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To understand the biological function of genomic regions, vast molecular data have been 
generated to annotate mammalian genomes. However, how to effectively use such extensive 
information to improve the mapping and prediction of complex traits, including those that 
respond to climate change, remains unresolved. Here, we apply a Bayesian framework to 
estimate a Functional-And-Evolutionary Multi-trait Importance (FAEMI) score that combines 
extensive functional annotations to predict the probability that a variable genomic site causes 
variation in 16 complex traits of 103 K cattle. The functional annotations include information 
from the transcriptome, epigenome, and metabolome of cattle as well as genome constraints 
across species from multiple genome annotation consortia, covering 2.13 million molecular 
phenotypes from 24 tissues/cell types of 8,446 cattle worldwide. FAEMI analyses quantify the 
phenotypic importance of functional assays to guide future annotation efforts and reveal signif-
icant correlations between molecular functionality and genotype-to-phenotype associations. 
In new data of 45 K cattle with heat tolerance phenotypes, the FAEMI score demonstrates 
significant advantages in improving genomic prediction and mapping. The FAEMI score 
improved genomic prediction accuracy of multiple heat tolerance phenotypes by ~11%. A 
cellular stress-related locus, stress-associated endoplasmic reticulum protein family member 
2 (SERP2), was identified as underlying heat tolerance, with the lead variant (rs383130643) 
associated with enhancer activity. Additionally, high FAEMI-ranking variants are significantly 
enriched in variants affecting beef cattle traits. Together, our work provides methods and 
resources to map informative variants genome-wide, enhancing our understanding of the 
biology behind thermal tolerance and helping breed resilient cattle in a hotter world.

genomic prediction | multi-omics | heat tolerance | cattle | functional annotation

 Many significant traits in evolution, medicine, and agriculture are determined by a large 
number of mutations and environmental effects, i.e., complex traits. Genome-wide associ-
ation studies (GWAS) ( 1 ), especially at the sequence variant level, have identified many 
associations between single-nucleotide polymorphisms (SNPs) and complex traits ( 2 ). GWAS 
have also been extended to identify widespread pleiotropy, i.e., variants associated with 
multiple traits, in mammals ( 3 ,  4 ). However, as GWAS tests variant effects one at a time and 
there is extensive linkage disequilibrium (LD) in animals, most GWAS have failed to prioritize 
causal variants. Therefore, methods jointly analyzing variants, e.g., Bayesian mixture models, 
( 5 ,  6 ) have been developed to improve mapping and genomic prediction.

 Recently, studies have shown that variants with some functional annotations are enriched 
for associations with phenotypes, and therefore, the functional annotations help to identify 
variants with effects on phenotype ( 7       – 11 ). For instance, the cattle Functional-And-Evolutionary 
Trait Heritability or FAETH score ( 8 ) was developed using data from ~44,000 cattle as 
well as functional datasets from a small number of individuals (N < 350). However, due 
to the analytical constraints, each trait and functional category was analyzed one at a time 
in the FAETH analysis. Another noticeable study is Wang et al. ( 10 ) where the authors 
trained Random Forest machine learning models based on expression quantitative trait loci 
(eQTLs) to predict genotype-to-phenotype associations in humans ( 10 ). However, the 
study was limited to eQTL annotations. In short, previous studies cover limited types of 
functional annotations, and none of these prior studies have analyzed traits relevant to 
environmental challenges, which are critical to agriculture and human health.

 There is significant concern that the rising global temperature threatens agricultural and 
cattle productivity ( 12 ). The heat tolerance phenotypes of cattle, broadly defined as resistance 
to productivity decline in a hot environment, are complex traits with significant genetic 
components ( 13 ,  14 ). The biology behind heat tolerance of the host is unknown, but it has 
been assumed to be linked to cellular, morphological (e.g., coat color), behavioral, as well as 
neuro-endocrine systems ( 15 ). Selective breeding of cattle that can adapt to the changing 
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environment will significantly benefit agriculture. Here, we com-
bined functional annotations with Bayesian mixture models ( 16 ) 
to analyze large datasets of cattle heat tolerance to enhance genomic 
mapping and prediction of heat resistance.

 In the current study, we carried out a multitrait Bayesian analysis 
to estimate the probability that each variant affects one or more of 16 
traits. Then, we used a regression analysis to predict this probability 
from a wide list of functional and evolutionary annotations. The 
functional and evolutionary annotations for the cattle genome were 
derived from our summary data from 8,446 cattle, predicted delete-
rious mutations in humans ( 17 ), three global consortia of genome 
annotation [Animal QTL database ( 18 ), FAANG ( 19 ), FarmGTEx 
( 20 )], 2.13 million quantitative molecular traits covering the tran-
scriptome, epigenome, and metabolome from 24 tissues/cell types, 
and sequence data from 81 cattle breeds/subspecies (1,000 Bull 
Genome ( 21 ,  22 )) and 305 vertebrates, mammals, and primates 
[Zoonomia project ( 23 ), Dataset S1 ]. The regression equation gen-
erates a score (the FAEMI score) that predicts the probability that 
each of 16 million variants affects one or more of the phenotypes 
(publicly available at https://figshare.unimelb.edu.au/articles/dataset/ 
Functional-And-Evolutionary_Multi-trait_Importance_FAEMI_ 
score_for_16_million_sequence_variants/27160245?file= 
58912450  with detailed explanation and tutorials). Finally, we 
use the FAEMI score in the analysis of new data on heat tolerance 
of 45 k cattle. We found that the FAEMI score not only increases 
the accuracy of the polygenic prediction or genomic selection of 
cattle heat tolerance but also identifies novel candidates for poten-
tial future intervention. Additional validation analyses in beef 
cattle data also show that high-ranking FAEMI variants are signif-
icantly enriched in QTL for beef carcass traits. 

Results

Analysis Overview. To understand the phenotypic importance of 
functional information, we performed a stepwise analysis. First, 
Bayesian multitrait analyses (24) were applied to 16 decorrelated 

traits from 103 K Australian cows. These traits were daughter 
trait deviations, related to milk production, mastitis, fertility, 
temperament, and body conformation (Fig. 1 and Dataset S2 and 
Methods). The multitrait posterior inclusion probability ( PIPmt ) was 
estimated for each of the 5.3 million variants (pruned variants from 
the total 16 million variants with linkage disequilibrium [LD]-r2 
>0.995 in 1 Mb windows), representing the probability of a variant 
affecting one or more of the 16 traits analyzed. Second, PIPmt was 
regressed on the functional and evolutionary annotations to rank their 
phenotypic importance while accounting for minor allele frequency 
(MAF), LD and SNP density (Fig. 1 and Methods). The importance 
of annotations affecting PIPmt was confirmed by repeating the 
analysis in 9 k bulls. Third, the multiple regression formula was used 
to estimate the probability (score) that each of the 16 million variants 
affected phenotypes based on their functional and evolutionary 
annotations. This score is called Functional-And-Evolutionary 
Multi-trait Importance (FAEMI) score; these are publicly available 
at https://figshare.unimelb.edu.au/articles/dataset/Functional-And-
Evolutionary_Multi-trait_Importance_FAEMI_score_for_16_
million_sequence_variants/27160245?file=58912450. Fourth, the 
FAEMI score was used to categorize those 16 million variants into 
5 strata and multitrait BayesRC genome-wide fine-mapping was 
performed to verify the pleiotropic effects of the FAEMI ranking. As 
an external validation, in a new dataset, we compared the accuracy of 
predicting heat tolerance phenotypes for variants with high and low 
FAEMI scores. We also compared the performance of multiple linear 
regression trained FAEMI score against Random Forest training, our 
previous FAETH score (8) and random variants.

