducible gene I; also called DDX58), TRAF3 (TNF Receptor Associated Factor 3), and TRIM25
(Tripartite Motif Containing 25) (Table S2.2). CHUK (Conserved Helix-Loop-Helix Ubiquitous Kinase)
was significantly downregulated in the poly I:C treatment group (Table S2.2).
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Figure 2.6 RIG-I like receptor signalling pathway with log2 fold changes of the expression level between the control and the poly I:C treatment. Red indicates that the fold
change was higher in the poly I:C treatment group than in the control group, while blue indicates that the fold change was lower in the poly I:C treatment group than in the
control group. White indicates no change or a similar change in the poly I:C treatment group as in the control group. Paler shades of red and blue show a gradient of lower
values in fold change. Each box represents one gene in the pathway and the columns within the box show the gene expression fold change for the four time points; 3, 6, 12
and 24 hrs ps from the left to right.
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The toll-like receptor signalling pathway and the Influenza A pathway are shown and discussed in
Supplementary Note 2.10 and 2.12. The expression fold change for each treatment and time point
was mapped onto the seven immune related KEGG pathways available for the mallard, and is
available in an interactive webpage (http://orn-files.iwww.mpg.de/dgeviz/).

Gene expression of target genes
The results from the real-time qPCR validate the results from the RNA-seq data and are summarised
in Supplementary Note 2.11.

Discussion
Through a stimulation experiment we successfully induced an acute phase response in mallards
(Anas platyrhynchos) using pyrogens mimicking RNA viruses, Gram-negative and Gram-positive
bacteria. We showed that the concerted changes in body temperature, heart rate, leukocyte
composition and gene expression in whole blood can be used to accurately detect an immune
response in mallards. These findings have several important implications for the field of ecoimmunology. First, they verify that body temperature and heart rate changes during the immune
response can be detected and remotely monitored using bio-loggers. By reporting the baseline of
these physiological measurements in healthy and immune-challenged individuals we provide crucial
information that can be used for disease monitoring in wild populations. Second, our findings
confirm that upregulation of major immune pathways can be detected through gene expression
profiling of blood samples, samples that can easily be obtained from wild individuals. The extensive
list of differentially expressed genes (Tables S2.2-S2.4) shows that stimulants induce pathogen
specific changes which further qualifies their use as alternatives to live pathogens in future
manipulative, experimental studies. This would not only allow for pathogen specific immune
challenges in wild individuals in a natural context but also facilitate disease studies in captivity.

Body temperature, heart rate and activity
Through the use of heart rate, body temperature and acceleration loggers we were able to obtain
continuous information on some of the most important aspects of the acute phase response in
mallards.
The body temperature was used as a proxy for a fever response. We could determine
whether and at which time point ps the immune response was triggered in the mallards. As
expected, all pyrogens evoked an elevation in body temperature. This result is in agreement with
previous studies in Pekin ducks (Anas platyrhynchos domesticus; Gray et al. 2005; Marais et al. 2011).
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In our case, it was of particular interest to monitor the duration and the degree of the febrile
response in the mallards to give guidelines on when to study the acute phase response when using
pyrogens in a setup similar to ours. As the peak body temperature was observed already after 3-4.5
hrs ps wild individuals can likely be kept in captivity for short amounts of times while capturing the
peak of the febrile reaction.
Heart rate is generally used as a means of estimating energy expenditure in animals (Butler
et al. 2004; Steiger et al. 2009). While the cost of an upregulated immune response is continually
debated (reviewed in Lochmiller and Deerenberg 2000), heart rate is rarely reported in disease
ecology studies. Here we found that the heart rate was clearly elevated during the acute phase
response for all treatments. It is unclear whether the heart rate changes during common infections in
birds, too. While one study detected elevated heart rates in birds during an AIV infection (McKenzie
and Will 1972), another study did not find the same patterns (Jourdain et al. 2010). As heart-rate
loggers become more commonly used in ecology studies (Rattenborg et al. 2008; Sapir et al. 2010)
we will gain more insight to the role of an elevated heart rate during infections in wild birds.
As mallards are important vectors of zoonotic diseases it is important to learn more about
their potential for spreading diseases. We therefore need to learn more about the behaviour of
mallards during infection. We predicted that immune challenged individuals would have lower
activity levels than the control individuals, which was not the case in any of the treatment groups.
Instead, an increase in activity was observed in the poly I:C group towards the end of the measured
period. It is possible that the mallards increased their activity level as a result of recovering from the
treatment. As the mallards in our experiment were enclosed in aviaries with restricted possibilities
for flight it is difficult to know whether the observed behaviour is representative of that in the wild.
Immune stimulations in free-ranging mallards will allow for the exploration of this possibility.
Accelerometers have already been used in wild populations of birds to study a range of movement
behaviours (Anisimov et al. 2014; Bäckman et al. 2017a; Bäckman et al. 2017b; Rattenborg et al.
2016). Bengtsson et al. (2016) did not detect impacts on movement patterns in wild mallards
naturally infected with low pathogenic AIV. It thus is conceivable that mallards can contribute to the
spread of at least low pathogenic strains of AIV.

Leukocyte counting and differentiation
We saw a change in white blood cell composition in all treatment groups, including the control
group. The change in the control group suggests that leukocyte composition changed either due to
the injection of saline or to stress. Stress can alter the white blood cell composition in birds (Davis
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2005). Still the changes in the composition of white blood cells were more pronounced in the
treatment groups than in the control group (Figure 2.3b).
There was an increase in the proportion of heterophils and a decrease in the proportion in
lymphocytes in all treatment groups when compared to the control group (Figure 2.3b). Heterophils
(neutrophils in mammals; Maxwell and Robertson 1998) play a crucial role in the acute phase
response (Harmon 1998). Heterophils detect pathogens using pattern recognition receptors that, in
turn, activate a series of intracellular signalling pathways that result in the release of cytokines and
chemokines to alert other cells of the infection. They are further phagocytic cells with the capability
of killing a wide range of microbes (Genovese et al. 2013). The decrease in the proportion of
lymphocytes, as well as monocytes and basophils in some treatments (Figure 2.3b), is most likely a
result of an increase in the proportion of heterophils during the acute phase response. As this
pattern could also be detected from the H:L ratio, this seems like a good indicator for an acute phase
response in mallards.

Gene expression profiling
While varying results have been found in studies where the susceptibility to AIV has been
compared in female and male ducks (discussed by Papp et al. 2017), most studies report that males
are more likely to be infected by AIV than females (Farnsworth et al. 2012; Nallar et al. 2015; Papp et
al. 2017; Parmley et al. 2008). This could be a result of differences in behaviour between females and
males, or in their immunocompetence. Recent studies have shown that females and males differ in
their immune response in several ways (reviewed by Klein and Flanagan (2016) and Roved et al.
(2016)); still, the majority of immunological studies do not take sex differences into account when
observing an immune response (Beery and Zucker 2011). In this study, we sequenced the blood
transcriptome of females and males, which allowed us to do a global comparative transcriptomic
analysis between sexes during the acute phase response. To our surprise, no clear difference was
detected in the changes of gene expression profiles during infection when comparing females and
males (for more details, see Supplementary Note 2.3). It is possible that we do not detect a sex
difference when using pyrogens but would see it in a true infection. Perhaps, our sample size was not
big enough to detect sex differences in the immune response, or the difference in susceptibility
between the sexes is due to behaviour rather than immunocompetence. Lastly, sex differences of
gene expression might be specific to certain organs that we did not test in the current study.
Several innate immune pathways were overrepresented in the treatment groups (Figure 2.5,
Table S2.5-S2.6). The innate immune system recognises general patterns of pathogens rather than
specific pathogens, and is hence often called the non-specific immune system. The discovery of
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different pattern recognition receptors that recognise a wide range of pathogen associated
molecular patterns on microbes, however, showed that the innate immune system is not as nonspecific as previously thought (Kawai and Akira 2010). A wide range of cell membrane and
cytoplasmic pattern recognition receptors (PRRs) are now known as are their downstream signalling
pathways (Akira et al. 2006; Kawai and Akira 2010). By using immunostimulants from pathogens with
different pathogen-associated molecular patterns (PAMPs) we expected to activate different
receptors and hence immune pathways. Results from our differential gene expression and gene
ontology analyses show that the immune response was indeed specific to the pyrogens used (Figure
2.5, Table S2.5-S2.6, Supplementary Note 2.8).
The RIG-I/MDA5 signalling pathway was overrepresented in the poly I:C treatment group
(Figure 2.5). RIG-I (retinoic acid-inducible protein I) and MDA5 (Melanoma Differentiation-Associated
protein 5) are PRRs that recognise 5' triphosphate single stranded RNA (5' ppp-ssRNA) and double
stranded RNA (dsRNA) in the cytoplasm (Hornung et al. 2006; Kato et al. 2006; Yoneyama and Fujita
2007). Upon recognition of foreign RNA, the RIG-I like receptors activate a cascade of immune
proteins which subsequently triggers the production of type I interferons (Takeuchi and Akira 2008).
Interferons are signalling proteins that are released by infected cells to activate the immune
response in nearby cells. The RIG-I/MDA5 signalling pathway is involved in the clearance of viruses
with high relevance for birds, such as AIV and Newcastle Disease Virus (NDV) (Pichlmair et al. 2006;
Takeuchi and Akira 2008; Yoneyama and Fujita 2007). RIG-I like receptors are also upregulated in
ducks infected with AIV, NDV, duck hepatitis virus (DHV), and duck plague virus (DPV) (Barber et al.
2010; Helin et al. 2018; Kang et al. 2015; Li et al. 2016; Song et al. 2014; Wei et al. 2014).
As several pathways and biological processes related to immune function and inflammation
were overrepresented in the LPS treatment group (Figure 2.5 and Table S2.6) it is clear that we
induced an immune response using this stimulant. This bacterial mimic thus has great potential for
future disease ecology studies in mallards.
Interestingly, although inactivated S. aureus (the Gram-positive bacterial mimic) induced an
increase in body temperature and heart rate frequency as well as a change in leukocyte composition,
only a low number of differentially expressed genes were detected in mallards stimulated with this
pyrogen. It is possible that differential gene expression due to this treatment cannot be detected in
blood, or that the response to Gram-positive bacterial mimic was too similar to the stress response
induced in the control group and that it was therefore not possible to distinguish the gene expression
profiles in these groups.
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When assessing gene expression on KEGG pathways it is important to keep in mind that
those reference pathways are built on knowledge from model species such as human or mouse. The
function of certain elements in the pathway might hence be different in the mallard, or even differ
between the mallard and closely related species. One of the apparent differences between mammals
and birds in the evaluated pathways is that birds lack the mammalian TLR6 and TLR9 (Brownlie and
Allan 2011). Other differences of relevance for comparative immunology in birds are that chicken,
but not duck, lack the RIG-I and TRIF related adapter molecule (TRAM, also known as TICAM-2)
proteins (Barber et al. 2010; Keestra and van Putten 2008). TRAM bridges the TLR4 and TRIF in the
TLR3- and TLR4-mediated MyD88-independent signalling pathway, and is an important part of the
TLR4 pathway (Keestra et al. 2013). There is still a lot to learn about how these differences in the
innate immune system are related to susceptibility or resistance to infections. If future studies move
towards evaluating RNA-seq in the framework of pathways, then such differences will become more
evident. By visualising the gene expression changes on these pathways for the mallard and creating
an interactive webpage where the results can be evaluated (http://orn-files.iwww.mpg.de/dgeviz/),
we provide means for future comparisons of the immune response in different species.
To the best of our knowledge there is only one other study which has used transcriptomics to
study the immune response to immune-stimulants in whole blood in a non-model species of bird. In
that study Meitern et al. (2014) detected up-regulation of the antimicrobial peptides avidin and
gallinacin in green finches (Carduelis chloris) stimulated with LPS. Unfortunately, these genes are not
annotated in the duck genome and were also not detected through our blast search. This is a
common problem when working with non-model (avian) species. As more high quality genomes are
becoming available (Genome 2009; Kraus and Wink 2015; Zhang 2015), it will be possible to do
indepth comparative studies of the immune response in a wide range of taxa. This will be of high
importance for understanding the epidemiology of emerging infectious diseases. The most
upregulated gene in the LPS treatment group in the mallard codes for the Pentraxin-related protein
(PTX3). PTX3 is an innate pattern recognition molecule that binds to microbes or cellular debris and
that activates the classical pathway of the complement system and facilitates pathogen recognition
by phagocytic leukocytes (Gewurz et al. 1995; Lu et al. 2012). PTX3, which is also upregulated in
humans and mice upon stimulation with LPS (Alles et al. 1994; Introna et al. 1996), was not
significantly upregulated in the green finches (Meitern et al. 2014). An apparent lack of upregulation
could be a result of the time point of sampling in the green finch study, as PTX3 was no longer
upregulated in our mallards at the time point of sampling in the green finches (12 hrs ps; Meitern et
al. 2014). In general, the overlap of differentially expressed genes detected in mallards and the green
finches is very small. Again, this might be a result of the time point of sampling in the green finches,
as no genes were upregulated in our mallards 12 hrs ps (Table 2.2). It is also possible that mallards
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and green finches respond differently to LPS. Further comparative studies are necessary to
understand the differences in immune competence between species.
Many of the genes that were differentially expressed in the mallards in our study are
uncharacterised, and could not be identified using a similarity search against the other genomes used
in our study. This demonstrates that there is still a lot to learn about the immune system in birds as
well as some important model species. Further, the function of some genes that were differentially
expressed in the mallards is unknown. One such example is the B4GALNT4 (Beta-1,4-N-AcetylGalactosaminyltransferase 4) gene, which was one of the most upregulated genes in the poly I:C
treatment group (Table 2.1). While mice deficient in B4GALNT3 (Beta-1,4-N-AcetylGalactosaminyltransferase 3), a paralog of B4GALNT4, have reduced protection against influenza
virus (Nakamura et al. 2016), the role of B4GALNT4 in the response to viral infections is unknown
(Allen et al. 2017). B4GALNT4 is located next to the IFITM3 (Interferon Induced Transmembrane
Protein 3) gene, which is known to restrict influenza virus (Amini-Bavil-Olyaee et al. 2013; Blyth et al.
2016). IFITM3 is upregulated in mallards during influenza infection (Blyth et al. 2016; Smith et al.
2015), and was also one of the most upregulated genes in our poly I:C treated mallards (Table 2.1). If
further research supports our suggestion that B4GALNT4 is involved in the viral immune response in
mallards, this gene is thus a good candidate for future functional studies with potential to improve
our understanding of how mallards clear viral infections.
In conclusion, we show that poly I:C and LPS induce a rapid and predictable acute phase
response in mallards. We confirm that body temperature and heart rate frequency is altered during
the acute phase response, and that this can be monitored remotely using bio-loggers. In combination
with GPS data from tracking devices that can record movement of animals on a larger scale (Kays et
al. 2015), we can now get closer to understand the epidemiology of diseases such as AIV in mallards.
By analysing the transcriptome after immune stimulation, we did not only gain novel insights into the
molecular mechanisms behind the immune reaction but also showed that pathogen specific immune
pathways were upregulated in blood during the acute phase response. This means that we can
collect blood samples from wild birds to assess their health status, and then release them, possibly
carrying bio-loggers that allow us to monitor their movements and physiology post release.
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Abstract
Large population sizes and short generation times of pathogens are believed to create and retain
high genetic variation in the immune system of host populations. Whilst allelic variation and its
consequences have been intensively studied in the adaptive immune system, such as the major
histocompatibility complex (MHC) in birds, the extent and effect of genetic variation in the innate
immune system are not as well known. In this study we examined genetic diversity, divergence and
signatures of selection in innate immune genes in waterfowl, who are important hosts of avian
influenza virus (AIV). We used hybrid capture and next generation sequencing to genotype 120 genes
from innate immune signalling pathways in mallards Anas platyrhynchos (n=64) from four
populations. We sequenced the same genes for an additional 16 individuals from five species of
ducks, and extended our analyses using genomic data from all species of geese (n=20). We show that
the majority of the innate immune genes are under purifying selection in mallards. Some genes did,
however, have a signature of positive selection in the mallards (TLR15, JAK1 and Mx) when
comparing polymorphism within the mallard to divergence to the tufted duck Aythya fuligula. There
was no spatial structure in the investigated genes between mallard populations, despite the
populations inhabiting different continents. Genes coding for proteins involved in detection,
signalling and response showed different signals of selection. Interestingly, detector molecules were
least polymorphic on the nucleotide level, but had higher mean ratio of non-synonymous to
synonymous changes (dN/dS) and a higher proportion of positively selected sites than signalling
molecules. This suggests that the evolution of innate immune receptors, like MHC, is driven by host99
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parasite co-evolution. These findings greatly improve our understanding of the evolution of the
innate immune signalling pathways which have traditionally been overlooked when considering
immune genetics. This gives important clues to what could cause differences in susceptibility and
resistance to infectious diseases in birds.
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Introduction
Over the course of evolution, individuals that are better adapted to their environment are more
likely to reproduce. Such adaptations include the immune system, too. Animals share their
environment with microbes and their ability to fight infections from a wide array of pathogens is
crucial for survival. Large population sizes and short generation times of pathogens are believed to
create and retain high genetic variation in the immune system of host populations. In fact, major
histocompatibility complex (MHC) genes are amongst the most variable genes known in vertebrates,
and this variation is believed to be caused and maintained by selection by pathogens (Klein 1986).
The immune system protects organisms against the pathogens that they encounter in their
environment. The immune system is divided into the innate (non-specific) and adaptive (specific)
immune system. The innate immune system detects conserved molecular structures of pathogens,
such as protein structures in the bacterial cell wall (Akira et al. 2006). The innate immune system can,
therefore, recognise a wide range of pathogens and is the first line of defence during infection. In
contrast, the adaptive immune system is antigen-specific. While the adaptive immune system acts
slowly at the first encounter of a specific pathogen, it has the capacity to generate immunological
memory (Murphy and Weaver 2016). The adaptive immune system will hence contribute to a rapid
and specific response if an individual comes across a pathogen that it has encountered previously.
Whilst allelic variation and its consequences have been intensively studied in the adaptive
immune system, such as the major histocompatibility complex (MHC) in birds (Bernatchez and Landry
2003; Hess and Edwards 2002; Minias et al. 2018; O’Connor et al. 2018; Piertney and Oliver 2006),
the extent and effect of genetic variation in the innate immune system is not as well known. Until
now genetic variation and evolution of the innate immune system in birds have mainly been explored
in a small number of immune gene families, including toll-like receptors (TLRs) (Grueber et al. 2014;
Grueber et al. 2012; Raven et al. 2017; Wang et al. 2016), and beta-defensins (Chapman et al. 2016b;
Cheng et al. 2015; Hellgren 2015). For some of these genes, functional differences in microbial
inhibition have been found between alleles (Hellgren et al. 2010; Leveque et al. 2003). If different
alleles are beneficial for hosts inhabiting locations with distinct pathogen communities, this could
lead to local adaptation of the innate immune system.
While studying the evolution of specific immune genes greatly contributes to our
understanding of particular components of the immune system, a successful immune response
requires coordinated expression and action of many immune proteins. In innate immunity signalling
pathways, cellular pattern recognition receptors (PRRs) detect pathogen-associated molecular
patterns (PAMPs) on microbes. Upon recognition of the microbial components, signal transduction
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pathways are activated which result in the production of inflammatory mediators that cause
upregulation of the immune response in nearby cells (Murphy and Weaver 2016). To better
understand the evolution of the immune system as a whole, the evolution of specific immune genes
should hence be evaluated in the framework of gene networks. During the last decade, a number of
studies on major cellular pathways have found that genes with different positions in gene networks
are characterised by different evolutionary patterns (Han et al. 2013).
Waterfowl (bird family Anatidae; the ducks, geese, and swans) are an interesting group of
species for evolutionary genetics and comparative immunology. Waterfowl live in aquatic habitats
which are ideal ecosystems for pathogens, and that allows for prolonged survival of viruses (Brown et
al. 2007; Hinshaw et al. 1979; Stallknecht et al. 1990). They commonly aggregate in high numbers
with closely related species, which facilitates cross-species transmission of infectious diseases. Also,
many waterfowl species are migratory and will therefore encounter different pathogen communities
during their life cycle, and have the potential to spread infectious diseases over long distances (Yin et
al. 2017). Last but not least, waterfowl are one of the primary reservoirs of avian influenza virus (AIV)
(Webster, Yakhno et al. 1978, Webster, Bean et al. 1992, Stallknecht, Brown et al. 2008), a zoonotic
disease with a high impact on human health (WHO 2018). Field observations suggest that the
occurrence of AIV in birds differs among different species of waterfowl (Olsen et al. 2006; Stallknecht
and Shane 1988). Further experimental evidence suggests that waterfowl differ in their susceptibility
to AIV (Brown et al. 2006; Leigh Perkins and Swayne 2002). While ducks, and in particular the mallard
Anas platyrhynchos, show little signs of infection with AIV (Brown et al. 2006; Leigh Perkins and
Swayne 2002), geese and swans seem to be more susceptible to highly pathogenic AIV (Brown et al.
2008; Ellis et al. 2004).
In this study, we assessed genetic variation of the innate immune system in waterfowl and
evaluated and compared the evolutionary patterns of immune genes in the framework of gene
networks. We put particular emphasis on the network approach as no gene ever acts in isolation.
Most previous research studied single genes or a specific set within a gene family. Here, modern high
throughput DNA technologies allowed us to break the framework of specific genes and put the
process of the immune response into focus. Through hybrid capture DNA sequencing of 120 innate
immune genes in four populations of wild mallards from around the world, we studied the
population genetics of immune genes and pathways in the main host of AIV. We hypothesised that
distinct pathogen communities at different locations lead to geographic patterns of sequence
variation of the immune system in mallards. By sequencing the same genes in five further duck
species, and including data from goose genomes (Ottenburghs et al. 2016), we further assessed the
forces of natural selection acting on the target genes. We further examined patterns of genetic
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variation and evolution in immune genes involved in detection, signalling and response to pathogens
to test whether innate immune genes show different evolutionary patterns depending on network
topology. We provide a comprehensive analysis of the population genetics and evolution of innate
immunity signalling pathways in waterfowl.

Materials and Methods
Birds
We included samples from 64 wild mallards Anas platyrhynchos from four populations (Sweden
n=16, Spain n=16, Canada n=16 and Greenland n=16) and from 16 individuals from five different
species of wild ducks (Anas crecca n=4, Anas penelope n=3, Anas americana n=3, Aythya ferina n=3,
Aythya fuligula n=3) in our study. The sampling and DNA isolation from the ducks have been
described previously (Kraus et al. 2013; Kraus et al. 2012). We further included genomic data from a
study on the phylogeny of all goose species (Ottenburghs et al. 2016; Ottenburghs et al. 2017).

Bait design
Customised molecular baits to capture targets from a pool of isolated DNA were designed
(MYcroarray, MI, USA) for a total of 127 immune genes (Table S3.1). The immune genes were chosen
from the Toll-like receptor signalling pathway (apla04620), the Influenza A pathway (apla05164) and
the RIG-I-like receptor signalling pathway (apla04622) for mallard in the Kyoto Encyclopedia of Genes
and Genomes (KEGG) database (Kanehisa and Goto 2000; Kanehisa et al. 2010). Further, IFITM3
(Interferon-induced transmembrane protein 3) and all known beta-defensins were included as some
of these genes or gene regions have been studied previously in ducks (Blyth et al. 2016; Chapman et
al. 2016b). The baits were designed for the whole genes including 500bp down- and upstream
(downloaded from BioMart, Ensembl release 91, Kinsella et al. 2011).

