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Introduction 

Large collaborative initiatives such as FAANG (Kern et al., 2021) and FarmGTEx (Liu et al., 

2022) have generated extensive functional, transcriptomic, and epigenomic datasets that 

greatly enrich our understanding of livestock genomes. These resources, along with curated 

QTL databases (Hu et al., 2022) and multi‑omic datasets generated by individual laboratories, 

provide detailed annotations of regulatory elements, expression patterns, and other 

evolutionary information of animal genomes. However, effectively integrating this expanding 

body of functional information into genomic prediction and causal‑variant mapping remains a 

major challenge. Most genomic prediction models treat sequence variants uniformly, and 

existing approaches that incorporate functional priors generally rely on limited annotations. 

To address these limitations, we developed the Functional‑And‑Evolutionary Multi‑trait 

Importance (FAEMI) framework and performed external validations. FAEMI combines 

multi‑trait posterior inclusion probabilities (PIPs) from Bayesian mixture models with a rich 

collection of functional annotations to quantify each variant’s potential biological relevance. 

Using 16 million sequence variants and 16 traits in 103,000 cows, FAEMI produces a 

genome‑wide score that reflects both statistical evidence and molecular functional context. We 

use independent dairy and beef datasets to demonstrate its utility for improving genomic 

prediction, prioritising causal variants, and guiding biological discovery. 

 

Materials & Methods 
Datasets. Phenotypic data were sourced from DataGene Australia, as described previously 

(Xiang et al., 2021; Xiang et al., 2025). A total of 103,350 dairy animals (Holstein, Jersey, 

crossbred, and Australian Red) were included. Cows were used as the training population and 

bulls as an independent validation set. Sixteen traits related to milk production, fertility, 

mastitis, temperament, and conformation were analysed. As multi-trait Bayesian models 

require uncorrelated traits, we applied a Cholesky transformation (Xiang et al., 2017), reducing 

pairwise correlations to near zero. Imputed 16 million sequence variants using Run7 of the 

1000 Bull Genomes Project (Daetwyler et al., 2014), filtered for imputation accuracy (R² > 

0.4) and MAF > 0.005 were used. 

 

Annotations. Detailed dataset descriptions are provided in (Xiang et al., 2025). A 

comprehensive set of annotations was collated from multiple sources, including FAANG, 

FarmGTEx, AnimalQTLdb, predicted deleteriousness (CADD), cross‑species conservation 

(100–200 mammals), metabolic QTL (LCMS and NMR), 

eQTL/sQTL/aseQTL/asbQTL/hQTL datasets from 24 tissues, enhancer and super‑enhancer 

annotations from CAGE, chromatin compartments from Hi‑C, and population differentiation 

between Bos taurus taurus and Bos taurus indicus. 
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Training FAEMI score. A multi-trait BayesR analysis (implemented via BayesR3) was 

conducted on 16 decorrelated traits using >5 million LD‑pruned variants (r² > 0.995 within 1 

Mb). For each variant, the model produced a posterior inclusion probability (PIPₘₜ, [0,1]) 

representing the probability of affecting at least one trait. To quantify the phenotypic 

importance of each functional class, the study regressed PIPₘₜ on ~50 functional/evolutionary 

categories while adjusting for LD score, SNP density, and minor allele frequency. This yielded 

regression coefficients representing the contribution of each annotation type to PIPₘₜ. 

The resulting regression coefficients were used to compute the Functional‑And‑Evolutionary 

Multi‑trait Importance (FAEMI) score for all 16 million variants, based solely on annotation 

membership. Effects of LD and MAF were removed during score prediction to avoid bias. 

  

Validation and application. Two sets of dairy cattle data and a set of beef data was used for 

validation. Heat‑tolerance phenotypes included declines in milk, fat, protein, and lactose under 

high temperature–humidity, available for ~42,000 Holstein cows and ~4,100 bulls. 1.8 million 

imputed and LD‑pruned sequence variants were partitioned into high, medium, and low 

FAEMI classes (same number of variants in each class). BayesR and BayesRC models assessed 

prediction accuracy using FAEMI‑informed versus uninformed priors, under milk‑adjusted 

phenotypes. Nine beef traits (carcass and growth traits, average sample size = 2,710) from 

multiple beef breeds were analysed with BayesRC to quantify how FAEMI‑ranked variants 

partition heritability (Xiang et al., 2023). Enrichment of FAEMI‑high variants was calculated 

relative to expected proportions based on SNP counts per class. GWAS results of MIR-

predicted blood urea nitrogen (BUN) from Australian dairy cattle (N=12,660) were sourced 

from (van den Berg et al., 2022) for analyses. Variants passed the initial quality check and, 

with a GWAS raw P-value < 0.05, were used (147,320 variants). 

