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Putative Causal Variants Are Enriched in Annotated Functional Regions From Six Bovine Tissues
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Genetic variants which affect complex traits (causal variants) are thought to be found in functional regions of the genome. Identifying causal variants would be useful for predicting complex trait phenotypes in dairy cows, however, functional regions are poorly annotated in the bovine genome. Functional regions can be identified on a genome-wide scale by assaying for post-translational modifications to histone proteins (histone modifications) and proteins interacting with the genome (e.g., transcription factors) using a method called Chromatin immunoprecipitation followed by sequencing (ChIP-seq). In this study ChIP-seq was performed to find functional regions in the bovine genome by assaying for four histone modifications (H3K4Me1, H3K4Me3, H3K27ac, and H3K27Me3) and one transcription factor (CTCF) in 6 tissues (heart, kidney, liver, lung, mammary and spleen) from 2 to 3 lactating dairy cows. Eighty-six ChIP-seq samples were generated in this study, identifying millions of functional regions in the bovine genome. Combinations of histone modifications and CTCF were found using ChromHMM and annotated by comparing with active and inactive genes across the genome. Functional marks differed between tissues highlighting areas which might be particularly important to tissue-specific regulation. Supporting the cis-regulatory role of functional regions, the read counts in some ChIP peaks correlated with nearby gene expression. The functional regions identified in this study were enriched for putative causal variants as seen in other species. Interestingly, regions which correlated with gene expression were particularly enriched for potential causal variants. This supports the hypothesis that complex traits are regulated by variants that alter gene expression. This study provides one of the largest ChIP-seq annotation resources in cattle including, for the first time, in the mammary gland of lactating cows. By linking regulatory regions to expression QTL and trait QTL we demonstrate a new strategy for identifying causal variants in cattle.
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INTRODUCTION

Finding the genetic variants which lead to different phenotypes has been the goal of geneticists for many years. Bridging the genotype to phenotype “gap” has linked genes to their functions and identified causes of disease. In the dairy industry, finding genetic variants which affect phenotypes would improve selective breeding using genomic selection (MacLeod et al., 2016). Genomic selection relies on associations between genotypes and phenotypes to predict the phenotypes of animals. But this association could be based on linkage disequilibrium (LD) between a SNP and the causal variant rather than a direct effect of the SNP itself. Therefore, identifying the causal variant would prevent breakdown of LD over time and extend genomic predictions to populations with different LD (Hayes et al., 2016).

Most traits of interest to the dairy industry are complex traits which are predicted to have many causal variants of small effect (Goddard et al., 2016). Because the individual effect of each causal variant is small, these are difficult to find using classical genetics methods, especially in a large long-lived mammal. Studies in humans and other species have shown that trait-associated variants from genome wide association studies (GWAS) are enriched in functional regions of the genome, such as regulatory or protein coding regions (Maurano et al., 2012; Schaub et al., 2012; Trynka et al., 2013; Ma et al., 2015). Apart from genes, most functional regions are not well annotated in the bovine genome which has hampered attempts to ask the same question in cattle (Koufariotis et al., 2014). However, two recent studies found that functional regions identified in cattle were more likely to contain QTL than other regions (Wang et al., 2017; Fang et al., 2019). This reveals the exciting proposition that if functional regions can be identified in the bovine genome, this can narrow down the space in which we search for causal variants.

While genes can be broadly identified using sequence homology, other types of functional elements do not have easily identifiable features, lack sequence conservation and can be located far from genes (Kellis et al., 2014). One study, using homology with human regulatory regions, indicated that these regions in cattle were enriched for QTL (Nguyen et al., 2018), however, recent evidence showed that the use of functional annotations predicted from humans in cattle is limited (Xiang et al., 2019; Raymond et al., 2020). This suggests that identifying functional regions directly in cattle is optimal. Accordingly, the FAANG consortium for the Functional Annotation of ANimal Genomes has been set up to jointly annotate functional regions in livestock genomes by assaying directly for them in relevant species and tissues (Andersson et al., 2015).

Some functional regions are marked by histone modifications – post translational modifications to the histone proteins which DNA is wrapped around in the cell (Zhou et al., 2011). For example, the histone protein H3 has a tail which can be modified by mono (H3K4Me1) or tri-methylation (H3K4Me3) at its 4th lysine (Kimura, 2013). Numerous studies (Bernstein et al., 2005; Roh et al., 2006; Heintzman et al., 2007) have found that H3K4Me3 is found at promoters of genes, with one study (Guenther et al., 2007) showing that up to 75% of genes in human embryonic stem cells were marked by H3K4Me3 at their promoter. Other studies have found that H3K4Me1 also marks promoters (Barski et al., 2007; Robertson et al., 2008) and that the regulatory DNA sequences called enhancers, which enhance the transcription of genes (Pennacchio et al., 2013), are marked by H3K4Me1 and sometimes H3K4Me3 (Barski et al., 2007; Robertson et al., 2008; Spicuglia and Vanhille, 2012). The tail of histone H3 can also be modified by acetylation (H3K27ac) or tri-methylation (H3K27Me3) at its 27th lysine (Kimura, 2013). Studies have found that active genes and enhancers tended to be marked by H3K27ac (Creyghton et al., 2010) while repressed regions were marked by H3K27Me3 (Zhao et al., 2007; Tie et al., 2009). Potential functional regions can also be marked by other factors. The zinc finger protein CTCF (CCCTC-binding factor) has many functions in the genome. CTCF acts as a transcription factor which can block and activate gene expression, an insulator by blocking interactions between enhancers and promoters, and is involved in the machinery that regulates chromatin conformation (Ong and Corces, 2014; Kim et al., 2015). Assaying the location of these five marks should identify the location of many functional regions in the bovine genome.