Phenotypic Importance of Functional and Evolutionary Categories. 
A wide variety of functional and evolutionary annotations were used 
so that 84% (13,471,657) of analyzed sequence variants segregating 
in 103 K Australian cows had at least one type of functional and/or 
evolutionary annotation. On average, each variant had 2 functional 
and/or evolutionary annotations (Fig. 2A). For variants with PIPmt 
> 0.1, the top 5,001 variants, there was a tendency for variants 

Fig. 1.   Overview of the analysis. We first used multitrait BayesR to estimate the probability of variants having multitrait effects (Posterior Inclusion Probability or 
PIP

mt
 ). Then, PIP

mt
 was regressed on functional and evolutionary classes. The result was used to rank ~50 functional categories (Dataset S1) and then to estimate 

a Functional-And-Evolutionary Multi-trait Importance (FAEMI) score to rank all variants analyzed. FAEMI score was also used in genome-wide fine mapping. In 
an external validation, we divided variants into high- and low-FAEMI variant sets and then used these variant sets to predict heat tolerance phenotypes (not 
used in training FAEMI score).
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with more functional and evolutionary annotations to have higher 
PIPmt (Fig. 2B).

 FAEMI analysis allowed us to rank the multitrait importance 
of all functional and evolutionary classes included ( Fig. 2C  ). As 
shown in SI Appendix, Fig. S1 , the correlation of phenotypic 
effects between the analyses fitting MAF, LD, and SNP density 
and not fitting MAF, LD, and SNP density was 0.99. However, 
whether all classes were fitted jointly or one at a time did signifi-
cantly affect their effect on  PIPmt    ( Fig. 2C  ). Overall, fitting all 
classes jointly reduced their effects compared to fitting classes 
individually, indicating that some of the annotations were corre-
lated and partially explained the same effects. For instance, the 
phenotypic effects of synonymous variants were large and signifi-
cant when analyzed alone but became small and insignificant after 
fitting all classes jointly, suggesting their importance was largely 
explained by other annotations.

 Consistent with our previous findings ( 8 ), liquid chromatography- 
mass spectrometry LCMS-based metabolite QTL (LCMS-mQTLs, 
56 traits) had the strongest multitrait importance. This was fol-
lowed by several sets of variants related to coding sequence and 
genetic and/or epigenetic regulation, including allele-specific- 
binding QTL (asbQTLs) in blood and cis  gene expression QTL 
(eQTLs) from 16 tissues of the Cattle GTEx ( 20 ,  25 ,  26 ) and 
variants annotated by Variant Effect Predictor (VEP) ( 27 ) related 
to protein coding (VEP_coding.related). This was followed by 
allele-specific-expression QTL (aseQTL) from blood, milk cells, 
liver, and muscle, Cattle GTEx cis  splicing QTLs (sQTLs), histone 
QTLs (hQTLs) ( 28 ) across multiple marks (H3K27ac, H3K4Me1, 
and H3K4Me3) measured by ChIP-seq from mammary gland, 
variants annotated as missense (VEP_missense), and variants pre-
dicted as deleterious mutations by the human CADD score (value 
≧ 20, CADD_Harmful_AM where AM meant the alleles are 
matched between cattle and human) ( 29 ). This set of variants was 
followed by variants annotated as being within splicing sites 

(VEP_splice.site) and variants annotated as under ChIP-seq peaks 
in 3 out of 4 FAANG ( 30     – 33 ) studies (FAANG_ChIP.3studies).

 Metabolic profiles can also be quantified by NMR, and we have 
included another set of mQTLs derived from NMR 
(NMR-mQTLs, see Methods ). This set of mQTLs was the result 
of association mapping 1,688 liver metabolites, and they showed 
significant effects on multiple traits, although the effect of 
NMR-mQTLs was smaller than the effect of LCMS-mQTLs. 
Chromatin architecture annotations based on Hi-C (Methods ) 
were also investigated, and we found that variants within the A/B 
compartment-derived ( 34 ,  35 ) top active and repressed regions 
had significant pleiotropic effects. We also included enhancers and 
super-enhancers, annotated with Capped Analysis of Gene 
Expression (CAGE), from 12 tissues, and variants annotated as 
such showed significant multitrait effects. In addition, we con-
firmed that variants within regions annotated by the Animal QTL 
database ( 18 ) as associated with a wide variety of cattle complex 
traits had significant multitrait effects in this study.

﻿Bos taurus taurus  and Bos taurus indicus  are two major subspecies 
of cattle that diverged ~0.5 Mya ago. We found that variants rare 
(MAF < 0.05) in Bos taurus indicus  had significant pleiotropic 
effects, compared to variants common in Bos taurus taurus  (MA ≧ 
0.1), variants common in Bos taurus indicus  (MAF ≧ 0.05) and 
random variants. Variants at sites conserved across 200 mammals 
also had significant multitrait effects, but variants conserved between 
100 vertebrates or 30 mammals did not. Young variants had small 
but significant (P  = 0.0037) effects on the traits analyzed.

 We have also analyzed other variants with functional and/or 
evolutionary significance, including variants significant for 110 
traits in the UK Biobank ( 36 ,  37 ), in predicted conserved brain 
enhancers ( 38 ), in selection signatures between beef and dairy 
cattle and sites conserved across species (Dataset S1  and Methods ). 
Because these sets of variants did not show stronger pleiotropic 
effects than those of random variants, they were excluded from 

A

B

C

Fig. 2.   Functional and evolutionary classes and their multitrait effects. (A) Distribution of sequence variants based on the number of functional and evolutionary 
annotations (x-axis). (B) Distribution of multitrait posterior inclusion probability ( PIP

mt
 ) across variants with different numbers of functional and evolutionary 

annotations. (C) Ranking of functional and evolutionary classes based on their effects on PIP
mt

 . The Y-axis labels are annotated as class_level with the details 
of functional and evolutionary classes found in Dataset S1. Functional categories were fitted together in one model (blue) or individually (gray). The order of 
functional categories from Top to Bottom is based on the effects estimated jointly. Crosses indicate the effects of functional categories that were not significant 
(P ≧ 0.05). The size of the circles reflects the −log10 of the P-value for their effects on PIP

mt
.
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the current study. Interestingly, the phenotypic effects of conserved 
sites were significant when analyzed alone. After fitting them 
jointly with other classes, only the effect of variants conserved 
across 200 mammals maintained significance.