Library preparation and enrichment
We prepared libraries for all duck samples using NEBNext® Ultra™ II DNA Library Prep Kit for
Illumina® and NEBNext® Multiplex Oligos for Illumina® (Dual Index Primers Set 1) (New England
Biolabs, Frankfurt am Main, Germany) and Agencourt® AMPure® XP Beads 60mL (Beckman Coulter,
Krefeld, Germany). We pooled libraries from five individuals before doing the enrichment step. For
the enrichment, we used NEBNext Ultra II Q5® Master Mix (New England Biolabs, Frankfurt am Main,
Germany) and Dynabeads® MyOne™ Streptavidin C1 magnetic beads (Invitrogen, Karlsruhe,
Germany). We assessed the concentration and quality of the libraries on the 2100 Bioanalyzer
(Agilent Technologies, Waldbronn, Germany) before and after capture. The mallard samples were
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sequenced 250PE on the Illumina Hiseq2500, and the samples from the other species of ducks 250PE
on an Illumina MiSeq (Tufts University Core Facility, MA, United States).

Reference-based assembly and retrieval of immune genes
We checked the quality of the sequencing reads using FASTQC (version 0.11.4, Andrews 2010) and
trimmed low-quality bases using TRIMMOMATIC version 0.32 (Bolger et al. 2014) using the following
settings; LEADING:10 HEADCROP:5 TRAILING:10 SLIDINGWINDOW:4:20 MINLEN:70. We aligned the
sequencing reads to the mallard reference genome
(Anas_platyrhynchos.BGI_duck_1.0.dna.toplevel.fa) using Bowtie2 (Langmead and Salzberg 2012).
We used SAMTOOLS (version 1.3.1, Li et al. 2009) to retrieve alignment statistics, to convert the samfile to bam-file, and to sort and index the bam-file. Using SAMTOOLS, we further made a consensus
file for each individual, with the default settings. We converted the resulting fastq files to fasta files
using a customised python script and made fasta files containing all genes of interests for each
individual using BEDTOOLS (version 2.26.0, Quinlan and Hall 2010). The bedfiles were used for
calculating coverage, depth and getting the fasta files are provided in Table S3.2. We estimated the
sequencing depth of the protein coding regions using SAMTOOLS. Gene-specific multi-sequence
alignment fasta files were made, and the resulting fasta files were aligned to the protein coding
sequences for respective gene (downloaded from BioMart, Ensembl release 91, Kinsella et al. 2011)
using CLUSTALW with default setting (Thompson et al. 1994), and manually curated in MEGA7 (Kumar
et al. 2016). For those genes where two isoforms are reported in the genome, both isoforms were
included in the analyses. We statistically reconstructed haplotype phases for each individual for each
gene to allow for analyses of genetic variation in the mallards. For this purpose, we used PHASE 2.1.1
(Stephens et al. 2001) on the Linux command line using the options -d1 -MR. We used SEQPHASE (Flot
2010) to convert the fasta sequence alignments to PHASE input files and from PHASE output files. We
used a customised R script (R Core Team 2014) to retain the haplotypes with the highest probabilities
from the reconstructed haplotypes.

Genetic variation in immune genes in mallards
Genetic variation
We calculated nucleotide diversity (Nei 1987) in the mallards for each gene using DNASP v.6 (Rozas et
al. 2017). Nucleotide diversity, pi (π), is the average number of nucleotide differences per site
between two sequences (Nei 1987).
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Population Genetic Analyses
The levels and patterns of nucleotide variation were estimated for each population in DNASP (Rozas
et al. 2017), as well as the amount of DNA divergence between the populations. An ANOVA model
(Heiberger et al. 2017) was fitted to the data to compare the mean of Tajima’s D and π between the
populations, using the R STATS package version 3.4.2 (R Core Team 2014). We made Tukey post-hoc
comparisons using the glht function in the MULTCOMP R package (Hothorn et al. 2008) to find pairwise
differences between the groups. A probability level of p<0.05 was used as the criterion for statistical
significance for all comparisons between groups.

Evidence of Natural Selection
To test for evidence of natural selection in the immune genes we used three different approaches:
the Tajima’s D test (Tajima 1989), the McDonald and Kreitman (MK) test (McDonald and Kreitman
1991) and the average ratio of non-synonymous and synonymous changes (dN/dS). The Tajima’s D
statistics test whether a DNA sequence has evolved neutrally, by comparing the number of
segregating sites with the pairwise differences between individuals from the mallards (Tajima 1989).
The MK test (McDonald and Kreitman 1991)and the average ratio of non-synonymous and
synonymous changes (dN/dS) are both built on the assumption that the ratio of non-synonymous
and synonymous nucleotide substitutions should be similar in genes evolving neutrally.
In the first approach we used Tajima’s D statistics to test whether any of the genes in the
mallards deviated from neutrality. We calculated the Tajima’s D statistics (Tajima 1989) in for each
gene using DNASP v.6 (Rozas et al. 2017).
In the second approach, we used the McDonald and Kreitman (MK) test (McDonald and
Kreitman 1991), which detects genes that deviate from natural selection by comparing the
polymorphism in one species with the divergence to another species. For this test, we used the
haplotype information from all mallards (n=64, alleles=128) and from one of the diving duck species,
the tufted duck Aythya fuligula (n=3, alleles=6). We ran the test for each gene using DNASP (Rozas et
al. 2017). We adjusted the p-values for multiple comparisons using the false discovery rate method
(Benjamini and Hochberg 1995), using the R STATS package version 3.4.2 (R Core Team 2014). Domain
prediction was undertaken for the genes that deviated from neutrality using INTERPRO (Finn et al.
2016), to identify the location of the specific differences within the protein coding region.
In the third approach we assessed signatures of selection in the immune genes by calculating
the average per gene dN/dS using an interspecies approach. For this purpose, the non-phased gene
sequences from one individual from each duck species (n=6) were included. Further, genomic data
for all species of geese (n=20) was retrieved from a study by Ottenburghs et al. (2016). As the geese
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genomic data had been aligned to the same reference genome as our data (Ottenburghs et al. 2016),
we could extract the genes of interest from the geese alignment files using the same approach as for
the ducks in our study. We prepared multiple sequence alignment files for the protein coding region
for each gene for all species (n=26) in MEGA7 (Kumar et al. 2016).
We constructed a species tree for all 26 duck and goose species to allow for selection
analyses in a phylogenetic framework. A total of 10,000 phylogenetic trees for the investigated
species were obtained from http://www.birdtree.org (Jetz et al. 2012) using the Hackett et al. (2008)
full tree backbone. We merged the trees in MEGA7 (Kumar et al. 2016) to obtain one consensus tree
for further analyses. Out of the 26 species used in this study, one species (Anser serrirostris) and
three subspecies (Branta bernicla bernicla, B. bernicla hrota, B. bernicla nigricans) were missing in
the birdtree database. These species were therefore added manually according to the most recent
phylogenetic tree for geese (Ottenburghs et al. 2016). The final tree (Figure S1) was unrooted using
the ANALYSES OF PHYLOGENETICS AND EVOLUTION (APE) package (Paradis et al. 2004; Popescu et al. 2012)
in R (R Core Team 2014). For some of the genes or isoforms, a stop codon appeared in one of the
exons in several of the bird species. As these species likely do not have the same functional isoform
as the mallard for these particular genes, these genes were excluded from the interspecies selection
analyses (Table S3.3). For the remaining genes (n=106) we then assessed dN/dS using maximum
likelihood methods in a phylogenetic framework. We performed the analysis using CODEML in the
PAML 3.14 software package (Yang 2007). We report the estimated dN/dS from model 0, which
assumes a constant dN/dS ratio over the whole protein coding region (Yang 2007), as the mean
dN/dS for each gene.

Codon-specific selection
A series of selection analyses for each target gene were performed using the HYPHY (Hypothesis
Testing using Phylogenies) software (Pond and Muse 2005). Signals for negative selection for each
codon were detected using FEL (Fixed Effect Likelihood; Kosakovsky Pond and Frost 2005) and SLAC
(Single Likelihood Ancestral Counting; Kosakovsky Pond and Frost 2005). Signals for positive selection
for each codon were detected using SLAC, FEL, FUBAR (Fast, Unconstrained Bayesian AppRoximation;
Murrell et al. 2013), and MEME (Mixed Effects Model of Evolution; Murrell et al. 2012). Default
values for each model were used to set the level of statistical significance (p<0.1 for SLAC, FEL, and
MEME, and posterior probability > 0.9 for FUBAR). These significance cut-offs are typically used for
these analyses to avoid overestimation of positive selection while having a useful threshold for
explorative studies (Cheng et al. 2015; Wang et al. 2016). To avoid reporting false positives, only
codons with significant selection signals from two or more methods were considered to be under
selection.
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Immune pathway function
The immune genes were classified into three functional groups (detection, signalling and response)
to allow for comparison of DNA polymorphism and evolutionary patterns in immune genes with
different functions (Table S3.4). Genes involved in the detection of pathogens were classified as
detector molecules; these include surface and cytoplasmic pattern recognition receptors (PRRs).
Effector molecules that either directly inhibit the growth and fitness of pathogens, or that contribute
to the upregulation of the defences in nearby cells were considered response molecules (e.g.
interferon-induced transmembrane proteins, interferon stimulated genes, antimicrobial peptides,
cytokines, interferons). The remaining genes in the pathways were considered signalling molecules.
The mean nucleotide diversity, Tajima’s D, dN/dS, and the proportion of positively and
negatively selected sites were then compared between groups of immune genes with different
functions. For the nucleotide diversity and Tajima’s D comparisons, an analysis of variance (ANOVA)
model (Heiberger et al. 2017) was fitted to the data using the R STATS package version 3.4.2 (R Core
Team 2014). We made Tukey post-hoc comparisons using the glht function in the MULTCOMP R
package (Hothorn et al. 2008) to find pairwise differences between the groups. We used a Kruskal‐
Wallis test (Hollander et al. 2013) to determine whether the dN/dS and the proportion of positively
and negatively selected codons differed between the functional groups. We then did a pairwise
Wilcoxon rank sum test to find pairwise differences between the groups using the R STATS package
version 3.4.2 (R Core Team 2014). A probability level of p<0.05 was used as the criterion for statistical
significance for all comparisons between groups.

Results and Discussion
Reference-based assembly and retrieval of immune genes
The number of sequencing reads per individual ranged from 0.36-4.89 million (1.88±0.70, mean±SD)
for the mallards and 0.96-1.84 million (1.18±0.23) for the other duck species. A total of 90.58-96.59%
of the sequencing reads from mallards, and 86.59-94.25% from the other species, successfully
mapped to the mallard reference genome (Table S3.5). The average sequencing depth for the protein
coding sequence for each gene ranged from 3.83 to 248.55x (130.68±75.51) for the mallards and
from 2.17x to 158.29x (86.02±49.16) for the other duck species (Table S3.6). Some of the genes were
not detected in the majority of the individuals and whereas these genes where excluded from the
study (AvBD3-3, AvBD3-2, MAP2K7). Further, some genes were not detected in some individuals (e.g.
cathelicidin), in which case these individuals were excluded for the analyses for that particular gene

107

Chapter 3
(Supplementary Note 3.1 and Tables S3.7-3.8). For cases where certain parts of the genes were
missing, the missing nucleotides were replaced with Ns.
Although the baits used for the hybrid capture were designed using the mallard genome the
majority of the immune genes were successfully captured and sequenced in the other duck species
as well. We therefore provide a resource for comparative immunology studies for more than 100
innate immune genes from five duck species that currently lack a genome. Our hybrid capture
approach opens up avenues for future comparative studies in closely related species for which the
genomes are not yet available. We expect that the capture process works sufficiently well for
analyses as presented here in at least all species of the tribe Anatini (52 species in 8 genera) and
Aythyini (19 species in 7 genera) based on our results from Anas spp. and Aythya sp. (Del Hoyo et al.
2014).
The majority of the immune genes could also be found in the genomic goose data. As the
protein coding sequences for all non-mallard species were found by aligning genomic data for each
species to the duck genome and extracted using the genomic coordinates for the protein coding
region as annotated in the mallard, it is possible that some differences between the species outside
these regions, such as exons that are not functional or not annotated in the duck genome, were
missed in our study. As the intention of our study was not to annotate the immune genes in all
waterfowl species, but rather to look at evolutionary patterns of known immune regions in the
mallard this was, however, not a problem for our analyses. In those cases where one or more of the
duck or geese species had stop codons in the annotated mallard protein coding region (22 genes,
Table S3.3), we excluded the genes from the interspecies analyses. The species with stop codons are
unlikely to express the same functional isoforms as the mallard for these particular genes.
Considering that species of ducks and geese differ in their susceptibility to infectious diseases such as
AIV (Brown et al. 2008; Capua and Mutinelli 2001; Leigh Perkins and Swayne 2002; Phuong et al.
2011), future studies of these differences would be of great value.

Genetic variation in immune genes in mallards
Genetic variation
Nucleotide diversity was used to measure the degree of polymorphism for each gene in the mallards.
The average nucleotide diversity per site across all genes was 0.005±0.006 (mean±SD) at all sites (π)
(Table S3.9). The average nucleotide diversity of the receptors in the mallards was higher than those
reported from TLRs in a bottlenecked population of a New Zealand robin Petroica australis (Grueber
et al. 2012). These differences may be due to species differences, the sampling of slightly different
PRRs, or because large populations can sustain more genetic diversity than small populations. The
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average nucleotide diversity for the whole set of innate immune genes was lower than what has
been reported in birds for MHC genes (Alcaide et al. 2007; Bonneaud et al. 2004). These results
therefore support the hypothesis that innate immune genes are less polymorphic than some genes
from the adaptive immune system. Especially for MHC, the best studied among the adaptive immune
loci, this underscores the extremely high levels of polymorphism in MHC compared to all the rest of
the genome (Jeffery and Bangham 2000; Klein 1986).

Population Genetic Analyses
We compared genetic distances between different mallard populations (Canada n=16, Greenland
n=16, Spain n=16, Sweden n=16) to investigate whether signatures of local adaptation can be
detected in the innate immune system in mallards. The pairwise genetic distances (FST, Hudson et al.
1992) between the mallard populations were all close to zero, with a slightly higher FST when
comparing the mallards from the Greenland population to the other populations (Table 3.1).
Interestingly, a population of mallards from Greenland was the only population that differed from
the remaining populations when looking at DNA polymorphism across the whole genome in mallards
(Kraus et al. 2013). Still, our results did not support the hypothesis that differences in pathogen
communities might have led to local adaptation of the innate immune system in mallards. It is
possible that mallards do not experience differences in pathogen communities of high enough
relevance for adaptation to occur, or that adaptation occurs based on general patterns which are
shared by most pathogens. For long distance migratory species like the mallard, it might further be
advantageous to have an immune system that recognises as broad a range of pathogens as possible,
or signals of local adaptations might be diluted due to interbreeding between the populations. Our
results support previous studies showing lack of genetic structure across the whole genome in
mallards from its global range (Kraus et al. 2016; Kraus et al. 2013; Kraus et al. 2011a; Kulikova et al.
2005).
Table 3.1 Pairwise genetic distances (Fst) between populations estimated using Fst.

Fst
Canadian population
Spanish population
Greenland Population

Spanish population Greenland population Swedish population
0.01
0.09
0.01
0.09
0.01
0.08

We calculated and compared the mean nucleotide diversity (Nei 1987) for all genes (Table
S3.9) in the mallard populations. The mean nucleotide diversity was similar in all mallard populations
(Greenland 0.0039±0.0042, Sweden 0.0045±0.0047, Canada 0.0048±0.0047, Spain 0.0044±0.0046,
mean±SD). When comparing the mean nucleotide diversity across all genes between the mallard
populations, no difference was detected (ANOVA, p>0.5) (Figure 3.1).
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Figure 3.1 Tukey boxplots showing the nucleotide diversity for each mallard population. The box shows the
median and the 25% and 75% quantile. The lower whisker shows the smallest observation greater than or
equal to lower hinge - 1.5 * IQR, while the upper whisker shows the largest observation less than or equal to
upper hinge + 1.5 * IQR. The blue points show the mean, and the open circles mark outliers. Means with
different letters were significantly different (p<0.05, ANOVA Tukey Test).

Evidence of Natural Selection
Natural selection occurs through differential survival and reproduction of individuals in a population
or species (Endler 1986). Although natural selection acts on the phenotype, it has no evolutionary
effect unless the phenotypes differ in genotype (Futuyma 2005). Positive and negative (also called
purifying) selection both lead to the removal of genetic variation, in the case of negative or purifying
selection through the removal of deleterious alleles and in the case of positive selection through the
rise in frequency of advantageous alleles. Balancing selection, on the other hand, retains multiple
alleles in a population (Futuyma 2005).

Tajima’s D
Tajima’s D was used to test whether the immune genes are evolving neutrally or under a nonrandom process in the mallards. The Tajima’s D is a genetic measure that compares the average
number of pairwise differences with the number of segregating sites in a population (Tajima 1989).
Out of the 120 genes tested in this analysis, 26 deviated significantly from neutrality: AKT1, AvBD13,
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AvBD16, CD86, CHUK, CTSK, IFIH1, IFNAR1, IL12B, IL6, IL8-like_1, IL8-like_2, IKBKB, JUN, MAP2K2,
MAPK11, NFKBIA, PIK3CA isoform 1, PIK3CA isoform 2, PIK3CB, SOCS3, TAB1, TAB2, TANK, TLR3, TLR7;
p<0.05 (Table S3.9). All genes that deviated from neutrality had a negative Tajima’s D (Figure 3.2),
which suggests that there is an excess of rare alleles in mallards. This excess of rare alleles could
either be due to purifying or positive selection acting on the gene or a result of a recent population
expansion (Tajima 1989). While some genes had a positive Tajima’s D value none of them were
significant (p adj. > 0.05). No balancing selection was thus observed in any of the investigated genes.
Interestingly the two TLRs (TLR3 and TLR7) that deviated from neutrality in the mallards are
both involved in viral detection and are upregulated in mallards during AIV infection (Huang et al.
2013). It is possible that the high load of RNA viruses that mallards carry has led to strong selection
on these genes. In contrast to our study, none of the tested TLRs deviated significantly from
neutrality expectations in brush finches (Atlapetes pallidiceps, Atlapetes latinuchus, Buarremon
torquatus) (Hartmann et al. 2014). Similarly, Alcaide and Edwards (2011) did not find that TLRs
deviated from neutrality in Lesser Kestrel Falco naumanni and the House Finch Carpodacus
mexicanus. However, in that case, the Tajima’s D could not be tested for TLR3 and TLR7 because of
low haplotypic diversity (Alcaide and Edwards 2011). Functional studies are required to see whether
the most common alleles for TLR3 and TLR7 in mallards are beneficial against common avian viruses
in comparison to the remaining alleles. Several studies have tested whether avian beta-defensins
deviate from neutrality in birds. While no genes deviated from neutrality in wild populations of tree
swallows Tachycineta bicolor (Schmitt et al. 2017) or great tits Parus major (Hellgren 2015), Chapman
et al. (2016b) found similar results to ours in mallards with Tajima’s D being significantly negative for
some beta defensins. It thus seems as if there is quite some variation in the evolutionary patterns
between different beta defensins, as well as between different bird species, which is likely linked to
the function of the specific beta defensins and to the different evolutionary histories of these bird
species. Three interleukin genes were under directional selection in the mallards, with a significantly
negative Tajima’s D value (Figure 3.2). These results are in contrast to previous studies that have
shown that the Tajima’s D value in chicken interleukins are predominantly positive (Downing et al.
2010; Downing et al. 2009). Similar to the beta defensins it thus seems as if there is a large variation
in selection patterns on cytokines in birds. In contrast to the general pattern of negative Tajima’s D in
innate immune genes found in our and other bird studies, positive Tajima’s D values have been
detected in MHC genes in birds (Alcaide et al. 2008; Worley et al. 2008).
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Figure 3.2 Tajima's D for all immune genes tested in our study in mallards. Genes of which the Tajima's D-value was statistically significant are shown in black (p<0.05).
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McDonald Kreitman test
According to the McDonald Kreitman test, three genes out of the 119 tested deviated from neutrality
when comparing the amount of within-species polymorphism in the mallards with the divergence to
the tufted duck Aythya fuligula (Table S3.10). According to the neutrality index (NI), TLR15 (p
adj.=0.025, NI=0.246), Mx (p adj.=0.006, NI=0.154), and JAK1 (p adj.=0.006, NI=0.050) were under
positive selection.
TLR15 is an avian and reptilian specific TLR with no apparent ortholog to mammalian TLRs
(Alcaide and Edwards 2011; Brownlie and Allan 2011). TLR15 is upregulated during bacterial, viral and
yeast infections (Boyd et al. 2012; Higgs et al. 2006; Jie et al. 2013), but the agonist for TLR15 is still
unknown (Chen et al. 2013). A total of 23 codons (24 nucleotides) non-synonymous changes and 12
synonymous changes were fixed between mallard and tufted duck. A fixed codon in this context is
when one particular amino acid is fixed in all individuals of one species, and a different amino acid is
fixed in all individuals from the other species. Out of these 23 fixed codons, 17 were located in
leucine-rich repeat (LRR) domains, which form an ectodomain involved in the binding of pathogen
associated molecular patterns (Bell et al. 2003; Kang and Lee 2011). Only one codon was fixed in the
toll/interleukin-1 receptor homology (TIR) domain, which is a conserved module with a function in
receptor signalling (Kang and Lee 2011; Xu et al. 2000). These results are similar to a previous study
on TLR15 in birds, where 24 out of 27 sites under positive selection were located in the LRR domain
(Wang et al. 2016). Further studies are required to understand whether the observed differences
between the species lead to functional alterations of TLR15 in mallards and tufted ducks.
The protein encoded by the JAK1 (Janus kinase 1) gene is essential in cytokine-mediated
signalling via the JAK-STAT pathway (Rodig et al. 1998). Six codons in JAK1 were fixed nonsynonymous changes and six were synonymous changes between mallard and tufted duck. According
to the domain and site prediction, two of these codons were located in the FERM domain, which is
involved in membrane localisation (Chishti et al. 1998). Three of the fixed codons were located in the
C-terminal domain (JH1), which is responsible for the tyrosine kinase function (Williams et al. 2009).
Interestingly, two of the fixed codons were located directly next to the predicted protein
phosphorylation active site in the JH1 domain. To our knowledge, there are no previous studies on
the genetic diversity and evolution of JAK1 in birds.
Mx proteins are part of the large GTPases family as well as the dynamin family. The
myxovirus resistance gene (Mx) codes for interferon induced proteins that interfere with viral
replication (Haller et al. 2007), and is upregulated in ducks and geese during viral infection (Barber et
al. 2010; Chen et al. 2017b; Helin et al. 2018). There were 39 fixed non-synonymous changes and 6
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synonymous changes between the mallards and the tufted ducks in Mx. Out of the fixed nonsynonymous changes, six were located in the dynamin-type guanine nucleotide-binding (G), and 14 in
the dynamin central domain. Six of the fixed non-synonymous changes were located in the GTPase
effector domain, which is the region interacting with virus upon infection (Mishra et al. 2011). The
high polymorphism and the evolutionary pattern observed in Mx is comparable to that of previous
research in ducks. A comparative study on Mx in mammals and birds found purifying selection
patterns in mammalian lineages and positive selection in ducks and chicken lineages, with a
particularly high evolutionary rate in chicken Mx (Hou et al. 2007). A wide range of intra- and
interspecies variations was further seen in the Mx gene in wild dabbling ducks Anas spp. in Alaska
(Dillon and Runstadler 2010). The authors further found an association between the infection status
of influenza and Mx haplotype in one of the duck species, the Northern shoveler Anas clypeata
(Dillon and Runstadler 2010). Studies in chicken have shown that some chicken breeds lack functional
Mx (Bernasconi et al. 1995; Ko et al. 2002) and that its antiviral function depends on a single amino
acid change (Ko et al. 2002). Functional assays on the highly polymorphic Mx protein in ducks and
geese would be of high value to understand the role of Mx polymorphism in susceptibility and
resistance to viral infections such as AIV.
The predicted domains for TLR15, JAK1 and Mx and the position of the codons that were
fixed between species within these domains are reported in Table S3.11.

dN/dS
We estimated the average ratio of non-synonymous and synonymous changes (dN/dS) per gene
using 26 waterfowl species. In neutrally evolving genes, the number of synonymous and nonsynonymous changes are assumed to be equal (dN/dS = 1). Genes with a dN/dS ratio lower than 1
have an excess of synonymous changes and are thus assumed to be under purifying selection. Genes
with a dN/dS ratio higher than 1 have an excess of non-synonymous changes and are assumed to be
under positive selection (Garrigan and Hedrick 2003).
The majority of the immune genes tested in our study had an average dN/dS ratio lower than
1, suggesting that these genes are subject to strong functional constraints (purifying selection). Five
genes had an average dN/dS ratio above one which suggests that they have experienced positive
selection (Figure 3.3). Out of these five genes, three are anti-microbial peptides (AvBD1, AvBD4,
AvBD16), one is a chemokine (CCL4), and one is part of a complex that works as a receptor for
interferons (IFNAR2).
Our results support previous research showing that the majority of innate immune genes are
highly conserved across species, with some exceptions (Mukherjee et al. 2009). Purifying selection
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has been found in innate immune genes such as toll-like receptors (Alcaide and Edwards 2011; Raven
et al. 2017; Wang et al. 2016) and antimicrobial peptides (Chapman et al. 2016b; Cheng et al. 2015)
in birds previously. Chapman et al. (2016b) did, however, find signatures of balancing selection in one
of the tested beta-defensins (AvBD3b). Our result shows that more beta defensins (e.g. AvBD1) may
be experiencing similar selection pressures as AvBD3b in waterfowl (Figure 3.3).
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Figure 3.3 Average dN/dS ratio for each immune gene, based on 26 species of ducks and geese.
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Codon-specific selection
While averaging the dN/dS ratio over the whole gene will allow for detection of genes that are under
strong selection, weak signatures of selection can be masked by different selection patterns in
specific codons. The site-specific selection analysis made for each of the 106 genes showed that 39
genes had at least one codon under positive selection, and 91 genes had at least one codon under
negative selection (Table S3.12). The proportion of positively selected sites per gene ranged from 00.037 with a mean of 0.003±0.007 (mean±SD). The proportion of negatively selected sites per gene
ranged from 0-0.084 with a mean of 0.017±0.016. Our results support previous findings that although
purifying selection is most common in avian TLRs and beta-defensins, certain codons have
experienced positive and episodic positive selection in these genes in birds (Grueber et al. 2014;
Raven et al. 2017).