The locations of histone modifications and transcription factors can be assayed across the genome using Chromatin Immunoprecipitation followed by sequencing (ChIP-seq) (Park, 2009). Chromatin is fixed so that DNA is bound to the proteins it is interacting with and antibodies are used to isolate the protein of interest, such as a histone modification or transcription factor. The DNA bound to these proteins is then sequenced and aligned to the genome with reads forming “peaks” at the location where the protein was bound. These peaks can be used to annotate putative functional regions in the genome singularly, or by combining data from several proteins (Park, 2009; Ernst and Kellis, 2010). The height of the peaks (characterised by read counts) is also useful. Peak height has been used to predict the expression of nearby genes (Karlić et al., 2010) and variants which associate with peak height have been shown to overlap with variants associated with gene expression (McVicker et al., 2013).

Functional regions have been identified in the bovine genome in liver (Villar et al., 2015), rumen epithelial cells (Fang et al., 2019) and other tissues (Kern et al., 2021). However, functional regions can vary between tissues (Kellis et al., 2014). This study aimed to increase the catalog of functional regions in the bovine genome by using ChIP-seq to assay the genomic locations of one transcription factor and 4 histone modifications in 6 tissues in 2–3 lactating Holstein dairy cows (Figure 1). This data was used to annotate putative functional regions in the bovine genome and identify tissue specific functional regions. We showed that peak height in some regions correlated with the level of gene expression in nearby genes. Lastly, we confirm that QTL and eQTL are enriched in these putative functional regions.
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FIGURE 1. Schematic of Study. Results from the study are outlined in purple boxes while data sources contributing to the results are represented in blue. RNA-seq and ChIP-seq data was generated from heart, liver, lung, kidney, mammary gland, and spleen from the same three cows. The five functional markers assayed were H3K4Me1, H3K4Me3, H3K27Me3, H3K27ac, and CTCF. Details of causal variants are outlined in Table 1.




MATERIALS AND METHODS


Chromatin Immunoprecipitation and RNA Sequencing

Tissue from liver, lung, mammary gland, kidney, heart, and spleen from three lactating Holstein dairy cows were sampled after euthanasia (Chamberlain et al., 2015; Dorji et al., 2020). Ethics approval for the euthanasia and sampling of two of the cows were obtained from Department of Jobs, Precincts and Regions Ethics Committee (Application No. 2014-23). These animals were euthanised out of line of sight of other animals and sedated with 600mg of xylazine IV and 300mg of ketamine before 1l of 25% magnesium sulphate was injected intravenously until animal was deceased. The Third cow was not euthanised for the purposes of this study but because she injured her leg, for this reason the local Animal Ethics Commitee (DEPI Agricultural Research and Extension Animal Ethics Commitee) advised ethics approval was not required. This animal was euthanised by captive bolt.

Tissues were dissected, snap frozen in liquid nitrogen and stored at −80°C until use. Frozen tissue was ground for 3 min in the Geno/Grinder (SPEX SamplePrep). Ground, frozen tissue was fixed for 10 min with 10% formaldehyde and chromatin prepared using the Magnify Chromatin Immunoprecipitation kit (ThermoFisher) as per the manufacturer’s instructions. Fixed chromatin was sheared to 200–500 bp using the Covaris S2 (Covaris). Mammary and liver chromatin was sheared for 3 min, duty cycle five, %intensity four and 200 cycles per burst 200. The remaining tissue were sheared at duty cycle two, %intensity three, 200 cycles per burst for 5–15 min.

Chromatin immunoprecipitation was performed using the Magnify Chromatin immunoprecipitation kit (ThermoFisher) with some modifications. For the mammary and liver each sample was immunoprecipitated in three separate reactions with 10 ul of chromatin and 0.25 ug or 0.5 ug of antibody for the histone modifications and 10 μl of antibody for CTCF. Triplicate samples were combined after de-crosslinking using MinElute PCR purification kit (QIAGEN). For spleen, heart, kidney and lung, 1.5–10 μg chromatin was used for immunoprecipitation with 0.5–0.15 μg antibody (H3K4Me1, H3K4Me3, H3K27ac, and H3K27Me3) per reaction or 10 μl of CTCF antibody. The DNA obtained from ChIP was purified and concentrated using Monarch Genomic DNA Purification Kit (New England Biolabs).

Sequence libraries for ChIP and a corresponding input sample were prepared with the NEBNext Ultra II DNA Library Prep Kit for Illumina (New England Biolabs) each with unique barcodes as per the manufacturer’s instructions and run on the HiSeq 3000 (Illumina) in a 150 cycle paired end run.

Each library was sequenced to between 20 and 300 million reads. Raw sequence reads were trimmed of adapters and poor-quality ends using Trimmomatic (Bolger et al., 2014) removing base pairs from the 3′ and 5′ ends of the sequence if their quality was less than 20 and excluding trimmed reads with length less than 50 bp. Trimmed reads were mapped to the bosTau8/UMD-3.1.1 bovine genome with BWA mem using default settings (Li, 2013). Poor quality reads were removed with Samtools (Li et al., 2009) using q > 15 and duplicate reads removed. ChIP and input reads were used to call peaks with MACS2 default settings (Zhang et al., 2008). Quality checks of peaks was performed with deepTools plotFingerprint (Ramírez et al., 2016) and SPP (Kharchenko et al., 2008).

RNA extraction and sequencing on the same six tissues in the three cows was as described in Chamberlain et al. (2015) and Dorji et al. (2020).



