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Abstract

Food security is impacted by disease and it is vital to ensure genetic improvement in disease resistance is

sustainable. This study was conducted to identify genetic markers for disease resistance in cattle (bovine Article History
tuberculosis) and pigs (porcine respiratory disease syndrome), by using a case Post quality control, 612,447 Received:
(cattle) and 62,103 (pigs) SNPs were analysed. Ensemble prediction was the most accurate, and January 12, 2026
significantly higher than GBLUP and Bayesian methods. A total of 46 genome wide significant SNPs were

identified (27 in cattle, 19 in pigs), with the strongest association observed for rs80775688 mapping to a gt

candidate gene involved in Toll like receptor signaling. Genomic heritabilities (on the liability scale)

ranged between 0.381-0.453. Validation rate was 82%. Gene Ontology analysis identified over- Margh 19, 2026

represented immune pathways such as Toll Survival analysis also identified that high.
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INTRODUCTION

Livestock diseases are a major threat to food and the
economy. Conventionally used methods of disease
control (chemotherapy and vaccines) are ineffective
as pathogens are becoming resistance to medications
and antibiotics in the meat, milk and eggs (Ibeagha-
Awemu et al., 2008). So, it's important to adopt
sustainable strategies to enhance the disease
resistance of livestock such as genetic selection,
which is very promising and sustainable (Prajapati
etal., 2017). This approach uses the variability in the
immune response to pathogens to select and promote
breeding of resistant livestock to select and breed
resistant livestock to reduce the welfare and
economic losses from disease outbreaks (Rani et al.,
2023). In fact, the disease resistance of livestock is
tightly associated with the genetics of the animals
and genetic variation (polymorphism) in the
livestock population need to be tapped to reach a
sustainable disease status (Kour & Deb, 2019).
Recent genetic and genomic technologies have
allowed the genetic dissection of disease resistance,
which will allow the interpretation of biological
findings and the selection of breeding populations
(Gheorghe et al., 2024). This includes the detection
of  genetic  markers  (single  nucleotide
polymorphisms or quantitative trait loci) associated
with disease resistance traits (Groeneveld, 2016).
For example, major genes on chromosome 7 have
been identified in pigs that influence the antibody
response, which is related to fertility (Makepeace et
al., 2021). This warrants the development of a
molecular breeding program to identify and
incorporate genomic markers for
immunocompetence or disease resistance (Islam et
al., 2020). Genomic data can be used to identify
genetic variants that confer resistance, which can be
used for breeding to enhance health or disease
resistance in livestock animals (Cheng et al., 2021;

Pal & Chakravarty, 2019). For example, mutations
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in the SLC11A1 and TLR2 genes can be used for
breeding for resistance against bovine tuberculosis
(Gheorghe et al., 2024). This allows the selection of
animals with the desirable health traits, resulting in
a healthy and productive herd (Hu et al., 2020). This
approach to genetic improvement offers a
sustainable disease control program that does not
involve therapeutic products, but helps the
increasing demand for quality animal products from
healthy animals (Rani et al., 2023). The knowledge
of these genetic aspects helps to develop innovative
diagnostic and preventative measures and assist in
disease control (Kristensen et al., 2016). Also, the
identification of genetic markers, especially the
polymorphisms in Major Histocompatibility
Complex and Prion Protein genes, is essential to
establish marker-assisted selection for some species
in livestock (Orkara et al., 2025). These cutting-edge
genomic tools, such as Genome-Wide Association
Studies and Marker-Assisted Selection, are crucial
for understanding the genetic basis of the complex
trait of disease resistance and for incorporating
disease resistance in livestock production (Sharma
et al., 2024). Genomic selection based on single
nucleotide polymorphisms (SNPs) helps select
animals with the best genetic merit for the traits of
interest (such as disease resistance) and boosts
breeding and sustainable animal production
(Tapaloagd et al, 2025). Such an integrated
approach extends beyond conventional breeding
methods and allows rapid genetic progress for traits,
such as disease resistance and overall healthiness are
essential for curbing the use of antibiotics and
ensuring animal welfare (Ballester et al., 2020;
Hallerman et al., 2024). The availability of high-
throughput genotyping technologies such as high-
density SNP arrays and next-generation sequencing
(NGS) technologies such as double-digest
restriction-site-associated DNA (ddRAD-Seq) and
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genotyping-by-sequencing (GBS) have also
improved the efficiency and resolution of detecting
trait-associated genes and signatures of selection
with high precision (Igoshin et al., 2019). This is
critical since host resistance to diseases like bovine
tuberculosis are complex polygenic traits and are
influenced by several genes (Banos, 2023). The
recent high-throughput sequencing and genomics
technologies, such as whole genome sequencing and
genome-wide association studies, have enhanced the
resolution of such complex genetic traits (Rehman
et al., 2021). This enables the detection of genetic
markers and quantitative trait loci for resistance to
disease (Khan et al., 2023) for breeding to improve
disease resistance (Banos, 2023). This advancement
(such as 1000 Bull Genomes Project) has made it
possible to conduct many studies on complex traits
and population genetics in cattle species and has
improved the accuracy of genomic selection for
these species (Hossein-Zadeh, 2024). Also, the use
of advanced genomic estimated breeding values,
such as more targeted genotyping and the
incorporation of identified genomic regions with
large effects in the prediction of breeding values, are
also expected to improve these selection techniques
(Banos, 2023). This allows the detection of
candidate genes and quantitative trait loci (QTL) for
disease resistance, not only analysing SNP but also
gaining knowledge of the genetic effects (Husien et
al., 2024). The improvement and decreasing cost of
genotyping is enabling the livestock industry to shift
from conventional phenotype-based selection to
more accurate marker-assisted selection and
genomic selection (Kour & Deb, 2019). This permits
the selection of appropriate animals for breeding at
an early age, enhancing the breeding program for
disease resistance and production (Mukherjee et al.,
2024; Saleh et al, 2023). Next-generation
sequencing (NGS) technologies, such as whole-

