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Abstract

:

Over the years, farmed birds have been selected on various performance traits mainly through genetic selection. However, many studies have shown that genetics may not be the sole contributor to phenotypic plasticity. Gene expression programs can be influenced by environmentally induced epigenetic changes that may alter the phenotypes of the developing animals. Recently, high-throughput sequencing techniques became sufficiently affordable thanks to technological advances to study whole epigenetic landscapes in model plants and animals. In birds, a growing number of studies recently took advantage of these techniques to gain insights into the epigenetic mechanisms of gene regulation in processes such as immunity or environmental adaptation. Here, we review the current gain of knowledge on the chicken epigenome made possible by recent advances in high-throughput sequencing techniques by focusing on the two most studied epigenetic modifications, DNA methylation and histone post-translational modifications. We discuss and provide insights about designing and performing analyses to further explore avian epigenomes. A better understanding of the molecular mechanisms underlying the epigenetic regulation of gene expression in relation to bird phenotypes may provide new knowledge and markers that should undoubtedly contribute to a sustainable poultry production.
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1. Introduction


Beyond its well-established role as a developmental model for embryogenesis studies, poultry is a major source of healthy proteins through meat and egg production. Over the past 50 years, studies have focused on the improvement of poultry production notably through genetic selection. However, quantitative trait analyses and genome-wide association studies have shown that genetic variation is not the only contributor to phenotypic variability [1]. An increasing number of evidence suggests that epigenetics may also contribute to the phenotypic diversity of animals, in interaction with their environment [2]. Recently, epigenetic reprogramming of gene expression was shown to impact, in the long term, the phenotypes of birds. Notably, several studies have investigated epigenetic marks that may be implicated in behavior [3,4], adaptation [5,6] and the impact of nutrition on chicken performance [7,8]. Moreover, the available information on chicken epigenetics is growing thanks to the recent advances in high-throughput sequencing techniques (HTS). To date, only one epigenome-wide analysis was performed in a non-chicken organism, the Great Tit [9]. Here, we review the recent gain of knowledge on the chicken epigenome by focusing on two epigenetic marks that have been extensively studied during the past decade, DNA methylation and histone post-translational modifications (HPTM), keeping in mind that other epigenetic mechanisms such as non-coding RNAs or mRNA post-translational modifications may also play a major role in phenotypic variability [10,11]. Moreover, DNA methylation and HPTM studies confirmed that these marks were similarly distributed in the chicken genome compared to mammals, and that they displayed similar patterns of association with gene expression status. We then describe examples of global changes in DNA methylation and histone marks that contribute to biological processes such as resistance to infection, or the dynamics of these marks during the lifespan of laying hens. We finally discuss the quality of genome annotation, bioinformatics tools and computational skills that are required for such genome-wide analyses.




2. From Epigenetics to Epigenomics


2.1. Epigenetic Marks


Waddington defined an epigenetic trait in the 1950s as “a trait with a stably heritable phenotype resulting from changes in a chromosome without alterations in the DNA sequence” [12]. Nowadays, epigenetics is commonly defined as the molecular mechanisms involved in the regulation of gene expression that are reversible and heritable (by mitosis and potentially meiosis) without alteration of the DNA sequence. It was shown that epigenetic modifications in eukaryotes can impact gene expression under the influence of the environment (for a review see [13]).



Originally, the most studied epigenetic mark associated with major changes in gene expression was DNA methylation [14,15]. In animals, DNA methylation mostly targets cytosine residues at the carbon 5 position (5mC, [16]), although methylation of adenosine residues has also been reported in mammalian embryonic stem cells [17]. DNA methylation occurs in three different sequence contexts: CpG, CHG or CHH (where H is A, T or C). In vertebrates, 5mC predominates in the CpG dinucleotides. The distribution of 5mC across the genome is non-random and CpG dinucleotides tend to be frequently concentrated in CpG islands [16]. The methylation of DNA in gene promoters is usually negatively associated with gene expression [18,19,20,21], whereas it may be positively correlated with transcription within the bodies of actively transcribed genes [22]. In human monozygous twins, differential methylation was shown across several tissues, suggesting that the life history of an individual is able to modify the way its genome is expressed through DNA methylation [23]. The characterization of DNA methylation associated with phenotypic variation is documented in several species [13]. Notably, a diet supplemented with methyl donors (such as folic acid, vitamin B12, betaine and choline) resulted in altered offspring phenotypes in the gestating viable yellow agouti (Avy) mouse model, explained by the differential methylation of a retrotransposon [24].