 To verify our results, we repeated the above analysis carried out 
in cows in data from 9 k bulls with the same 16 traits (Methods ). 
We conducted 16-trait BayesR analyses in these bulls and then 
regressed the  PIPmt    from bulls on functional and evolutionary 
classes. We then checked the correlation of the effects (regression 
coefficients) of functional and evolutionary classes between the 
bull analysis and the cow analysis (SI Appendix, Fig. S2 ). Although 
the effects in the bull analysis had a much smaller magnitude due 
to the smaller sample size, the correlation of phenotypic effects of 
functional and evolutionary classes between bulls and cows was 
0.87, supporting the robustness of our analyses.  

Functional-and-Evolutionary Multi-Trait Importance or 
FAEMI Score. The regression coefficients of ~50 functional and 
evolutionary classes were used to derive the FAEMI score for all 
16 million variants based on their membership in different classes 
and the predicted probability of affecting multiple traits (Fig. 1). 
The FAEMI score was used to divide the 16 M variants into 5 
strata from lowest to highest FAEMI score. Not surprisingly, the 
highest FAEMI stratum was enriched with variants identified 
as QTLs associated with multiple molecular phenotypes (e.g., 
eQTL, sQTL, hQTL, aseQTL, and asbQTL) or identified as 
predicted deleterious mutations by CADD score (Fig. 3A). To 

verify the phenotypic effects of FAEMI score, we conducted a 
16-trait BayesRC analysis fitting 5 strata of variants based on 
the FAEMI ranking (Methods). We found these 5 strata had 
significantly different PIPmt enriched with variants identified as 
QTLs associated with multiple molecular phenotypes (e.g., eQTL, 
sQTL, hQTL, aseQTL, and asbQTL) or identified as predicted 
deleterious mutations by CADD score (Fig. 3A and SI Appendix, 
Fig. S3). In fact, the differences between the strata in PIP were 
10 times bigger than the FAEMI score predicted (Fig. 3B). This 
occurred because in BayesR all variants are assumed to be drawn 
from the same mixture of variant effects, whereas in BayesRC each 
strata has its own mixture of effect sizes.

 Multitrait BayesRC genome-wide fine-mapping prioritized 415 
variants ( PIPmt  ≧ 0.25 ( 25 ,  40 ),  Fig. 3C  ) for the 16 cattle traits. 
Of note, 15 out of 415 variants were orthologs of predicted dele-
terious mutations by CADD ( Fig. 3D   and Dataset S3 ). These 
mutations are recorded as rare disease mutations with low frequency 
in humans [MAF < 0.01, dbSNP ( 41 ) recording], but are common 
in Australian cattle (N = 103 K) with an average MAF of 0.14 (SD 
= 0.15, Dataset S3 ). Many of these mutations are also annotated 
as affecting gene regulation ( Fig. 3D  ), including a regulatory variant 
(Chr14:64454721 or rs445616049) within gene VPS13B , whose 
human ortholog has been associated with Cohen syndrome (devel-
opmental disorder with obesity phenotypes). In cattle, the variant 
increases milk yield, protein yield, and survival and reduces fat, 
infertility, and gestation length ( Fig. 3D  ). These results suggest that 
these human-cattle conserved genomic sites significantly affect 

Fig. 3.   FAEMI categories and pleiotropic effects. (A) Distribution of pleiotropic effects across 16 traits ( PIP
mt

 ) across 5 FAEMI strata. mQTL are metabolic QTL; 
molQTL are variants that are one or more type of eQTL, sQTL, hQTL, aseQTL, and asbQTL; ChIPseq are variants under one or more ChIP-seq mark; AnmQTLdb 
are variants associated with cattle complex traits from Animal QTL database. (B) Comparison of the distribution of pleiotropic effects between BayesR and 
BayesRC across 5 FAEMI strata. Dots represent means, and error bars represent SD. (C) Manhattan plot of cattle PIP

mt
 from multitrait BayesRC genome-wide 

fine-mapping, highlighting variants with important functional annotations. The dashed line indicates a PIP
mt

 = 0.25. (D) Heat map of the cattle variants with 
significant pleiotropic effects that also had CADD predicted deleterious variants (Harmful). Hierarchical clustering was applied to variant effects on traits, and 
the numbers on top indicate the result of clusters. The color scale in cells indicates trait-specific PIP estimates from the multitrait BayesRC analysis; + indicates 
effects that are positive on the trait; − indicates effects that are negative on the trait; CAGE indicates variants annotated as enhancers by Capped Analysis of 
Gene Expression (CAGE) assays; BiBtDiff indicates variants with significant differences in allele frequencies between Bos indicus and Bos taurus subspecies; HiC 
indicates variants with chromatin interactions based on Chromosome Conformation Capture (39).

http://www.pnas.org/lookup/doi/10.1073/pnas.2514736122#supplementary-materials
http://www.pnas.org/lookup/doi/10.1073/pnas.2514736122#supplementary-materials
http://www.pnas.org/lookup/doi/10.1073/pnas.2514736122#supplementary-materials
http://www.pnas.org/lookup/doi/10.1073/pnas.2514736122#supplementary-materials
http://www.pnas.org/lookup/doi/10.1073/pnas.2514736122#supplementary-materials
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phenotypes in both species but had opposite evolutionary paths 
due to very different (epi)genomic selection forces. A full list of 
these potentially causal variants can be found in Dataset S3 .  

FAEMI Score Enhances Genome Prediction of Heat Tolerance. To 
validate the FAEMI score, it was applied to a different dataset with 
heat tolerance phenotypes from cattle. A detailed description of 
these heat tolerance traits can be found in previous studies (13–15, 
42). Briefly, these traits were derived from the decline of milk, fat, 
protein, and lactose yield due to high temperature and humidity 
in (~42,000) Holstein cows, labeled HeatTol.milk, HeatTol.
fat, HeatTol.prot and HeatTol.lact, respectively. 1.8 million 
LD pruned sequence variants in these cows were divided into 
three classes based on their FAEMI score: high-FAEMI (627,502 
variants), medium-FAEMI (627,501 variants), and low-FAEMI 
(627,501 variants). Then, these 3 classes of variants were analyzed 
by BayesR (5, 43) and the effects of these sets of variants, trained in 
those 42,000 cows, were used to predict heat tolerance phenotypes 
in ~4,200 bulls with matching heat tolerance phenotypes.