Immune pathway function
The genes in innate immune signalling pathways have different functions, and might therefore be
experiencing different evolutionary paths. We estimated and compared the level of DNA
polymorphism and the type of selection pattern in genes belonging to three different functional
groups; detection, signalling and response.
The nucleotide diversity differed between the functional groups (ANOVA, p<0.05) (Figure
3.4). Response molecules had significantly higher mean nucleotide diversity (0.006±0.006)
(mean±SD) than signalling molecules (0.004±0.004, mean±SD) (p<0.05, ANOVA Tukey Test). Although
detectors had the lowest mean nucleotide diversity (0.003±0.002), this was not significantly different
from the other groups (p>0.05, ANOVA Tukey Test). Our results show that molecules involved in
response (also called effector molecules) are less conserved at the nucleotide level than molecules
involved in signalling. Our results are similar to previous work that showed that nucleotide diversity is
lower in TLRs than in cytokines in chicken (Downing et al. 2010).
Although the mean nucleotide diversity was lowest in genes coding for molecules involved in
detection of pathogens, this group was not significantly different from the other groups. This is
possibly due to the higher sample size for the other groups when compared to the sample size for
the detection molecule group (detection n=9, signalling n=77 and response n=34).
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Figure 3.5 Tukey boxplots showing the nucleotide diversity for each gene of the three functional groups
detection (n=9), signalling (n=77) and response (n=34). The box shows the median and the 25% and 75%
quantile. The lower whisker shows the smallest observation greater than or equal to lower hinge - 1.5 * IQR,
while the upper whisker shows the largest observation less than or equal to upper hinge + 1.5 * IQR. The
blue points show the mean, and the open circles mark outliers. Means with different letters were
significantly different (p<0.05, ANOVA Tukey Test).

We further compared the signatures of selection (non-synonymous to synonymous ratios)
between the functional groups. The average gene dN/dS differed between the groups (Kruskal-Wallis
non-parametric ANOVA, p<0.05). The dN/dS was higher in the genes with a function in response
(0.621±1.093) (mean±SD) than in the genes with a function in signalling (0.177±0.260) (p<0.05,
Wilcoxon rank sum test). The dN/dS was higher in the genes with a function in detection
(0.424±0.221) than in the genes with a function in signalling (0.177±0.260) (p<0.05, Wilcoxon rank
sum test). No significant difference was seen between the genes involved in detection and response
(p>0.05, Wilcoxon rank sum test) (Figure 3.5A). Considering that signalling molecules have to interact
with other molecules in the immune system, it is not surprising that they show they have the lowest
dN/dS ratio of the functional groups.
Interestingly, when taking into account whether a nucleotide change is synonymous or nonsynonymous, the average value (dN/dS) was higher in detection molecules than in signalling
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molecules (Figure 3.5A). This pattern was different when looking at the nucleotide level DNA
polymorphism only (Figure 3.4). This suggests that detector molecules are more conserved than
signalling molecules at the DNA level, however, that non-synonymous changes are more likely to
occur in detector molecules than in signalling molecules. This could be a result of positive selection in
regions that recognise pathogens, as has been shown in avian TLRs previously (Downing et al. 2010;
Grueber et al. 2014). In line with this, the position of fixed differences between the mallard and the
tufted duck were mainly located in the leucine-rich regions of TLR15 in our study.
This possibility was further supported by the results from the site-specific selection analysis,
where the proportion of positively selected sites varied significantly between the functional groups
(Kruskal-Wallis non-parametric ANOVA, p<0.05). Immune genes involved in detection had a higher
proportion of positively selected sites (0.003±0.003) than the genes involved in signalling
(0.002±0.005) (p<0.05, Wilcoxon rank sum test). Although the mean proportion of positively selected
sites was highest in genes involved in response (0.005±0.010), no statistically significant difference
was seen between this and the other groups (p>0.05, Wilcoxon rank sum test) (Figure 3.5B). This
might be explained by the great variation in the proportion of positively selected sites in the genes
encoding for effector molecules in our study. In Drosophila melanogaster the proportion of positively
selected sites was significantly higher in immune genes than other genes, and in particular when
comparing immune genes involved in detection to other genes (Sackton et al. 2007). Our results thus
suggest that pattern recognition receptors are subject to evolutionary diversification in the regions
that contact pathogens as is observed in MHC (Jeffery and Bangham 2000).
No significant difference was seen in the proportion of negatively selected sites between the
functional groups (Kruskal-Wallis non-parametric ANOVA, p>0.05). The mean proportion of
negatively selected sites in the functional groups was highest in response genes (0.020±0.022),
followed by signalling genes (0.016±0.013), and detection genes (0.013±0.005). The variation in the
proportion of negatively selected sites was large within the group of genes involved in signalling and
response (Figure 3.5C).
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Figure 3.6 Tukey boxplots showing the dN/dS per gene for the functional groups, as estimated from a total of
26 species of waterfowl. The box shows the median and the 25% and 75% quantile. The lower whisker shows
the smallest observation greater than or equal to lower hinge - 1.5 * IQR, while the upper whisker shows the
largest observation less than or equal to upper hinge + 1.5 * IQR. The blue points show the mean, and the
open circles mark outliers. Means with different letters were significantly different (p<0.05, Kruskal-Wallis
non-parametric ANOVA, Wilcoxon rank sum test).
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Conclusion
Learning about immunogenetics in multiple wild species in a comparative approach is of high
importance to understand the underlying causes of susceptibility and resistance to diseases. In this
study, we used a combination of hybrid capture and next-generation sequencing technologies to
study genetic diversity, divergence and signatures of selection in a total of 120 immune genes in the
natural hosts of avian influenza virus. Our study is the first to examine genetic diversity and
evolutionary patterns in immune genes across whole innate immune signalling pathways in birds. By
including population data from mallards as well as interspecies data, we could assess genetic
diversity across populations as well as detect similarities and differences between waterfowl species.
The low pairwise genetic divergence between mallard populations from Canada, Greenland, Spain
and Sweden did not support the hypothesis that the innate immune system in mallards may have
adapted to local pathogen communities. More information on the pathogen communities in each of
these locations could give a clue whether the apparent lack of regional adaptation is a result of
similarities in pathogen communities across the studied area, or whether this is a result of other
factors related to the ecology of mallards. While the majority of the innate immune genes were
under purifying selection, many genes showed signatures of positive selection at specific codons. This
suggests that certain parts of the immune genes are evolutionarily constrained, possibly due to their
role in signalling networks, while other parts are more likely to adapt, possibly to avoid pathogen
subversion or recognise novel pathogens. In line with this, our results support previous research
showing that detector molecules are more conserved than other immune genes, but that specific
positions in the domain involved in pathogen recognition are under strong positive selection. Our
study is an important step forward for understanding what might cause differences in susceptibility
to infectious diseases in waterfowl species and identified a number of candidate genes for future
eco-immunogenetic and functional genomic studies. The international community currently
sequences genomes of many different wild species (e.g., Jarvis 2016), and the comparison of the
biodiversity in immune systems will open new avenues for finding general patterns and translate
findings from evolutionary analyses of natural diversity into medical and pharmaceutical practice.
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General discussion
Emerging infectious diseases (EIDs) with origin in animals have major impact on human health and
economy (van Doorn 2014). The last decades there have been several outbreaks of zoonotic diseases
in humans, including the outbreak of Ebola virus in West Africa (Shiwani et al. 2017), Hendra virus in
Australia (Field et al. 2010), Nipah virus in Malaysia (Chua et al. 2000), and avian influenza virus in
Asia (Chan 2002). Factors such as habitat destruction, urbanisation, and intensified land use have led
to increased contact between animals and humans, and therefore the risk of spillover of infectious
diseases between species (Wood et al. 2012). The mobility of humans across the globe and the
aggregation of humans in large cities has further facilitated the spread of infectious diseases that
have been transmitted into the human population (Wood et al. 2012). This development poses a
great threat to human health as well as wildlife biodiversity (Daszak et al. 2000).
Research in model species, such as mice, have greatly improved our understanding of how
humans respond to infectious diseases. However, in those cases where model species do not
produce a similar response a zoonotic disease to that induced in the natural host, the transmission
host, or the spillover host of zoonotic EIDs, the use of model species may be of limited use (Bean et
al. 2013). To understand what causes the difference in severity of infection in different species, we
need to study the effect of EIDs in the natural host and the transmission host as well as in humans.
The primary goal of my doctoral work was to investigate the immune system in an important
host of avian influenza virus (AIV), an emerging infectious disease (EID) that has had devastating
consequences on human and animal health (WHO 2018). Although great efforts have been
undertaken to understand the effect of AIV in humans and livestock, less focus has been given to the
natural hosts of AIV. By understanding how the natural hosts can co-exist with the virus we could,
however, gain information to estimate the risk of spillover events from the natural hosts to humans
and livestock. Further, by learning more about how the natural hosts clear infections, information
with high importance for medical and pharmaceutical practice could be gained. Waterfowl are one of
the primary reservoirs of AIV (Stallknecht et al. 2008; Webster et al. 1992; Webster et al. 1978). One
species of waterfowl in particular, the mallard Anas platyrhynchos, shows little signs of disease upon
AIV infection in comparison to other species of waterfowl (Brown et al. 2006; Leigh Perkins and
Swayne 2002). Despite this we know little about the effect of AIV on wild mallards, and why the
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mallard is generally unaffected by AIV infections. Therefore, the immune response in mallards and
the evolution of the immune system in waterfowl formed the central focus of my studies.
To increase our knowledge about the immune response in mallards, I monitored the innate
immune response in captive mallards (Chapter 2), and assessed genetic variation and evolutionary
patterns of the innate immune system in wild waterfowl (Chapter 3).
The main goals of my second chapter was to 1. evaluate the relevance of three
immunostimulants as mimics for true infections, 2. investigate whether the immune response can be
monitored using bio-loggers, 3. provide baseline information on a physiological and behavioural
changes that occur during the acute phase response in mallards, 4. see whether an immune response
can be detected in gene expression profiles in whole blood using a gene regulatory and signalling
network approach, 5. investigate whether the expression of immune genes differ between sexes
during the immune response. For this purpose I used a combination of genome-wide gene expression
profiling and state-of-the-art bio-loggers to monitor the immune response in captive mallards.
To increase our knowledge about the evolution of the immune system in waterfowl, I
assessed genetic variation and evolutionary patterns, that form the basis of the physiological and
behavioural immune response, in waterfowl from a global distribution (Chapter 3). The main goals of
my third chapter was to 1. evaluate whether distinct pathogen communities at different geographic
regions may lead to local adaptation of the innate immune system in mallards, 2. assess the forces of
natural selection acting on innate immune genes in waterfowl, 3. test whether innate immune genes
show different evolutionary patterns depending on network topology. To meet these goals I used
DNA sequence information from over one-hundred immune genes in wild mallards and closely
related species, thereby undertaking the most comprehensive population genomic and
phylogenomic study of the immune system in birds to date.
One of the main novelties of my thesis work was the overall focus on whole innate signalling
pathways (see Chapters 2-3). This approach was possible through utilising recent developments of
NGS technologies (see Chapter 1). As genes work as part of networks, analysing these genes
simultaneously allowed me to study the immune system using a pathway-centred approach. My
results can be used to find similarities and differences both in expression and sequence diversity of
these genes among different species. I am convinced that this is the future direction in
immunogenetics.
To better understand what role the mallard and its waterfowl relatives have in the spread of
AIV, it is important to know how they behave when infected with the virus in the wild. Knowing, for
example, whether mallards migrate during an infection with AIV would indicate whether mallards
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contribute to the spread of AIV over long distances. To confidently answer this question, the
movement of a statistically informative number of naturally infected mallards as well as non-infected
individuals would have to be tracked simultaneously during migration. Considering that natural
infections can occur at any time and that they often occur at low frequencies, conducting such a
study with a high enough number of mallards would be very challenging. By simulating an infection in
wild mallards along the migratory route, the migration patterns in control- and immune stimulated
individuals could, however, be compared. In the experiment in Chapter 2 I paved the way for such
studies. I achieved this by confirming that LPS and poly I:C induce a predictable immune response in
mallards, and that the immune response can be monitored remotely using state-of-the-art biologgers. Based on these results, we can now use immunostimulants in combination with bio-loggers
in wild mallards to answer questions regarding the impact of disease on migration, and the impact of
potentially migrating, diseased mallards on human health and economy.
More specifically, I showed that heart rate and body temperature are elevated during the
acute phase response in mallards and that this can be detected using bio-loggers. Naturally there are
certain additional parameters that have to be taken into account when interpreting changes in
physiology and behaviour in wild animals. The body temperature and heart rate of wild birds can for
example vary greatly, and are both elevated during flight (Berger et al. 1970; Prinzinger et al. 1991).
No alterations in behaviour were detected during the acute phase response in the captive mallards
when comparing activity levels measures with high definition acceleration loggers. This results could
either be the consequence of constraints of natural behaviour in our captive mallards, or another
indication that the movement patterns of mallards is not affected during infection to, at least, some
diseases (Bengtsson et al. 2016). My study provides the basis for the key next step of evaluating the
changes in physiology and behaviour in mallards in the wild during an immune response. For
example, it will be interesting to determine if mallards can fly long distances with an upregulated
immune response.
Interestingly, my gene expression profiling results in Chapter 2 showed that the immune
response induced by the stimulants were pathogen specific. While LPS has commonly been used to
study immunocompetence in wild birds (Adelman et al. 2010b; Martin et al. 2014b), poly I:C has, to
my knowledge, not been used in wild birds. However, considering that the mallard is a vector for viral
diseases with major impact on human health (WHO 2018), it is interesting to see how they respond
to viral infections in the wild. I show that poly I:C in particular has great potential for future ecoimmunology studies in mallards.
Poly I:C also offers a great opportunity for further experimental work in captive waterfowl.
Poly I:C does not cause a long term immune response like a replicating virus would do, and does not
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manipulate the immune system as many viruses do (Coleman 2007; Finlay and McFadden 2006;
Hiscott et al. 2006). Poly I:C can thus be used to indirectly learn more about the effect of true viruses
on their host. For example by comparing my global gene expression data to that found in mallards
infected with AIV (Huang et al. 2013; Smith et al. 2015; Xia et al. 2007), critical points of manipulation
by AIV could potentially be found. Using the innate signalling pathway maps that I prepared for my
second chapter, differences in the response to AIV and poly I:C can easily be visualised.
Similarly the innate signalling pathway maps can be used to find differences in gene
regulation between species with differences in severity of pathogenesis to AIV. As more genomic and
transcriptomic studies are undertaken, a key next step will be the construction of species-specific
immune regulatory networks for species with importance as hosts of EIDs. It is important to note
that such developments will alleviate discordance between the immune system in the target species
and the species for which the regulatory networks were built (i.e. to date many available regulatory
networks are based on model species). This will help prevent bird specific genes with a major role in
the immune response being missed.
In Chapter 2 I successfully detected new genes which are likely involved in immune responses
in non-model bird species. For instance many of the immune genes that were found to be
differentially expressed in the immune stimulated mallards are uncharacterised. It is thus clear that
our knowledge about the immune system is far from complete, especially in non-model species. The
uncharacterised genes are all key candidates for further studies. Interestingly, even some of the
characterised genes are of unknown function. One such example is B4GALNT4, which was one of the
most upregulated genes in the mallards treated with poly I:C. While one study found that a paralog
of this gene has a role in protecting mice against AIV (Nakamura et al. 2016), the role of B4GALNT4
itself in the response to viral infections is unknown (Allen et al. 2017). In the genome, B4GALNT4 is
located next to IFITM3 (Interferon Induced Transmembrane Protein 3), which is known to restrict
influenza virus (Amini-Bavil-Olyaee et al. 2013; Blyth et al. 2016). IFITM3 was also one of the most
upregulated genes in the poly I:C treated mallards. My results suggest that B4GALNT4 has a role in
viral clearance in mallards. Evaluating the function of this protein in mallards would be interesting, as
was done for RIG-I and IFITM3 which are key genes in response to AIV (Barber et al. 2010; Blyth et al.
2016).
One of the questions I asked in my second chapter was whether females and male mallards
respond differentially to immune stimulations. The symptoms of highly pathogenic Influenza A
(HPAIV) in humans range from mild influenza-like symptoms to severe pneumonia and organ failure
(Hui 2008). The severity of HPAIV infection in humans is caused by excessive release of proinflammatory cytokines (”cytokine storm”) (Us 2008). In humans, males have a higher exposure rate
126

General Discussion
to HPAIV than females, but females have a higher fatality rate than males upon exposure (Fasina et
al. 2010; Kandun et al. 2008; Sedyaningsih et al. 2007). The underlying cause for this difference in
severity of symptoms between females and males is not known (Demas and Nelson 2012). Females
do, however, have a stronger antibody response to AIV vaccines (Cook et al. 2006; Engler et al. 2008).
Further, female mice have a stronger inflammatory response to AIV than males, which leads to
higher pathogenesis in females (Robinson et al. 2011). My experimental setup was unique in that it
allowed me to compare the gene expression between female and male mallards. Based on previous
information on sex differences in the immune response to AIV I expected to see differences in the
immune response between the sexes in the mallards. This hypothesis was also based on the finding
that male birds are more likely to be infected by AIV than females (Farnsworth et al. 2012; Nallar et
al. 2015; Papp et al. 2017; Parmley et al. 2008), as has been observed in humans. Unexpectedly
differential gene expression analysis did not reveal any difference in the immune response between
females and males. These results highlight several questions for further studies. For example, if there
is no difference in the immune response between females and males in captive ducks, then why do
we observe differences in infection rate in wild ducks? Could it be that the behaviour of male ducks
in the wild exposes them to the virus more often than females? Would we have detected differences
if we had measured the immune response to a live virus? Would we have detected differences if we
had measured another parameter than gene expression in blood, such as changes in inflammatory
cytokines? Or would we have seen differences between the sexes if we had compared the responses
at other time points, for example during the breeding season when males and females may distribute
their energy differentially (Klein 2000)? Future studies focussing on sex differences during the
immune response will be important for answering these questions.
My thesis is the first study that evaluates DNA polymorphism and divergence among such a
high number of immune genes in free-living birds (see Chapter 3). My results thus lay the foundation
for further studies with similar approaches in other species of birds. The population genetic
comparisons in mallards showed close to no divergence in immune genes between populations
inhabiting different continents, indicating that the populations are either interbreeding or
experiencing similar selection pressure from pathogens. It would be interesting to evaluate whether
the lack of spatial structure in mallards is also found in other species, or whether this is a result of the
ecology of the mallard.
Using an innate immune signalling approach for the evolutionary genetics study, I identified
genes that were under natural selection and thereby candidate genes for future studies in waterfowl
(see Chapter 3). The majority of the innate immune genes that showed signatures of natural
selection were under purifying selection, which refers to the removal of deleterious alleles from a
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population. Genes that are essential for the survival of an organism are predicted to be under
purifying selection, as mutations impairing the function of these genes likely have a detrimental
effect on fitness (Barreiro and Quintana-Murci 2010). Considering that the innate immune system
protects organisms against a wide range of pathogens, it is not surprising that we mostly detected
patterns of purifying selection in the immune genes in the mallard. In line with this, mutations in
genes of the toll-like receptor (TLR) signalling pathway have been shown to permit life-threatening
infections in humans (Picard et al. 2003; Von Bernuth et al. 2008; Zhang et al. 2007).
Despite the overall pattern of purifying selection among immune genes, I found that a large
number of codons within the coding sequences of these genes were under positive selection.
Domain predictions for one of the TLRs in Chapter 3 showed some of these codons are located in the
TLR extracellular domain in waterfowl, as has been shown in other species of birds as well (Grueber
et al. 2014; Raven et al. 2017). Future studies employing 3D protein modelling could show whether
these codons are located within antigen binding sites, which would help to determine whether these
sites are likely to have an effect on the recognition of pathogens. My results from Chapter 3 also
showed that genes experience different selection patterns depending on their function (detection,
signalling, response). This gives us a better idea of what parts of the immune system are under
evolutionary constraints, allowing the formulation of future hypotheses about the evolution of the
immune system.
In some genes I found fixed non-synonymous substitutions between the mallard and the
tufted duck Aythya fuligula (Chapter 3). As the tufted duck shows higher pathogenicity and mortality
during AIV infection than the mallard (Keawcharoen et al. 2008), it would be interesting to evaluate
what consequences these differences have for the virulence of AIV in each species. The gene Mx for
example, is very interesting to study further, as this gene was under positive selection in the mallards
when compared to the tufted duck, and Mx haplotypes have previously been associated to infection
status of influenza in wild ducks (Dillon and Runstadler 2010).
Interspecies comparison made in Chapter 3 showed that roughly a fifth of the immune genes
had stop codons in some of the analysed geese and duck species in one or several of the exons that
are annotated in the mallard genome. Future work is required to determine whether these
differences have an impact on the function of the protein in the species with stop codons or not. It
could be that the species with a stop codon 1. express a different isoform of the same gene with
similar function, 2. compensate for the lack of function of this gene using the product of another
gene, or 3. have completely lost the function that this gene has in the mallard. Future studies in
these species as well as other species of birds could give insight as to whether these differences lead
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to differences in the severity of AIV infection between species. The list of genes presented in Chapter
3 are excellent candidates for such studies.
The immune system is a complex apparatus that protects us against the pathogens that we
encounter in our environment. It consists of a network of special molecules, cells, tissues and organs
that either detect, eradicate or signal to other parts of the immune system about invading threats. I
am convinced that the key to understanding how natural hosts can survive EIDs that cause severe
disease and mortality in other species, lies within the host's immune system, and its interaction with
the infectious agent. Finding the molecular basis of the natural hosts' resilience would not only be
fascinating from a scientific point of view, but could be important for enabling the treatment of the
symptoms of the EIDs in spill-over hosts. With the great complexity that the immune system holds
and with the great number of pathogens in the environment, finding the cause that leads to
differences in susceptibility to a particular pathogen is, however, going to be like finding a needle in a
haystack. It is going to be a complex task, which requires expertise from a wide range of disciplines.
Knowledge in immunology, veterinary science, medicine, cell biology, systems biology,
developmental biology, physiology and more could all contribute to a successful accomplishment of
this captivating undertaking. I believe that we have to go in with open (and curious) eyes, for the
immune system of the natural hosts of some EIDs have turned out to have some interesting surprises
when compared to the one of model organisms such as mice and humans (Zhou et al. 2016). I believe
that immunogenetics is crucial for getting a first impression of what to look for in the natural host.
Studies like the one presented in this thesis, which look at global gene expression during the immune
response and signatures of natural selection in a large number of immune genes in natural hosts of
EIDs, are extremely valuable for finding target genes that may play a role for the observed
differences in susceptibility to EIDs. Although the sheer presenting of a list of target genes will not
help to solve the major problem that EIDs cause to human health and economy, it is one important
part of the big puzzle. Ultimately, the results from this study provide a valuable resource for a wide
range of follow-up hypotheses and studies, including functional verifications based on gene editing
technologies.
In conclusion, my PhD project has provided crucial information on how mallards respond to
infections, and how their immune system has evolved to deal with the pathogens in their
surroundings. This thesis is a unique first step towards understanding how mallards, and other hosts
of EIDs, can co-exist with pathogens. With an improved understanding of the importance of
interdisciplinary research in eco-immunology, as well as the increased use of bio-loggers and NGS
technologies in wild animals research, I see a bright future for the field of eco-immunology.
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Supplementary Note 2.1 - Staining and evaluation of blood films
We used blood smears and microscopy to look at changes in leukocytes during the acute phase
response. Staining and evaluation of blood films was performed by Pendl Lab Inc., Switzerland. Nonfixed, air-dried blood films were stained with a modified Wright-Giemsa-staining protocol (Table
S2.7) (Pendl and Samour 2016).
Table S2.7 Staining protocol for blood films