Profile Plots and Replicate Comparisons

Plots for the profile of ChIP-seq reads for each mark were generated using deepTools (Ramírez et al., 2016). First bigWig files were created from mapped ChIP and input reads using the command bamCompare with bin size 10 and using the RPKM option (Reads Per Kilobase of transcript, per Million mapped reads) to normalise the number of reads between samples. Output bigWig scores were the log2 ratio of ChIP to input. The command computeMatrix was used to calculate scores at each mark around transcription start sites (TSS) taken from Ensembl [Release 94 (Hunt et al., 2018)]. Active and inactive TSS were determined using the RNAseq data described in Chamberlain et al. (2015). Active TSS were defined when all samples had a count more than 200 at that gene and inactive when all animals had a count less than 10. Matrices were visualised using the command plotProfile.

Similarity between samples was also calculated using deepTools plotCorrelation (Ramírez et al., 2016). The command multiBigWigSummary was used to summarise bigwig files across each mark in bins of 100 bp. The command plotCorrelation was used to generate a heatmap of these values using Pearson correlations.



Differential Binding Between Tissues

Differential binding (DB) between tissues was calculated using edgeR (Robinson et al., 2010) for consensus peaks. To define a set of consensus peaks for each mark each position in the genome was defined as under a peak or not. Positions which were under a peak in two or more samples were included in the consensus peak dataset. Reads were normalised using edgeR and DB tested by defining a design matrix for which the intercept was the mean in all tissues. Peaks were considered significantly differentially bound with a P value less than 0.05 and binding greater than two-fold different to the average binding of that peak in all other tissues.



Correlation Between Peak Height and Gene Expression Level

The correlation between consensus peak counts and gene count for every peak within 100 kb of a gene TSS across 16 samples (4 tissues X 3 cows and 2 tissues X 2 cows) for H3K27Me3 and H3K27ac or 18 samples (6 tissues X 3 cows) for the other marks was calculated.

Counts for each set of consensus peaks (described above) were calculated with DiffBind (Stark and Brown, 2011) and normalised using Trimmed Mean of M-values (TMM) and full library size. Normalised RNA-seq counts for each gene were used from Chamberlain et al. (2015) and Dorji et al. (2020). Correlations were calculated using corr.test in R.



Annotation With ChromHMM

Chromatin states were defined using ChromHMM (Ernst and Kellis, 2012). Filtered and deduplicated input and ChIP-seq bam files were binarized using the binarizeBam option with default settings. Between five and 24 states were learned using the LearnModel function of ChromHMM. A model with 7 states was chosen for further analysis as in this model each state was unique.

To annotate, chromatin states were compared to known regions in the genome using the OverlapEnrichment function in ChromHMM. Locations of TSS and genes were downloaded from Ensembl [release 94 (Hunt et al., 2018)]. The promoter region was characterised as 2kb upstream of the TSS and proximal regions as 8 kb upstream from the promoter start site. Normalised read counts from RNA-seq data (Chamberlain et al., 2015; Dorji et al., 2020) were used to define genes, and their associated promoters and proximal regions, as active or inactive. Active genes were defined when all animals had a count over 200 in that tissue and for inactive genes all animals had a count less than 10 in that tissue. We also looked for tissue-specific active genes, these were when all animals had counts above 200 in that tissue and below 10 in all other tissues.



Enrichment of Putative Causal SNPs in Functional Regions

Enrichment of putative causal SNPs in peaks, peaks which correlated with gene expression, differentially bound peaks and ChromHMM states was calculated. Enrichment was calculated using the formula outlined in ChromHMM (Ernst and Kellis, 2012) and described below.

Enrichment = (C/A)/(B/D) where: A is the number of positions under peaks, B is the number of positions that were putative causal SNPs, C is the number of positions under peaks and also a putative causal SNP and D is the number of positions in the genome.

The significance of enrichment or depletion was calculated using a hypergeometric test in R. A variety of putative causal SNP datasets were used for enrichment analysis (Table 1). There were no SNP on the X chromosome in the datasets so only autosomal regions were tested. Total genome size was calculated as the sum of chromosomes 1–29.


TABLE 1. Putative causal SNPs.
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Enrichment Based on Location in the Genome

We tested whether enrichment of putative causal SNPs within peaks changed depending on location in the genome. Enrichment was calculated with only peaks and SNPs located within 100 kb from a TSS, 100–200 kb from a TSS and so on up to a million base pairs from a transcription start site. Transcription start sites for each gene were taken from Ensembl [Release 94 (Hunt et al., 2018)]. The distance to the nearest TSS for each peak was calculated from the summit (as defined by MACS2) of narrow peaks and the midpoint of broad peaks (halfway between the start and end of the peak).



Filtering SNPs for Linkage Disequilibrium

To account for SNPs in high linkage disequilibrium (LD), the GWAS SNP datasets were filtered for LD using plink (Purcell et al., 2007). Within each 1mb window, with a moving step of 50 SNPs, SNPs were retained if they had pairwise r2 < 0.5. Enrichment was calculated with these filtered SNP datasets as described above.



RESULTS


Description of ChIP-seq Peaks

86 ChIP-seq datasets were generated as shown in Supplementary Table 1.

Quality of the ChIP-seq assay was assessed by calculating the Jensen-Shannon Distance (JSD) between the sample and input and cross strand correlation metrics. All but two samples exceeded ENCODE standards for cross correlation metrics (NSC > 1.05 and RSC > 0.9, Supplementary Table 2). However, we found JSD to be a more reliable metric, which was less sensitive to read depth. All ChIP-seq data had a JSD between 0.23 and 0.5 (Supplementary Table 2).