Another type of epigenetic mark of interest is histone post-translational modification. Histones are proteins found in eukaryotes that package DNA into structural units called nucleosomes. The histones H2A, H2B, H3 and H4 form a core wrapped by 147 base pairs of DNA [25]. Amino acid residues of histones (tails or core) can be targeted by covalent modifications influencing chromatin structure [26,27]. These HPTM, such as methylation, acetylation, ubiquitination, phosphorylation and sumoylation [28], can influence chromatin conformation, recruitment or eviction of interacting proteins and transcription [29]. They can either be associated with active or repressed gene expression. Acetylation of lysine 27 on histone H3 (H3K27ac) and tri-methylation of lysine 4 on histone H3 (H3K4me3) are commonly categorized as “active” marks. On the one hand, acetylation of positively charged lysine residues on histone tails was shown to neutralize their charge, resulting in a lower interaction between the histone tail and the nucleosome, therefore opening the chromatin (for review see [30]). On the other hand, H3K4me3 is frequently associated with the start of genes and favors an “open” chromatin state enabling gene expression (for review see [31]). In Arabidopsis plants, following heat stress, a long lasting accumulation of H3K4me3 was shown at the locus of highly expressed genes implicated in heat stress memory [32]. In contrast, trimethylation is commonly associated with gene repression when it targets lysine 9, 36 and 27 of histone H3 (H3K9me3, H3K36me3, H3K27me3). Unlike H3K4me3, H3K27me3 is often associated with a “closed” chromatin state linked to the memory of gene repression (for review see [31]). A well-described illustration of the role of H3K27me3 in epigenetic control of phenotype through gene regulation is vernalization in Arabidopsis [33]. Vernalization promotes flowering through the cold-induced repression of a floral repressor which is maintained by the spreading of H3K27me3 marks all over the flowering locus C (FLC) locus. So far, H3K4me3 and H3K27me3 are the two most studied HPTM. However, the genome-wide distributions of other marks such as H3K9me3, H3k36me3 and H3K27ac have also been investigated in several species [34]. At a finer resolution, combinatorial models of various HPTMs were shown to define specific chromatin states (for a review see [35]) and predict gene expression levels [36]. Thus, with the development of HTS and careful experimental design, the characterization of epigenomes should allow the investigation of interactions between particular chromatin states and the associated phenotypic impact.




2.2. Epigenomics Methods


For the past two decades, the advent of HTS allowed researchers to extend the knowledge of different epigenetic marks at the whole genome level and their interplay in several tissues. Several consortia emerged such as the ENCODE project (Encyclopedia of DNA Elements, [37]), the National Institutes of Health (NIH) Roadmap Epigenomics Project Mapping Consortium [38], the International Human Epigenome Consortium [39] and modENCODE (Model Organism Encyclopedia of DNA Elements [40]). The goal of these consortia was to streamline experimental design and analyses, to provide guidelines and to coordinate the sequencing efforts. They produced several databases containing a collection of epigenomes (mostly based on mammalian species). Since 2015, the willingness to better understand genetic, epigenetic and phenotypic diversity of domesticated species such as the chicken has driven to create a consortium called FAANG (Functional Annotation of Animal Genomes, [41]). Beyond its goal of providing high quality functional annotation of animal genomes including a comprehensive description of the epigenome landscape, FAANG also aims to contribute to the medical and agricultural research (production and welfare) by standardizing core assays and experimental protocols, coordinating and facilitating data sharing as well as establishing an infrastructure to analyze these data.