Colourant
3 g Wright- Powder1
0,3 g Giemsa- Powder2
5 ml glycerine
1000 ml absolute methanol (aceton
free)3
filter and store in a dark vial
stable for several weeks

Staining protocol
use air-dried native blood films
flood bloodfilm 3 min with colourant
add equal amount of buffer pH 6,84
mix gently by blowing with a pipette or a straw until
metallic green sheen appears on the surface
allow to stand for 6 min
rinse and flood with buffer for 1 min
wash copiously with buffer
wipe the back of the blood film to remove excess stain
prop in rack until dry or use hair dryer
mount with Entellan®5 and cover glass

1

Merck® No 1.09278.0025
Merck® No 1.09203.0025
3
Merck® No 1.06009.1000
4
Merck® No 1.11374.0100
5
z. B. Entellan® Neu, Merck® No 1.07961.0100
2

The slides were counted in chronological order (not blinded). To decrease miscountings due to
uneven distribution of different leukocyte subpopulations within the bloodfilm, countings were
performed by viewing a line of consecutive fields perpendicular to the blood film direction from edge
to edge in the area of monolayer (arrow Figure S2.1) (Reauz et al. 1999).
ML

Figure S2.1 Schematic figure of an ideal blood film processed with the wedge smear technique. Cell
countings were performed perpendicular to the direction of the film in the area of monolayer (ML).
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Supplementary Note 2.2 - Multidimensional scale (MDS) plots
Prior to the comparative analysis we made multidimensional scaling (MDS) plots for the entire RNAsequencing data set to visualise sample-to-sample distances solely on the basis of their gene
expression profiles, using the plotMDS function in LIMMA (Ritchie et al. 2015). Figure S2.2 shows
Multidimensional scale (MDS) plots of log-CPM values for dimensions 1-4, with samples coloured
according to treatment (Figure S2.2a), individual (Figure S2.2b) and sex (Figure S2.2c). As the samples
clustered according to individual and sex, as well as treatment, these variables were both taken into
account in the model used to detect differentially expressed genes in LIMMA (Ritchie et al. 2015). Sex
was included as a fixed factor, and individual as a random factor. As explained by Law et al. (2016),
the “distances on the plot correspond to the leading fold-change, which is the average (root-meansquare) log2-fold-change for the 500 genes most divergent between each pair of samples by
default”.

Figure S2.2 Multidimensional scale (MDS) plots of log-CPM values for dimensions 1-4, with samples
coloured according to a) treatment, b) individual and c) sex. The distances on the plot correspond to the
leading fold-change, which is the average (root-mean-square) log2-fold-change for the 500 genes most
divergent between each pair of samples by default.
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Supplementary Note 2.3 – Heatmaps
Heatmaps showing the log2 CPM for each sample for all genes that were significantly differentially
expressed at any time point during each treatment were made. In the heatmap for the poly I:C
treatment group all samples taken 3 hrs post stimulation (ps) and the majority of the samples taken
at 6 hrs ps form one cluster, this indicated that these samples have different gene expression profiles
than the remaining samples for these genes (Figure S2.3).

Figure S2.3 Heatmap showing the log-CPM for all genes that were differentially expressed in the control
group versus the poly I:C treatment group, at any time point. Each row shows the foldchange for one of the
genes for each individual in the poly I:C treatment group, before stimulation (0 hrs) and 3, 6, 12 and 24 hrs
post stimulation. Expression across each gene has been scaled so that mean expression is zero and standard
deviation is one. F= Female, M = Male, 1-3 = the different individuals for each sex and treatment.
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In the heatmap clustering samples according to the log CPMs for the differentially expressed genes
detected at any time point ps in the LPS treatment group, the samples taken before treatment (0 hrs)
and 3 hrs and 6 hrs ps form one cluster each (Figure S2.4). In contrast, the samples 12 hrs and 24 hrs
post stimulation are scattered across the heatmap.

Figure S2.4 Heatmap showing the log-CPM for all genes that were differentially expressed in the control
group versus the LPS treatment group, at any time point. Each row shows the foldchange for one of the
genes for each individual in the LPS treatment group, before stimulation (0 hrs) and 3, 6, 12 and 24 hrs post
stimulation. Expression across each gene has been scaled so that mean expression is zero and standard
deviation is one. F= Female, M = Male, 1-3 = the different individuals for each sex and treatment.
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In the heatmap showing the log CPM for the differentially expressed genes from any of the time
points ps in the S. aureus treatment group, the samples do not form as clear clusters as in the other
treatments (Figure S2.5). While 5 out of the 6 samples taken at the start of the experiment cluster on
the left side of the heatmap, there is no clear pattern for the remaining samples.

Figure S2.5 Heatmap showing the log-CPM for all genes that were differentially expressed in the control
group versus the S. aureus treatment group, at any time point. Each row shows the foldchange for one of the
genes for each individual in the S. aureus treatment group, before stimulation (0 hrs) and 3, 6, 12 and 24 hrs
post stimulation. Expression across each gene has been scaled so that mean expression is zero and standard
deviation is one. F= Female, M = Male, 1-3 = the different individuals for each sex and treatment.

No differentially expressed genes were detected in the comparative differential expression analysis
between females and males. Further, no clear clustering of the sexes were observed in heatmaps
built on log CPM values, or log foldchange values (data not shown), for the differentially expressed
genes (Figure S2.3-S2.5).
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Supplementary Note 2.4 – Detection of female outlier
In addition to treatment and individual, samples clustered according to sex in the multidimensional
scaling (MDS) plots (Supplementary Note 2.2) . We therefore compared gene expression between
females and males for each treatment and time point, as well as for females and males separately, to
investigate whether females and males responded differently to our treatments. While the
differentially expressed genes differed slightly when doing the analyses for females and males
separately, there were no significantly differentially expressed genes when comparing females and
males (data not shown). As our preliminary analyses did not detect a clear difference in the response
between females and males, we included individuals from both sexes in the remaining analyses. As
part of the investigations comparing female and male differences, we detected one individual with
an upregulated immune response at the start of the stimulation. This female, belonging to the
treatment group poly I:C, was excluded from further differential expression analysis.
The heatmaps in Figure S2.6-S2.9 show the log CPM (counts per million) for all genes that were
detected as differentially expressed, when analysing both sexes combined as well as separately, in
the poly I:C treatment group at any time point. In Figure S2.6 and S2.7 (and partly S2.8) it is clear that
one of the females (F_0 hrs) cluster with the stimulated individuals before the treatment. As this
individual had an upregulated immune response (and hence might have been fighting an infection)
already at the start of the experiment, the data from this individual was not included in the
differential expression analysis.

Figure S2.6 Heatmap showing the log-CPM for all genes that were differentially expressed in the control
group versus the poly I:C treatment group at any timepoint. Each row shows the foldchange for one of the
genes for each individual in the poly I:C treatment group, before stimulation (0 hrs) and 3 hrs post
stimulation. Expression across each gene has been scaled so that mean expression is zero and standard
deviation is one. F= Female, M = Male, 1-3 = the different individuals for each sex and treatment. As can be
seen one female (F1 0 hrs) clustered with the immune challenged individuals already before treatment.
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Figure S2.7 Heatmap showing the log-CPM for all genes that were differentially expressed in the control
group versus the poly I:C treatment group at any timepoint. Each row shows the foldchange for one of the
genes for each individual in the poly I:C treatment group, before stimulation (0 hrs) and 6 hrs post
stimulation. Expression across each gene has been scaled so that mean expression is zero and standard
deviation is one. F= Female, M = Male, 1-3 = the different individuals for each sex and treatment. As can be
seen one female (F1 0 hrs) clustered with the immune challenged individuals already before treatment.
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Figure S2.8 Heatmap showing the log-CPM for all genes that were differentially expressed in the control
group versus the poly I:C treatment group at any timepoint. Each row shows the foldchange for one of the
genes for each individual in the poly I:C treatment group, before stimulation (0 hrs) and 12 hrs post
stimulation. Expression across each gene has been scaled so that mean expression is zero and standard
deviation is one. F= Female, M = Male, 1-3 = the different individuals for each sex and treatment. As can be
seen one female (F1 0 hrs) clustered the stimulated individuals already before stimulation.
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Figure S2.9 Heatmap showing the log-CPM for all genes that were differentially expressed in the control group
versus the poly I:C treatment group at any timepoint. Each row shows the foldchange for one of the genes for
each individual in the poly I:C treatment group, before stimulation (0 hrs) and 24 hrs post stimulation.
Expression across each gene has been scaled so that mean expression is zero and standard deviation is one. F=
Female, M = Male, 1-3 = the different individuals for each sex and treatment.
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Supplementary Note 2.5 – Real-time qPCR, primer testing
We validated our RNA-seq results using real-time qPCR for five target genes, for the poly I:C
treatment at two time points post stimulation. We chose genes that were upregulated in the poly I:C,
based on the RNA-seq results. We used real-time qPCR for a total of three reference genes and five
genes of interest. We designed cDNA primers for a total of five genes using Integrated DNA
Technologies (IDT) Real-Time qPCR Assay Entry, following the guidelines set by Prediger (2016). The
sequences for the respective GOIs were retrieved from Ensembl release 91 (Transcript ID:
ENSAPLT00000004233, ENSAPLT00000006241, ENSAPLT00000009346, ENSAPLT00000013271,
ENSAPLT00000015756). We further used primers for three published genes (Barber et al. 2010;
Chapman and Waldenström 2015). The primer sequences are shown in Table S2.8. We tested the
stability of the reference genes in our treatment and the efficiency of all the primer pairs.

Table S2.8 Primers used for the real-time qPCR
Gene Symbol Gene Name
Reference Genes
RPL4
Ribosomal protein L4
RPS13

Ribosomal protein S13

UBE20

Ubiquitin-conjugating
enzyme E2O
Genes of Interest
MDA5
Melanoma DifferantationAssociated protein 5
RIG-I
Retinoic acid-inducable
gene I
RSAD2
Radical S-Adenosyl
Methionine Domain
Containing
2
TLR3
Toll-like receptor
3
TLR7

Toll-like receptor 7

Primer sequence (5' - 3')

Reference

F
R
F
R
F
R

CCTGGGCCTTAGCTGTAACC
AAGCTGAACCCATACGCCAA
AAGAAAGGCCTGACTCCCTC
TGCCAGTAACAAAGCGAACC
AGCATCCCCCTTTCCATCAA
CAACCCTGTCTCCTGGCTTA

(Chapman, Helin et al. 2016)

F
R
F
R
F
R
F
R
F
R

CCACGACCTCTGTGTGCAATT
GCCTGGCCCGCATCTTAT
GTGTATGGAAAACCCTATTTCTTAACT
GGAGGGTCATACCTGTTGTTTGAT
CCAGCGTCAATTACCACTTCAC
GCAGCACGAAGGAGGTCTTG
GCAGGCGTATCAGAATTT
CCGACTTTGTTCAATAGC
CAAATCTTTCAGCTGTGGAAGCACA
CCACTCTCACTGAACCTTCAGAGGC

Designed in house

(Chapman, Helin et al. 2016)
Designed in house

(Barber, Aldridge et al. 2010)
Designed in house
Designed in house
Designed in house

The efficiency of each primer pair was evaluated by performing a six-step fourfold serial dilution of
the primers, before mixing them with the PerfeCTa SYBR Green Fast Max™ and running a real-time
qPCR on samples from one individual. The log-mean was calculated for each dilution triplet and the
slope of each primer was determined. The efficiency value was calculated by 10(-1/slope) i.e. proving
if each cycle doubles the amount of the selected gene product (efficiency=2) (LifeTechnologies 2012).
The efficiency values were converted to efficiency in % by which an efficiency of 2 is denoted as
100% efficiency. Only those genes with an efficiency of 80-100% were included in the study.
To determine if any other products than the selected gene product had been amplified, two
assessment procedures were undertaken. First, a melt curve analysis was applied to all real-time
qPCR runs to assess at what temperature the dsDNA of the qPCR product dissociated. For this
purpose, the temperature increased within the span of 60-95°C (Downey 2016). Second, a gel
electrophoresis was performed on the qPCR products from all primers pairs. This was implemented
to make sure that the primers were specific for one gene which in turn created one band in the
agarose gel. To confirm the presence of a single amplicon 10 μl PCR product was mixed with 2 μl
Thermo Scientific™ 6x MassRuler DNA Loading Dye and added to a 1% agarose gel consisting of 1x
TAE-buffer, agarose and 3 μl Roti®-Gelstain. All gels were run on 80V for 30 minutes in 1x TAE-buffer
with 5 μl Thermo Scientific™ MassRuler Low Range DNA ladder 60.8 ng/μl as a mass ruler.
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We tested the stability of the reference genes for a total of four reference genes (GAPDH, RPS13,
UBE20 and RPL4) across the three time points (0 hrs, 3 hrs ps and 6 hrs ps) in the poly I:C treatment
group. Samples from two individuals, one male and one female, were run on real-time qPCR and Cqvalues were compared across the time points. Comparison between the samples was done with
calculations of standard deviation (SD) and relative standard deviation (RSD). The reference genes
showing the least SD ≤1 Cq and RSD ≤5% where selected as reference genes for further experimental
runs. This included three reference genes reported in Table S8.

Supplementary Note 2.6 – GAMM model outputs
Body temperature
> summary(Temp$gam)
Family: gaussian
Link function: identity
Formula:
Temp ~ treatment + s(TIME, by = treatment)
Parametric coefficients:
Estimate Std. Error t value Pr(>|t|)
(Intercept) 39.7539 0.1969 201.892 < 2e-16 ***
treatmentpolyic 0.8749 0.2785 3.142 0.001698 **
treatmentLPS 0.9617 0.2785 3.453 0.000562 ***
treatmentAureus 1.5508 0.2785 5.569 2.82e-08 ***
--Signif. codes: 0 ‘***’ 0.001 ‘**’ 0.01 ‘*’ 0.05 ‘.’ 0.1 ‘ ’ 1
Approximate significance of smooth terms:
edf Ref.df F p-value
s(TIME):treatmentsaline 8.510 8.510 22.70 <2e-16 ***
s(TIME):treatmentpolyic 8.736 8.736 92.51 <2e-16 ***
s(TIME):treatmentLPS 8.642 8.642 81.75 <2e-16 ***
s(TIME):treatmentAureus 8.355 8.355 36.47 <2e-16 ***
--Signif. codes: 0 ‘***’ 0.001 ‘**’ 0.01 ‘*’ 0.05 ‘.’ 0.1 ‘ ’ 1
R-sq.(adj) = 0.763
Scale est. = 0.017762 n = 2664
Heart-rate frequency
> summary(HR$gam)
Family: gaussian
Link function: identity
Formula:
log.HR ~ treatment + s(TIME, by = treatment)
Parametric coefficients:
Estimate Std. Error t value Pr(>|t|)
(Intercept) 4.75697 0.08247 57.685 <2e-16 ***
treatmentpolyic 0.16942 0.11662 1.453 0.1464
treatmentLPS 0.14203 0.11662 1.218 0.2234
treatmentAureus 0.22232 0.11662 1.906 0.0567 .
--Signif. codes: 0 ‘***’ 0.001 ‘**’ 0.01 ‘*’ 0.05 ‘.’ 0.1 ‘ ’ 1
Approximate significance of smooth terms:
edf Ref.df F p-value
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s(TIME):treatmentsaline 1.000 1.000 0.611 0.434
s(TIME):treatmentpolyic 1.000 1.000 92.715 < 2e-16 ***
s(TIME):treatmentLPS 3.466 3.466 45.859 < 2e-16 ***
s(TIME):treatmentAureus 1.000 1.000 62.096 4.67e-15 ***
--Signif. codes: 0 ‘***’ 0.001 ‘**’ 0.01 ‘*’ 0.05 ‘.’ 0.1 ‘ ’ 1
R-sq.(adj) = 0.216
Scale est. = 0.037539 n = 2664
Acceleration
> summary(ACC$gam)
Family: gaussian
Link function: identity
Formula:
log.mean.ACC ~ treatment + s(hour, by = treatment)
Parametric coefficients:
Estimate Std. Error t value Pr(>|t|)
(Intercept)
5.6736 0.2131 26.630 <2e-16 ***
treatmentpolyic 0.4984 0.3013 1.654 0.0996 .
treatmentLPS 0.0754 0.3013 0.250 0.8027
treatmentAureus -0.3538 0.3013 -1.174 0.2417
--Signif. codes: 0 ‘***’ 0.001 ‘**’ 0.01 ‘*’ 0.05 ‘.’ 0.1 ‘ ’ 1
Approximate significance of smooth terms:
edf Ref.df F p-value
s(hour):treatmentsaline 1.000 1.000 0.960 0.32823
s(hour):treatmentpolyic 5.932 5.932 3.803 0.00152 **
s(hour):treatmentLPS 3.286 3.286 1.876 0.08605 .
s(hour):treatmentAureus 2.691 2.691 5.125 0.01542 *
--Signif. codes: 0 ‘***’ 0.001 ‘**’ 0.01 ‘*’ 0.05 ‘.’ 0.1 ‘ ’ 1
R-sq.(adj) = 0.208
Scale est. = 1.4592 n = 228
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Supplementary Note 2.7 – Sequencing and Alignment statistics
The total number of sequencing reads per sample ranged from 28,210,306-84,361,960 with an
average of 49,076,449 per sample. Of these, 86.75-91.69% successfully aligned to the reference
genome (Figure S2.10).

Figure S2.10 Total number of sequencing reads for each sample (light grey bars) and the number of
sequencing reads that mapped (aligned) to the reference genome (dark grey bars). The total number of
sequencing reads per sample ranged from 28,210,306-84,361,960 with an average of 49,076,449 per sample.
Of these, 86.75-91.69% successfully aligned to the reference genome.

Supplementary Note 2.8 – Venn diagrams
We made Venn diagrams to visualize the overlap of differentially expressed genes between the
treatments for each time point ps (Figure S2.11a) and between the time points ps for each treatment
(Figure S2.11b). As can be seen the overlap of differentially expressed genes was small to moderate,
suggesting that the pyrogens induced different responses at the gene expression level (Figure
S2.11a). While the overlap of differentially expressed genes was big in the poly I:C treatment group
at the different time points, the overlap was much smaller in the LPS treatment group (Figure
S2.11b). This shows that similar genes were differentially expressed in the poly I:C group over the
first 12 hrs of the acute phase response. In the LPS treatment group, however, different genes were
activated at 3 hrs and 6 hrs post stimulation.
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Figure S2.11 Venn diagram showing the overlap of significantly differentially expressed genes between a)
each treatment for each time point and b) time points for each treatment

Supplementary Note 2.9 – Biological processes
The GO overrepresentation analysis showed significantly overrepresented Biological Processes in the
poly I:C treatment group at 3 (n=373), 6 (n=210), and 12 hrs (n=49) ps, and in the LPS treatment
group 3 (n=416) and 6 hrs ps (n=129) (Tables S2.5-S2.6).
In the poly I:C treatment group a large number of biological processes related to T-cell activation,
differentiation and selection were overrepresented (e.g. GO:0045060, GO:0043383, GO:0045589,
GO:0033077, GO:0046631), as were processes related to interferon (GO:0032728, GO:0032647,
GO:0060334) and lymphocyte activation (GO:0031294, GO:0002708, GO:0030098), and cytokine
production (GO:0002718, GO:0001816, GO:0060759) (Table S2.5). Additionally, a number of
biological processes related to pattern recognition receptor (PRR) pathways were overrepresented,
such as regulation of RIG-I signalling pathway (GO:0039535), MyD88-independent toll-like receptor
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signalling pathway (GO:0002756), TRIF-dependent toll-like receptor signalling pathway
(GO:0035666), and toll-like receptor signalling pathway (GO:0002224). There were further a large
number of biological processes related to viral infection overrepresented in the poly I:C treatment
group (e.g. GO:1903902, GO:0045069, GO:0016032, GO:0039531, GO:1903901). In the poly I:C
treatment group two biological processes related to bacteria were also overrepresented
(GO:0009617, GO:0002237) (Table S2.5).
Several of the overrepresented biological processes in the LPS treatment group have functions in
inflammatory response and immune cell activation (Table S2.6). Further, some biological processes
related to bacterial infections were overrepresented (e.g. GO:0009617, GO:0002237, GO:0071219,
GO:0032496). Additional biological processes with functions related to localisation of protein or RNA
to chromosome, telomere or nucleus were overrepresented in the LPS group at 6 hrs ps (e.g.
GO:1904814, GO:0090685, GO:0090670, GO:1904871, GO:1904851, GO:0070202) (Table S2.6). No
biological processes related to viruses were overrepresented in the LPS treatment group.
In the S. aureus treatment group no biological processes were overrepresented.
The 10 overrepresented Biological Processes with the highest enrichment score for each of these
groups are shown in Figure S2.12.