After filtering of poor-quality reads and removal of duplicates, between 24,847,326 and 316,216,350 mapped ChIP-seq reads remained for each sample (Supplementary Table 2). To account for bias in shearing, library preparation and mapping, an input control using the same batch of sheared chromatin was also sequenced for each sample. Mapped ChIP-seq and input control bam files were used in MACS2 (Zhang et al., 2008) to call between 31,303 and 871,452 peaks for each sample. The average size of peaks was 400 bp to 600 bp for peaks designated as “narrow” in MACS2 (H3K27ac, H3K4Me3, and CTCF) and 1000 bp to 1100 bp for peaks called as “broad” (H3K4Me1 and H3K27Me3, Table 2). An average of 13% of the genome was under a peak in any one dataset. When considering narrow peaks, the percentage of genome covered in each dataset was strongly correlated with number of mapped reads (r = 0.715, P < 0.001) but was less strongly correlated in broad peaks (r = 0.363, P = 0.036). Number of peaks per dataset was also strongly correlated with the number of mapped reads (r = 0.656, P < 0.001) (Supplementary Figure 1).


TABLE 2. Summary of peaks.
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Profile Plots and Replicate Comparisons

Profile plots display the normalised ChIP-seq signal above input signal. As expected H3K4Me3 displayed the highest signal around the TSS, followed by H3K27ac. The profiles for H3K4Me3, H3K4Me1, and H3K27ac displayed a slight bimodal shape at the TSS (Figure 2). When comparing the profiles around the TSS of 475 active genes and 8,398 inactive genes, H3K27ac samples showed high signal near the TSS of active genes while H3K27Me3 samples showed lower signal (Supplementary Figure 2).


[image: image]

FIGURE 2. Distribution of ChIP-seq reads around the transcription start site (TSS). For each histone modification these plots show the normalised ChIP-seq signal above input signal within 2 kb of the TSS.


We compared replicates within marks using Pearson correlations. In general, all samples were strongly correlated regardless of tissue or animal, however, there were some batch effects (Supplementary Figure 3).



Differential Binding Between Tissues

Normalised ChIP-seq counts at consensus peaks in each tissue were compared for differential binding. Peaks were defined as differentially bound where the mean of the counts in one tissue was significantly different (P < 0.05) and two-fold higher or lower than the mean of the counts in all other tissues.

The largest number of differentially bound peaks were in H3K27ac where almost 24% of peaks were different between tissues (Table 3). Of the H3K27ac DB peaks, a large proportion were higher in heart (Supplementary Figure 4).


TABLE 3. Differentially bound peaks.
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Correlation Between Peak Height and Gene Expression Level

We examined whether variation in peak height correlated with variation in gene expression. Normalised ChIP-seq counts at consensus peaks in each mark were compared to normalised gene counts from RNA-seq in the same sample. Every peak within 100 kb of a gene was tested for an association between peak height and gene expression. This resulted in more than 1 million tests for each mark. It was not expected that there would be a correlation between all these peak-gene pairs, however, it was unknown which peaks were interacting with which genes, so it was necessary to test them all. Although the sample size was low (16 or 18 depending on the mark), there was a significant (P < 0.05) correlation in 6–11% of peak-gene pairs, which is more than the 5% expected by chance. Similarly, most correlations were negative for H3K27Me3 and positive for all other marks which would not be expected if the correlations were random chance (Figure 3).
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FIGURE 3. Direction of significant correlations. The direction of correlations between ChIP-seq and RNA-seq counts for H3K27Me3, H3K27ac, H3K4Me1, H3K4Me3, and CTCF.




Annotation With ChromHMM

Using the four histone modifications and CTCF seven chromatin states were defined across the genome (Table 4) using ChromHMM (47). When higher numbers of states were tested ChromHMM defined states with similar functional mark profiles at similar probabilities. To annotate the seven states, we looked for enrichment within these states within active and inactive genes, promoters and proximal regions and used evidence from other studies of what these marks represent. Between 1,169 and 1,826 genes were defined as active in any one tissue and between 10,653 and 11,815 defined as inactive. There were between six and 134 genes which were only active in one tissue (Supplementary Table 4).


TABLE 4. Emission probabilities for seven states from ChromHMM.

[image: Table 4]The seven states were annotated as inactive promoters, repressed, no signal, hyperChIPable region, active enhancer, permissive, and active promoter (Table 4). State 2 was annotated as “repressed” as it had a high chance of observing the inactive mark H3K27Me3 and was enriched in inactive genes (Figure 4). State 1 was defined as “inactive promoter” because it was slightly more enriched upstream of inactive genes (except for in liver) consistent with inactive promoters and had a high probability of observing H3K27Me3 but also H3K4Me1, H3K4Me3, and CTCF. Two states (3 and 6) displayed low probability of any mark. State 3 was defined as “no signal” as it covered most of the genome but was not highly enriched in any annotated regions suggesting regions which were not functional at that time in these tissues. State 6 was annotated as “permissive” as it was highly enriched in active genes and regions proximal to active genes indicating a more open, permissive state. State 5 was termed “active enhancer” as it had a high probability of H3K27ac and H3K4Me1 (Table 4) which is a combination thought to denote active enhancers (26). This state was slightly enriched in active genes in all tissues (Figure 4). State 7 had a high probability of observing H3K4Me1, H3K4Me3, CTCF, and the activating mark H3K27ac (Table 4) and was defined as “active promoter.” This state was enriched at all regions 2 kb upstream of the TSS but was particularly enriched upstream of active TSS (Figure 4). State 4 had a high probability of observing all 5 marks at once and was enriched in both active and inactive regions but did not show a consistent pattern in any of the regions tested. We defined State 4 as “hyperChIPable regions” as coined in a recent study (Massa et al., 2021).
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FIGURE 4. Enrichment of 7 Chromatin states in Mammary Gland at annotated regions of the bovine genome. For more details of enrichment at annotated regions see Supplementary Figure 5.


