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Introduction 
Epigenetic mechanisms allow the genome to adjust function in response to environmental 

stressors and play an important role in cell differentiation and embryonic development. The 

role of epigenetic information in livestock production has become a highly researched topic 

both to better understand the lasting effects of management strategies and in the possible utility 

for genetic selection. Nutritional interventions, disease, and stress have been shown to affect 

epigenetic patterns in livestock, some having intergenerational effects (Wang and Ibeagha-

Awemu, 2021). Genetic evaluations using DNAm, the most well understood epigenetic 

mechanism, in addition to traditional genetic variants have been attempted to varied success 

(López-Catalina et al., 2025). Epigenetic information could capture more environmental and/or 

gene x environment effects than currently possible through accounting for environmental 

classes in genetic evaluations alone, because it captures how the individual cow responds to 

environmental factors that may or may not usually be reported. However, applying epigenetic 

information in genetic evaluations is further complicated by many factors including that 

epigenetic patterns change over time, across tissues, and that inheritance is not well-

understood. The use of DNAm in phenotypic prediction may be more straightforward as an 

animal’s genomic predicted performance could be adjusted based on their DNAm status at loci 

that are affected by environmental stress and lead to phenotypic variation. However, this is 

currently limited because most studies that have identified such loci are done with animals 

from one herd. We do not know how different epigenetic patterns are between animals of 

different farms or if their epigenetic responses to stressors will differ based on the larger 

environmental context. This study begins to address that limitation by comparing DNAm 

across two farms in animals of similar age and breed. We identified regions of differential 

methylation between farms in regions of the genome with known associations to phenotypic 

variation that demonstrate there could be baseline differences in DNAm patterns across 

environmental contexts that could complicate applying results from one herd to another.     

 

Materials & Methods 
Animal Use and Biological Sampling. All animal care and use was approved by Cornell 

University’s Institutional Animal Care and Use Committee (IACUC #2014-0121). Animals 

from the Cornell Veterinary Teaching Dairy (Farm A) and Cornell University Ruminant 

Center (Farm B) were used to identify differences in DNAm patterns between animals of the 

same breed and age raised in two environments. The farms are managed independently; 

however, both participate in research and teaching endeavours, are managed to exemplify a 

commercial farm in New York State, and average around 41 kg of milk per cow per day. Farm 

A has 175 adult animals while Farm B has 700 animals. At each farm, blood was collected 

from 12 Holstein calves at 24-48 hours after birth and from 12 primiparous Holstein cows at 

30 ± 7 days in milk (DIM) with a mean age at first calving of 23 months. Due to sampling 

limitations in Farm B, the birth cohort consists of 8 male and 4 female calves while the birth 

cohort on Farm A consists of only female calves. To our knowledge, no animals used in this 

study were previously on an experimental intervention study, though they could have been used 

for observational studies or teaching demonstrations.  
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DNA Isolation and DNAm Sequencing. Whole blood genomic DNA was isolated from each 

animal’s blood (n=48) using a protocol based on the Gentra PureGene Extraction Kit. DNAm 

was evaluated using whole genome bisulfite sequencing (WGBS). Sample quantity, quality, 

and purity were examined using a Quibit Fluorometer and gel electrophoresis. Library 

preparation and sequencing was performed by Novogene Inc using an Illumina Novaseq 6000 

sequencer (Lincoln, NE). Samples from Farm A had an average sequencing depth of 10x and 

coverage of 95%, while Farm B had an average sequencing depth of 7x and coverage of 93% 

due being sequenced in different batches. 

 

Analysis of Sequencing Data. Quality control, alignment, and methylation calling was carried 

out using the msPIPE pipeline (Kim et al., 2022) and ARS/UCD 1.2 bosTau9 reference genome 

(Rosen et al., 2020). Methylation was called for all three cytosine contexts, CpG, CHG, and 

CHH, where H represents any base beside guanine. Non-CpG and unmapped cytosine sites 

were filtered out before further analysis. Differentially methylated regions (DMR) were 

identified using DMRichR v.1.7.1 between farms for each timepoint separately (Birth and 

30DIM) (Laufer et al., 2021). All default settings of DMRichR were used with the exception 

of increasing to 20 permutations. DMRichR smooths individual methylation levels, uses a 

generalized least squares model with nested autoregressive correlated error structure to 

quantify the difference in DNAm between farms for each candidate DMR, then tests DMR 

significance through permutation testing. Sex and age at first calving were included as 

adjustment variables in the Birth and 30DIM analysis respectively. False discovery rate 

adjusted q-values were calculated using the Benjamini-Hochberg procedure. Only DMR with 

greater than a 20% difference in DNAm between farm groups and with an FDR adjusted q-

value less than 0.05 were reported as significant DMR. DMRs were annotated to the nearest 

gene using DMRichR. Smoothed DNAm levels were also used to run a Principal Component 

Analysis (PCA) and conduct an ANOVA test for global differences in DNAm levels using 

DMRichR. All Cattle QTL were downloaded from the AnimalQTL Database and an 

enrichment analysis of QTL directly overlapping DMR was conducted using GALLO v 1.5 

(Fonseca et al., 2020; Hu et al., 2022). DMR that were near cattle correlated regions of systemic 

interindividual epigenetic variation (CoRSIVs) were also identified (Chang et al., 2024).   