Supplementary Note 2.10 – Pathways visualisations
Toll-like receptor signalling pathway
The fold changes for the characterised genes from the differential gene expression analyses in the
poly I:C treatment group are illustrated on the TLR signalling pathway from KEGG (Figure S2.13).
Within the TLR signalling pathway the following genes were significantly upregulated at one or
several of the time points; AKT1 (AKT Serine/Threonine Kinase 1), CCL4 (C-C Motif Chemokine Ligand
4, also called MIP-1β), FADD, IFNAR2 (type I interferon receptor 2), IL8, IRF7, MAP3K8 (Mitogenactivated protein kinase kinase kinase 8), MAPK11, MAPK12, NFΚB1, Stat1 (Signal Transducer And
Activator Of Transcription 1), TLR3 (Toll-like receptor 3), and TRAF3 (Table S2.2). The following genes
were significantly downregulated at one or several of the time points: CHUK, and TLR7 (Toll-like
receptor 7) (Table S2.2).
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Figure S2.12 The 10 top significantly overrepresented Biological Processes for each treatment and time point,
sorted according to the enrichment score (not shown in figure but in Tables S2.5-S2.6).
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Figure S2.13 Toll-like receptor signalling pathway with log2 fold changes of the expression level between the control and the poly I:C treatment. Red indicates that the fold
change was higher in the poly I:C treatment group than in the control group, while blue indicate that the fold change was lower in the poly I:C treatment group than in the
control group. White indicates no change or a similar change in the poly I:C treatment group as in the control group. Paler shades of red and blue show a gradient of lower
values in fold change. Each box represent one gene in the pathway, and the columns within the box show the gene expression fold change for the four time points; 3, 6, 12
and 24 hrs ps from the left to right.
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Influenza A
The fold changes for the characterised genes from the differential gene expression analyses in the
poly I:C treatment group are illustrated on the Influenza pathway (Figure S2.14). Within the Influenza
pathway the following genes were significantly upregulated in the poly I:C treatment group at one or
several of the time points; ACTG1 (Actin Gamma 1), ADAR (denosine Deaminases Acting on RNA),
AKT1, Casp1 (Caspase 1), HSPA2 (Heat Shock 70kD Protein 2), MDA5, IFNAR2, IL8, IRF7, MAPK11,
MAPK12, Mx2 (MX Dynamin Like GTPase 2), NFΚB1, RIG-I, RSAD2, SOCS3, Stat1, TLR3, and TRIM25
(Table S2.2). The following genes were significantly downregulated at one or several of the time
points in the poly I:C treatment group; PRKCA (Protein Kinase C Alpha), and TLR7 (Table S2.2).
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Figure S2.14 Influenza A pathway with log2 fold changes of the expression level between the control and the
poly I:C treatment. Red indicates that the fold change was higher in the poly I:C treatment group than in the
control group, while blue indicate that the fold change was lower in the poly I:C treatment group than in the
control group. White indicates no change or a similar change in the poly I:C treatment group as in the control
group. Paler shades of red and blue show a gradient of lower values in fold change. Each box represent one
gene in the pathway, and the columns within the box show the gene expression fold change for the four time
points; 3, 6, 12 and 24 hrs ps from the left to right.
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Supplementary Note 2.11 – Real-time qPCR validation of RNA-seq results
The gene expression results from the real-time qPCR were similar to those retrieved from the RNAseq results (Table S2.2). RSAD2 was the most highly expressed gene, followed by RIG-I, TLR3 and
IRF7. The gene expression of TLR7 did not change in comparison to the control (Supplementary
Figure S2.15).

Figure S2.15 Gene expression absolute foldchange for TLR3 , RIG-I, RSAD2, TLR7 and IRF7 as measured the
real-time qPCR, calculated from a total of nine individuals from the poly I:C treatment group. The box shows
the median, and the 25% and 75% quantile. The lower whisker shows the smallest observation greater than
or equal to lower hinge - 1.5 * IQR, while the upper whisker shows the largest observation less than or equal
to upper hinge + 1.5 * IQR
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Figure S2.16 shows the log2 fold gene expression foldchange of the five individuals that were
included in both the real-time qPCR as well as the RNA-seq analyses for the five genes of interest.

Figure S2.16 Correlation of the gene expression log2 fold change in the poly I:C treatment measured using
RNA-seq and real-time qPCR. Data for the five individuals included in both analysis and the 5 genes tested
using both methods are plotted.

Supplementary Note 2.12
In the poly I:C treatment group several signalling pathways related to toll-like receptors (TLRs) were
further overrepresented (Figure 2.5, Table S2.5). TLRs are a group of PRRs that together recognise a
wide range of PAMPs, and that make up an essential part of the innate immune system (Medzhitov
2001). Once TLR receptors are activated, the TLR signalling pathway is initiated through
intracytoplasmic toll/interleukin-1 receptor (TIR) domains, such as Myeloid Differentiation Primary
Response 88 (MyD88), TIR Domain Containing Adaptor Protein (TIRAP), and TIR domain-containing
adaptor inducing IFN-β (TRIF) (Takeda and Akira 2004). The TLR pathways ultimately result in
cytokine secretion and inflammatory response. While TLRs are conserved across a wide range of taxa
(Cormican et al. 2009; Lemaitre et al. 1996; Medzhitov et al. 1997), there are certain taxon-specific
differences in the TLR signalling pathway (Cormican et al. 2009). In birds, TLR1 recognises
lipoproteins, TLR2 recognises peptidoglycan, TLR3 recognises double stranded RNA, TLR4 recognises
LPS, TLR5 recognises flagellin, TLR7 recognises single stranded RNA, and TLR21, which is absent in
mammals, recognises CpG motifs and chromosomal DNA (Brownlie and Allan 2011; Temperley et al.
2008). There is further an avian specific toll-like receptor, TLR15, of which the agonist is unknown
(Brownlie and Allan 2011). In the poly I:C treatment group several signalling pathways related to
TLR3 and TLR4 were overrepresented (Figure 2.5, Table S2.5). As TLR3 recognises double stranded
RNA as well as poly I:C (Matsumoto and Seya 2008), we expected to see upregulation of this gene in
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the poly I:C treatment group. TLR3 is also upregulated in ducks during AIV, NDV, reovirus, and duck
plague virus (DPV) infection (Jiao et al. 2012; Kang et al. 2015; Li et al. 2016; Zhang et al. 2015). The
TLR4 pathway, which normally recognises LPS from Gram-negative bacteria was also upregulated in
the poly I:C group (Figure S2.13-S2.14). This is possibly because TLR4 is activated by oxidised
phospholipids (OxPLs) which are formed during inflammation (Erridge and Spickett 2007), also during
AIV infection (Wang and Jiang 2009). TLR7, which recognises single stranded RNA, was
downregulated in the mallards from the poly I:C treatment group when compared to the control
group (Figure S2.13). TLR7 is upregulated in ducks during viral infection with AIV, NDV and DHV
(Cornelissen et al. 2012; Kang et al. 2015; Song et al. 2014). We triggered the typical PRR pathways
that are activated during viral infections in ducks (RIG-I, MDA5, TLR3, TLR4; Figures 2.6 and S2.132.14 - but not all, see TLR7, Figures S2.13-2.14) with the poly I:C treatment and therefore propose
that poly I:C can be used as a mimic for many relevant viral infections in mallards. Using the
combination of genes that we optimized and used for the real-time qPCR, the expression of some of
the genes in the overrepresented pathways can be evaluated in future studies (Supplementary Note
2.11).
Interestingly none of the TLR pathways were overrepresented in the bacterial treatments.
We expected to see the activation of the TLR4 signalling pathway in the Gram-negative bacterial
treatment, as LPS is a known agonist to TLR4 (Beutler 2004). The cytokines CCL4, Chemokine C-C
motif Ligand 5 (CCL5) and IL8 in the TLR pathway were upregulated in the LPS treated group (Table
S2.3, http://orn-files.iwww.mpg.de/dgeviz/). Further, several biological processes within the TLR
pathway were overrepresented. For example, the MAPK signalling pathway, which is involved in
signal transduction, regulating intracellular events such as cell differentiation, division and death
(Pearson et al. 2001; Schaeffer and Weber 1999) was overrepresented. The I-kappaB kinase/NFkappaB signalling pathway, which regulates the expression of numerous genes within the immune
response (Baeuerle and Baltimore 1988; Li and Verma 2002) was also overrepresented. These
pathways are, however, also part of other PRR pathways. From our results, we therefore cannot
exclude that these biological processes and cytokines were upregulated through a different PRR than
TLR4. We further expected to see the activation of the TLR2 signalling pathway in the Gram-positive
bacterial treatment, as lipopeptide and peptidoglycan from Gram-positive bacteria are known
agonists to TLR2 (Beutler 2004; Kirschning and Schumann 2002). This was, however, not the case,
with NFΚB1A being the only gene in the TLR pathway that was differentially expressed in the S.
aureus treatment when compared to the control group. Neither of the TLR2 genes, which are
duplicated in birds (Fukui et al. 2001), were differentially expressed in this treatment group.
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Appendix B. Supplementary files Chapter 3
Table S3.2, S3.5-S3.8 and Supplementary Note 3.1 are accessible in Appendix 3, as part of the online
publication of this dissertation available at the Institutional Repository of the University of Konstanz
(KOPS, https://kops.uni-konstanz.de/)

Table S3.2. Bed12 file used for extracting the protein coding region using getfasta in bedtools Available on KOPS - Appendix 3.pdf
Table S3.5. The number of sequencing reads and genome alignment statistics for each individual
duck - Available on KOPS - Appendix 3.pdf
Table S3.6. Average sequencing depth for the protein coding sequence for each gene for the
mallards and the remaining duck species - Available on KOPS - Appendix 3.pdf
Supplementary Note 3.1. Missing scaffolds and regions - Available on KOPS - Appendix 3.pdf
Table S3.7. shows the individuals for which certain scaffolds were absent in the contig from the
alignment. While some scaffolds were absent in all individuals some were only absent in some
samples, while being present in others. - Available on KOPS - Appendix 3.pdf
Table S3.8. shows the individuals from which certain genes were not fully sequenced. - Available on
KOPS - Appendix 3.pdf
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Table S3.1 List of the immune genes included in the capture
Ensembl ID
ENSAPLG0
000001631
ENSAPLG0
4
000001147
ENSAPLG0
7
000001238
ENSAPLG0
0
000001524
ENSAPLG0
4
000001487
ENSAPLG0
2
000001355
ENSAPLG0
8
000000591
ENSAPLG0
3
000001150
ENSAPLG0
3
000001276
ENSAPLG0
8
000001318
ENSAPLG0
7
000001128
ENSAPLG0
4
000001091
ENSAPLG0
3
000001132
ENSAPLG0
2
000001287
ENSAPLG0
6
000000201
ENSAPLG0
2
000001123
ENSAPLG0
7
000000637
ENSAPLG0
9
000001435
ENSAPLG0
1
000000614
ENSAPLG0
7
000000909
ENSAPLG0
2
000000594
ENSAPLG0
2
000001175
ENSAPLG0
4
000000437
ENSAPLG0
6
000001225
ENSAPLG0
5
000000620
ENSAPLG0
3
000001275
ENSAPLG0
2
000001204
ENSAPLG0
7
000000474
ENSAPLG0
8
000000592
ENSAPLG0
8
000000229
ENSAPLG0
9
000000484
ENSAPLG0
5
000001548
ENSAPLG0
0
000000714
ENSAPLG0
8
000001307
ENSAPLG0
4
000000582
ENSAPLG0
6
000000283
ENSAPLG0
3
000000270
ENSAPLG0
2
000000920
ENSAPLG0
5
000000611
ENSAPLG0
6
000000585
ENSAPLG0
6
000000446
ENSAPLG0
2
000000415
ENSAPLG0
7
000000216
ENSAPLG0
8
000000260
ENSAPLG0
3
000001644
ENSAPLG0
8
000001346
ENSAPLG0
0
000001387
ENSAPLG0
8
000001102
ENSAPLG0
8
000001407
ENSAPLG0
2
000001292
ENSAPLG0
4
000000355
ENSAPLG0
4
000000818
ENSAPLG0
3
000000666
ENSAPLG0
9
000000477
ENSAPLG0
2
000001606
ENSAPLG0
5
000000356
ENSAPLG0
8
000001542
ENSAPLG0
0
000000601
ENSAPLG0
6
000001208
8

Gene ID
AKT1
AKT3
AZI2
CASP10
CASP8
CD40
CD86
CHUK
CTSK
DHX58
FOS
IFIH1
IFNAR1
IFNG
IFNGR1
IFNGR2
IKBKB
IKBKE
IL12A
IL12B
IL18
IL6
IRAK1BP
1
IRAK4
IRF5
IRF7
JAK1
JAK2
JUN
LITAF
LY96
MAP2K1
MAP2K3
MAP2K4
MAP2K6
MAP2K7
MAP3K7
MAP3K8
MAPK1
MAPK10
MAPK11
MAPK12
MAPK13
MAPK14
MAPK8
MAPK9
NFKB1
NFKBIA
NLRX1
PIK3CA
PIK3CB
PIK3CD
PIK3CG
PIK3R1
PIK3R5
RAC1
RIPK1
RSAD2
SOCS3

Chromosome
/scaffold
KB743650.1
name
KB742963.1
KB742966.1
KB742719.1
KB742719.1
KB743810.1
KB744434.1
KB742907.1
KB744049.1
KB743181.1
KB742685.1
KB744072.1
KB742682.1
KB744042.1
KB742937.1
KB742682.1
KB744812.1
KB742563.1
KB744208.1
KB742414.1
KB746795.1
KB743177.1
KB742953.1
KB742451.1
KB743988.1
KB742884.1
KB743412.1
KB742640.1
KB743412.1
KB744198.1
KB743235.1
KB742800.1
KB742987.1
KB742686.1
KB743912.1
KB743363.1
KB742594.1
KB742630.1
KB743228.1
KB742619.1
KB743204.1
KB743204.1
KB743510.1
KB743510.1
KB743335.1
KB743857.1
KB742932.1
KB742730.1
KB744100.1
KB743644.1
KB744477.1
KB742794.1
KB742471.1
KB742448.1
KB746093.1
KB743145.1
KB743404.1
KB743007.1
KB742551.1

Gene
start
139360
(bp)
423821
210727
0
78529
55431
291672
31920
23134
12821
355201
132403
108554
9
794345
347538
243681
766665
409767
635378
566466
396397
112538
105487
8
321038
177429
3
21711
385356
1070
386552
201494
3
63012
169963
574303
145084
50688
233901
327
899223
58050
670282
396258
7
215593
2
211425
4
63
17400
859286
225455
441355
790981
74344
176583
3
683783
82414
563930
103959
2
418890
26643
137452
4
206857
286669

Gene
end
17581
(bp)
4
48313
8
21218
29
86721
60677
29469
9
41134
54201
15312
35958
6
13403
2
11116
88
80742
2
35188
5
25398
0
77515
9
42093
4
64477
1
56881
2
40398
3
11457
4
10577
94
42122
3
17865
87
25833
38761
3
20199
43095
0
20159
05
65879
17541
0
59610
1
15780
2
11427
9
25145
2
2528
93579
2
72273
68401
1
40192
61
21740
86
21460
62
12637
34232
88120
6
24177
6
48488
0
79403
0
78435
17880
81
74067
5
10359
1
59206
2
10901
40
44185
4
33568
13927
04
21214
8
28730
3
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AKT
serine/threonine kinase 1 [Source:HGNC
Symbol;Acc:HGNC:391]
AKT
serine/threonine kinase 3 [Source:HGNC
Symbol;Acc:HGNC:393]
5-azacytidine induced 2 [Source:HGNC
Symbol;Acc:HGNC:24002]
caspase
10 [Source:HGNC Symbol;Acc:HGNC:1500]
caspase 8 [Source:HGNC Symbol;Acc:HGNC:1509]
CD40 molecule [Source:HGNC
Symbol;Acc:HGNC:11919]
CD86
molecule [Source:HGNC Symbol;Acc:HGNC:1705]
conserved helix-loop-helix ubiquitous kinase
[Source:HGNC
Symbol;Acc:HGNC:1974]
cathepsin K [Source:HGNC
Symbol;Acc:HGNC:2536]
DExH-box helicase 58 [Source:HGNC
Symbol;Acc:HGNC:29517]
Fos
proto-oncogene, AP-1 transcription factor subunit
[Source:HGNC
Symbol;Acc:HGNC:3796]
interferon
induced
with helicase C domain 1
[Source:HGNC
Symbol;Acc:HGNC:18873]
interferon
alpha
and beta receptor subunit 1
[Source:HGNC
Symbol;Acc:HGNC:5432]
interferon
gamma
[Source:HGNC
Symbol;Acc:HGNC:5438]
interferon
gamma receptor 1 [Source:HGNC
Symbol;Acc:HGNC:5439]
interferon
gamma receptor 2 [Source:HGNC
Symbol;Acc:HGNC:5440]
inhibitor
of nuclear factor kappa B kinase subunit beta
[Source:HGNC
Symbol;Acc:HGNC:5960]
inhibitor
of nuclear
factor kappa B kinase subunit
epsilon [Source:HGNC
Symbol;Acc:HGNC:14552]
interleukin
12A [Source:HGNC
Symbol;Acc:HGNC:5969]
interleukin 12B [Source:HGNC Symbol;Acc:HGNC:5970]
interleukin 18 [Source:HGNC Symbol;Acc:HGNC:5986]
interleukin 6 [Source:HGNC Symbol;Acc:HGNC:6018]
interleukin 1 receptor associated kinase 1 binding
protein 1 [Source:HGNC
Symbol;Acc:HGNC:17368]
interleukin
1 receptor associated
kinase 4
[Source:HGNC
Symbol;Acc:HGNC:17967]
interferon
regulatory
factor 5 [Source:HGNC
Symbol;Acc:HGNC:6120]
interferon
regulatory factor 7 [Source:HGNC
Symbol;Acc:HGNC:6122]
Janus
kinase 1 [Source:HGNC Symbol;Acc:HGNC:6190]
Janus kinase 2 [Source:HGNC Symbol;Acc:HGNC:6192]
Jun proto-oncogene, AP-1 transcription factor subunit
[Source:HGNC Symbol;Acc:HGNC:6204]
lipopolysaccharide
induced TNF factor [Source:HGNC
Symbol;Acc:HGNC:16841]
lymphocyte
antigen 96 [Source:HGNC
Symbol;Acc:HGNC:17156]
mitogen-activated
protein kinase kinase 1
[Source:HGNC Symbol;Acc:HGNC:6840]
mitogen-activated
protein kinase kinase 3
[Source:HGNC
Symbol;Acc:HGNC:6843]
mitogen-activated
protein kinase kinase 4
[Source:HGNC Symbol;Acc:HGNC:6844]
mitogen-activated
protein kinase kinase 6
[Source:HGNC Symbol;Acc:HGNC:6846]
mitogen-activated
protein kinase kinase 7
[Source:HGNC Symbol;Acc:HGNC:6847]
mitogen-activated
protein kinase kinase kinase 7
[Source:HGNC Symbol;Acc:HGNC:6859]
mitogen-activated
protein kinase kinase kinase 8
[Source:HGNC Symbol;Acc:HGNC:6860]
mitogen-activated
protein kinase 1 [Source:HGNC
Symbol;Acc:HGNC:6871]
mitogen-activated protein kinase 10 [Source:HGNC
Symbol;Acc:HGNC:6872]
mitogen-activated
protein kinase 11 [Source:HGNC
Symbol;Acc:HGNC:6873]
mitogen-activated
protein kinase 12 [Source:HGNC
Symbol;Acc:HGNC:6874]
mitogen-activated
protein kinase 13 [Source:HGNC
Symbol;Acc:HGNC:6875]
mitogen-activated
protein kinase 14 [Source:HGNC
Symbol;Acc:HGNC:6876]
mitogen-activated
protein kinase 8 [Source:HGNC
Symbol;Acc:HGNC:6881]
mitogen-activated protein kinase 9 [Source:HGNC
Symbol;Acc:HGNC:6886]
nuclear
factor kappa B subunit 1 [Source:HGNC
Symbol;Acc:HGNC:7794]
NFKB
inhibitor alpha [Source:HGNC
Symbol;Acc:HGNC:7797]
NLR
family member X1 [Source:HGNC
Symbol;Acc:HGNC:29890]
phosphatidylinositol-4,5-bisphosphate
3-kinase
catalytic subunit alpha [Source:HGNC 3-kinase
phosphatidylinositol-4,5-bisphosphate
Symbol;Acc:HGNC:8975]
catalytic subunit beta [Source:HGNC 3-kinase
phosphatidylinositol-4,5-bisphosphate
Symbol;Acc:HGNC:8976]
catalytic
subunit delta [Source:HGNC 3-kinase
phosphatidylinositol-4,5-bisphosphate
Symbol;Acc:HGNC:8977]
catalytic
subunit gamma [Source:HGNC
phosphoinositide-3-kinase
regulatory subunit 1
Symbol;Acc:HGNC:8978]
[Source:HGNC
Symbol;Acc:HGNC:8979]
phosphoinositide-3-kinase
regulatory subunit 5
[Source:HGNC
Symbol;Acc:HGNC:30035]
Rac
family small
GTPase 1 [Source:HGNC
Symbol;Acc:HGNC:9801]
receptor
interacting serine/threonine kinase 1
[Source:HGNC
Symbol;Acc:HGNC:10019]
radical
S-adenosyl
methionine domain containing 2
[Source:HGNC
Symbol;Acc:HGNC:30908]
suppressor
of cytokine
signaling 3 [Source:HGNC
Symbol;Acc:HGNC:19391]
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Ensembl ID
ENSAPLG0
000001513
ENSAPLG0
1
000000817
ENSAPLG0
3
000000787
ENSAPLG0
6
000000844
ENSAPLG0
5
000001435
ENSAPLG0
9
000000192
ENSAPLG0
5
000000897
ENSAPLG0
6
000001262
ENSAPLG0
5
000000127
ENSAPLG0
9
000000413
ENSAPLG0
9
000001463
ENSAPLG0
1
000001439
ENSAPLG0
4
000000915
ENSAPLG0
6
000000539
ENSAPLG0
2
000001623
ENSAPLG0
0
000001193
ENSAPLG0
3
000001348
ENSAPLG0
8
000000494
ENSAPLG0
7
000000098
ENSAPLG0
3
000001437
ENSAPLG0
7
000000331
ENSAPLG0
9
000000979
ENSAPLG0
3
000001326
ENSAPLG0
2
000000682
ENSAPLG0
3
000000300
ENSAPLG0
4
000001269
ENSAPLG0
2
000001269
ENSAPLG0
7
000000343
ENSAPLG0
0
000001136
ENSAPLG0
4
000000939
ENSAPLG0
1
000000983
ENSAPLG0
8
000001355
ENSAPLG0
6
000000741
ENSAPLG0
7
000000277
ENSAPLG0
1
000001104
ENSAPLG0
5
000000992
ENSAPLG0
9
000001139
ENSAPLG0
7
000001139
ENSAPLG0
9
000000153
ENSAPLG0
4
000000540
ENSAPLG0
0
000001623
ENSAPLG0
5
000001322
ENSAPLG0
6
000001597
ENSAPLG0
6
000000513
ENSAPLG0
9
000001167
ENSAPLG0
5
000000204
ENSAPLG0
9
000000865
ENSAPLG0
5
000001009
ENSAPLG0
0
000001202
ENSAPLG0
2
000001472
ENSAPLG0
6
000001509
ENSAPLG0
1
000001019
ENSAPLG0
4
000001238
ENSAPLG0
3
000001277
ENSAPLG0
3
000000129
ENSAPLG0
7
000001228
ENSAPLG0
7
000001193
ENSAPLG0
2
000001192
ENSAPLG0
3
000001192
ENSAPLG0
2
000001191
ENSAPLG0
9
000001258
0

Gene ID
TAB1
TAB2
TANK
TBK1
TICAM1
TIRAP
TLR3
TLR4
TLR5
TLR7
TMEM17
3
TNFRSF6
B
TOLLIP
TRADD
TRAF2
TRAF3
TRAF6
TRIM25
cathelici
dinlike
CD14
MAVS
CCL5
STAT1
PIK3R3
SPP1
IL8-like
IL8-like
IFN
IFNAR2
CCL24/C
CL4
CCL5
CASP1
CD80
TRIM27like
MAP2K2
TLR-15
TLR2
TLR2a
PML
CCL19
AKT2
STAT1
Mx
MYD88
PIK3R2
TLR1-A
LBP
NLRP12
TYK2
TLR13
DDX58
MYD88
CCL4
CCL4
AvBB4
AvBD1
AvBD10
AvBD11
AvBD12
AvBD13
AvBD14

Chromosome
/scaffold
KB744410.1
name
KB742386.1
KB744072.1
KB744799.1
KB744239.1
KB743106.1
KB742391.1
KB743815.1
KB742799.1
KB744694.1
KB742452.1
KB744325.1
KB743110.1
KB743829.1
KB742736.1
KB743197.1
KB742537.1
KB742588.1
KB755733.1
KB742452.1
KB742464.1
KB742489.1
KB742542.1
KB742606.1
KB742619.1
KB742619.1
KB742619.1
KB742655.1
KB742682.1
KB742811.1
KB742811.1
KB742811.1
KB742931.1
KB742989.1
KB743016.1
KB743040.1
KB743211.1
KB743211.1
KB743248.1
KB743432.1
KB743761.1
KB743811.1
KB743889.1
KB744154.1
KB744335.1
KB744909.1
KB745027.1
KB745096.1
KB745726.1
KB750090.1
KB751155.1
KB752419.1
KB819788.1
KB820844.1
KB742693.1
KB744359.1
KB744359.1
KB744359.1
KB744359.1
KB744359.1
KB742693.1