DNA methylation can be investigated by several approaches [42]. The gold standard method to date is the bisulfite treatment method followed by bisulfite sequencing (BS-seq; Figure 1). This approach is used to analyze methylation patterns at a single base pair resolution. Genomic DNA is treated with sodium bisulfite that deaminates cytosine to uracil. Deamination is blocked by the presence of methylation that can then be inferred by the identification of unconverted C residues [43]. This base modification can be identified by HTS technologies by comparing the sequences of generated reads (for a review see [44]) with a genomic reference allowing to identify the original methylation status. The entire genome of different organisms was initially sequenced using BS-seq (whole genome bisulfite sequencing (WGBS) or MethylC-seq, [45]). More recently, reduced representation bisulfite sequencing (RRBS), presented as a more cost-efficient method, was developed to only sequence the fraction of the genome that is enriched in CpG sequences, i.e., mostly CpG islands [46,47]. This technique combines digestion by restriction enzyme(s) and sequencing in order to provide high sensitivity for areas with high CpG content [48]. Although these two techniques are based on the same principle, WGBS is recommended for the detection of widespread CpG methylations on the genome, while RRBS is more specific to CpG islands, and therefore, promoter regions [49]. Other techniques can be used to analyze DNA methylation: methyl-sensitive restriction enzyme digestion followed by sequencing (MRE-seq), affinity enrichment of methylated DNA fragments (methylated DNA immunoprecipitation sequencing, MeDIP-seq) and methyl-binding domain sequencing, MBD-seq [50]. In particular, MeDIP-seq was a popular alternative to bisulfite sequencing before sequencing costs significantly dropped, as it combines immunoprecipitation of methylated genomic DNA with an antibody specific to 5mC followed by high throughput sequencing [51]. However, these methods present limitations compared to the single base pair resolution obtained by bisulfite techniques. For MRE-seq, the resolution depends on the frequency of the enzyme cut sites. For MeDIP-seq, the sequencing resolution is linked to the size of DNA fragments, CpG density as well as the specificity and affinity of the antibody. Another new technique combining genotyping by sequencing [52] with MeDIP was created to reveal methylation patterns on a reduced fraction of the genome [53]. This approach is based on genome digestion with enzymes unrelated to CpG islands that prevents bias toward CpG islands.



Recently, 5-hydroxymethylcytosine (5hmC) has gained attention because of its function in DNA demethylation and regulation of tissue-specific gene expression [54,55,56]. The bisulfite treatment does not allow to distinguish 5mC from 5hmC, but the impact of 5hmC on 5mC data interpretation should be minimal due to its low frequency in many mammalian tissues [57]. A strategy to study 5hmC is to obtain specific 5mC signal by performing an oxidation step prior to bisulfite sequencing and by subtracting this signal to the actual bisulfite signal obtained from a non-modified template (corresponding to 5mC + 5hmC) [58,59]. It is worth noting that the oxidation step is not routinely performed to accurately study 5mC profiles as oxidation may damage DNA during the process and because 5hmC is of very low abundance in most tissues.



To study histone marks, the gold-standard technique is chromatin immunoprecipitation followed by HTS (ChIP-seq). This technique maps genome-wide DNA fragments associated with proteins using specific antibodies [61,62,63]. Therefore, by using an antibody that is specific to a particular HPTM residue, ChIP-seq allows to map the DNA sequences that are bound to the nucleosomes bearing the mark of interest. Many factors can be profiled with ChIP-seq, such as transcription factors, chromatin binding proteins and histone modifications, provided that a highly-specific antibody is available (for an assessment of HPTM-directed antibodies for ChIP, see [64]). To perform ChIP-seq, chromatin can either be cross-linked to covalently fix the interactions between the DNA and the protein or mark of interest (X-ChIP-seq), or used in the native state after digestion using frequent cutter enzymes such as MNase (N-ChIP-seq, [65]). Immunoprecipitated DNA fragments are then subjected to sequencing (Figure 2). Recently, ChIP-seq was improved by including an enzymatic digestion to retrieve smaller DNA fragments associated with the MPTH in order to increase the resolution and to limit non-specific DNA sequencing (ChIP-exo, [66]).





3. New Knowledge Gained on Chicken Models by High-Throughput Sequencing


In this review, we focus on the chicken genome that was the first genome sequenced for bird species. Chicken is a commonly used model to study developmental biology (in particular during embryogenesis), immunology and microbiology. Chicken is also an appropriate model to improve the mammalian genome annotation [67]. Indeed, long blocks of conserved synteny between chicken and human genomes could be explained by common intra-chromosomal rearrangements and few chromosomal translocations.