Analysis of tissue specific genes was hampered by the small numbers involved (Supplementary Table 4); Kidney, lung and spleen only had 14, 11, and six active genes identified as tissue specific. However, in mammary and liver (26 and 134 tissue specific genes, respectively) active tissue specific genes, promoters, and proximal regions were enriched in “active promoters” similar to other active genes, promoters, and proximal regions (Supplementary Table 5). However, in heart, tissue specific active genes, promoters and proximal regions were more enriched for “hyperChIPable regions” than “active promoters” which was not consistent with the other active genes, promoters, and proximal regions.

Inspection of ChromHMM states near known genes showed clear delineation between active and inactive genes in appropriate tissues (e.g., Figure 5). Alpha S1 casein (CSN1) is a gene known to be highly expressed in the mammary gland (Ibeagha-Awemu et al., 2016). The gene expression data showed that it is highly expressed in mammary tissue but not in the other tissues studied here. Figure 5 shows mammary tissue is marked by hyperChIpable (yellow), active enhancer (red) and permissive (dark green) states, all active states, while the remaining tissues are marked by inactive promoter (blue), repressed (purple), and no signal (light green) states, all inactive states. State 7 is not present, which is meant to be an active promoter state.
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FIGURE 5. ChromHMM states vary between tissues. Representation of ChromHMM states in heart, kidney, liver, lung, spleen, and mammary gland tissue near the transcription start site of CSN1, a gene highly expressed in the mammary gland. “Inactive promoter” (blue), “Repressed” (purple) and “No Signal” (light green) states are all inactive states, while “Active Enhancer” (red), “HyperChIPable Region” (yellow), and “Permissive” (dark green) are all active states.




Enrichment of Putative Causal SNPs in Functional Regions

Putative functional regions described above were tested for enrichment of potential causative SNPs from 11 datasets that included expression QTL, milk production trait QTL and sites conserved across numerous species (see materials and methods Table 1 for descriptions of the datasets).


Enrichment in Peaks

All putative causal variants were significantly overrepresented in peaks (enrichment > 1) with average enrichment between 1.17 (for SNP80k) and 3.82 (for QTL Protein Yield) for each SNP dataset (Figure 6 and Supplementary Table 6). The narrow peaks (H3K4Me3, H3K27ac, and CTCF) had the highest enrichment across all SNP datasets although the differences were small. The QTL for protein yield had the highest enrichment across all marks.
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FIGURE 6. Enrichment of causal variants within functional regions. (A) Enrichment of causal variants within peaks. Enrichment of each SNP dataset within each histone modification or CTCF averaged across tissues. All values above 1 (indicated by the vertical black bar) are enriched for causal variants. Enrichment was significant with P < 0.001 for all tests. (B) Enrichment of three sets of milk trait QTL within H3K27ac peaks. Peaks in mammary gland have the highest enrichment for these milk trait QTL.


There was little variation in enrichment between tissues, except in the milk production QTL results where H3K4Me3, H3K27ac, and CTCF peaks in mammary gland consistently had higher enrichment (e.g., Figure 6, Supplementary Table 6). All enrichment was highly significant with P < 0.001 (Supplementary Table 6).



Enrichment in Differentially Bound Peaks

Some differentially bound peaks were enriched for causal variants and some were depleted (Supplementary Table 7). This was not consistent across marks or across tissues. This likely reflects the small numbers of peaks which were differentially bound in some cases (Table 3) which increased the noise in the data.



Enrichment in Peaks Which Correlate With Gene Expression

Peaks which correlate with gene expression may be affecting gene expression and so are strong candidate regions for causal variants. Filtering peaks for those correlated with gene expression (Supplementary Table 8) improved enrichment for all SNP sets except SNP 80 k and conserved regions (Figure 7 and Supplementary Table 9). Enrichment was significant in all cases with P < 0.001.
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FIGURE 7. Enrichment of QTL for protein yield in peaks correlated with gene expression. Enrichment of QTL for protein yield within peaks (black) and peaks correlated with gene expression (blue) for each mark. Enrichment was significant with P < 0.001 for all tests.




Enrichment in ChromHMM States

All the states defined by ChromHMM except state 3 (“no signal”) were enriched for some causal SNP datasets (Figure 8). The states with the highest enrichment were State 4 (“hyperChIPable region”) and State 7 (“active promoters”) except for the 80 k SNPs which were most enriched in State 1 (“inactive promoters”). The highest enrichment was for QTL for protein yield in State 4 (“hyperChIPable region”), these QTL also had the lowest enrichment in State 3 (“no signal”), where they were strongly depleted. Most of the SNP datasets showed highest enrichment in states 4 and 7, moderate enrichment in states 1,2,5, and 6 and depletion in state 3. However, the 80 k SNP dataset showed low to no enrichment in all states except State 1 and conserved SNPs showed low to no enrichment in all states except 4 and 7. The highest enrichment in State 4 was only slighter better than the highest enrichment when considering peak regions defined by the histone mark and was worse than when using peaks correlated with gene expression. Depletion and enrichment were statistically significant in most cases (Supplementary Table 10).
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FIGURE 8. Average enrichment of chromatin states for each SNP dataset. Enrichment for each state averaged across tissues.


Consistent with results in peaks there was little variation in enrichment between tissues in most of the SNP datasets except for conserved regions and milk production QTL (Supplementary Table 10). Conserved regions were largely similar between tissues except for heart which had higher enrichment in State 1 than the other tissues. State 1 in heart was also consistently more enriched in all five milk production QTL SNP datasets than the other tissues. State 7 in liver and in some cases mammary displayed little to no enrichment for the milk production QTL while the other tissues displayed high enrichment for these QTL in this state.