Gene
start
60905
(bp)
415205
669954
49079
110073
212159
217675
116840
310497
21806
62286
174535
86024
107247
6
655448
270352
865621
458691
16
22265
207199
2
157933
5
882907
295222
362244
6
221722
4
223358
7
930474
837694
451577
483423
820236
156302
9
95007
255175
257222
0
424317
432865
82853
425482
140
230744
32453
102077
16861
5476
25371
3855
2981
2813
114375
1322
512
1
10680
116019
86044
63130
57518
50832
18789

Gene
end
80777
(bp)
43226
9
69221
0
71477
11230
3
21298
4
22392
8
12280
3
31306
7
26090
66328
17925
7
10385
4
10807
97
67602
0
29793
4
87553
3
46654
9
177
44368
20761
88
15800
73
88555
4
34651
7
36248
37
22196
08
22366
93
93102
8
84816
8
47577
0
48550
3
82343
6
15824
85
10887
7
26177
1
25912
89
42668
9
43521
6
83458
42743
1
5098
24545
1
62323
11008
8
28174
7938
31584
7596
13212
4757
13354
0
3057
1080
1135
10808
11784
4
86503
65532
58188
51892
19108
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TGF-beta
activated kinase 1 (MAP3K7) binding protein 1
[Source:HGNC
Symbol;Acc:HGNC:18157]
TGF-beta
activated
kinase 1/MAP3K7 binding protein 2
[Source:HGNC
Symbol;Acc:HGNC:17075]
TRAF
family member
associated NFKB activator
[Source:HGNC
Symbol;Acc:HGNC:11562]
TANK
binding kinase
1 [Source:HGNC
Symbol;Acc:HGNC:11584]
toll
like receptor adaptor molecule 1 [Source:HGNC
Symbol;Acc:HGNC:18348]
TIR domain containing adaptor protein [Source:HGNC
Symbol;Acc:HGNC:17192]
toll
like receptor 3 [Source:HGNC
Symbol;Acc:HGNC:11849]
toll
like receptor 4 [Source:HGNC
Symbol;Acc:HGNC:11850]
toll
like receptor 5 [Source:HGNC
Symbol;Acc:HGNC:11851]
toll
like receptor 7 [Source:HGNC
Symbol;Acc:HGNC:15631]
transmembrane
protein 173 [Source:HGNC
Symbol;Acc:HGNC:27962]
TNF receptor superfamily member 6b [Source:HGNC
Symbol;Acc:HGNC:11921]
toll
interacting protein [Source:HGNC
Symbol;Acc:HGNC:16476]
TNFRSF1A
associated via death domain [Source:HGNC
Symbol;Acc:HGNC:12030]
TNF
receptor associated factor 2 [Source:HGNC
Symbol;Acc:HGNC:12032]
TNF
receptor associated factor 3 [Source:HGNC
Symbol;Acc:HGNC:12033]
TNF
receptor associated factor 6 [Source:HGNC
Symbol;Acc:HGNC:12036]
tripartite motif containing 25 [Source:HGNC
Symbol;Acc:HGNC:12932]
Novel
gene
Novel gene
Novel gene
Novel gene
Novel gene
Novel gene
Novel gene
Novel gene
Novel gene
Novel gene
Novel gene
Novel gene
Novel gene
Novel gene
Novel gene
Novel gene
Novel gene
Novel gene
Novel gene
Novel gene
Novel gene
Novel gene
Novel gene
Novel gene
Novel gene
Novel gene
Novel gene
Novel gene
Novel gene
Novel gene
Novel gene
Novel gene
Novel gene
Novel gene
Novel gene
Novel gene
Novel gene
Novel gene
Novel gene
Novel gene
Novel gene
Novel gene
Novel gene
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Ensembl ID
ENSAPLG0
000001228
ENSAPLG0
8
000001225
ENSAPLG0
1
000001246
ENSAPLG0
5
000001223
ENSAPLG0
9
000001157
ENSAPLG0
2
000001205
ENSAPLG0
6
000001499
6

Gene ID
AvBD16
(=AvBD3
AvBD2
a)
AvBD5
AvBD7
AvBD8
AvBD9
IFITM3

Chromosome
/scaffold
KB744359.1
name
KB744359.1
KB742693.1
KB744359.1
KB744359.1
KB744359.1
KB745312.1

Gene
start
116388
(bp)
110444
6740
105819
100429
94514
69809

Gene
end
12304
(bp)
9
11356
8
7818
10694
3
10051
8
96095
71132

Gene description (Ensembl release 91, Anas
platyrhynchos)
Novel
gene
Novel gene
Novel gene
Novel gene
Novel gene
Novel gene
Novel gene

Figure S3.7 Phylogenetic tree used for selection analysis in PAML and hyphy.
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Table S3.3 Genes with stopcodons in some species.
Ensembl ID

Gene ID

ENSAPLG00000002702
ENSAPLG00000002771
ENSAPLG00000002771
ENSAPLG00000004376
ENSAPLG00000004772

MAP3K7
TRIM27-like isoform1
TRIM27-like isoform2
IRAK1BP1
PIK3R1

ENSAPLG00000005139
ENSAPLG00000006203
ENSAPLG00000006823
ENSAPLG00000009793
ENSAPLG00000010913

MYD88
IRF5
PIK3R3
CCL5
IFIH1

ENSAPLG00000011237
ENSAPLG00000011322
ENSAPLG00000011923
ENSAPLG00000012022
ENSAPLG00000012255
ENSAPLG00000012288
ENSAPLG00000012380

IFNGR2
IFNAR1
AvBD11
TYK2
IRAK4
AvBD16=AvBD3a
AZI2

ENSAPLG00000013074
ENSAPLG00000013187
ENSAPLG00000014072
ENSAPLG00000014351
ENSAPLG00000016314

MAP2K4
DHX58
NLRX1
IKBKE
AKT1

Position of
stopcodon
6
56
300
23
603

301
2
267
89
84
291
17
6
105
407
356
4
202
204
205
15
243
720
260
16

Species with stopcodon
Anser sp., Branta sp.
Anser sp.
Branta ruficollis
Anser sp, Branta sp., Aythya sp., Anas platyrhynchos
Anas crecca, Anas penelope, Anser albifrons, Anser brachyrhynchus, Anser caerulescens, Anser
erythropus, Anser fabalis, Anser serrirostris, Aythya ferina, Aythya fuligula, Branta canadensis, Branta
hutchinsii, Branta leucopsis, Branta sandvicensis
Anser sp., Branta sp.
Anas crecca
B. b. bernicla, B. b. hrota, B. b, nigicans
Anser albifrons, Anser anser, Anser brachyrhynchus, Anser fabalis, Anser serrirostris
Anser brachyrhynchus, Anser serrirostris
Anser sp., Aythya sp., Branta sp., Anas americana, Anas penelope
Anser sp., Branta sp.
Anser sp., Branta sp.
Aythya sp., Anas americana, Anas crecca, Anas penelope
Branta sp.
Anser sp., Aythya sp., Branta sp.
Branta canadensis, Branta hutchinsii, Branta leucopsis, Branta ruficollis, Branta sandvicensis
Aythya ferina
Branta ruficollis
Anser indicus
Anser sp., Branta sp.
Anser sp., Branta sp.
Anas americana, Anser anser
Anser sp., Branta sp.
Anser sp., Branta sp.

Anser sp. = All included Anser species (n=12). Branta sp. = All included Branta species (n=8). Aythya sp. = All included Aythya species (n=2).
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Table S3.4 Classification used for comparisons between different components of the innate immune
signalling pathways.
Functional
group
detection

Gene ID

signalling

TIRAP, IFNGR1, MAPK13, LITAF, MAPK14, MAP3K7, TRIM27 isoform1, TRIM27 isoform2,
PIK3CB, RAC1, MAPK12, IRAK1BP1, MAPK11, JAK2, PIK3R1, LY96, TRIM25, MYD88, TRADD,
MAP2K6, MAPK10, CD86, JUN, MAPK1, IRF5, IKBKB, PIK3CG, PIK3R3, MAP2K3, CD80, TANK,
TAB2, PIK3CD, TBK1, LBP, TOLLIP, MAP3K8, NLRP12, MYD88, NFKBIA, MAP2K2, IFNGR2,
IFNAR1, IFNAR2, AKT3, CHUK, PIK3R2, TRAF3, TYK2, JAK1, SOCS3, IRAK4, AZI2, CTSK, PIK3CA
isoform1, PIK3CA isoform2, MAP2K4, STAT1, MAPK9, TRAF6, CASP1, CD40, NFKB1, CD14
isoform2, TNFRSF6B, TMEM173, CASP8, TAB1, CASP10, RIPK1, MAP2K1, PIK3R5, TRAF2, AKT2,
AKT1, MAPK8
cathelicidinlike, AvBB4, PML, SPP1, IFN, CCL19, IL18, RSAD2, IL12A, IL12B, CCL24or4 isoform1,
CCL24or4 isoform2, CCL5, CCL5, AvBD8, IL6, AvBD13, AvBD12, AvBD11, AvBD10, AvBD9,
AvBD7, AvBD2, AvBD1, AvBD16=AvBD3a, CCL4, AvBD5, AvBD14, IL8-like, IL8-like, IFNG, IFITM3,
Mx

response

TLR5, TLR1-A, TLR7, TLR3, TLR-15, IFIH1, TLR2a, TLR4, DDX58

Table S3.9 Per gene DNA polymorphism and neutrality statistics in the mallards.
Ensembl ID
ENSAPLG00000000983
ENSAPLG00000001279
ENSAPLG00000001297
ENSAPLG00000001534
ENSAPLG00000001925
ENSAPLG00000002012
ENSAPLG00000002049
ENSAPLG00000002168
ENSAPLG00000002299
ENSAPLG00000002603
ENSAPLG00000002702
ENSAPLG00000002771
ENSAPLG00000002771
ENSAPLG00000003004
ENSAPLG00000003430
ENSAPLG00000003554
ENSAPLG00000003568
ENSAPLG00000004139
ENSAPLG00000004157
ENSAPLG00000004376
ENSAPLG00000004462
ENSAPLG00000004748
ENSAPLG00000004772
ENSAPLG00000004845
ENSAPLG00000004947
ENSAPLG00000005139
ENSAPLG00000005392
ENSAPLG00000005400
ENSAPLG00000005826
ENSAPLG00000005856
ENSAPLG00000005913
ENSAPLG00000005928
ENSAPLG00000005942

Gene ID
cathelicidinlike
TLR5
AvBB4
PML
TIRAP
IFNGR1
TLR1-A
MAPK13
LITAF
MAPK14
MAP3K7
TRIM27 isoform1
TRIM27 isoform2
SPP1
IFN
PIK3CB
RAC1
TLR7
MAPK12
IRAK1BP1
MAPK11
JAK2
PIK3R1
LY96
TRIM25
MYD88
TRADD
CCL19
MAP2K6
MAPK10
CD86
JUN
IL18

n
116
126
126
126
126
126
126
126
126
126
126
126
126
126
126
126
126
126
126
126
126
126
126
126
126
126
126
126
126
126
126
126
126

Sites
162
2571
129
606
693
1242
2463
1086
447
966
1779
891
1506
807
540
3210
543
3147
978
378
987
3423
2172
465
1809
969
912
285
1005
1173
834
885
612
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S
1
101
7
45
50
37
83
43
1
20
21
79
145
48
6
48
6
63
22
18
28
16
17
15
32
61
53
10
39
21
25
18
4

Pi(total)
0.000
0.005
0.006
0.009
0.007
0.003
0.005
0.005
0.000
0.002
0.001
0.009
0.013
0.007
0.001
0.001
0.001
0.001
0.003
0.007
0.002
0.000
0.001
0.004
0.002
0.010
0.008
0.007
0.003
0.003
0.002
0.001
0.000

TajimaD
-1.011
-0.978
-1.057
-1.180
-1.431
-1.422
-0.745
-1.136
-1.002
-1.507
-1.130
-1.475
-1.019
-1.183
-1.535
-1.826
-1.470
-1.899
-0.880
-0.548
-1.993
-1.628
-1.597
-0.975
-1.426
-0.327
-0.718
0.131
-1.612
-0.505
-1.843
-2.156
-1.664

SigD
n.s.
n.s.
n.s.
n.s.
n.s.
n.s.
n.s.
n.s.
n.s.
n.s.
n.s.
n.s.
n.s.
n.s.
n.s.
*
n.s.
*
n.s.
n.s.
*
n.s.
n.s.
n.s.
n.s.
n.s.
n.s.
n.s.
n.s.
n.s.
*
**
n.s.
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Ensembl ID
ENSAPLG00000006016
ENSAPLG00000006116
ENSAPLG00000006147
ENSAPLG00000006203
ENSAPLG00000006379
ENSAPLG00000006669
ENSAPLG00000006823
ENSAPLG00000007148
ENSAPLG00000007417
ENSAPLG00000007876
ENSAPLG00000008173
ENSAPLG00000008183
ENSAPLG00000008445
ENSAPLG00000008655
ENSAPLG00000008976
ENSAPLG00000009092
ENSAPLG00000009156
ENSAPLG00000009205
ENSAPLG00000009391
ENSAPLG00000009391
ENSAPLG00000009793
ENSAPLG00000009838
ENSAPLG00000009929
ENSAPLG00000010090
ENSAPLG00000010194
ENSAPLG00000010913
ENSAPLG00000011028
ENSAPLG00000011045
ENSAPLG00000011237
ENSAPLG00000011322
ENSAPLG00000011364
ENSAPLG00000011399
ENSAPLG00000011477
ENSAPLG00000011503
ENSAPLG00000011572
ENSAPLG00000011675
ENSAPLG00000011754
ENSAPLG00000011919
ENSAPLG00000011922
ENSAPLG00000011923
ENSAPLG00000011932
ENSAPLG00000011933
ENSAPLG00000012022
ENSAPLG00000012047
ENSAPLG00000012056
ENSAPLG00000012088
ENSAPLG00000012239
ENSAPLG00000012251
ENSAPLG00000012255
ENSAPLG00000012287
ENSAPLG00000012288
ENSAPLG00000012380
ENSAPLG00000012383
ENSAPLG00000012465

Gene ID
RSAD2
MAPK1
IL12A
IRF5
IKBKB
PIK3CG
PIK3R3
MAP2K3
CD80
TANK
TAB2
PIK3CD
TBK1
LBP
TLR3
IL12B
TOLLIP
MAP3K8
CCL24or4 isoform1
CCL24or4 isoform2
CCL5
CCL5
TLR-15
NLRP12%3F
MYD88
IFIH1
NFKBIA
MAP2K2
IFNGR2
IFNAR1
IFNAR2
TLR2a
AKT3
CHUK
AvBD8
PIK3R2
IL6
AvBD13
AvBD12
AvBD11
AvBD10
TRAF3
TYK2
JAK1
AvBD9
SOCS3
AvBD7
AvBD2
IRAK4
AvBD1
AvBD16=AvBD3a
AZI2
CCL4%3F
AvBD5

n
126
126
126
116
126
126
102
126
126
126
126
126
126
126
126
126
126
126
126
126
126
126
126
126
124
126
126
126
126
126
126
126
126
126
126
118
126
126
126
126
126
126
118
126
126
126
126
126
108
126
126
126
126
126

Sites
912
966
501
1119
2070
3321
2169
897
951
1266
2037
3144
2190
1080
2697
963
825
1416
267
273
273
273
2526
2538
408
3039
726
921
999
1671
1524
2352
1290
2100
90
2187
465
180
198
315
204
1704
2904
2886
192
606
198
177
1413
198
204
1173
282
201
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S
22
3
36
75
6
95
97
57
41
8
29
96
53
116
67
12
10
37
4
5
45
5
94
139
8
35
25
32
61
41
64
92
15
43
9
115
14
14
21
36
15
23
157
110
9
11
10
8
70
6
22
51
1
12

Pi(total)
0.002
0.000
0.008
0.007
0.000
0.003
0.004
0.008
0.004
0.000
0.001
0.005
0.003
0.020
0.002
0.001
0.001
0.003
0.001
0.002
0.027
0.004
0.004
0.005
0.003
0.001
0.002
0.002
0.007
0.001
0.010
0.004
0.001
0.002
0.009
0.006
0.001
0.004
0.019
0.017
0.018
0.001
0.006
0.005
0.012
0.001
0.006
0.009
0.006
0.002
0.006
0.003
0.000
0.005

TajimaD
-1.342
-1.575
-1.100
-1.355
-1.920
-1.266
-1.714
-1.164
-1.498
-2.069
-1.867
-0.597
-0.727
-0.092
-2.111
-1.785
-1.428
-1.198
-1.405
-0.791
-0.485
0.230
-1.167
-1.739
-0.696
-2.057
-1.939
-2.050
-1.205
-2.210
0.646
-1.258
-1.202
-1.800
-1.176
-1.517
-2.009
-1.960
-0.097
-0.817
0.568
-1.541
-1.489
-1.007
1.059
-2.079
-0.997
0.103
-1.319
-1.484
-2.132
-1.755
-0.910
-1.304

SigD
n.s.
n.s.
n.s.
n.s.
*
n.s.
n.s.
n.s.
n.s.
*
*
n.s.
n.s.
n.s.
*
*
n.s.
n.s.
n.s.
n.s.
n.s.
n.s.
n.s.
n.s.
n.s.
*
*
*
n.s.
**
n.s.
n.s.
n.s.
*
n.s.
n.s.
*
*
n.s.
n.s.
n.s.
n.s.
n.s.
n.s.
n.s.
*
n.s.
n.s.
n.s.
n.s.
*
n.s.
n.s.
n.s.
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Ensembl ID
Gene ID
n
Sites S
Pi(total) TajimaD SigD
ENSAPLG00000012580 AvBD14
126 186
8
0.006
-0.451
n.s.
ENSAPLG00000012625 TLR4
126 2538 87
0.003
-1.754
n.s.
ENSAPLG00000012692 IL8-like
126 315
6
0.000
-1.890
*
ENSAPLG00000012697 IL8-like
126 312
9
0.001
-2.050
*
ENSAPLG00000012768 CTSK
126 1008 29
0.001
-2.166
**
ENSAPLG00000012773 CCL4%3F
126 279
22
0.013
-0.502
n.s.
ENSAPLG00000012876 IFNG
126 495
10
0.002
-1.257
n.s.
ENSAPLG00000012924 PIK3CA isoform1
126 2034 30
0.001
-1.889
*
ENSAPLG00000012924 PIK3CA isoform2
126 3204 45
0.001
-1.926
*
ENSAPLG00000013074 MAP2K4
126 1203 8
0.000
-1.409
n.s.
ENSAPLG00000013226 STAT1%3F
126 1743 56
0.004
-1.095
n.s.
ENSAPLG00000013262 STAT1%3F
126 540
35
0.010
-0.580
n.s.
ENSAPLG00000013460 MAPK9
126 1287 11
0.001
-1.625
n.s.
ENSAPLG00000013488 TRAF6
126 1656 35
0.002
-1.172
n.s.
ENSAPLG00000013556 CASP1
126 1149 75
0.012
-0.219
n.s.
ENSAPLG00000013558 CD40
120 544
25
0.004
-1.622
n.s.
ENSAPLG00000013878 NFKB1
126 2961 87
0.004
-1.183
n.s.
ENSAPLG00000014377 CD14 isoform2
126 792
76
0.010
-1.387
n.s.
ENSAPLG00000014394 TNFRSF6B
126 843
39
0.005
-1.241
n.s.
ENSAPLG00000014631 TMEM173
126 1131 101 0.012
-0.947
n.s.
ENSAPLG00000014872 CASP8
126 1443 22
0.001
-1.559
n.s.
ENSAPLG00000014996 IFITM3
126 270
9
0.003
-1.185
n.s.
ENSAPLG00000015091 DDX58
126 2562 19
0.001
-1.552
n.s.
ENSAPLG00000015131 TAB1
126 1689 70
0.003
-1.920
*
ENSAPLG00000015244 CASP10
126 1557 35
0.004
-0.148
n.s.
ENSAPLG00000015420 RIPK1
126 2016 98
0.007
-0.901
n.s.
ENSAPLG00000015480 MAP2K1
126 1107 21
0.002
-1.346
n.s.
ENSAPLG00000015976 Mx
126 2166 55
0.003
-1.374
n.s.
ENSAPLG00000016065 PIK3R5
126 2625 169 0.007
-1.519
n.s.
ENSAPLG00000016230 TRAF2
126 1602 24
0.002
-1.063
n.s.
ENSAPLG00000016235 AKT2
126 951
33
0.005
-1.047
n.s.
ENSAPLG00000016314 AKT1
126 1446 24
0.001
-2.065
*
ENSAPLG00000016448 MAPK8
126 1290 6
0.000
-1.742
n.s.
n = number of alleles
Sites = number of nucleotide sites in the protein coding gene
S = number of segregating sites
Hap = number of haplotypes
Hd = Haplotype diversity
Pi = Nucleotide diversity
Tajima’s D = Tajima’s D neutrality value
SigD = Significance value for the Tajima’s D (n.s. = not significant, * P < 0.05; ** P < 0.01; *** P < 0.001)
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Table S3.10 Adaptive evolution in the mallards as measured using the MacDonald Kreitman test using Aythya
fuligula
Ensembl ID
ENSAPLG00000000983
ENSAPLG00000001279
ENSAPLG00000001297
ENSAPLG00000001534
ENSAPLG00000001925
ENSAPLG00000002012
ENSAPLG00000002049
ENSAPLG00000002168
ENSAPLG00000002299
ENSAPLG00000002603
ENSAPLG00000002702
ENSAPLG00000002771
ENSAPLG00000002771
ENSAPLG00000003004
ENSAPLG00000003319
ENSAPLG00000003430
ENSAPLG00000003554
ENSAPLG00000003568
ENSAPLG00000004139
ENSAPLG00000004157
ENSAPLG00000004376
ENSAPLG00000004462
ENSAPLG00000004748
ENSAPLG00000004772
ENSAPLG00000004845
ENSAPLG00000004947
ENSAPLG00000005139
ENSAPLG00000005392
ENSAPLG00000005400
ENSAPLG00000005826
ENSAPLG00000005856
ENSAPLG00000005913
ENSAPLG00000005942
ENSAPLG00000006016
ENSAPLG00000006116
ENSAPLG00000006147
ENSAPLG00000006203
ENSAPLG00000006379
ENSAPLG00000006669
ENSAPLG00000006823
ENSAPLG00000007148
ENSAPLG00000007417
ENSAPLG00000007876
ENSAPLG00000008173
ENSAPLG00000008183
ENSAPLG00000008445
ENSAPLG00000008655
ENSAPLG00000008976
ENSAPLG00000009092
ENSAPLG00000009156
ENSAPLG00000009205

Gene ID
cathelicidinlike
TLR5
AvBB4
PML
TIRAP
IFNGR1
TLR1-A
MAPK13
LITAF
MAPK14
MAP3K7
TRIM27 isoform2
TRIM27 isoform 1
SPP1
MAVS
IFN
PIK3CB
RAC1
TLR7
MAPK12
IRAK1BP1
MAPK11
JAK2
PIK3R1
LY96
TRIM25
MYD88
TRADD
CCL19
MAP2K6
MAPK10
CD86
IL18
RSAD2
MAPK1
IL12A
IRF5
IKBKB
PIK3CG
PIK3R3
MAP2K3
CD80
TANK
TAB2
PIK3CD
TBK1
LBP
TLR3
IL12B
TOLLIP
MAP3K8