 The analysis of heat tolerance phenotypes with (adjusted) and 
without (raw) fitting the original milk production traits as fixed 
effects was evaluated (Methods  and  Fig. 4 ). As well as the perfor-
mance of FAEMI score trained by the Random Forest machine 
learning method, the previous FAETH score and the random score 
(Methods ). Across all scenarios, the FAEMI score provided the 
strongest discrimination in genomic prediction accuracy between 
high, medium, and low-ranking variants. In the raw analysis, 
high-FAEMI variants had a relative increase in prediction accuracy 
of 13 to 21% (average=16.7%, calculated as  

rhigh− rlow

rlow
 ), compared 

to low-FAEMI variants ( Fig. 4A  ). Random Forest trained FAEMI 
score had a relative increase in prediction accuracy of 5 to 13% 
(average = 8.5%) while FAETH score had a relative increase in 
prediction accuracy of 5.2 to 5.5% (average = 5.3%) ( Fig. 4A  ). In 
the adjusted analysis high-FAEMI variants had a relative increase 
of 8-13% (average = 11%) in explaining the additional phenotypic 

variance, after fitting milk traits as fixed effects, compared to 
low-FAEMI variants ( Fig. 4B  ). Random Forest trained FAEMI 
score had a relative increase of 1 to 16% (average = 7%) in explain-
ing the additional phenotypic variance, while FAETH score had 
a relative increase of −4 to 9% (average = 3.7%) in explaining the 
additional phenotypic variance. Therefore, our results show that 
the FAEMI score was informative in finding causal variants that 
enhance genomic selection of heat tolerance in cattle.        

 To further explore the utility of FAEMI score in improving 
genomic prediction accuracy, we compared the genomic predic-
tion accuracy of heat tolerance traits with and without using the 
FAEMI score as a biological prior, i.e., BayesRC ( 40 ) VS BayesR. 
There was a relative increase of 3-11% (average = 7%) in pre-
diction accuracy by using FAEMI as a prior (BayesRC), com-
pared to not using FAEMI as a prior (BayesR) ( Table 1 ). This 
further supports that Bayesian genome-wide analysis instructed 
by FAEMI is more informative. To test the usefulness of FAEMI 
score in a wider sample of cattle breeds, we partitioned the her-
itability of nine beef traits (average sample size of 2,710, 
﻿Dataset S4 ) into SNP classes of FAEMI-high, medium, and low 
classes (Methods ). Averaged across these nine beef traits, com-
pared with low-FAEMI SNPs, FAEMI-high and FAEMI-medium 
SNPs explained significantly more heritability [24% (SE = 4.8%) 
and 15.3% (SE = 2.6%), respectively, SI Appendix, Fig. S4 ]. 
These results suggest that FAEMI score is also useful in finding 
informative variants in wider breeds and may improve genomic 
prediction in those breeds. 

 We then examined the top variants prioritized by BayesRC and 
BayesR together with their functional annotations. Consistent with 
the above results, top candidates were better mapped using 
FAEMI-informed BayesRC. One variant (Chr12:14623573 or 
rs383130643) had a BayesRC PIP of 0.79 associated with heat 
tolerance for milk ( Fig. 5A  ), and BayesR PIP of 0.43 ( Fig. 5B  ). 
Chr12:14623573/rs383130643 was located in a CAGE-annotated 
enhancer region ( Fig. 5C  ) within the intronic region of the gene 

A B

Fig. 4.   Validation of FAEMI score. (A) Relative increase in genomic prediction accuracy (Pearson correlation between gEBV and phenotype) for heat tolerance 
traits compared with low-ranking variants. The label H indicates high-ranking FAEMI variants and label M indicates middle-ranking variants; FAEMI_RF indicates 
FAEMI score trained using Random Forest; FAETH indicates our previously developed variant ranking (8); Random indicates classification using random variants. 
(B) Relative increase in genomic prediction accuracy (additional phenotypic variance of heat tolerance traits explained by gEBV) after fitting the corresponding 
milk production traits as fixed effects for heat tolerance traits compared with low-ranking variants.

http://www.pnas.org/lookup/doi/10.1073/pnas.2514736122#supplementary-materials
http://www.pnas.org/lookup/doi/10.1073/pnas.2514736122#supplementary-materials
http://www.pnas.org/lookup/doi/10.1073/pnas.2514736122#supplementary-materials
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stress-associated endoplasmic reticulum protein family member 2 
(SERP2 ), with reported links to cellular stress ( 44 ). Chr12:14623573/
rs383130643 is under multiple ChIP-seq marks (Dataset S5 ) and 
is detected as a multigene and tissue significant eQTL (meta-analysis 
across 16 tissues, Dataset S6 ) ( 25 ). Still, its single-gene or tissue 
significance of eQTL mapping did not reach the declared threshold 
(P = 5 × 10−6 ). However, Chr12:14623573/rs383130643 was also 
a significant aseQTL for SERP2  ( Fig. 5D  ). Another variant 
Chr25:28127643 (rs876577204), had a BayesRC PIP of 0.71 asso-
ciated with heat tolerance for lactose ( Fig. 5E  ) and its BayesR PIP 
= 0.67 ( Fig. 5F  ). Chr25:28127643/rs876577204 is also only a 
multigene and tissue cis  eQTL with the strongest effects (from 
meta-analysis across tissues) in the rumen, muscle, and blood cells 
( Fig. 5G  ). It is located in the gene tyrosylprotein sulfotransferase 1 
(TPST1 ) with reported links to shear stress ( 45 ) and is a significant 
aseQTL for TPST1  ( Fig. 5H  ). A full list of potential causal variants 
for heat tolerance traits can be found in Dataset S6 .           

Discussion

 The FAEMI score combines many annotations of variants to pre-
dict the probability that they affect one or more of the 16 traits 
we analyzed. Compared to our previous study (FAETH score) ( 8 ), 
the derivation of the FAEMI score uses much bigger datasets 
(nearly 3 times larger training data for genotype-to-phenotype 
associations and 25 times more animals with functional data). 
Also, we analyze multiple traits jointly using Bayesian methods, 
which account for LD and phenotypic correlations. Regressing 
Bayesian probability of a variant affecting multiple phenotypes on 
functional annotations together with LD and MAF, FAEMI anal-
yses further correct the ranking for these confounders. Joint anal-
ysis of annotations also accounts for the relationships between 
variants in different annotations, i.e., some variants and their LD 
mates could have multiple annotations. However, our results show 
LD and MAF had little impact on the phenotypic importance 
ranking of functional annotations. This is consistent with our 
previous work ( 8 ). As a result, the FAEMI score significantly out-
performs the FAETH score in improving genomic prediction 
accuracy in external data, demonstrating its robust utility in 
improving the mapping and prediction of complex traits. In addi-
tion, we found that our multiple linear regression trained FAEMI 
score has significant advantages over the Random Forest machine 
learning trained FAEMI score in improving genomic prediction 

accuracy. This is consistent with recent reports where traditional 
predictive models are at least as good as Machine Learning models 
for analyses related to genomic prediction ( 46 ,  47 ).