3.1. The Chicken Genome


The chicken genome is about 2.5 times smaller than the human genome (1200 Mb vs. 3200 Mb). It is composed of 38 pairs of autosomes and two sex chromosomes (Z and W). Many of the autosomes (29 pairs in total) are relatively small and uniform in size, and are termed ‘microchromosomes’. About 38% of CpG islands are conserved between human and chicken [67]. In the chicken genome, CpG islands are mostly localized on microchromosomes which have a high density of genes [68]. The Gallus gallus genome assembly was obtained from a single female red jungle fowl chick. The first two versions were assembled using a whole-genome Sanger sequencing [67,69]. The latest version of the chicken genome assembly (Gallus_gallus-5.0; GCA_000002315.3), of 1.2 Gb size, was released in 2015 and was obtained through the combination of short read (Illumina) and long read technologies (PacBio), which significantly improved the contig length and thus the quality of the assembly [70,71]. In the latest version of the chicken genome assembly, the number of assembled chromosomes was improved (from the autosomes GGA1-28 and GGA32 to autosomes GGA1-28 and GGA30-33, [70]). The increased coverage (from 12X to 70X) allowed a more complete chicken genome assembly, but the large amount of data produced also increased the number of scaffolds or unplaced contigs. About 183 Mb of new sequences were added, networks were improved, errors identified and a more complete set of genes was determined [70].



HTS technology has also been used to successfully sequence species such as Turkey which was the second avian genome sequenced in 2010 [67,72]. At the moment, the genomes of nearly 60 different bird species have been sequenced [73] and more are planned to complete the set of available avian genomes. The current limitation in the study of these genomes is the lack of assembly. Indeed, as of today, only seven genomes have been assembled and annotated: the chicken (fifth version), the turkey (second version), the great tit (second version), the zebra finch (second version), the quail (second version), the helmeted guinea fowl (first version) and the collared flycatcher (first version; source: NCBI). Other genomes are currently being assembled, such as the duck, the golden eagle, the medium ground finch, the budgerigar, the brown kiwi and the flycatcher.




3.2. The chicken DNA Methylation Landscape


The advent of HTS allowed not only to sequence a large number of bird genomes, but also to study their epigenomes at a whole genome scale. In 2011, Li and colleagues provided the first global DNA methylation analysis in the liver and muscle tissues of red jungle fowl and avian broiler by MeDIP-seq [74]. They observed a decrease of DNA methylation level in the promoter region, especially at the transcription start site (TSS), and an increase in the gene body regions [74]. This is consistent with the observation that average methylation patterns were the lowest in CpG islands that are localized in the promoters [75]. Slight methylation variations were observed along the gene body [74]. It was found that the methylation density in introns was higher than in untranslated transcribed regions (UTRs) and exons within the gene body [75]. The methylation profiles of proximal promoter regions of the avian broiler (liver and muscle) and of the red jungle fowl liver were negatively correlated with gene expression. These results followed the same trend as DNA methylation profile in human (for a review see [76]). Methylation level was shown to vary among tissues, the hepatic DNA of red jungle fowl being found to be less methylated than the one of the muscle [74]. This methylation variation between tissues could play a role in the regulation of gene expression during tissue differentiation [77]. Despite the density of interspersed repeats is lower in chicken (11%) than in mammals (40–50%) [67], the methylation profiles were similar with about 60% of the repeated sequences being totally methylated, which was confirmed by Hu et al. [75]. Thus, several similarities with mammals can be observed in chicken DNA methylation patterns.