 

Results and Discussion 

Global DNAm Characterization. For both timepoints, PC1 was highly correlated with a 

sample’s global DNAm level (Birth = -0.95, 30DIM = -0.97) and PC2 was able to visually 

separate samples by farm and accounted for about 8% of total variance in DNAm at both 

timepoints (Fig. 1). Average global methylation levels were different between farms at 30 DIM 

(F-Statistic = 5.04 and p-value = 0.04) but not at birth. 

 

DMR Characterization. In calves at birth, two DMR between farms were identified across 

autosomes. Both were annotated to intronic regions of genes. One of these was in the intronic 

region of MTMR3, a myotubularin related protein gene, and was within 500 kb of a predicted 

cattle CoRSIV. In primiparous cows at 30 DIM, 49 DMR between farms were identified (Fig 

2A). Five of these are on the X chromosome, each in the promoter of different genes: CASK, 

SH3KBP1, GDI1, MTMR1, and ARHGAP4. There are also three other DMR that are within 

500kb of predicted cattle CoRSIVs, two of which fall in intronic regions of IGF2 and one in 

MTMR3. The DMR at 30DIM in MTMR3 overlaps the DMR found in the gene at birth possibly 

representing a conservation of the DNAm difference throughout development, consistent with 

the current understanding of CoRSIVs. At both timepoints, this DMR has higher DNAm in 

Farm A animals and as DNAm in gene bodies is positively associated with expression, it is 

possible there is decreased expression in cows from Farm B (Moore et al., 2013). The proximity  
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Figure 1. Principal component analysis (PCA) of individual smoothed DNA methylation 

across 20 kilobase windows globally. Ellipses represent the 68% confidence interval. A) Results from 

samples taken at birth and B) at 30 days in milk (DIM). 

 

 
Figure 2. A) Manhattan plot of all differentially methylated regions (DMR) identified between 

farms in primiparous cows at 30DIM. Empirical p-value of 0.05 indicated by black dashed line and FDR-

corrected q-value of 0.05 indicated by red dotted line. Only DMR with a greater than 20% difference in DNAm 

between farms are colored and are colored by which farm had higher DNAm levels. B) Bar plot depicting the 

number of QTL that overlap 30DIM DMR colored by the type of QTL and faceted by which farm had higher 

DNAm levels at that DMR. Only QTL from traits that were significantly enriched are included.  
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of this DMR to a CoRSIV could also mean that the DNAm difference could extend to other 

tissue types. While the number of DMR found between farms may seem low, previous analyses 

conducted by our group using the same data and methodology but comparing animals within a 

farm, yielded no significant DMR, exemplifying the importance of these results. 

Across all DMR at 30DIM, QTL that overlapped DMR were significantly enriched for 57 

different traits compared to the rest of the genome (adj. p-value <0.05). The majority of these 

were meat/carcass traits (30%) followed by health traits (25%). Thirty-eight DMR overlapped 

QTL of enriched traits and 17 had higher DNAm in Farm A than B (Fig 2C). One DMR in an 

intergenic region on chromosome 26 overlaps 32 QTL, many of which are for meat and carcass 

related traits. Differential methylation of QTLs could result in differential expression of QTLs 

and phenotypic variation between farms. 

 

Limitations: The goal of the study was to simply determine if there were differences in DNAm 

of similarly aged animals from different farms. As such, there were no interventions to or 

surveys of herd management practices that could be used to determine which factors could be 

influencing DNAm differences, but possibilities include nutrition, stress, and disease 

management. Animals on different farms are less genetically related than within farms due to 

differences in sire and cow lineages which could also be associated with some of the DNAm 

differences observed. Due to sampling restrictions, sex was not balanced between farms in birth 

samples and the effect of sex on DNAm may bias results. To account for this, sex was included 

as an adjustment variable and the birth analysis was limited to autosomes. DNAm can differ 

between tissues and only blood was used in this study, so beyond regions overlapping 

CoRSIVs, predictions about DNAm in other tissues cannot be made.  

 

Conclusions 

This study begins to address a common limitation of many DNAm studies by evaluating 

DNAm differences between animals on different farms. More differences in DNAm were 

identified between primiparous cows than calves across farms, suggesting methylomes may 

differentiate further with age or prolonged exposure to the environmental differences. 

Differences in DNAm were found in QTL relevant for many production traits which could 

result in differential expression of these QTL related to downstream phenotypic differences 

between farms. 
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