 Variants with more functional annotations tended to have a 
higher probability of association with more than one trait. 
Although to our knowledge this has not been reported, given that 
many of the annotations used here across populations can be 
viewed as molecular phenotypes [e.g., eQTLs ( 20 ) and hQTLs 
( 28 )], the convergence of pleiotropy at molecular and phenotypic 
levels could be expected. There is correlated information between 
different annotations, so fitting annotations all in one model 
reduces their importance compared to fitting them individually 
( Fig. 2C  ). However, regardless of the modeling method, variants 
associated with metabolic profiles (mQTL) and variants with reg-
ulatory roles in transcriptomic (e/sQTL and ase) and epigenomic 
(asb/hQTL) mechanisms had high importance.

 Although variants conserved across species had significant pheno-
typic effects, different from our previous study ( 8 ), their effect sizes 
were small. Along with correlated information content between anno-
tations as described above, the current study included many more 
types of functional categories and each of them had a substantially 
greater number of biological replicates, and this may have diluted the 
individual contribution of conserved sites to the phenotypic variance. 
In addition, the current study has more stringent corrections for LD 
and MAF. These improvements may have led to differences in rank-
ings of functional annotations compared to our previous work ( 8 ).

 Variants segregating in both humans and cattle have been 
reported ( 48 ). However, we found a handful of variants whose ort-
hologs were predicted by CADD as deleterious in humans, associ-
ated with cattle traits ( Fig. 3C  ). These variants had significantly 
different MAF spectra in cattle and humans, and this suggests these 
variants experienced very different selection during evolution. 
Interestingly, cattle variant Chr14:64454721 or rs445616049 sig-
nificantly associated with milk, fat, and fertility phenotypes is also 
associated with Cohen syndrome in humans, which results in obe-
sity phenotypes. It would be interesting to investigate whether the 
human ortholog variants of Chr14:64454721 or rs445616049 have 
protective effects on lactation and fertility in humans. If the same 
mutation has effects in humans and cattle, it increases the evidence 
that this mutation is causal in both species.

 The FAEMI score was validated using new data with heat toler-
ance phenotypes. The heat tolerance phenotype used is an example 
of genetics-by-environment interaction because it measures how 
much milk yield declines as the temperature and humidity rise. 
Tested in various modeling approaches, high-FAEMI variants con-
sistently had higher genomic prediction accuracy of heat tolerance 
than low-FAEMI variants. These results support the validity of the 
FAEMI ranking and also suggest that FAEMI score can assist in the 
selective breeding of thermal-tolerant cattle, as higher genomic pre-
diction accuracy leads to more efficient breeding ( 49 ,  50 ). Also, we 
highlighted Chr12:14623573/rs383130643 located in SERP2  sig-
nificantly associated with heat tolerance for milk yield and 
Chr25:28127643/rs876577204 located in TPST1  associated with 
heat tolerance for lactose. Both SERP2  and TPST1  have physiolog-
ical links to stress responses ( 44 ,  45 ). Chr12:14623573/rs383130643 
was annotated as an enhancer ( Fig. 5c  ), suggesting that this muta-
tion could be involved in epigenetic regulation. Therefore, these 
results are consistent with the theory that epigenetic regulation is 
significantly associated with gene-by-environment interactions ( 51 ).

 While we provided a proof-of-concept study that supported the 
usefulness of FAEMI score in capturing heritability of beef cattle 
traits (SI Appendix, Fig. S4 ), future studies using a compiled anno-
tation dataset to train FAEMI score with phenotypes from other 
cattle breeds will also be important. This will further validate the 

Table  1.   Comparing genomic prediction accuracy of 
heat tolerance traits using FAEMI as a prior (BayesRC) 
and not (BayesR)

Trait Method Accuracy (R2)
Relative  

increase (%)

 HeatTol.fat  BayesRC  0.115  6.94

﻿  BayesR  0.107 ﻿

 HeatTol.lact  BayesRC  0.083  11.2

﻿  BayesR  0.075 ﻿

 HeatTol.milk  BayesRC  0.151  6.6

﻿  BayesR  0.141 ﻿

 HeatTol.prot  BayesRC  0.175  3.0

﻿  BayesR  0.170 ﻿

Accuracy is the additional phenotypic variance in heat tolerance traits explained by 
gEBV after being adjusted for milk production traits. Relative increase is calculated as 
(R
2

BayesRC

− R
2

BayesR

)∕R
2

BayesR

.

http://www.pnas.org/lookup/doi/10.1073/pnas.2514736122#supplementary-materials
http://www.pnas.org/lookup/doi/10.1073/pnas.2514736122#supplementary-materials
http://www.pnas.org/lookup/doi/10.1073/pnas.2514736122#supplementary-materials
http://www.pnas.org/lookup/doi/10.1073/pnas.2514736122#supplementary-materials
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potential of FAEMI score to enhance genomic selection in more 
cattle breeds. While we showed that potential causal variants could 
impact the phenotype via molecular pathways, future research is 
needed to disentangle the potential causal relationships between 
different annotations (e.g., eQTLs) and heat tolerance traits to 
better understand the molecular drivers of thermal tolerance.

 In conclusion, we developed the FAEMI framework, which com-
bines the information from variant-phenotype associations and 
variant-function assays to rank genome-wide variants. FAEMI anal-
yses inform future annotation experiments, prioritize informative 
variants, elucidate biological mechanisms behind complex traits 
across species and enhance selective breeding for resilient animals 
in the changing environment. FAEMI framework and variant scores 
are valuable methods and resources to better understand mamma-
lian complex traits and achieve sustainable agriculture.  

Methods

Australian Animals and Phenotype Data. Data were collected by farmers and 
processed by DataGene Australia (http://www.datagene.com.au/) for the official 
May 2020 release of national breeding values. No live animal experimentation 
was required. DataGene provided the bull and cow phenotypes as deregressed 
breeding values or trait deviations for cows, and daughter trait deviations for bulls 
(i.e., progeny test data for bulls). DataGene corrected the phenotypes for herd, 
year, season, and lactation following the procedures used for routine genetic 
evaluations in Australian dairy cattle. Phenotype data included a total of 103,350 
animals, including Holstein (6,886♂/87,003♀), Jersey (1,562♂/13,353♀), cross-
breed (36♂/5,037♀), and Australian Red (265♂/3,379♀) dairy breeds. In the FAEMI 
analysis, cows were used as the training set and bulls were used as the validation 
set. In total, 16 traits were studied that related to milk production, mastitis, fertility, 
temperament, and body conformation and the details of these traits can be found 

in Dataset S2. As these traits were to be analyzed by multitrait BayesR (24) which 
requires decorrelated traits, we applied the previously established Chelosky transfor-
mation (3, 52) to decorrelate these 16 traits. After decorrelation, the average Pearson 
correlation r between all trait pairs was −0.0076 (SD = 0.0199).