The first single-base resolution chicken methylome study was published in 2015 in a study focusing on DNA methylation variation in disease resistance (Marek’s disease) of two chicken lines [78], six years after the first single-base resolution Human methylome [79]. This WGBS analysis had a higher resolution and coverage than the two previous studies described above. The DNA methylation profile of lungs was performed in two chicken lines, Fayoumi and Leghorn. Li and colleagues confirmed that DNA methylation variation is likely to confer disease resistance through gene regulation [78]. Within genes, they found the highest methylation level in internal exons, which is consistent with a previous study [80]. Toll-like receptor 4 (TLR4), an immunity-related gene, was found both differentially methylated and expressed between the Fayoumi and Leghorn lines [78]. A previous study has revealed that a susceptible chicken line had a greater methylation level of the TLR4 gene after infection [81] underlining the important role of this gene in the immune response. Thus, this study also highlighted the potential regulatory role of DNA methylation in the control of gene expression. Another recent WGBS study lead to new insights about DNA methylation variations during the lifespan of chicken. Indeed, Zhang et al. revealed variation in methylation profiles at different ages in hens breast muscle tissue [82]. The authors showed that late-laying hens showed a higher DNA methylation level along the genome compared to the juvenile hens. This increase in methylation was also found at the promoter of genes known to be involved in meat quality [82]. These findings are similar to what Laine et al. reported using a passerine bird species [9]. Indeed, the authors investigated the Great Tit methylation profiles in whole brain and blood tissue by WGBS. They found reduced methylation levels within CpG islands and at the TSS and a negative correlation between gene-body methylation and gene expression in the brain. Derks et al. [83] further investigated the Great Tit methylome and observed a higher CpG methylation level in brain compared to blood. The authors reported a link between brain TSS methylation, gene function and the activity of transposable element that were hypermethylated at CpG dinucleotides but hypomethylated at non-CpG sites. The non-CpG methylation rate was negatively correlated with transposable element activity in the brain and it was proposed that non-CpG methylation might be involved in the regulation of transposable element silencing in this tissue. The significant presence of non-CpG methylation in brain is in agreement with what was reported in mammals and chicken [78,82,83]. Altogether, these studies suggest that the methylation landscape is likely to be comparable between bird species and other species such as mammals.




3.3. The Chicken HPTM Landscape


The first bird ChIP-seq experiment was published in 2012 [84,85]. To date, only few studies reported histone modifications maps in birds [84,85,86,87]. Song’s group investigated HPTM enrichment in Marek’s disease infection in two lines of chicken that differ by their resistance to disease [84,85,86]. A genome-wide map of H3K4me3 and H3K27me3 was performed on spleen [84], thymus [85] and the Bursa of Fabricius [86], three tissues implicated in the immune response. The authors observed a sharp repartition of H3K4me3 surrounding the TSS, as previously described in mammals [61]. This was also confirmed recently in chicken erythrocytes [87]. H3K4me3 was associated with active genes, similarly to what was reported for mammalian species. The repressive mark H3K27me3 was broadly enriched at the TSS and in the body of genes [84,85,86]. H3K27me3 was shown to be associated with repressed genes as in other species [61,65]. Interestingly, these comparative analyses revealed differentially enriched regions between susceptible and resistant chicken lines [85,86], suggesting the existence of an “epigenetic signature” for disease susceptibility. Moreover, Song and collaborators demonstrated that the HPTM profile was modulated after infection at the loci of genes involved in the immune system response [84], corresponding to expression changes after infection [88]. For example, at the locus of CD8α in spleen (for which expression was slightly or highly increased after infection in susceptible and resistant chicken lines, respectively), H3K4me3 was increased concomitantly to gene expression depending on the line [84]. In thymus, a similar trend was observed at the CTLA-4 locus [85]. Recently, the chicken erythrocyte description of H3K27ac and H3K4me3 profile by ChIP-seq was released [87] (unlike mammals, avian erythrocytes are nucleated). As expected, these HPTM were associated with active genes and their genome-wide distribution was similar to what has been reported for other cell types [61,89].



In conclusion, these whole genome studies in several chicken lines [84,85,86,87] all underline similar epigenetic profiles between birds and mammals. This is in agreement with the fact that epigenetic mechanisms are highly conserved between species ranging from plants to mammals [76]. They confirm that epigenetic mechanisms are likely to be a contributor in the phenotypic plasticity in bird through at least DNA methylation and HPTM changes.





4. Design of Epigenomic Studies


HTS techniques are in continuous evolution and are nowadays well documented in extensively studied model species such as human, mouse, Drosophila and Arabidopsis. Here we summarize considerations for avian epigenome investigation from sequencing considerations to the data analysis involving huge datasets. The importance of a carefully designed and executed experimental design has been addressed in previous reports [90,91]. In particular, experimental design should take into account parental history (such as rearing conditions and nutrition) and hatchery practices. Confounding factors such as flock age, transport of eggs and storage or care of animals should be minimized as much as possible, while the tissue homogeneity has to be maximized. The use of inbred strains may also provide an interesting opportunity to study epigenetic variations in a situation in which genetic variation is greatly minimized and therefore facilitates the interpretation of epigenetic changes, especially for the detection of DNA methylation based on the bisulfite-induced polymorphism [92].