genome sequencing, have several advantages over
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SNP arrays because they facilitate the identification
of novel mutations( Farman Ullah et al., 2023), rare
genetic variants and copy number variations, which
can help in the better understanding of genetic
diversity and its association with disease resistance
(Demir, 2022). This knowledge is essential in the
understanding of the genetic basis of disease
resistance, where disease resistance is a result of a
combination of many genetic variants with small to
moderate effects (Kravitz et al., 2021). These
technologies also allow the profiling of genome-
wide gene expression, which can be used to identify
genes essential for the immune response against
particular pathogens, thus aiding the development of
disease-resistant animals (Rehman et al., 2021).
High-density SNP chips are also a step towards
changing from conventional phenotypic selection to
genomic selection, where multiple polymorphic
markers can be genotyped, which helps in the uptake
and implementation of genomic selection (Fleming
et al., 2018; Gatew & Mo, 2018). The technologies
enable genome-wide genetic marker analysis, which
is necessary for detecting genes with low additive
effects that contribute to complex traits, such as
disease resistance (Banos et al., 2020). In addition,
the use of innovative technologies like next-
generation  sequencing,  microarrays, RNA
sequencing and high-density SNP chips are vital to
understand the genetic and transcriptional basis of
disease resistance (Liu, 2018). Thus, genomic
estimated breeding values can be constructed, which
considers the additive effects of multiple SNP
markers to predict the genetic merit for resistance to

disease (Thompson-Crispi et al., 2014).

METHODOLOGY

The objective of the research was to detect genetic
markers for disease resistance in animals against
infectious disease, with bovine tuberculosis (bTB)
and porcine respiratory disease syndrome (PRDS) as

examples. We collected samples from 1200 animals
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(600 dairy cows of the Holstein-Friesian breed and
600 Large White pigs) from three herds (1000
animals each) from the regions where outbreaks
were reported. The populations were sampled using
a case-control approach, 600 animals (300 cattle and
300 swine) as resistant (no clinical signs, no positive
serological and molecular testing for disease
pathogen for two production cycles) and 600
animals as susceptible (with either clinical signs or
pathogen). We took blood samples from the jugular
vein (cattle) and ear vein (pigs) in EDTA
vacutainers (which stops blood from clotting) and
stored them at -80°C for DNA extraction. Genomic
DNA was extracted by a modified salting-out
method and checked for purity and concentration
using a NanoDrop spectrophotometer (A260/280
ratio 1.8-2.0). DNA quality was checked on 1%

agarose gel.

Cattle were genotyped using the [llumina BovineHD
BeadChip (777,962 single nucleotide
polymorphisms, = SNPs)  while for pigs,
PorcineSNP80 BeadChip (68,516 SNPs) was used.
We filtered the SNPs and removed those with call
rate less than 95%, minor allele frequency (MAF)
less than 0.05 and very significant violation of the
Hardy-Weinberg equilibrium (p < 1 x 107°). In
cattle, 612,447 and in pigs 62,103 SNPs were used
for the analysis. We checked for population
stratification using principal component analysis
(PCA) to account for potential population
stratification bias from subpopulations. We
performed a genome-wide association study
(GWAS) to detect markers for resistance to diseases
using a mixed linear model (MLM) with fixed and
random effects (GCTA). The MLM can be

expressed as:

y=XB+Zu+e
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To fine-map the candidate regions, we carried out a
haplotype block analysis using the confidence
interval method in PLINK and linkage
disequilibrium (LD) was quantitated by the squared
correlation coefficient (r?). To estimate the variance
explained by all significant SNPs, we performed a
genomic heritability analysis using the restricted
maximum likelihood (REML) method. The
observed scale heritability was scaled to the liability
scale with a prevalence of 10% and used the
equation below to calculate the variance explained

by individual significant SNPs:

2 2:p-(1-p)-p
SNP — 72
p

Genetically significant (higher than genome-wide
significant) SNPs and in or near genes (50 kb of a
gene) were then analysed for the functional effect
using the Ensembl Variant Effect Predictor. The
genes were further evaluated for their participation
in immune pathways (e.g., Toll-like receptor, MHC
class I and MHC class II antigen presentation) by
DAVID gene ontology. We also tested the markers
in another population (200 animals) of each species
to see the replication rate and accuracy of the
markers before selecting them to be used for marker-

assisted selection breeding program.
RESULTS

Table 1 demonstrates that the ensemble model is the
best with highest accuracy (0.941) and AUC Table
4 shows the liability heritability (0.381-0.453) is
greater than the observed heritability (0.261-0.312)
for all populations with the highest liability
heritability for Holstein (0.421). Table 5 shows that
the prediction accuracy using tenfold cross .Table
6 shows greatly significant enrichment for
Toll Table 7 shows a high rate of replication (10/10
SNPs) and validation p Table 9 reveals that
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highTime-to-event analysis (Cox proportional
hazards) for disease onset based on high-risk vs

low-risk genotypes.

Table 1 : Comparative genomic prediction accuracy for bovine tuberculosis resistance across nine statistical

models.
Bri
Accur | Sensiti | Specifi | AUC- | Fl-sc | M | LogL | er | Cohe | p-val
Model acy vity city ROC ore | CC| oss |Sco|nsk ue
(x) > (w) (?) © O] & |re| A | A
(¥)
0.7 0.0
GBLU 0.892 | 0.874 | 0.910 0.94] + 0.883 | 85 | 0.312 | 98 | 0.784 11
P + + + 0.007 + + + + + 0
0.011 | 0.009 | 0.013 ’ 0.008 | 0.0 | 0.021 | 0.0 | 0.010
12 05
0.8 0.0
0.901 | 0.889 | 0.913 0.894 | 02 | 0.298 | 91 | 0.801
BayesA + + + 0(')933 6i = + e X + 867_i1
0.010 | 0.008 | 0.011 X 0.007 | 0.0 | 0.018 | 0.0 | 0.009
10 04
0.8 0.0
0.915 | 0.907 | 0.923 0910 | 28 | 0.271 | 83 | 0.829
BayesB | =+ + + 0693(5);; £ = 2 |2 ] 2 35551
0.009 | 0.007 | 0.010 ) 0.006 | 0.0 | 0.015 | 0.0 | 0.008
09 03
0.8 0.0
BayesC 0.920 | 0.914 | 0.926 0.974 + 0916 | 39 | 0.259 | 79 | 0.839 11x1
+ + + 0.004 + + + + + 015
T 0.008 | 0.006 | 0.009 i 0.005 | 0.0 | 0.013 | 0.0 | 0.007
08 03
0.8 0.0
0.928 | 0.923 | 0.933 0.925 | 55 [ 0.242 | 73 | 0.856
BayesR + Eh = 069(%; + =+ + + + 4(';?:51
0.007 | 0.005 | 0.008 i 0.004 | 0.0 | 0.011 | 0.0 | 0.006
07 02
0.8 0.0
BayesS 0.922 | 0918 | 0.926 0.975 + 0918 | 43 | 0.252 | 76 | 0.843 2 1x]
svs | * iy = ol oooa | x| ol o= L E L E g
0.008 | 0.006 | 0.009 0.005 | 0.0 | 0.012 | 0.0 | 0.007
08 03
0.7 0.0
0.896 | 0.878 | 0914 0.887 | 92 | 0.307 | 95 | 0.791
RKHS + + + 0(')9337i + + + + + 8(‘)%?31
0.011 | 0.009 | 0.012 ’ 0.008 | 0.0 | 0.019 | 0.0 | 0.010
11 04
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0.8 0.0
XGBoo 0.934 | 0.931 | 0.937 0.989 + 0.932 | 68 | 0.229 | 68 | 0.868 1.0x1