Genotype Data. The genotype data for Australian cows consisted of 16,251,453 
sequence variants imputed using Run7 of the 1,000 Bull Genomes Project (21, 53).  
The details of the imputation were described previously (16, 54). Briefly, the 
imputation of biallelic sequence variants was performed with Minimac3 (55, 
56) and those variants with imputation accuracy R2 > 0.4 and minor allele 
frequency (MAF) > 0.005 in both bulls and cows were kept. The choice to use 
imputation accuracy R2 > 0.4 was based on our empirical studies (57, 58), which 
supports this cutoff as the best for sequence analyses in cattle. Bulls were gen-
otyped with either a medium-density SNP array (50 K: BovineSNP50 Beadchip, 
Illumina Inc) or a high-density SNP array (HD: BovineHD BeadChip, Illumina 
Inc) and cows were genotyped with the BovineSNP50 Beadchip (Illumina 
Inc) and a low-density customized panel. The genotype data for CattleGTEx 
animals were generated previously (20) and included a total of more than 6 
million sequence variants imputed also using Run7 of the 1,000 Bull Genomes 
Project keeping variants with the imputation dosage R-squared > 0.8 and 
MAF > 0.001.

Functional and Evolutionary Data. Different datasets were collected, assem-
bled, and analyzed to extract functional and evolutionary information as described 
in Dataset S1. Details of these datasets are described in SI Appendix, Methods.

Multitrait BayesR. The first analysis was a multitrait BayesR without any biological 
priors (no classes). All Bayesian analyses used the implementation of BayesR3 (43) 
using data from 16 decorrelated traits with more than 5 million pruned or clumped 
sequence variants. The pruning from 16 to 5 million variants used plink1.9 with 
LD-r2 > 0.995 in 1 Mb windows and the clumping (described later) also used these 
two parameters. The model uses the general BayesR model as detailed below:

A

E F G H

B C D

Fig. 5.   Examples of fine-mapping and annotation for heat tolerance traits. (A) BayesRC mapping (posterior inclusion probability or PIP) for heat tolerance with 
milk yield for the region surrounding Chr12:14623573 (rs383130643, blue triangle) within stress-associated endoplasmic reticulum protein family member 2 
(SERP2, genes indicated by blue lines in the x-axis). For all association tests, C is the effect allele of Chr12:14623573/rs383130643 and T is the alternative allele. 
(B) BayesR mapping for heat tolerance with milk yield for the region surrounding Chr12:14623573. (C) Distribution of BayesRC PIP across Capped Analysis of 
Gene Expression (CAGE) annotations of multiple cattle tissues. (D) Allele-specific expression QTL (aseQTL) mapping results from liver near the SERP2 region. 
The blue triangle highlights the effect of Chr12:14623573/rs383130643 as an aseQTL for SERP2. (E) BayesRC mapping of heat tolerance with lactose yield for the 
region surrounding Chr25:28127643 (rs876577204, blue triangle) within tyrosylprotein sulfotransferase 1 (TPST1). For all association tests, G is the effect allele of 
Chr25:28127643/rs876577204 and A is the alternative allele. (F) BayesR mapping of heat tolerance with lactose yield for the region surrounding Chr25:28127643. 
(G) Effects of Chr25:28127643 on gene expression from the eQTL meta-analysis of different cattle tissues. Each cell is the t value (beta/se) of the variant in the 
meta-analysis, which tests whether the variant has an effect in at least one gene across 16 tissues (25). The number of genes (nGenes) affected per tissue is 
shown in the line graph. (H) Allele-specific expression QTL (aseQTL) mapping results from milk cells near the TPS1 region. The blue triangle highlights the effect 
of Chr25:28127643/rs876577204 as an aseQTL for TPS1.

http://www.datagene.com.au/
http://www.pnas.org/lookup/doi/10.1073/pnas.2514736122#supplementary-materials
http://www.pnas.org/lookup/doi/10.1073/pnas.2514736122#supplementary-materials
http://www.pnas.org/lookup/doi/10.1073/pnas.2514736122#supplementary-materials
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where y = vector of n cow phenotypes, b = vector of p fixed effect solutions,  
X = design matrix allocating phenotypes to fixed effects (X = n by p matrix),  
v = vector of m SNP effects, W = design matrix of SNP marker genotypes (n by m 
matrix), and e = vector of n residual errors, distributed N(0, Eσ2e), where σ2e = 
error variance and E = is a diagonal matrix constructed as diag(1/wi), where wi is 
the weighting coefficient for each animal. Weighting coefficients were calculated 
differently for cows following Eqs. 2 and 3 of Garrick et al. (59), with the heritability 
of each trait determined by GREML, implemented using MTG2 [Lee and Van der 
Werf (60)]. The pedigree was not fitted. Different from ordinary BayesR, multitrait 
BayesR estimates a multitrait posterior inclusion probability ( PIPmt ) or Q2 value 
for each SNP which is the probability that this variant is associated with at least 
one of the analyzed traits. As a validation, we also applied the same multitrait 
BayesR for the same 16 traits from 9 k bulls (Dataset S2).

Multiple Regression of Q2 on Functional and Evolutionary Classes. The 
following multiple regression was used to jointly analyze all functional and 
evolutionary classes (see detailed explanation of these classes in the SI Appendix):

where Q2 was the PIPmt from multitrait BayesR on 5 M variants; VEP was a factor 
consisting of 9 levels of UTR, coding.related, gene.end, intronic, missense, 
non.coding.related, splice.site, synonymous and intergenic; FAANG. ChIP 
was factor including 4 levels of Annotated.1study, Annotated.2studies, 
Annotated.3studies, and the remaining variants; CAGE was a factor including 
4 levels of Enhancer&Super.enhancer, TSS, super.enhancer, and remaining 
variants; HiC  was a factor including 3 levels of topActive, topRepressed, and 
remaining variants; AnimalQTLdb was a factor including 2 levels of annotated 
and the remaining variants; cGTEx. eQTL was a factor including 3 levels of cis.
eQTL, cistrans.eQTL, and remaining variants; cGTEx. sQTL was a factor includ-
ing 3 levels of cis.sQTL, cistrans.sQTL, and remaining variants; aseQTL was a 
factor including two levels of cis.aseQTL and remaining variants; asbQTL was 
a factor including 4 levels of H3K4Me1.asbQTL, H3K4Me3.asbQTL, Multiple.
mark.asbQTL, and remaining variants; hQTL was a factor including 3 levels of 
H3K4Me3.hQTL, Multiple.mark.hQTL, and remaining variants; LCMS.mQTL was 
a factor including 2 levels of LCMS.mQTL and remaining variants; NMR.mQTL 
was a factor including 2 levels of NMR.mQTL and remaining variants; SNP. age 
was a factor including 2 levels of young and remaining variants; Species. diff  
was a factor including 2 levels of Indicus.rare and remaining variants; Conserved 
was a factor including 5 levels of Cons100v, Cons100v30m, Cons200m, 
Cons30m, and remaining variants; Human. harmful was based on Combined 
Annotation Dependent Depletion or CADD score on the human genome (see 
Supplementary information) and was a factor including 3 levels of Allele.
matched, Non.allele.matched, and remaining variants; LD was a continuous 
variable of LD score of each variant; MAF was a continuous variable of minor 
allele frequency; SNP.density was a continuous variable of the number of SNPs 
in the LD scoring window; e was the error term. For the factor of VEP, the refer-
ence level was set to intergenic and for other factors, the reference level was set 
to the remaining variants. See Dataset S1 and the above Method sections for 
details of functional classes and levels. Functional and evolutionary classes on 
all 16 million variants are publicly available at https://figshare.unimelb.edu.au/
articles/dataset/Functional-And-Evolutionary_Multi-trait_Importance_FAEMI_
score_for_16_million_sequence_variants/27160245?file=58912450.