NI
0.000
0.963
0.000
0.261
0.667
0.786
0.702
0.000
0.000
n.a.
n.a.
0.000
0.000
0.667
0.735
0.167
1.048
n.a.
1.120
0.750
0.000
n.a.
1.389
1.350
0.333
2.300
1.750
n.a.
0.000
n.a.
n.a.
0.353
2.500
0.476
n.a.
0.242
4.272
n.a.
1.095
2.057
n.a.
0.258
0.000
0.675
n.a.
0.440
0.000
1.032
1.867
n.a.
0.167
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Alfa
1.000
0.038
1.000
0.739
0.333
0.214
0.298
1.000
1.000
n.a.
n.a.
1.000
1.000
0.333
0.265
0.833
-0.048
n.a.
-0.120
0.250
1.000
n.a.
-0.389
-0.350
0.667
-1.300
-0.750
n.a.
1.000
n.a.
n.a.
0.647
-1.500
0.524
n.a.
0.758
-3.272
n.a.
-0.095
-1.057
n.a.
0.742
1.000
0.325
n.a.
0.560
1.000
-0.032
-0.867
n.a.
0.833

P-value
1.000
1.000
1.000
0.059
1.000
0.788
0.367
0.237
0.429
n.a.
1.000
0.131
1.000
0.719
0.455
0.277
1.000
n.a.
1.000
1.000
0.521
1.000
1.000
1.000
0.347
0.079
1.000
1.000
0.091
1.000
1.000
0.260
0.576
1.000
n.a.
0.313
0.013
0.143
1.000
0.476
n.a.
0.056
0.455
1.000
0.605
0.369
0.248
1.000
0.650
0.538
0.071

adj. P-value
1.000
1.000
1.000
0.525
1.000
1.000
1.000
0.967
1.000
n.a.
1.000
0.695
1.000
1.000
1.000
0.975
1.000
n.a.
1.000
1.000
1.000
1.000
1.000
1.000
1.000
0.535
1.000
1.000
0.535
1.000
1.000
0.975
1.000
1.000
n.a.
0.975
0.265
0.721
1.000
1.000
n.a.
0.525
1.000
1.000
1.000
1.000
0.972
1.000
1.000
1.000
0.535

Appendix B
Ensembl ID
ENSAPLG00000009391
ENSAPLG00000009391
ENSAPLG00000009793
ENSAPLG00000009838
ENSAPLG00000009929
ENSAPLG00000010090
ENSAPLG00000010194
ENSAPLG00000010913
ENSAPLG00000011028
ENSAPLG00000011045
ENSAPLG00000011237
ENSAPLG00000011284
ENSAPLG00000011322
ENSAPLG00000011364
ENSAPLG00000011397
ENSAPLG00000011399
ENSAPLG00000011477
ENSAPLG00000011503
ENSAPLG00000011572
ENSAPLG00000011754
ENSAPLG00000011919
ENSAPLG00000011922
ENSAPLG00000011923
ENSAPLG00000011932
ENSAPLG00000011933
ENSAPLG00000012022
ENSAPLG00000012047
ENSAPLG00000012056
ENSAPLG00000012239
ENSAPLG00000012251
ENSAPLG00000012255
ENSAPLG00000012287
ENSAPLG00000012288
ENSAPLG00000012380
ENSAPLG00000012383
ENSAPLG00000012465
ENSAPLG00000012580
ENSAPLG00000012625
ENSAPLG00000012692
ENSAPLG00000012697
ENSAPLG00000012768
ENSAPLG00000012773
ENSAPLG00000012876
ENSAPLG00000012924
ENSAPLG00000012924
ENSAPLG00000013074
ENSAPLG00000013226
ENSAPLG00000013262
ENSAPLG00000013460
ENSAPLG00000013488
ENSAPLG00000013556
ENSAPLG00000013558
ENSAPLG00000013878
ENSAPLG00000014394

Gene ID
CCL24or4 isoform 1
CCL24or4 isoform 2
CCL5
CCL5
TLR-15
NLRP12%3F
MYD88
IFIH1
NFKBIA
MAP2K2
IFNGR2
FOS
IFNAR1
IFNAR2
TLR2
TLR2a
AKT3
CHUK
AvBD8
IL6
AvBD13
AvBD12
AvBD11
AvBD10
TRAF3
TYK2
JAK1
AvBD9
AvBD7
AvBD2
IRAK4
AvBD1
AvBD16=AvBD3a
AZI2
CCL4%3F
AvBD5
AvBD14
TLR4
IL8-like
IL8-like
CTSK
CCL4%3F
IFNG
PIK3CA isoform 1
PIK3CA isoform 2
MAP2K4
STAT1%3F
STAT1%3F
MAPK9
TRAF6
CASP1
CD40
NFKB1
TNFRSF6B

NI
0.000
0.000
n.a.
1.000
0.246
1.364
n.a.
1.568
n.a.
n.a.
0.798
0.000
0.380
1.411
0.519
1.115
n.a.
1.133
n.a.
n.a.
n.a.
0.313
n.a.
0.000
n.a.
0.568
0.050
3.000
0.000
0.111
1.429
n.a.
2.714
0.844
n.a.
n.a.
n.a.
0.954
0.000
0.250
n.a.
n.a.
0.444
0.345
n.a.
1.333
0.068
n.a.
n.a.
n.a.
0.673
0.120
0.658
2.303
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Alfa
1.000
1.000
n.a.
0.000
0.754
-0.364
n.a.
-0.568
n.a.
n.a.
0.202
1.000
0.620
-0.411
0.481
-0.115
n.a.
-0.133
n.a.
n.a.
n.a.
0.688
n.a.
1.000
n.a.
0.432
0.950
-2.000
1.000
0.889
-0.429
n.a.
-1.714
0.156
n.a.
n.a.
n.a.
0.046
1.000
0.750
n.a.
n.a.
0.556
0.655
n.a.
-0.333
0.932
n.a.
n.a.
n.a.
0.327
0.880
0.342
-1.303

P-value
1.000
1.000
n.a.
1.000
0.001
0.455
n.a.
0.308
0.312
1.000
0.800
0.514
0.042
0.485
0.188
0.820
1.000
1.000
n.a.
1.000
n.a.
0.462
n.a.
0.167
1.000
0.278
0.000
0.580
0.051
0.222
0.590
n.a.
0.497
1.000
n.a.
1.000
n.a.
1.000
0.107
0.299
0.009
0.375
1.000
0.332
n.a.
1.000
0.037
1.000
1.000
1.000
0.465
0.019
0.561
0.442

adj. P-value
1.000
1.000
n.a.
1.000
0.025
1.000
n.a.
0.975
0.975
1.000
1.000
1.000
0.492
1.000
0.868
1.000
1.000
1.000
n.a.
1.000
n.a.
1.000
n.a.
0.803
1.000
0.975
0.006
1.000
0.525
0.949
1.000
n.a.
1.000
1.000
n.a.
1.000
n.a.
1.000
0.598
0.975
0.245
1.000
1.000
1.000
n.a.
1.000
0.492
1.000
1.000
1.000
1.000
0.335
1.000
1.000
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Ensembl ID
ENSAPLG00000014631
ENSAPLG00000014726
ENSAPLG00000014872
ENSAPLG00000014996
ENSAPLG00000015091
ENSAPLG00000015131
ENSAPLG00000015244
ENSAPLG00000015420
ENSAPLG00000015480
ENSAPLG00000015976
ENSAPLG00000016065
ENSAPLG00000016230
ENSAPLG00000016314
ENSAPLG00000016448

Gene ID
TMEM173
TLR13
CASP8
IFITM3
DDX58
TAB1
CASP10
RIPK1
MAP2K1
Mx
PIK3R5
TRAF2
AKT1
MAPK8

NI
0.937
0.260
4.000
1.000
0.686
0.160
0.694
0.333
n.a.
0.154
1.842
n.a.
0.167
n.a.

Alfa
0.063
0.740
-3.000
0.000
0.314
0.840
0.306
0.667
n.a.
0.846
-0.842
n.a.
0.833
n.a.

P-value
1.000
0.029
0.090
1.000
0.600
0.224
0.752
0.081
1.000
0.000
0.524
1.000
0.086
1.000

adj. P-value
1.000
0.444
0.535
1.000
1.000
0.949
1.000
0.535
1.000
0.006
1.000
1.000
0.535
1.000

Table S3.11 Domain prediction using Interpro for the genes that deviated from neutrality
Gene

Predicted Domain

Mx

Dynamin, GTPase
domain
Dynamin central
domain

TLR1
5

JAK1

Predicted
location
107 - 401
322 – 606

Fixed differences between the Mallard and the Tufted duck

GTPase effector
domain
Fixed
codons outside
predicted domains
Leucine-rich repeat
domains

627 – 721

645, 647, 672, 691, 697, 704
1, 21, 29, 30, 34, 45, 47, 52, 63, 64, 68, 77, 88, 612, 622

25-121, 156628

11, 89, 105, 106, 114, 168, 247, 256, 283, 313, 394, 426,
461, 489, 554, 581, 616,

Toll/interleukin-1
receptor
homology
Fixed
codons
outside
(TIR) domain
predicted
domains
FERM
domain
SH2 domain
Protein kinase
domain
Fixed
codons outside
predicted domains

670-824

694
134, 138, 642, 657, 661
123, 233

1-259
276-370
421-686,
714-962

177, 185, 269, 338, 358, 369
338, 358, 369, 405, 428, 430, 452, 480, 484, 557, 565, 566,
604, 606

815, 836, 837
406
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Table S3.12 Site specific selection as calculated using hyphy
Ensembl ID

Gene ID

Selection
pattern

FUBAR

FEL

ENSAPLG00000000983

cathelicidinlike

Neg

ENSAPLG00000000983
ENSAPLG00000001279

cathelicidinlike
TLR5

ENSAPLG00000001279

SLAC

Pos
Neg

46

TLR5

Pos

21 33 63 72 73 104
106 123 128 178 204
205 235 244 279 307
339 340 392 506 508
532 559 591 677 816

46
46 95 99 143 157 166 308 186 225
232 276 277 354 360 385 394 403
425 431 462 472 492 583 595 600
620 693 736 752 765 774 801
73 104 123 506

ENSAPLG00000001297

AvBB4

Neg

ENSAPLG00000001297
ENSAPLG00000001534

AvBB4
PML

Pos
Neg

ENSAPLG00000001534

PML

Pos

ENSAPLG00000001925

TIRAP

Neg

ENSAPLG00000001925
ENSAPLG00000002012

TIRAP
IFNGR1

Pos
Neg

70 72 80

ENSAPLG00000002012

IFNGR1

Pos

28 42 154 158

ENSAPLG00000002049

TLR1-A

Neg

ENSAPLG00000002049

TLR1-A

Pos

ENSAPLG00000002168

MAPK13

Neg

ENSAPLG00000002168

MAPK13

Pos

ENSAPLG00000002299

LITAF

Neg

6

Duplicated
codons

0

0

46

46
354 583 693 736
752 765 801

2
7

0.037
0.008

73 104
340 459
530

73 104 123 506
340

5

0.006

2

1

0.023

39
2 11 25 38 62 73
190

1
7

0.023
0.035

91

1

0.005

3

0.013

199 355

1
2

0.004
0.005

158 42

2

0.005

12

0.015

516 522 526

3

0.004

6

0.017

354 583 693 736
752 765 801

2
4 29 39

MEME

39
2 11 25 36 38 43 58 60 62 73 83 107
115 120 126 161 177 178 179 182
183 190 196

2
39

39

2 11 25 38 62 73
190

91

91
56 60 65 88 95 102 107 120 136 144
155 163 181 191 208 229
80
31 35 103 112 136 168 186 199 221
244 248 298 355 365
158

102 136 229

28 41 90 159 220 222 254 258 307
349 356 374 445 452 467 478 501
518 520 524 527 570 584 586 608
734 735 748 749 774 775 792

307 390 434 452
467 478 489 518
520 524 543 570
651 728 737 748
749 774 775

334 470 516 522 526

No.
duplicated
codons

102 136 229
6 80

199 212 355
42 158
191 226
318

516

80

307 452 467 478
518 520 524 570
748 749 774 775

516 522
526

28 46 47 59 65 69 98 167 169 225 266
319 347

28 46 55 65 167 169
266 305

28 46 65 167 169
266

9 10 22 23 58 87 92 107 117

87 92

87 92
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Proportions
of codons
under
selection

0

0

2

0.013
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Ensembl ID

Gene ID

Selection
pattern

ENSAPLG00000002299
ENSAPLG00000002603

LITAF
MAPK14

Pos
Neg

ENSAPLG00000002603

MAPK14

Pos

ENSAPLG00000003004

SPP1

Neg

ENSAPLG00000003004
ENSAPLG00000003319

SPP1
MAVS

Pos
Neg

ENSAPLG00000003319

MAVS

Pos

ENSAPLG00000003430

IFN

Neg

ENSAPLG00000003430
ENSAPLG00000003554

IFN
PIK3CB

Pos
Neg

ENSAPLG00000003554
ENSAPLG00000003568

PIK3CB
RAC1

Pos
Neg

ENSAPLG00000003568

RAC1

Pos

FUBAR

FEL

SLAC

MEME

Duplicated
codons

7 34 111 220 261 266 270 287 288

34 87 261

34 261

46 77 89 106 110 123 124 127 156
160 195 204 215 217 233 254 264

46 77 89 123 124
195 215 233 264

46 77 89 123 124
195 215 233 264

37 40 57 136 60 70 80 116 118 127
132 140 144 154 172 175 182 189
192 206 208 209 217 243 254 264
268 281 285 292 293 298 299 300
304 311 329 339 342 351 355 356
357 360 367 368 384 394 395 401
411 415 419 424 436 437 447 452
453 454 468 475 479 482 488 491
502 505 506 513 516 524 533 535
542 546 549 550 570 576 582 606
618 622

16 37 40 70 92 118
122 127 153 154
162 168 175 189
192 206 217 228
254 268 285 292
298 299 300 318
355 360 384 394
401 437 452 453
479 482 496 505
513 516 524 533
535 537 545 549
550 618
1 163 202 255 375
386 405 450 525

37 40 70 118 127
154 175 189 192
206 217 254 268
285 292 298 299
300 355 360 384
394 401 437 452
453 479 482 505
513 516 524 533
535 549 550 618

140

167

46 101 121 210 211
223 239 324 375 386
418 444 450 480 489
492 495 514 520 525
563

101 223 239 375 386 444 495 520

46 204
211 239
324 375
386 418
444 450
495 520
561

101 223 239 375
386 444 495 520
450 525 46 211
324 418

97
23 50
9 32 81 97 107 144 154 169 190 211
218 256 280 283 316 327 328 392
809 400 447 556 621 634 657 775
934 781 876 900 903 945 962 997
1062

154 211 256 316
447 621 903

154 211 256 316
447 621 903

24 62 106 153

24 153

24 153

382

199

No.
duplicated
codons

Proportions
of codons
under
selection
0
2

0
0.006

0

0

9

0.033

0
37

0
0.059

14

0.022

0

0

0
7

0
0.007

0
2

0
0.011

0

0
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Ensembl ID

Gene ID

Selection
pattern

ENSAPLG00000004139

TLR7

Neg

ENSAPLG00000004139

TLR7

Pos

ENSAPLG00000004157

MAPK12

Neg

ENSAPLG00000004157
ENSAPLG00000004462

MAPK12
MAPK11

Pos
Neg

ENSAPLG00000004462

MAPK11

Pos

ENSAPLG00000004748

JAK2

Neg

ENSAPLG00000004748
ENSAPLG00000004845

JAK2
LY96

Pos
Neg

ENSAPLG00000004845
ENSAPLG00000004947

LY96
TRIM25

Pos
Neg

ENSAPLG00000004947

TRIM25

Pos

ENSAPLG00000005392

TRADD

Neg

ENSAPLG00000005392
ENSAPLG00000005400

TRADD
CCL19

Pos
Neg

ENSAPLG00000005400

CCL19

Pos

ENSAPLG00000005826

MAP2K6

Neg

ENSAPLG00000005826

MAP2K6

Pos

FUBAR

1 279 367 387 415
483

FEL

SLAC

17 35 49 59 61 81 86 93 97 101 125
128 189 236 273 340 354 385 401
637 478 905 486 503 772 504 560
614 644 650 651 698 734 780 812
843 880 881 892 901 904 910 946
992 1000 1003 1024
279 483

77 86 128 561 573
644 651 901 992
1017

13 15 37 76 22 23 25 291 31 56 61
104 152 162 166 185 208 241 276
286 287 290 297 306 315 319

MEME

Duplicated
codons

86 128 644 651
901 992

6

Proportions
of codons
under
selection
0.006

1 279 483 367

4

0.004

22 56 104 143 185
276 287 297

22 56 104 185 276
287 297

7

0.021

27 39 57 72 142 147 148 149 187 195
211 223 224 225 244 263 286 296
315

135 142 148 187
195 223 224 225
244 263 290

142 148 187 195
223 224 225 244
263

0
9

0
0.027

45 53 771 116 182 190 191 230 260
297 377 443 448 455 490 491 519
534 621 639 646 674 696 713 739
751 754 785 803 822 831 861 896
937 940 987 999 1001 1044

260 674 721 751
754 896 936 937
940

260 674 751 754
896 937 940

1 279
367 483

No.
duplicated
codons

3

980 1070

0.006

1070

1
0

0.001
0

87

87
81 105 112 125
127 202 266 303
383 395 463 524
525
363 350

1
13

0.006
0.022

2

0.003

5

0.016

0
8

0
0.084

87
33 55 57 81 92 104 105 112 118 124
125 127 141 148 153 202 222 266
303 383 395 418 438 463 464 524
525 542 556 557 560 574 582
363

81 105 112 125 127
202 266 303 383
390 395 463 524
525
49

18 26 29 34 72 138 153 178 186 190
245 279 282 293 294 295

18 138 178 245 258
279

18 138 178 245
279

17 24 27 34 35 36 39 41 44 48 55 57
62 73 75 76 79 81 86

17 27 36 44 57 73
79 81

17 27 36 44 57 73
79 81

34 42 50 80 87 88 94 116 137 189 248
274 279 284 323

80 112 116 189 274

256 350
363 393

188 196

11 90

200

0

7

312 1070
23 81 126

350 363

0

80 116 189 274

0

0

4

0.012

0

0
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Ensembl ID

Gene ID

Selection
pattern

ENSAPLG00000005856

MAPK10

Neg

ENSAPLG00000005856

MAPK10

Pos

ENSAPLG00000005913

CD86

Neg

ENSAPLG00000005913
ENSAPLG00000005928

CD86
JUN

Pos
Neg

ENSAPLG00000005928

JUN

Pos

ENSAPLG00000005942

IL18

Neg

ENSAPLG00000005942
ENSAPLG00000006016

IL18
RSAD2

Pos
Neg

ENSAPLG00000006016
ENSAPLG00000006116

RSAD2
MAPK1

Pos
Neg

ENSAPLG00000006116

MAPK1

Pos

ENSAPLG00000006147

IL12A

Neg

ENSAPLG00000006147
ENSAPLG00000006379

IL12A
IKBKB

Pos
Neg

ENSAPLG00000006379

IKBKB

Pos

ENSAPLG00000006669

PIK3CG

Neg

ENSAPLG00000006669

PIK3CG

Pos

FUBAR

FEL

SLAC

103 104 122 150 157 195 222 273
315 322 344 349 360 376

104 222 273

11 36 71 135 158 165 183 233 271

MEME

Duplicated
codons

No.
duplicated
codons
3

Proportions
of codons
under
selection
0.008

0

0

11

1

0.004

1
8

0.004
0.027

104 222 273

11

57 113 136

113
36 47 52 58 101 108 112 113 117 118
128 129 130 131 142 144 155 158
162 179 180 196 199 204 212 264

36 108 112 118 120
129 130 131 196

113
36 108 112 118
129 130 131 196

53 101 119

53 101 119

53 101 119

15 18 46 47 62 69 75 80 83 86 92 99
119 130 133 142 154 181 183 214
218 221 247 255 257 283 291 297

62 130 133 142 183
214 218 221 257
297

62 130 133 142
183 214 218 221
257 297

8 77

2
23 95 113 128 272
1 12 21 48 58 59 61 64 99 100 102
105 121 129 141
2 14 167

167
31 53 374 38 55 64 91 102 155 194
197 629 239 258 274 433 286 289
337 340 437 457 483 508 515 539
560 600 665 670
46 48 79 100 110 136 159 164 172
182 190 209 225 733 837 229 240
253 263 281 286 294 324 330 336
353 356 395 399 404 428 438 445
450 459 491 501 511 512 520 566
572 576 581 636 639 647 657 713
716 759 767 795 824 827 838 862
869 882 904 906 916 918 950 960
966 975 992 1025 1044 1048 1051

201

1 12 21 48 58 59 61
105 127 164
167
38 91 515

79 100 136 164 172
209 286 336 356
395 428 445 450
501 511 512 521
656 713 716 759
824 827 882 906
918 950 956 960
966 992 1051

167

1 12 21 48 58 59
61 105
167
38 91 515

79 100 136 164
172 209 286 336
356 395 428 445
450 501 511 512
713 716 759 824
827 882 906 918
950 960 966 992
1051

0

0

3

0.015

0
10

0
0.033

0
0

0
0

0

0

8

0.048

1
3

0.006
0.004

0

0

29

0.026

0

0

Appendix B
Ensembl ID

Gene ID

Selection
pattern

FUBAR

ENSAPLG00000007148

MAP2K3

Neg

ENSAPLG00000007148

MAP2K3

Pos

ENSAPLG00000007417

CD80

Neg

ENSAPLG00000007417

CD80

Pos

ENSAPLG00000007876

TANK

Neg

ENSAPLG00000007876
ENSAPLG00000008173

TANK
TAB2

Pos
Neg

126

ENSAPLG00000008173
ENSAPLG00000008183

TAB2
PIK3CD

Pos
Neg

605

ENSAPLG00000008183
ENSAPLG00000008445

PIK3CD
TBK1

Pos
Neg

214

ENSAPLG00000008445
ENSAPLG00000008655

TBK1
LBP

Pos
Neg

610

ENSAPLG00000008655

LBP

Pos

ENSAPLG00000008976

TLR3

Neg

ENSAPLG00000008976
ENSAPLG00000009092

TLR3
IL12B

Pos
Neg

FEL

SLAC

31 36 47 52 70 78 81 86 99 115 120
133 165 180 187 190 200 202 205
207 212 213 219 220 224 234 244
252 260 286 297 298

70 180 187 200 202
207 212 213 219
220 286

70 180 187 200
202 207 212 213
219 220 286

40 46 41 54 72 108 128 133 139 191
205 211 291 300

113 128 133 291
300

128 133 291 300

24 92 292

MEME

Duplicated
codons

0

4

0.013

0

0

0

0

0
2

0
0.003

0
16

0
0.015

0
16

0
0.022

0
10

0
0.028

72 11 69

3

0.008

121 246 295 430
658 693 759 809

8

0.009

0
2

0
0.006

19

53 92 98 104 146 211 374 406 505
534

92 98

92 98

17 364 51 57 58 71 88 95 101 126 147
184 195 234 277 304 305 349 380
398 401 426 434 450 461 465 477
486 495 595 649 778 807 837 852
869 875 884 886 895 936 971 999
1007 1021

58 71 88 95 126 304
305 426 434 450
465 486 518 589
595 807 837 856
875

58 71 88 95 126
304 305 426 434
450 465 486 595
807 837 875

5 64 90 138 145 153 158 179 187 192
214 252 266 281 299 305 315 346
347 351 353 365 380 381 386 389
390 419 424 443 469 506 517 560
571 576 577 639 644 648 650 652
659 703 710 719

64 145 153 158 214
281 315 353 380
389 424 506 517
648 652 699 719

64 145 153 158
214 281 315 353
380 389 424 506
517 648 652 719

9 12 13 30 61 75 88 92 121 133 178
219 222 231 244 249 258 268 272
293 296 330 339