4.1. Sequencing Considerations


The first study concerning DNA methylation on whole bisulfite-converted genome was published in 2008 on Arabidopsis thaliana at a single-CpG resolution with approximately 20-fold sequencing coverage [93,94]. Rapidly, many others studies have adapted this bisulfite method (WGBS, RRBS) in different species, particularly in human [79] and mouse [95]. The chemical bisulfite treatment involved in both techniques requires a DNA of sufficient quality (base integrity) in order to obtain an efficient conversion [96]. Choosing between RRBS and WGBS depends on the aim of the study [97]. In contrast to WGBS, the RRBS method provides a high number of reads for each studied cytosine at a reasonable cost [46]. However, RRBS induces an enrichment in regions with high CpG content that may bias the analysis toward promoters. Therefore, WGBS may be more relevant for the study of discrete methylation changes such as in gene bodies. Sequencing is a key step in the detection of epigenetic information, the reliability of analyses being not only linked to the number of replicates, but also to the sequencing depth. The sequencing depth was defined by Stein et al. [98] as “the average number of times that a particular nucleotide is represented in a collection of random raw sequences”. For WGBS, the Epigenomics Roadmap recommends from 5X to 30X of coverage [99] and about 10X of coverage for RRBS as 1–2% of the genome is sequenced using this technique [99]. To our knowledge, no specific chicken RRBS study has been published yet, therefore the pattern of MspI restriction enzyme in chicken should be carefully examined to estimate the fraction of the genome that will be included in such studies.



Since the first whole genome study of HPTM on human cells in 2007 [61], ChIP-seq became an affordable technique due to improvements in the methodology and sequencing techniques. In 2012, the ENCODE consortium published a guideline for conducting ChIP-seq experiments. Standards were defined to characterize HTPM such as the antibody quality, the control used, the number of replicates and the number of unique reads obtained after sequencing [100]. Although these recommendations were initially defined for mammalian species, they should be followed for ChIP-seq studies in birds, given the similarities between the genomes. The ENCODE consortium recommended 20 million to 40 million reads for ChIP-seq analysis according to the type of mark studied [100]. For the broad-source H3K27me3 mark, a high coverage of 40–50 million unique reads is recommended to identify regions of interest in humans [101]. 40 millions of unique reads appeared to be sufficient for H3K27me3 in birds [65]. It is worth noting that native preparation of chromatin may be more suitable for ChIP-seq experiment in chicken muscle that the usual protocol of chromatin fixation [65].




4.2. Bioinformatic Data Analysis


The computational analysis of the data is one of the most critical, yet often underestimated element of a genome-wide studies. It has become standard for sequencing core facilities to provide basic bioinformatics services to process the generated data. However, achieving a complete, accurate and reliable analysis of epigenome data with the latest version of a genome and tools still remains challenging. The main reason is the fast pace of change in the field of bioinformatics that constantly affects the stability of any analytic pipeline. Minor format changes of the HTS data can invalidate a robust pipeline (as illustrated by the evolution of the Phred quality score across Sanger/Solexa/Illumina FASTQ formats). Biotechnological improvement results in a constantly increasing volume of data, that requires new storage formats and processing algorithms. For example, regarding sequence alignment, hitherto reference approaches like BLAST/BLAT have been shown to be inefficient to deal with billions of short reads, and dedicated mappers were designed based on new algorithmic applications [102,103]. Moreover, methodological advances added another gear to the frantic pace of bioinformatics evolution. For instance, implementing the Burrows-Wheeler Transformation in the context of read mapping induced a major shift considering the previous hash-based approaches [102,103], with direct consequences in epigenomics [60]. Indeed, popular alignment tools such as Bowtie [102], BWA [103] and SOAP2 [104] have specific alignment method and parameters (allowed mismatches) that impact the percentage of the successfully-mapped reads and ultimately the peak calling [105]. These specificities were integrated in several pipelines developed to study HTS data such as the ENCODE’s WGBS pipeline [106] or the BLUEPRINT’s ChIP-Seq pipeline [107]. Similar standards are expected for avian species in the context of the FAANG consortium [41].