Confounding Factors


Enrichment Based on Location in the Genome

One confounding factor of the enrichment analysis is that potential causal SNP may be found within peaks because both peaks and causal SNP may tend to be found close to genes. We tested whether enrichment of potential causal SNPs in peaks changed depending on the distance of the peaks from the nearest gene and whether this explained the high enrichment seen within peaks. Peaks and SNPs were split up into 10 groups of 100 kb increments (Supplementary Tables 11, 12) depending on their distance to the nearest TSS and enrichment was tested within these groups.

As distance from TSS increased the number of SNPs and peaks in these regions decreased (Supplementary Tables 11, 12). In general enrichment of most of the SNP datasets within peaks remained constant regardless of location (Figure 9). However, conserved SNPs were not enriched in any tissues or marks more than 100 kb from TSS and Exon eQTL and Splice QTL were not enriched further than 800 kb from TSS. Allele specific eQTL remained enriched within peaks in all regions but the strongest enrichment was between 0 and 100 kb from TSS (Figure 9). Milk production QTL SNPs were not found more than 300 kb from a TSS (Supplementary Table 11) so enrichment could not be assessed beyond this, but peaks were enriched for SNPs up to this point (Figure 9).
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FIGURE 9. Enrichment of SNPs within peaks by distance to the nearest transcription start site. (A) Enrichment (averaged across all animals, tissues, and marks) of SNPs within peaks at different distances from transcription start sites. Enrichment stays above 1 in all cases until 800 kb from the nearest transcription start site. (B) Enrichment (averaged over all tissues and animals) of milk production QTL within peaks at different distances from transcription start site. Enrichment was not calculated for protein and fat yield more than 300 kb from a TSS as there were less than 10 SNPs.




Filtering SNPs

Another confounding factor of this analysis is that high enrichment might be driven by a group of SNPs all in high LD with each other. To avoid this possibility significant milk production QTL SNPs (P < 1 × 10–7) were filtered to account for linkage disequilibrium (LD pruning) where SNPs were retained with r2 < 0.5 (Supplementary Table 13). Pruning improved enrichment in peaks but not in peaks whose height was correlated with gene expression (Figure 10). Pruning consistently improved enrichment in State 1 and 4 but had mixed effects in other states.
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FIGURE 10. Enrichment of pruned SNPs within functional regions. Comparison of enrichment for all significant milk production QTL (P < 1 × 10–7) compared with pruning SNPs at r2 < 0.5. All peaks and peaks correlated with gene expression (Correlated Peaks) for all 5 traits are shown as well as ChromHMM states.




DISCUSSION

This study presents the results of ChIP-seq for 4 histone modifications and one transcription factor in six tissues from 3 lactating dairy cows. The ChIP-seq data was used to annotate functional regions in the bovine genome and establish whether functional regions are enriched for causal variants.

To confirm the quality of the ChIP-seq data we looked at the intensity of ChIP signal for each histone modification within 2 kb of the TSS (Figure 2). All 4 histone modifications had an increase at the TSS. H3K4Me3 had the highest intensity consistent with expectations (Guenther et al., 2007) followed by H3K27ac. Some studies show a bimodal distribution of H3K4Me1 and/or H3K4Me3 signal at promoters (Barski et al., 2007; Kingsley et al., 2020) but this is not always observed (Hoffman et al., 2010; Bae and Lesch, 2020). In this study only a very slight bimodal distribution in the profile of H3K4Me3, H3K4Me1, and H3K27ac was observed. We also plotted the profile of the active and inactive marks H3K27ac and H3K27Me3 at active and inactive genes (Supplementary Figure 2). H3K27ac had much higher signal than H3K27Me3 at active genes as expected (Barski et al., 2007) but there was only a small difference between active and inactive gene profiles in H3K27Me3. This modest difference has also been found in other studies (Barski et al., 2007) with Mikkelsen et al. (2007) finding that not all repressed promoters are marked by H3K27Me3.

For each functional mark, peaks were called from ChIP DNA sequence using MACS2. Up to 500,000 peaks were found for each mark representing millions of functional regions in the genome of dairy cows. Differentially bound peaks were also annotated. Only very low numbers of peaks were different between tissues in most of the marks except for H3K27ac (Table 3). This is consistent with high correlation among all samples as observed in Supplementary Figure 3. It is not surprising that H3K27ac differed between tissues more than other marks because it is thought to be associated with active promoters and enhancers (Barski et al., 2007). However, work in other species suggests that the enhancer associated mark H3K4Me1 should also display some tissue specificity while marks such as H3K4Me3 are more uniform (Heintzman et al., 2009; Shen et al., 2012). This study did not find this. There were notable differences in the number of differentially bound peaks between tissues. For example, 24% of the H3K27ac regions tested were different in at least one tissue but more than half of these differentiated regions were specific to heart (Supplementary Figure 4). In addition, CTCF in mammary and liver had extremely high numbers of down-regulated peaks and very few up-regulated peaks, while kidney, lung and spleen had the opposite. The addition of more samples in future will likely improve this result.

To annotate peaks which are correlated with gene expression, all peaks within 100 kb of a transcription start site were tested for a correlation between read counts under the peak and in the gene. As expected, most peak-gene pairs were not correlated, however, there were more significant correlations than would be expected by chance. For most marks, a high proportion of correlations were positive which would also not occur by chance. The highest number of correlated peaks were from histone modification H3K27ac (Figure 3), this is logical as this mark has been found to correlate with active regions of the genome (Wang et al., 2008; Cotney et al., 2012). Similarly, the majority of H3K27Me3 correlations were negative (Figure 3), which is also expected as this mark has been found to represent repression of transcriptional activity (Barski et al., 2007; Cotney et al., 2012). These peaks are important functional regions to annotate as they indicate a potential functional link between significantly correlated peaks and nearby gene expression.