 

Results 

Across all variants, 84% had at least one functional or evolutionary annotation, and variants 

with more annotations tended to have higher PIPₘₜ. The strongest predictors of multi-trait 

importance were LC‑MS metabolite QTL (mQTL), followed by coding‑related annotations, 

allele‑specific binding QTL, various types of regulatory variants, and missense variants. 

Variants predicted as deleterious in humans (CADD ≥ 20, lifted-over to cattle genome) also 

showed strong effects. In contrast, conserved variants retained significance only when 

conserved across 200 mammals, not across smaller phylogenetic groups. Rare variants in Bos 

indicus showed significant effects compared with those common in Bos taurus. 

To validate, we first applied FAEMI score to heat-tolerance data. Variants were classified into 

high, medium, and low FAEMI groups. Across all heat‑tolerance traits (declines in milk, fat, 

protein, lactose yield under heat stress), high‑FAEMI variants increased genomic prediction 

accuracy by 8–13% in models adjusted for baseline milk traits. Incorporating FAEMI as a prior 

into BayesRC improved prediction accuracy by an additional 3–11%. FAEMI‑guided 

fine‑mapping identified SERP2 and TPST1 as strong candidate genes for heat tolerance. 

Variant rs383130643 in SERP2 showed BayesRC PIP of 0.79, relation to enhancer activity, 

and allele‑specific expression. Variant rs876577204 in TPST1 had lactose‑related heat 

tolerance (BayesRC PIP of 0.71) and acted as a multigene cis‑eQTL and aseQTL. 

We then tested the use of FAEMI score in the GWAS results of BUN. The correlation between 

FAEMI score and the significance of the association of variants with BUN was 0.4 (P<2e-16, 

Fig. 1). Removing variants from chromosome 14 reduced the correlation to 0.2, but this 

correlation was still significant. This significant correlation was contributed largely by eQTLs 

and variants under ChIP-seq peaks, suggesting the involvement of the combination of 

transcriptomic and epigenomic regulation in the metabolism of BUN. 
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Figure 1. Correlation between FAEMI score and significance {-log10(P)} of GWAS of BUN 

in Australian cattle.  

 

Lastly, we applied FAEMI in beef cattle data. In partitioning genetic variances across 9 carcass 

traits, we found that high‑FAEMI SNPs (from high-density SNP chip) explained substantially 

more heritability (24%) than expected from their genomic proportion (Fig. 2).  

 

 
Figure 2. Partition heritability of 9 beef traits into 3 FAEMI (A) and random (B) classes. A: 

Class 1: FAEMI high SNPs. Class 2: FAEMI medium. Class 3: FAEMI low or not annotated 

by FAEMI. b: Classes 1-3 are randomly assigned to SNPs.  

 

Discussion 

The FAEMI framework integrates extensive functional and evolutionary annotations with 

multi-trait Bayesian modelling to estimate the probability that genomic variants affect multiple 

complex traits. We identified two loci associated with heat‑tolerance phenotypes: SERP2 on 

chromosome 12 and TPST1 on chromosome 25. SERP2 (Stress-Associated Endoplasmic 

Reticulum Protein Family Member 2) is a protein-coding gene identified as a key genetic factor 

in regulating cellular response to heat stress. The variant rs383130643 within SERP2 showed 

a strong heat‑tolerance signal for milk yield. This variant lies in a CAGE‑annotated enhancer 
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within the SERP2 intron and overlaps multiple ChIP‑seq histone marks, supporting its 

regulatory relevance. It is also a significant allele‑specific expression QTL (aseQTL). The 

second major locus, rs876577204 within TPST1. This variant functions as a multigene, 

multi‑tissue cis‑eQTL, with the strongest effects in rumen, muscle, and blood. It is also a 

significant aseQTL. 