As a comparison, we also trained FAEMI score following the suggestion from 
Wang et al. (10). The same set of response and explanatory variables listed in 
Eq. 2 were analyzed by Random Forest implemented in the R package (v4.0.0) 
“ranger” in the same training data. The number of trees was set to 2000, other 
parameters used the default setting. Then, FAEMI score was repredicted based 
on the coefficients from the Random Forest training.

Functional-And-Evolutionary Multi-trait Importance, FAEMI score. Using 
regression coefficients obtained from Eq. 1, we made predictions of FAEMI score 
all variants given their membership of functional and evolutionary classes, i.e., 
design matrix:

where Φ was the design matrix of functional and evolutionary classes, where 
factors had cell values of either 1 or 0, and �̂ was the effects or regression coeffi-
cients of functional and evolutionary classes estimated from Eq. 1. While we have 
adjusted MAF and LD in estimating ̂� , in predicting FAEMI score, we excluded the 
effects of MAF and LD because we did not want to bias the score based on these.

FAEMI Score Strata Used in Multitrait BayesRC. With the FAEMI score 
estimated for 16 million sequence variants, we performed LD clumping using 
plink1.9 (61) with LD-r2 > 0.995 in 1 Mb windows for the first 1-3 quartiles 
of variants (12,182,274 variants). The clumping using the FAEMI score led to 
4,125,432 variants and we divided them into 4 strata where the 1st strata had 
the highest FAEMI score and the 4th strata had the lowest FAEMI score. For the 
3,853,170 (out of the total 16 M) variants that ranked in the 4th quartile of 
FAEMI score, we conducted pruning with LD-r2 > 0.995 in 1 Mb windows. This is 
because this set had little information on the FAEMI score to prioritize variants. The 
pruning of this set of variants led to 1,238,711 variants. Combining the results 
from clumping and pruning led to a total of 5,364,143 variants within 5 strata 
where the 1st strata had 1,040,404 variants, the 2nd, 3rd, 4th, and 5th strata had 
1,033,994, 1,031,806, 1,019,228, and 1,238,711 variants respectively. Then, 
these five groups were used as variant priors in BayesRC to analyze the same data 
as described in Eq. 1. BayesRC divides the variants into classes (“c”, here c = 5) 
according to prior biological information and estimates the mixing proportions 
of the four normal distributions separately for each class of variants. The BayesRC 
(62) model used here for association analysis of phenotypes was

where yPM was the vector of corrected phenotypes for a given trait, W was the design 
matrix of marker genotypes, centered and standardized to have a unit variance, v 
was the vector of variant effects, X was the design matrix allocating phenotypes to 
fixed effects, and b was the vector of fixed effects. As a result of 50,000 iterations 
with 25,000 burn-ins of Markov chain Monte Carlo (MCMC) with 10 independent 
chains tested, the effect v for each variant jointly estimated with other variants was 
obtained. This mixture of distributions is modeled independently in each class of 
variants to allow for different mixture models per class (“c”).

Validation Using Heat Tolerance Data. We used the heat tolerance pheno-
types of cattle for validation. Detailed descriptions of heat tolerance traits can be 
found in previous studies (13–15, 42), but briefly, these traits were derived from 
the decline of milk, fat, protein, and lactose yield due to high temperature and 
humidity in Holstein cows, labeled HeatTol.milk (N = 41,028), HeatTol.fat (N = 
41,028), HeatTol.prot (N = 41,028), and HeatTol.lact (N = 29,320), respectively. 
We also used data from Holstein bulls as a validation dataset for genomic pre-
diction of heat tolerance as described later [HeatTol.milk (N = 4,136), HeatTol.
fat (N = 4,136), HeatTol.prot (N = 4,136), and HeatTol.lact (N = 3,009)]. The 
derivation used reaction norm models based on the temperature–humidity index 
(THI). The weather data from 2001 to 2021 comprised hourly measures of dry 
bulb temperature and relative humidity obtained from the Bureau of Meteorology 
(Melbourne, Australia) for 474 weather stations located in 6 different states of 
Australia. The information on the location of each dairy herd was obtained from 
DataGene to match with the respective weather station. In total, we matched 
136 stations to 10,694 herds, which are within 60 km of the respective closest 
weather stations.

We used the genotype dataset described previously (25) which were 
1,882,504 LD pruned (r2 < 0.9) variants imputed using Run7 of the 1,000 Bull 
Genomes Project (21, 53). The details of the imputation were described previously 
(63). Briefly, the imputation of biallelic sequence variants was performed with 
Minimac3 (55, 56) and those variants with imputation accuracy R2 > 0.4 and 
minor allele frequency (MAF) > 0.005 in both bulls and cows were kept. These 
1,882,504 variants were divided into three classes using FAEMI score: high-
FAEMI (627,502 variants), medium-FAEMI (627,501 variants), and low-FAEMI 
(627,501 variants). Then, these 3 classes of variants were jointly analyzed by 

[1]y = Xb +Wv + e,

[2]

Q2= intercept+VEP+FAANG. ChIP+CAGE+HiC

+AnimalQTLdb+ cGTEx. eQTL+ cGTEx. sQTL+aseQTL

+asbQTL+hQTL+ LCMS.mQTL+NMR.mQTL+SNP. age

+Species. diff +Conserved+Human. harmful+ LD

+MAF+SNP. density+e,

[3]FAEMI score = Φ�̂,

[4]yPM = Wv + Xb + e,

http://www.pnas.org/lookup/doi/10.1073/pnas.2514736122#supplementary-materials
http://www.pnas.org/lookup/doi/10.1073/pnas.2514736122#supplementary-materials
http://www.pnas.org/lookup/doi/10.1073/pnas.2514736122#supplementary-materials
https://figshare.unimelb.edu.au/articles/dataset/Functional-And-Evolutionary_Multi-trait_Importance_FAEMI_score_for_16_million_sequence_variants/27160245?file=58912450
https://figshare.unimelb.edu.au/articles/dataset/Functional-And-Evolutionary_Multi-trait_Importance_FAEMI_score_for_16_million_sequence_variants/27160245?file=58912450
https://figshare.unimelb.edu.au/articles/dataset/Functional-And-Evolutionary_Multi-trait_Importance_FAEMI_score_for_16_million_sequence_variants/27160245?file=58912450
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BayesRC (40, 43) to partition genetic variances in cows. Also, we trained BayesR 
(5, 43) effects of FAEMI-high and FAEMI-low variants separately in cows and 
used these to predict heat tolerance phenotypes in bulls. This would allow the 
comparison of genomic prediction accuracy of heat tolerance traits between 
FAEMI-high and FAEMI-low variants. In both BayesRC and BayesR analyses, 
we evaluated analyzing heat tolerance phenotypes with and without fitting the 
original milk production traits as fixed effects, e.g, fitting milk yield as a fixed 
effect when analyzing HeatTol.milk, to account for the correlation between heat 
tolerance and original phenotypes. The analysis of heat tolerance without fitting 
original milk production traits as fixed effects was labeled as “raw,” whereas the 
analysis of heat tolerance fitting original milk production traits as fixed effects 
was labeled as “adjusted.”