ChromHMM (Ernst and Kellis, 2012) was used to combine data from multiple marks and call seven chromatin states across the genome. RNA-seq data from the same tissues were used to annotate these states. The results show a demarcation between active and inactive states consistent across multiple tissues. For example, ChromHMM was able to differentiate State 3 (“no signal”), which covered most of the genome, from State 6 (“permissive”), which was highly enriched at active genes, even though they had very similar histone modification and transcription factor occupancy. However, this was not always consistent. State 7 (“active promoters”) was highly enriched at active promoters but there was also some enrichment at inactive promoters. Similarly State 2 (“repressive”) was depleted in active regions but was only slightly enriched in inactive regions. Lastly, State 1 which we called “Inactive promoters” was only slightly enriched upstream of inactive genes. Genes were defined as inactive when there was no RNA-seq counts from that gene which is very stringent, so it is possible some of these genes were poised or were not accurately annotated.

The remaining states were annotated based on information from other studies. State 5 was labelled an “active enhancer” because the marks present in this state reflect enhancer conditions in other species (Heintzman et al., 2007; Creyghton et al., 2010), however, we were unable to provide any genomic evidence for this as enhancers are poorly annotated in the bovine genome. State 4 (“hyperChIPable regions”) had all five marks occurring in the same place and was found to varying degrees in all genomic regions looked at. This phenomenon was described in a recent study and was termed a “hyperChIPable” region (Massa et al., 2021). However, this is not consistent with most other published literature which suggests H3K27ac and H3K27Me3, active and inactive marks, respectively, should not occur at the same place in the genome (Tie et al., 2009). We hypothesise this could occur for multiple, not mutually exclusive reasons. (1) These regions are “poised” between active and inactive states in the mass of heterogeneous cells in the tissue. (2) One or more of the peaks are false positives found when the antibody binds off-target (Jain et al., 2015). (3) High sequence depth is picking up weak peaks which are not found at “normal” read depths (20 million reads are recommended by ENCODE (Landt et al., 2012), our data is between 20 and 300 million reads). (4) These regions represent an important functional region. It seems likely that all 4 options are contributing to our observations including the fact that some of these peaks are false positives. Despite this we found these regions were highly enriched for putative causal SNPs which suggests some function.

It is hypothesised that causal variants are found in functional regions of the genome. To test whether this is true for this study we tested multiple potential causal variant datasets for enrichment in the functional regions described in this study. The enrichment of ChIP-seq peaks for potential causal variants in all datasets was significantly higher than random, although the degree varied across datasets, tissues, and marks. ChIP-seq peaks in mammary gland were particularly enriched for SNPs identified in GWAS for milk production traits. This is consistent with other studies showing trait-associated variants are enriched in peaks from tissues associated with the trait (Ernst et al., 2011; Kundaje et al., 2015). The ChromHMM state with a high probability of all five marks occurring together (State 4-“hyperChIPable regions”) was also enriched for putative causal SNPs while the state with no signal from any functional marks was depleted for all SNP datasets tested. The highest enrichment was observed in peaks which correlated with gene expression. Except for SNPs from conserved regions and the 80 k SNPs, all SNP datasets were highly enriched in these peaks. A potential causal mechanism for these variants would be that they affect the functional mark binding which in turn affects gene expression making these good candidate SNPs for further investigation.

A limitation of the enrichment study is that none of the SNPs tested were confirmed causal variants. Most were SNPs which associate with a phenotype so may be in linkage disequilibrium with a causal variant but are not the causal variant themselves. This means that the enrichment of causal variants (the proportion of which will be different in different datasets) will be diluted by the non-causal variants in the dataset, but it could also mean that our functional regions were just enriched for SNPs in linkage disequilibrium with causal variants. However, the data shows that across multiple SNP datasets using different methodologies there was consistent enrichment for these SNPs within functional regions. This is consistent with studies in human and cattle (Maurano et al., 2012; Schaub et al., 2012; Trynka et al., 2013; Ma et al., 2015; Wang et al., 2017; Fang et al., 2019).

Another possible limitation is that the peaks were enriched because they and the SNPs tested were both near genes. This would mean they are more likely to intersect because of similar distributions in the genome rather than due to a causal variant affecting functional mark binding (Cano-Gamez and Trynka, 2020). To test this, we split the genome into regions based on how far each was from the nearest TSS and tested enrichment with peaks and SNPs just within these regions. In most cases SNPs were enriched in ChIP-seq peaks regardless of the distance of the region being tested from a TSS. This suggests that the enrichment observed was not just a function of proximity to genes. Unfortunately, this could only be tested up to 300 kb in the milk trait GWAS dataset as there were too few SNPs more than 300 kb from a TSS. Due to the small number of SNPs in the GWAS datasets and the fact that they mostly cluster together we were concerned that multiple SNPs from few locations were enriched in few peaks and these SNPs were all tagging one causal variant. To account for this, SNPs were filtered for LD and only the most significant was included from each LD region. This reduced the number of SNPs dramatically but in most cases filtering in this way either improved enrichment or did not change it suggesting successful pruning of SNPs which were in LD with the one causal variant and peaks were still enriched for these variants.

To highlight the utility of the data generated, an example of three SNPs which we hypothesise are good candidate causal variants for important milk traits is shown (Figure 11). In a gene expression QTL study in milk cells, Xiang et al. (2020) found 531 SNPs which significantly associate with expression of the progestagen-associated endometrial protein gene PAEP (Ibeagha-Awemu et al., 2016). In this study, we filtered these 531 SNPs down to three (rs208362116, rs210272536, and rs136737193) that were found in a H3K27ac peak which was higher in mammary gland than the other five tissues. The height of this peak also correlated with PAEP gene expression (r = 0.71, P = 0.002). A genetic variant in this peak which altered its height therefore may also alter PAEP gene expression. Further study would be needed to verify this, but ChIP-seq data enabled us to filter 531 SNPs down to three genetic variants with a potential causal mechanism for altering gene expression.
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FIGURE 11. An example of the utility of this data. Peak 118,300, whose location is shown in the upper panel, is significantly 2-fold higher in mammary gland than other tissues and its height (not shown) correlates (r = 0.71, P = 0.002) with the expression of the gene PAEP. Three geQTL, shown in the red box in the upper and lower panels, which correlate with the expression of PAEP in milk cells, can be found in this peak.