5 12 13 26 29 30 55
66 88 182 219 222
224 249 293 296
308 330
10 72 76 220 297

12 13 30 88 219
222 249 293 296
330

29 282 75 86 121 144 246 248 267
295 397 430 435 439 468 472 653
658 660 693 697 712 723 752 759
760 769 770 784 809 882

121 246 295 430
657 658 693 745
759 809

23 77 27 79 98 134 168

98 168

243 313 423 885

11 69 72

170 515

202

11

Proportions
of codons
under
selection
0.037

0

182 333 365 380

11 60 69 72 77 281
299 356

No.
duplicated
codons

98 168

Appendix B
Ensembl ID

Gene ID

Selection
pattern

ENSAPLG00000009092

IL12B

Pos

ENSAPLG00000009156

TOLLIP

Neg

ENSAPLG00000009156

TOLLIP

Pos

ENSAPLG00000009205

MAP3K8

Neg

ENSAPLG00000009205

MAP3K8

Pos

ENSAPLG00000009391

Neg

ENSAPLG00000009838

CCL24orCCL4
isoform 1
CCL24orCCL4
isoform 2
CCL24orCCL4
isoform 1
CCL24orCCL4
isoform2
CCL5

ENSAPLG00000009838
ENSAPLG00000009929

CCL5
TLR15

Pos
Neg

ENSAPLG00000009929

TLR15

Pos

ENSAPLG00000010090

NLRP12

Neg

ENSAPLG00000010090

NLRP12

Pos

ENSAPLG00000010194

MYD88

Neg

ENSAPLG00000010194

MYD88

Pos

ENSAPLG00000009391
ENSAPLG00000009391
ENSAPLG00000009391

FUBAR

FEL

SLAC

108 145 155 230 231 261

230 231

78 95 96 120 134 151 160 168 182
190 211 237 243 250 255 279 281
313 322 338 339 345 375 378 388
399 433 465 467 470

Duplicated
codons

No.
duplicated
codons

0

2

0.007

0

0

17

0.036

0

0

0

0

1

0.011

0

0

1

0.011

0

0

0
7

0
0.008

1

0.001

17

0.02

37 437 635 475

4

0.005

122 123 132

3

0.022

0

0

78 96 120 160 182
250 255 313 322
338 339 345 375
378 388 433 470

2 53
8

Pos

8

8

47
13 48

13

Neg

13

36 39
89
32 39 65 68 84 101 132 162 178 179
182 196 205 261 309 316 336 350
373 379 413 436 511 524 558 585
607 733 781 810 832

32 196 205 379 436
558 596 810

21 170 256 554

37 43 142 196 299
437 475 541 635 644
728

32 196 205 379
436 558 810

21 22
419 736
1 9 54 71 91 111 131 132 145 192 204
217 223 225 232 243 254 255 291
309 322 333 369 384 394 400 419
434 455 465 469 477 504 510 515
554 557 571 578 586 594 595 602
603 604 619 620 631 642 647 648
652 667 668 687 714 735 752 754
819 821 823 827
37 437 635

1 71 74 111 223 322
465 469 477 504
594 604 619 631
647 667 821 827

92 122 123 132

122 123 132

203

21
1 71 111 223 322
465 469 477 504
594 604 619 631
647 667 821 827

437 475
478 635

Proportions
of codons
under
selection
0

230 231

78 96 120 160 182
203 250 255 313
322 338 339 345
375 378 388 433
470

Neg

Pos

MEME

Appendix B
Ensembl ID

Gene ID

Selection
pattern

ENSAPLG00000011028

NFKBIA

Neg

ENSAPLG00000011028

NFKBIA

Pos

ENSAPLG00000011045

MAP2K2

Neg

ENSAPLG00000011045

MAP2K2

Pos

ENSAPLG00000011284

FOS

Neg

ENSAPLG00000011284
ENSAPLG00000011364

FOS
IFNAR2

Pos
Neg

ENSAPLG00000011364

IFNAR2

Pos

ENSAPLG00000011397

TLR2

Neg

ENSAPLG00000011397

TLR2

Pos

ENSAPLG00000011399

TLR2a

Neg

FUBAR

FEL

SLAC

11 53 62 83 86 109 112 126 140 145
155 166 169 184 224 230

109 145

21 32 37 39 58 238 244 259 266 278

MEME

21 238 244 259

17 19 27 57 74 76 83 91 92 94 96 102
103 106 111 118 123 124 130 133
136 138 139 140 143 150 156 158
159 173 180 184 196 207 220 233
253

17 42 76 92 102 111
118 136 143 159
173 184 255

26 28 64 113 146 157 160 180 182
188 197 211 221 407 244 305 311
319 324 325 327 349 416 448 451
71 73 76 99 101 102 108 120 126 225

180 244

57 74 79 141 146 167 227 232 240
284 298 315 404 424 459 468 478
501 502 544 559 562 566 571 615
630 640 642 643 653 655 664 665
678 697 700 702 708 718 730 735
736 739
300 306 307 310 594 605 633

203 258 459 468
478 502 562 566
615 640 642 643
655

44 300 306 307 310
333 452 456 504 561
568 585 594 605 633

12 32 35 50 62 65 72 378 96 130 139
155 161 192 196 220 225 313 344
345 348 443 451 476 493 494 536
551 554 576 607 620 622 647 656
675 692 700 710 714 722 723 727
728 776

50 130 139 192 196
451 460 494 554
607 622 647 656
727

2

Proportions
of codons
under
selection
0.008

0

0

4

0.013

0

0

11

0.042

0
2

0
0.004

71 73 76 99 101
102 108 120 126
225 33 40 104 106
122 189 464

17

0.033

459 468 478 502
562 566 615 640
642 643 655

11

0.014

300 306 307 310
594 605 633 585

8

0.01

50 130 139 192
196 451 494 554
607 622 647 656
727

13

0.017

109 145

21 238 244 259
17 76 92 102 111
118 136 143 159
173 184

256

29 33 40 46 51 71 73
76 96 99 101 102 104
106 108 120 122 126
128 130 149 175 187
189 223 225 278 464

Duplicated
codons

6

204

180 244

13 18 33
37 40 71
73 76 99
101 102
104 106
120 122
126 189
364 389
464

306 307 633

87 306
307 310
454 585
594 633

No.
duplicated
codons

Appendix B
Ensembl ID

Gene ID

Selection
pattern

FUBAR

FEL

SLAC

ENSAPLG00000011399

TLR2a

Pos

37 219 277 363 389
597 603 775

597 603

603

ENSAPLG00000011477

AKT3

Neg

71 81 105 169 174 193 325 345 418

325

ENSAPLG00000011477
ENSAPLG00000011503

AKT3
CHUK

Pos
Neg

3

Proportions
of codons
under
selection
0.004

325

1

0.002

14
123 250 481 632
635 648

1
6

0.002
0.009

ENSAPLG00000011503

CHUK

Pos

0

0

ENSAPLG00000011572

AvBD8

Neg

ENSAPLG00000011572
ENSAPLG00000011675

AvBD8
PIK3R2

Pos
Neg

2

0.067

0
12

0
0.016

ENSAPLG00000011675
ENSAPLG00000011754

PIK3R2
IL6

Pos
Neg

1
0

0.001
0

ENSAPLG00000011754

IL6

ENSAPLG00000011919

AvBD13

Pos

0

0

Neg

0

ENSAPLG00000011919

AvBD13

Pos

0

0

0

ENSAPLG00000011922

AvBD12

Neg

ENSAPLG00000011922

AvBD12

Pos

3

0.045

0

0

ENSAPLG00000011932

AvBD10

Neg

ENSAPLG00000011932

AvBD10

Pos

2

0.029

0

0

ENSAPLG00000011933

TRAF3

Neg

3

0.005

ENSAPLG00000011933

TRAF3

Pos

0

0

14

MEME

Duplicated
codons

597 603
775

597 603 775

14
25 80 93 123 127 199 211 216 235
250 312 358 473 481 568 592 632
635 641 643 644 648 692

123 250 481 632
635 648

No.
duplicated
codons

1
2 6 22

267

26

13
8 9 21 26 38 42 44 57 61 66 72 83 85
96 97 100 126 131 135 136 164 174
179 189 190 194 196 210 235 269
314 315 326 327 339 342 347 349
355 356 357 376 378 382 384 389
393 396 399 427 468 476 478 486
498 505 514 518 535 540 543 550
591 616 617 623 627 636 638 654
669 670 706 728

9 26 89 180 314 339
347 355 384 468
476 478 486 492
530 531 591 675

24 108 109 211

106

9 26 314 339 347
355 384 468 476
478 486 591

24

24

34 51 65 86

32 33 34
5 9 14 18 20 22 33 40 50
29 31 48 49 51 53 63 65
7 22 26 36 42 47 83 88 141 142 164
205 208 239 324 407 460 530

205

14 20 33
31 49
83 141 530

14 20 33
31 49
83 141 530

Appendix B
Ensembl ID

Gene ID

Selection
pattern

ENSAPLG00000012047

JAK1

Neg

ENSAPLG00000012047
ENSAPLG00000012056

JAK1
AvBD9

Pos
Neg

ENSAPLG00000012056
ENSAPLG00000012088

AvBD9
SOCS3

Pos
Neg

ENSAPLG00000012088

SOCS3

Pos

ENSAPLG00000012239

AvBD7

Neg

ENSAPLG00000012239

AvBD7

Pos

ENSAPLG00000012251

AvBD2

Neg

ENSAPLG00000012251

AvBD2

Pos

ENSAPLG00000012287

AvBD1

Neg

ENSAPLG00000012287
ENSAPLG00000012383

AvBD1
CCL4

Pos
Neg

ENSAPLG00000012383

CCL4

Pos

ENSAPLG00000012465

AvBD5

Neg

ENSAPLG00000012465

AvBD5

Pos

ENSAPLG00000012580

AvBD14

Neg

ENSAPLG00000012580
ENSAPLG00000012625

AvBD14
TLR4

Pos
Neg

ENSAPLG00000012625

TLR4

Pos

ENSAPLG00000012692

IL8-like

Neg

ENSAPLG00000012692

IL8-like

Pos

ENSAPLG00000012697

IL8-like

Neg

FUBAR

FEL

SLAC

MEME

6 15 71 92 112 161 166 232 241 246
271 286 386 401 416 473 489 493
499 577 584 621 627 668 669 679
694 700 704 709 716 751 753 802
822 839 859 875 909 923 925 945
946 952

15 71 112 166 241
246 271 416 489
493 499 577 584
627 668 669 694
709 802 822 834
839 859 873 902
923 925 943 945
946 952

Duplicated
codons

No.
duplicated
codons

15 71 112 166 241
246 271 416 489
493 499 577 584
627 668 669 694
709 802 822 839
859 923 925 945
946 952

815

1
3 28 54

29 35

29 35
22 35 64 71 99 147 180 187 188

35

29 35

29 35

7 22 29

6 15 39 53 63 65

22
39

39
54

8 38 50

8 38 50

9 16 25

8 38 50
8

14 26 42

26

26

17 27 32 34 56 60

27

27
2

6 14 29 32 40 43 52

35 40 52

40 52

6 7 54 187 188 196 219 247 305 317
383 457 424 439 454 472 473 505
534 539 544 588 598 602 672 683
700 717 753 772 799 800 803

6 7 187 219 305 439
454 472 505 544
588 598 683 698
753 799 803

6 7 187 219 305
439 454 472 505
544 588 598 683
753 799 803
503

61

200 318 372 403 503
666 681 832

503 812
842
47 64 103

2 5 21

21
22 37 40 52 56 76 87 102

206

5
52 56

27

Proportions
of codons
under
selection
0.028

0
0

0
0

2
1

0.031
0.005

0

0

1

0.015

0

0

3

0.051

0

0

0

0

1
0

0.015
0

0

0

1

0.015

0

0

2

0.032

0
16

0
0.019

1

0.001

0

0

21 5

2

0.019

52 56

2

0.019
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Gene ID

Selection
pattern

ENSAPLG00000012697

IL8-like

Pos

ENSAPLG00000012752

IRF7

Neg

ENSAPLG00000012752

IRF7

Pos

ENSAPLG00000012768

CTSK

Neg

ENSAPLG00000012768
ENSAPLG00000012773

CTSK
CCL4

Pos
Neg

ENSAPLG00000012773

CCL4

Pos

ENSAPLG00000012876

IFNG

Neg

ENSAPLG00000012876
ENSAPLG00000012924

IFNG
PIK3CA
isoform 1
PIK3CA

Pos
Neg

Pos

ENSAPLG00000013226

PIK3CA
isoform 1
PIK3CA
isoform 2
STAT1

ENSAPLG00000013226
ENSAPLG00000013262

STAT1
STAT1

Pos
Neg

ENSAPLG00000013262

STAT1

Pos

ENSAPLG00000013460

MAPK9

Neg

ENSAPLG00000013460

MAPK9

Pos

ENSAPLG00000012924

ENSAPLG00000012924
ENSAPLG00000012924

FUBAR

FEL

54 60 68 88 128 242

SLAC

MEME

Duplicated
codons

No.
duplicated
codons
0

0

10

0.029

68 242 88 128

4

0.012

9

0.027

0
3

0
0.032

0

0

1

0.006

0
2

0
0.003

15

0.022

0

0

0

0

8

0.014

0
2

0
0.011

4 17 24 35 44 45 48 52 64 67 91 97 99
108 116 117 123 143 153 162 175
195 216 257 270 276 291 335
68 242

4 44 45 48 67 78 99
123 162 257 270

28 38 55 62 78 86 89 109 113 121 140
142 144 153 176 181 183 190 192
193 194 202 203 213 255 256 274
283 284 291 300 313 328

62 109 142 176 181
192 193 194 328

62 109 142 176
181 192 193 194
328

15 47 49 76 86 88

47 49 76

47 49 76

56 68

4 44 45 48 67 99
123 162 257 270
68 88
128

107

17 69 95 102 111 149

95

95

151
13 77 258 327 386 399 541 543 569
586 593
9 78 176 23 41 47 53 54 59 93 106
113 121 141 156 171 202 203 204
210 213 234 236 240 243 252 293
302 305 310 333 368 395 456 492
510 577 595 598 621 622 635 657
691 707 756 776 783 791 793 817
825 842 849 867 874 895 896 909
972 993 997 999 1004 1025 1026
1042 1046 1049 1082 1099 1107

Neg

13 586

13 586

93 141 203 204 210
213 234 236 243
253 395 510 691
791 909 1042 1093

93 141 203 204
210 213 234 236
243 395 510 691
791 909 1042

104 114

Pos
Neg

26 343 129 145 174 219 244 250 276
291 293 309 334 340 421 498 508

129 145 219 250
291 293 340 498

129 145 219 250
291 293 340 498

9 27 45 68 85 98 117 120 127

9 45

9 45

96 105 164 173 193 244 262 269 271
378

96 173 244 269

96 173 244 269

151 419

207

Proportions
of codons
under
selection

0

0

4

0.009

0

0
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pattern

FUBAR

ENSAPLG00000013488

TRAF6

Neg

ENSAPLG00000013488
ENSAPLG00000013556

TRAF6
CASP1

Pos
Neg

103 137

ENSAPLG00000013556
ENSAPLG00000013558

CASP1
CD40

Pos
Neg

267 269 296 300

ENSAPLG00000013558
ENSAPLG00000013878

CD40
NFKB1

Pos
Neg

100 130 132 214 218

ENSAPLG00000013878
ENSAPLG00000014359

NFKB1
TICAM1

Pos
Neg

458 782 829

ENSAPLG00000014359

TICAM1

Pos

28 34 263 277 289
292 367 466 568 576
577 625 649

ENSAPLG00000014394

TNFRSF6B

Neg

ENSAPLG00000014394

TNFRSF6B

Pos

ENSAPLG00000014631

TMEM173

Neg

FEL

SLAC

MEME

5 7 16 17 28 37 38 39 40 60 77 79 107
115 148 156 195 378 203 238 239
250 255 309 318 322 351 358 419
436 454 470 497 499

17 38 39 74 77 148
309 470

12 15 17 22 43 57 65 75 78 122 165
214 223 235 238 249 250 266 273
278 306 317 360 369 374
267 296
13 16 25 46 58 74 83 90 135 136 164
183 202
214 218
16 38 50 75 112 125 151 191 201 232
262 266 359 383 398 407 409 422
427 444 525 543 558 581 582 592
604 645 649 669 691 692 704 714
720 721 750 766 781 786 793 799
807 809 830 843 846 854 879 916
920 922 925 929 941 962 973
782
4 11 35 43 68 100 118 131 194 199
205 244 250 320 554 281 286 297
317 342 355 360 401 431 453 471
474 476 480 497 519 530 540 547
549 693 552 562 574 589 617 628
653 673 687 703 718 724 726
263 277 289 367 466 576 625

12 15 17 78 206 223
235 249 266 306
317 360

7 8 24 39 63 70 90 119 122 129 141
181 195 205 210 213 232 236 241
244 263 265 270

7 129 195

2 8 9 11 15 17 18 20 25 27 34 38 39
45 55 59 71 80 87 114 119 123 129
134 150 158 181 196 226 264 271
279 307 310 346 351 357 365 370
373

208

267 296
46
214 218
16 38 48 75 112 151
191 383 398 444
493 525 548 558
582 645 649 674
692 714 750 766
781 843 849 916
922 929
829
4 35 43 68 199 286
297 431 471 480
540 547 628 673
724

25 27 80 150 196
357 373

7

Proportions
of codons
under
selection
0.013

103 137
12 15 17 78 223
235 249 266 306
317 360
267 296
46

2
11

0.004
0.029

2
1

0.005
0.006

214 218
16 38 75 112 151
191 383 398 444
525 558 582 645
649 692 714 750
766 781 843 916
922 929

2
23

0.011
0.023

782 829
4 35 43 68 199
286 297 431 471
480 540 547 628
673 724

2
15

0.002
0.021

263 277 289 367
466 576 625 292
577 649

10

0.014

3

0.011

0

0

7

0.019

17 38 39 77 148
309 470

103 137

289 576

Duplicated
codons

263 289
292 367
415 576
577 625
649

7 129 195

25 27 80 150 196
357 373

No.
duplicated
codons

Appendix B
Ensembl ID

Gene ID

Selection
pattern

FUBAR

FEL

ENSAPLG00000014631

TMEM173

Pos

ENSAPLG00000014726

TLR13

Neg

ENSAPLG00000014726

TLR13

Pos

ENSAPLG00000014872

CASP8

Neg

ENSAPLG00000014872
ENSAPLG00000014996

CASP8
IFITM3

Pos
Neg

ENSAPLG00000014996
ENSAPLG00000015091

IFITM3
DDX58

Pos
Neg

84 85

ENSAPLG00000015091
ENSAPLG00000015131

DDX58
TAB1

Pos
Neg

421 694 695

ENSAPLG00000015131

TAB1

Pos

ENSAPLG00000015244

CASP10

Neg

ENSAPLG00000015244
ENSAPLG00000015420

CASP10
RIPK1

Pos
Neg

220 334 413 420

ENSAPLG00000015420

RIPK1

Pos

82 360 405 446 573

SLAC

54

7 19 36 39 49 62 68
76 96 104

MEME

44
11 15 41 43 80 101 105 123 129 131
139 146 167 170 200 204 208 216
217 226 269 278 315 318 320 324
332 338 345 350 366 395 405 412
455 467 472 473 480 486 498 512
517 522 523 546 557 572
39 68

41 105 123 170 318
338 350 395 405
416 425 467 512
546 557

5 33 35 47 56 62 64 103 113 115 122
230 262 265 266 275 346 391 393
397 413 454 461 465 470

413 461

7

Duplicated
codons

136

0

13

0.022

39 68 7

3

0.005

413 461

2

0.004

0
0

0
0

85
70 92 139 151 286
305 429 435 464
485 530 579 622
733 822

1
15

0.011
0.018

421
39 81 83 119 133
136 155 165 182
209 238 297 383
438 450 451 462
464 482 503 510
511 521

1
23

0.001
0.041

0

0

0

0

0
15

0
0.022

3

0.004

182
5 19 58 67

83

85
4 56 63 66 70 74 92 139 151 168 207
227 248 269 283 286 305 313 397
429 431 435 451 464 476 485 500
530 548 579 608 622 625 733 752
792 800 814 822 834 839
421
14 20 39 74 81 83 100 119 133 136
144 155 165 178 182 209 229 238
297 360 383 392 400 438 450 451
461 462 464 472 476 481 482 484
503 510 511 521 532 542

85
70 92 139 151 286
305 429 435 464
485 530 579 622
733 822

85

422 442
39 81 83 119 133
136 155 165 182
188 209 238 297
383 438 450 451
462 464 482 503
510 511 521

28 40 43 146 161 192 264 288 303
314 341 356 364 407 431 434 503
24 61 117 146 157 185 188 207 225
229 252 308 318 331 368 371 373
385 387 425 436 536 460 490 585
617 636 648 654
82 405 446

24 41 61 117 146
191 207 229 252
318 331 373 387
401 425 475 617
648 654

24 61 117 146 207
229 252 318 331
373 387 425 617
648 654
82 405
446

209

Proportions
of codons
under
selection
0

41 105 123 170
318 338 350 395
405 467 512 546
557

39 68

No.
duplicated
codons

82 405 446

Appendix B
Ensembl ID

Gene ID

Selection
pattern

ENSAPLG00000015480

MAP2K1

Neg

ENSAPLG00000015480

MAP2K1

Pos

ENSAPLG00000015976

Mx

Neg

ENSAPLG00000015976

Mx

Pos

ENSAPLG00000016065

PIK3R5

Neg

ENSAPLG00000016065

PIK3R5

Pos

ENSAPLG00000016230

TRAF2

Neg

ENSAPLG00000016230

TRAF2

Pos

ENSAPLG00000016235

AKT2

Neg

ENSAPLG00000016235
ENSAPLG00000016448

AKT2
MAPK8

Pos
Neg

ENSAPLG00000016448

MAPK8

Pos

FUBAR

FEL

SLAC

13 92 96 97 100 107 119 200 236 242
258 259 303 312

13 96 97 104 107

36 44 62 108 135 162 217 218 230
279 313 322 343 345 354 362 403
420 441 460 509 514 521 584 591
618 666 675 700 714
11 46 52 63 320 428
462 565 626 691 717

63

Duplicated
codons

No.
duplicated
codons
4

Proportions
of codons
under
selection
0.011

0

0

6

0.008

1

0.001

41

0.047

250 843 229

3

0.003

56 118 482 499

4

0.007

0

0

21 27 51 74 106
113 116 122 139
218 269 288 294
303

14

0.044

0
1

0
0.002

0

0

13 96 97 107

44 139 162 178 230
614 666 700 714

16 22 29 88 105 116 124 136 142 147
162 167 168 188 190 205 217 222
232 233 234 239 240 241 243 244
246 253 285 286 299 314 318 348
363 366 373 381 395 396 400 405
413 448 456 458 469 472 483 488
493 495 503 508 509 518 521 522
524 545 560 561 581 602 613 617
629 631 661 679 684 688 696 697
699 707 727 743 759 788 802 822
828 837 840 847 856 858 870 874
229 250 252 569 842
843

MEME

44 162 230 666
700 714

63 485
604
105 147 162 168
222 239 241 246
253 285 299 300
303 323 363 395
400 413 448 458
472 483 488 493
495 518 560 561
581 602 613 631
679 688 696 699
707 741 743 788
802 847 856 870
874

63
105 147 162 168
222 239 241 246
253 285 299 363
395 400 413 448
458 472 483 488
493 495 518 560
561 581 602 613
631 679 688 696
699 707 743 788
802 847 856 870
874

250 843

229 454
843

30 34 49 56 98 118 173 178 193 200
205 318 319 371 480 482 499

56 118 482 499

21 22 27 51 72 74 99 105 106 110 113
116 118 122 139 147 157 158 165
166 167 176 180 188 192 193 208
218 231 250 251 255 268 269 275
286 287 288 293 294 300 303

21 27 39 51 74 75
106 113 116 122
139 218 269 288
294 301 303

226

125

90 217
19 112 149 321 332 350

210

112

112