Bayes R models the prior distribution of variant effects as a mixture of four 
normal distributions including a null distribution, zero-effect [ N(0, 0.0�2

g) ], and 
three others: small-effect [ N(0, 0.0001�2

g) ], medium-effect [ N(0, 0.001�2
g) ] 

and large-effect [ N(0, 0.01�2
g) ], where �2

g is the additive genetic variance for 
the trait. Partitioning heritability using BayesRC followed previous protocols (25). 
The model of BayesRC is the same as Eq. 4 described above, however the variant 
priors are three classes: high-, medium-, and low-FAEMI score (c = 3). In the 
raw analysis, the heritability of four heat tolerance traits was 0.185 for HeatTol.
fat, 0.223 for HeatTol.lact, 0.228 for HeatTol.milk and 0.188 for HeatTol.prot. In 
the adjusted analysis, the heritability of four heat tolerance traits was 0.093 for 
HeatTol.fat, 0.094 for HeatTol.lact, 0.1 for HeatTol.milk and 0.139 for HeatTol.prot.

We evaluated using BayesR to train high-FAEMI variants and low-FAEMI variants 
separately in cows and predict the heat tolerance traits in bulls. This means that for 
each heat tolerance trait, BayesR effects for high-FAEMI variants and low-FAEMI 
variants were generated separately to estimate high-FAEMI-gEBV and low-FAEMI-
gEBV, of which the accuracy was tested in bulls. The modeling approach of BayesR 
is similar to BayesRC but without the variant classes. Where BayesR gEBV of heat 
tolerance were obtained after fitting milk production traits in cows (“adjusted” as 
described above), in the prediction in bulls, we estimated the additional phenotype 
variance explained by gEBV. This was done by first fitting a baseline model

to estimate the R2
1
 ; and fitting a secondary model

to estimate R2
2
 . The additional phenotype variance explained by gEBV or ΔR = 

R2
2
− R2

1
 . ΔR was estimated for both gEBV calculated using high-FAEMI variant 

and low-FAEMI variant effects trained by BayesR.

Analyses of Beef Cattle Traits. The nine beef phenotypes used were a subset 
of a previous study (64), covering body weight, muscle mass, intramuscular fat, 
carcass yield, and marbling score (Dataset S4). Breeds of Angus, Murray Gray, and 
Hereford were used. Genotypes included 729,068 SNPs from the bovine High-
density panel. SNPs were categorized into FAEMI-high, medium, and low and 
were analyzed by BayesRC using Eq. 4. Partitioning heritability followed previous 
protocols (25). Briefly, first, the following equation was used:

where Nsclassi
 was the number of small-effect variants in class i (e.g., high-FAEMI 

SNPs), Nmclassi
 was the number of medium-effect variants in high-FAEMI SNPs, 

and Nlclassi
 was the number of large-effect variants in high-FAEMI SNPs. Then, for 

each class, we used

to calculate h2 for each class ( h2
classi

 ), and then, the observed proportion of h2 
explained by each class as

where N. class was the total number of classes fitted in the model. We derive an 
expected h2

classi
% , or E(h2

classi
% ) using the h2

class
% and the proportion of variants 

for the remaining class (low-FAEMI or non-FAEMI SNPs):

The difference between observed heritability explained and expected heritability 
explained is interpreted as more heritability explained than expected.

Data, Materials, and Software Availability. The FAEMI variant scores 
and all annotation categories are publicly available at https://figshare.
unimelb.edu.au/articles/dataset/Functional-And-Evolutionary_Multi-trait_
Importance_FAEMI_score_for_16_million_sequence_variants/27160245?-
file=58912450, which is accompanied by detailed explanations and tutorials. 
The Hi-C data (raw sequence) are available as part of the FAANG consortium 
via European Nucleotide Archive (ENA) under the biosample accessions of 
SAMEA4675143, SAMEA4447814, and SAMEA4447787, under the study 
accession of ERP182606. CAGE data are available via the ENA under study ID 
PRJEB43513 and PRJEB44817, respectively (65). The FAANG ChIP-seq data 
can be obtained via publications (31–33). RNA-seq data related to e/sQTL 
mapping can be accessed via the CattleGTEx consortium: http://cgtex.roslin.
ed.ac.uk/. Linear mixed model-based summary statistics of mapped eQTLs and 
sQTLs from each of the 16 tissues and the multitissue analysis are available 
at figshare: https://melbourne.figshare.com/articles/dataset/eQTL_and_sQTL_
from_16_cattle_tissues_linear_mixed_model_/19793047. The RNA-seq data 
related to aseQTL mapping are published via NCBI SRA with accession number 
PRJNA682457; ChIP-seq data related to hQTL and asbQTL mapping are availa-
ble via ENA with accession number PRJEB52456 (28). The human CADD score 
can be found at https://cadd.gs.washington.edu/. The DNA sequence data as 
part of the 1,000 Bull Genomes Consortium are available to consortium mem-
bers. Sequence data from the 1,000 Bull Genome Project have been made 
publicly available at EBI: https://www.ebi.ac.uk/eva/?eva-study=PRJEB42783. 
DataGene Limited (http://www.datagene.com.au/) manages the raw phenotype 
and genotype data of Australian dairy animals, and access to these data for 
research purposes may be granted upon request to DataGene. Other supporting 
data are shown in the Supplementary Materials of the manuscript. No original 
computer codes are generated in the current study. The linear mixed model 
analysis used GCTA (66). Bayesian analysis used BayesRC (40, 43).
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[5]yHeatTol = milk _ traits + e,

[6]yHeatTol = milk _ traits + gEBVHeatTol + e,

[7]

Vaclass = Va × Nsclassi
× 0.01% + Va × Nmclassi

× 0.1% + Va × Nlclassi
× 1% ,

[8]h2 =
Va

(

Va+Ve
) ,

[9]h2
classi

% =

h2
classi

∑N.class

1
h2
classi

,

[10]E(h2
classi

% ) =

h2
classremaining

%

Variantsclassremaining %
× Variantsclassi % .
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