Moreover, two factors have to be considered regarding the computational resources: computing capacity in terms of CPU and memory to run the analysis, and disk space to store data and results. Bioinformatics facilities usually provide cluster or grid computing systems to cope with the first aspect. The experimental design and the budget of a given project are often considered beforehand and the volume of raw sequencing reads is often defined by the objective (sequencing depth). Estimations are often less accurate for the total amount of data to be stored, at least during the time of the analysis. Intermediate files largely contribute to the inflation in terms of disk space. Indeed, a typical analysis pipeline or workflow is made of several steps (as shown in Figure 3 with an analytic pipeline defined for epigenetics marks). Each step generates intermediate results to be written on the disk in a precise file format before being processed by the next step. While the general trend is a drastic reduction of the data along the pipeline (from large HTS read files to relatively small end-results), initial operations like cleaning the reads or mapping on the genomic sequence produce large files. For instance, about 35 Go of data are currently obtained for the whole analysis for each WGBS sample in chicken (data not shown), necessitating adequate storage capacity. For chicken ChIP-seq about 10 Go of disk storage (data not shown) are required for the analysis of one mark (including the corresponding input) from the initial compressed fastq files (~1–2 Go) to the peak detection files (500 Ko). Intermediate results can of course be eliminated as soon as they are processed, but given that an analytic pipeline is rarely used only once in practice (e.g., when a change in the data occurs such as quality filtering or when a software is improved), it would be time- and resource-consuming to generate them again each time when required. Moreover, systematically comparing results from successive runs instead of overwriting previous ones is part of the quality control of data. Depending on the experimental assay, it is therefore advisable to secure the provision of at least 3–5 times the volume of raw data for downstream processing.



Besides, the computing capacity cluttering is further amplified when adapting or optimizing the pipeline (as often required for non-model organisms), since testing different parameters or software involves the comparison of many runs. To cope with these difficulties, needs in both human and computational resources should not be underestimated, especially when dealing with avian species. Because most of the analytic tools have been created, tested and optimized on model organisms (human, yeast, mouse), applying a standard pipeline designed for the 22 + XY human chromosomes on the 32 + ZW chromosomes +23,870 scaffolds of the Gallus gallus genome (Gallus_gallus-5.0; GCA_000002315.3) can involve some tweaking.





5. Conclusions and Perspectives


In this review, we aimed to summarize the knowledge gained on avian epigenomes by focusing on the most studied avian species, the chicken. The development of HTS techniques allowed the study of several epigenetic marks in chicken such as DNA methylation and histones post-translational modifications. Genome-wide characterization of these marks demonstrated similarities between mammalian and plant epigenomes. The chicken methylome and the HPTM landscape exhibited variations along the genome linked with genomic features such as the TSS of genes. Moreover, as previously reported in mammals, H3K4me3 and H3K27ac enrichments at promoters were correlated with gene expression and DNA methylation, while H3K27me3 enrichment was usually associated with repression. Epigenetic modifications and their impact on gene expression are complex phenomena that can be better understood with the sensitivity of HTS and its genome-wide DNA binding site detection. HTS-based methods were performed on different chicken breeds to investigate epigenome variations associated with disease resistance, such as Marek’s disease. DNA methylation and HPTM differences have been uncovered on genes involved in the immune response between disease-resistant and -susceptible chicken lines. In addition, it has recently been revealed that methylation profiles could vary during the lifespan of chicken in muscle and blood cells. Beyond DNA methylation and HPTM cartography, the avian community continues to improve our understanding of bird epigenomes by combining complementary epigenetic approaches, such as the mapping of open chromatin sites by ATAC-seq [114] or the analysis of genome conformation by Hi-C [115]. In the future, this should deliver a much clearer view of the mechanisms regulating genome activity related to organ function, disease or phenotypic variation.



International consortia provided guidelines to standardize the use of HTS techniques in order to detect epigenetic marks in several species that should be taken into consideration for avian studies. Bioinformatics analyses represent a key step with its own limitations and recommendations that are inherent to an epigenome study. Unexpected results or variations of the experimental protocol might also require specific skills or expertise to properly adapt the downstream analysis.