Genomic selection will be more accurate over time and across breeds if causal variants are included in predictive modelling (MacLeod et al., 2016). It is thought that causal variants are found in functional regions of the genome but until recently (Villar et al., 2015; Fang et al., 2019; Kern et al., 2021) these were not well annotated in cattle (Koufariotis et al., 2014; Nguyen et al., 2018). This study annotated functional regions in six tissues in 2–3 Holstein dairy cows using ChIP-seq for four histone modifications and one transcription factor. This is the first time this has been done in the mammary gland of a lactating dairy cow. Although many histone modifications overlapped between tissues, some regions showed a difference in binding across tissues and some peaks were correlated with differences in gene expression. Lastly, we confirmed that putative causal variants were enriched in the functional regions discovered. This confirms that future work should consider using these regions when selecting SNPs for genomic selection (MacLeod et al., 2016; Xiang et al., 2019).
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Supplementary Figure 1 | Pearson correlations of mapped reads with other parameters. (A). The number of peaks found significantly increases as mapped reads increases (r = 0.656, P < 0.001). (B). The percent of the genome covered by narrow peaks significantly increases as mapped reads increase (r = 0.715, P < 0.001). (C). The percent of the genome covered by broad peaks significantly increases as mapped reads increase (r = 0.363, P = 0.036).

Supplementary Figure 2 | Comparison of profiles of H3K27Me3 and H3K27ac at active and inactive genes. Normalised ChIP-seq signal above input signal of the active (H3K27ac) and inactive (H3K27Me3) histone modifications within 2kb of transcription start sites (TSS) for active and inactive genes in all six tissues.

Supplementary Figure 3 | Comparison of replicates in each mark. Pearson correlations of replicates in each mark.

Supplementary Figure 4 | Direction of differential binding. Number of differentially bound peaks with either higher (Up) or lower (Down) binding in heart, liver, kidney, lung, mammary gland (MG), and spleen.

Supplementary Figure 5 | Enrichment of 7 Chromatin states in different tissues at annotated regions of the bovine genome. Where state1 is “inactive promoter,” state 2 is “repressed,” state 3 is “no signal,” state 4 is “hyperChIPable,” state 5 is “active enhancer,” state 6 is “permissive,” and state 7 is “active promoter.” Darker blue indicates higher enrichment.

Supplementary Table 1 | Summary of 86 ChIP-seq datasets. The number of biological replicates is shown for each tissue-mark combination.

Supplementary Table 2 | Summary data for each ChIP-seq library. Information on the number of mapped reads, quality and coverage of the genome for each ChIP-seq dataset.

Supplementary Table 3 | Correlation between ChIP-seq and RNA-seq counts. The number of tests for correlation between gene expression and peak height as well as the number and percentage significantly correlated (P < 0.05) for each mark. All peaks within 100 kb of a gene were tested.

Supplementary Table 4 | Active and inactive genes used for ChromHMM annotation. The number of genes defined as active, tissue-specific active and inactive based on normalised count data from RNA-seq in siz tissues across three animals.

Supplementary Table 5 | Enrichment of 7 Chromatin states in different tissues at annotated regions of the bovine genome. Where state1 is “inactive promoter,” state 2 is “repressed,” state 3 is “no signal,” state 4 is “hyperChIPable regions,” state 5 is “active enhancer,” state 6 is “permissive,” and state 7 is “active promoter.” Darker green indicates higher enrichment.

Supplementary Table 6 | Enrichment of SNP datasets within peaks. The enrichment of each SNP dataset within peaks for each sample. Significance of enrichment or depletion was determined with a hypergeometric test. A summary table is included to the right with average enrichment for each tissue. Darker green indicates higher enrichment.

Supplementary Table 7 | Enrichment of SNP datasets within differentially bound peaks. The enrichment of each SNP dataset within differentially bound peaks for each sample with either higher (Up) or lower (Down) binding. Significance of enrichment or depletion was determined with a hypergeometric test. A summary table is included to the right with average enrichment for each tissue. Darker green indicates higher enrichment.

Supplementary Table 8 | Number of peaks correlated with gene expression. Number of peaks for each mark whose height correlated with gene expression.

Supplementary Table 9 | Enrichment of putative causal variants of peaks and peaks correlated with gene expression. Enrichment of each SNP dataset within peaks and peaks correlated with gene expression. Filtering for correlation with gene expression increased enrichment for causal variants. Enrichment was significant with P < 0.001 for all tests.

Supplementary Table 10 | Enrichment of SNP datasets within ChromHMM states. The enrichment of each SNP dataset within each state in each tissue. Significance of enrichment or depletion was determined with a hypergeometric test. A summary table is included to the right with average enrichment for each tissue.

Supplementary Table 11 | The number of SNPs in each dataset grouped by distance to nearest transcription start site. For each SNP dataset we grouped SNPs based on distance to nearest transcription start site in bins of 100 kb.

Supplementary Table 12 | The number of peaks grouped by distance to transcription start site, averaged over samples. The average number of peaks, grouped by distance to the nearest transcription start site, tested for enrichment.

Supplementary Table 13 | Number of SNPs in milk production QTL datasets after filtering using r2.
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