Integrating FAEMI score with GWAS of BUN, a trait involving GxE effects (van den Berg et 

al., 2022), show variants affect this trait potentially via epigenetic pathways. This is a similar 

context to the observation above, where epigenetic regulation is involved in heat tolerance-

associated variants. Therefore, our results suggest future research directions where epigenomic 

markers could be used to improve the prediction of traits involving GxE. 

The FAEMI score was trained in dairy cattle and tested its utility in beef cattle, which have 

low genetic linkage with dairy cows, providing further rigour in the validation. We observe 

FAEMI score was significantly enriched in variants affecting beef cattle traits, suggesting that 

the information in the FAEMI score can be used across breeds. Future tests of FAEMI in a 

larger dataset of beef cattle would further ensure its usage. 

 

Conclusions 
FAEMI framework integrates extensive functional and evolutionary annotations with multi-

trait genomic analysis to more accurately identify biologically important variants and improve 

prediction of complex traits. We provide a powerful foundation for understanding mammalian 

trait architecture and for accelerating the breeding of climate‑resilient cattle. 

 

Acknowledgements 

The Australian Research Council’s Discovery Projects (DP160101056, DP200100499 and 

DP230101352) supported R.X. and M.E.G. DairyBio, a joint venture project of Agriculture 

Victoria (Melbourne, Australia), Dairy Australia (Melbourne, Australia), and the Gardiner 

Foundation (Melbourne, Australia), which funded computing resources used in the analysis.  

 

References  
Daetwyler H.D., Capitan A., Pausch H., et al. (2014) Nat. Genet. 46: 858. https://doi.org/10.1038/ng.3034  

Hu Z.-L., Park C.A. and Reecy J.M. (2022) Nucleic Acids Res. 50, D956-D61. 

https://doi.org/10.1093/nar/gkab1116  

Kern C., Wang Y., Xu X., et al. (2021) Nat. Commun. https://doi.org/10.1038/s41467-021-22100-8  

Liu S., Gao Y., Canela-Xandri O., et al. (2022) A multi-tissue atlas of regulatory variants in cattle. Nat. Genet. 

54: 1438-47. https://doi.org/10.1038/s41588-022-01153-5  

van den Berg I., Ho P.N., Nguyen T.V., et al. (2022) Genet. Sel. Evol. 54: 27. https://doi.org/10.1186/s12711-

022-00719-5  

Xiang, R., Breen, E., Bolormaa, S., et al. (2025) Proc. Natl. Acad. Sci. U S A, 122(49): e2514736122. 

doi:10.1073/pnas.2514736122. https://doi.org/10.1073/pnas.2514736122  

Xiang R., Breen E.J., Bolormaa S., et al. (2021) Commun. Biol. 4(1): 1-10. https://doi.org/10.1038/s42003-021-

02874-9  

Xiang R., Fang L., Liu S., et al. (2025b) PNAS Nexus, 4(7). doi:10.1093/pnasnexus/pgaf208. 

https://doi.org/10.1093/pnasnexus/pgaf208  

Xiang R., Fang L., Liu S., et al. (2023) Cell Genom. 3(10). https://doi.org/10.1016/j.xgen.2023.100385  

Xiang R., MacLeod I.M., Bolormaa S. et al. (2017) Sci. Rep. 7(1): 9248. https://doi.org/10.1038/s41598-017-

09788-9  

 

https://doi.org/10.1038/ng.3034
https://doi.org/10.1093/nar/gkab1116
https://doi.org/10.1038/s41467-021-22100-8
https://doi.org/10.1038/s41588-022-01153-5
https://doi.org/10.1186/s12711-022-00719-5
https://doi.org/10.1186/s12711-022-00719-5
https://doi.org/10.1073/pnas.2514736122
https://doi.org/10.1038/s42003-021-02874-9
https://doi.org/10.1038/s42003-021-02874-9
https://doi.org/10.1093/pnasnexus/pgaf208
https://doi.org/10.1016/j.xgen.2023.100385
https://doi.org/10.1038/s41598-017-09788-9
https://doi.org/10.1038/s41598-017-09788-9