During the past decade, HTS has seen its cost and time consumption dramatically decreased, allowing the sequencing and the annotation of several bird species genomes. The necessity of a properly assembled and annotated genome could explain why only few avian epigenomes have been characterized to date. In addition to chicken studies, the investigation of other avian epigenomes, such as the Great Tit [9], should also deliver significant knowledge in the field of developmental biology.
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Abbreviations




	5hmC
	5-hydroxymethylcytosine



	5mC
	5-methylcytosine



	BS-seq
	Bisulfite Sequencing



	ChIP-seq
	Chromatin ImmunoPrecipitation followed by sequencing



	ENCODE
	ENCyclopedia of DNA Elements



	FAANG
	Functional Annotation of ANimal Genomes



	Go
	Giga-octet



	H3K27ac
	histone H3 lysine 27 acetylation



	H3K27me3
	histone H3 lysine 27 tri-methylation



	H3k36me3
	histone H3 lysine 36 tri-methylation



	H3K4me3
	histone H3 lysine 4 tri-methylation



	H3K9me3
	histone H3 lysine 9 tri-methylation



	HPTM
	Histone Post Translational Modifications



	HTS
	High-Throughput Sequencing



	IHEC
	International Human Epigenome Consortium



	Ko
	Kilo-octet



	MBD-seq
	Methyl Binding Domain sequencing



	MeDIP-seq
	MEthylated DNA ImmunoPrecipitation sequencing



	MethylC-seq
	MethylC-sequencing



	modENCODE
	Model Organism ENCyclopedia Of DNA Elements



	MRE-seq
	Methyl-sensitive Restriction Enzyme digestion sequencing



	N-ChIP-seq
	Native Chromatin ImmunoPrecipitation followed by sequencing



	RRBS
	Reduced Representation Bisulfite Sequencing



	TSS
	Transcription Start Site



	UTR
	Untranslated Transcribed Region



	WGBS
	Whole Genome Bisulfite Sequencing



	X-ChIP-seq
	Cross-linked Chromatin ImmunoPrecipitation followed by sequencing
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Figure 1. Principle of DNA methylation analysis by bisulfite treatment (modified from [60]). On a DNA sequence, unmethylated cytosines are converted to uracil by the bisulfite treatment and to thymines after PCR amplification. After sequencing, the level of methylation is detected by counting cytosines and thymines for each position. m, methyl group on cytosine; OT, Original Top strand; CTOT, strand complementary to the original top strand; OB, original bottom strand; and CTOB, strand complementary to the original bottom strand. 






Figure 1. Principle of DNA methylation analysis by bisulfite treatment (modified from [60]). On a DNA sequence, unmethylated cytosines are converted to uracil by the bisulfite treatment and to thymines after PCR amplification. After sequencing, the level of methylation is detected by counting cytosines and thymines for each position. m, methyl group on cytosine; OT, Original Top strand; CTOT, strand complementary to the original top strand; OB, original bottom strand; and CTOB, strand complementary to the original bottom strand.



[image: Epigenomes 01 00020 g001]







[image: Epigenomes 01 00020 g002 550] 





Figure 2. Protocol of chromatin immunoprecipitation followed by high throughput sequencing. The chromatin is extracted from tissues and can be fixed (X-ChIP-seq) or left unfixed (N-ChIP-seq). For X-ChIP-seq the interaction between the DNA and histone bearing the mark is fixed and the chromatin is shredded by sonication to obtain fragments between 100 bp and 600 bp. For N-ChIP-seq, native chromatin is digested by an endonuclease (MNase) that specifically cuts unprotected DNA between nucleosomes to obtain mono-nucleosomes. The chromatin is fragmented by mechanical or enzymatic treatments and immunoprecipitated with an antibody directed specifically against the histone post-translational modifications (HPTM) of interest. After several washes, the DNA is eluted and sequenced following library creation. 
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Figure 3. Example of a bioinformatics pipeline to analyze WGBS or ChIP-seq data. The quality of the sequencing reads is estimated by fastqc metrics such as the Q score [108]. Reads are usually considered of good quality when their score is above 30 (at q30 the base call accuracy is 99.9%, [109]). Optionally, reads can be trimmed to remove adapter sequences and low quality bases [110]. Reads are then mapped to the reference genome [111]. An optional filtering step can be performed by removing PCR duplicates to conserve only uniquely mapped reads before the enrichment detection. The enrichment detection step is specific to the targeted epigenetic mark. Several tools have been developed to characterize the DNA methylation across the genome (for a review see [112]) or to study HPTM depending on their repartition on the genome as HPTM were shown to exhibit sharp or broad peaks of enrichment (for a review see [113]). Finally, statistical differential analyses can be performed when two or more conditions have to be compared [112,113]. 
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