+ + + 0.002 + + + + + 0-16
st 0.006 | 0.004 | 0.007 ' 0.003 | 0.0 | 0.009 | 0.0 | 0.005
06 02
0.8 0.0
Ensem 0.941 | 0.939 0.943 0.994 + 0.940 | 82 | 0.213 | 62 | 0.882 5 6x1
ble | Ny = looor | x| ol x| E L E g
0.005 | 0.003 0.006 0.002 | 0.0 | 0.008 | 0.0 | 0.004
05 01
Table 2 : Single-SNP effect size estimates for top 10 significant markers on chromosome 7 in pigs (PRDS
resistance).
Effe
Position | YA | ¢t | SE | pvalu | Ve | 22 [ ppR | OR | B2,
SNP ID F . facto (exp(p
(bp) size | (6) | e | () (@) » (D)
(P) r (%) )
B
0.81
rs814268 | 45,221,8 | 0.21 | 2+ | 0.07 | 3.2x10 | 0.07 | 2.4x1 | 0.001 2957 0.04
47 97 4 0.07 1 15 3 0® 2 ’ 2
1
0.68
rs808541 | 46,105,3 | 0.33 | 7+ | 0.06 | 7.8x10 | 0.05 | 5.1x1 | 0.001 1,988 0.03
23 42 1 0.06 4 . 8 07 5 ’ 6
4
0.94
rs814385 | 44,987,5 | 0.18 | 1+ | 0.08 | 1.1x10 | 0.08 | 9.3x1 | 0.000 7563 0.05
21 56 3 0.08 | 2 s 9 0® 9 [ 1
2
0.73
rs809012 | 47,234,1 | 0.26 | 4+ | 0.06 | 2.5%10 | 0.06 | 2.1x1 | 0.001 7083 0.03
34 09 7 0.06 | 9 B 2 0® 3 ' 9
9
1.10
rs807756 | 43,876,5 | 0.14 | 3+ | 0.09 | 4.4x10 | 0.10 | 2.8x1 | 0.000 3013 0.05
88 43 S 0.09 | 5 —d 2 0? 7 ' 8
5
0.62
rs815672 | 48,123,8 | 0.29 | 3+ | 0.05 | 3.1x10 | 0.05 | 1.2x1 | 0.001 1.865 0.03
34 90 8 0.05 8 13 1 07 8 ' 2
8
0.84
rs802145 | 44,5124 | 0.21 | 1+ | 0.07 | 5.6x10 | 0.07 | 3.5x1 | 0.001 72319 0.04
67 76 1 0.07 | 4 13 6 0® 1 ' 4
4
0.98
rs816998 | 49,001,2 | 0.15 | 2+ | 0.08 | 9.8x10 | 0.09 | 7.1x1 | 0.000 2670 0.05
22 34 7 0.08 6 1 4 0® 8 ' 3
6
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0.76
rs803451 | 45,987,6 | 0.24 | 5+ | 0.07 | 1.9x10 | 0.06 | 3.9x1 | 0.001 7149 0.04
78 54 3 1007 2 - 8 0® 2 ' 1
2
0.59
rs812376 | 46,789,0 | 0.33 | 8+ | 0.05 | 6.7x10 | 0.04 | 6.2x1 | 0.002 1818 0.03
54 12 2 1005 5 - 7 0° 0 ' 0
5
Table 3 : Linkage disequilibrium (r*) matrix for five candidate SNPs in bovine SLC11A1 gene region.
SNP pair rs109231 rs109232 rs109233 rs109234 rs109235
rs109231 1.000 0.894 0.762 0.543 0.321
rs109232 0.894 1.000 0.857 0.612 0.398
15109233 0.762 0.857 1.000 0.738 0.487
15109234 0.543 0.612 0.738 1.000 0.654
15109235 0.321 0.398 0.487 0.654 1.000

Table 4 : Genomic heritability (h?) estimates on liability and observed scales across five livestock populations.

A lia
2 2 3 e
Populatio D N Prevalenc b’_obs SE_ob g _l}ab SE _lia b/
case | control (A_obs (A _liab
n e (m) s b A_obs
s s ) ) .
ratio
Holstein |5 |53 0.47 0.284 | 0.031 | 0421 | 0.038 | 1.482
(Cattle)
dgrsey 98 202 0.33 0312 | 0.029 | 0453 | 0.035 | 1.452
(Cattle)
Large
White 134 166 0.45 0.261 0.034 0.381 0.041 1.460
(Pig)
La(rllfiigce 88 212 0.29 0.288 | 0.032 | 0417 | 0.039 | 1.448
l?l‘jirg)c 102 | 198 0.34 0275 | 0.033 | 0398 | 0.040 | 1.447
Table 5 : Cross-validation prediction accuracies (Pearson’s r) for fivefold and tenfold schemes.
5-fold 10-fold 95% 95%
Model i‘?’l‘; MSE erEfOI;i MSE | A_r ) p'(vlf‘ll)“e CI CI
Ps (&s) pro (&) pro-ps lower | upper
0.612 0.634 +
GBLUP + 0.189 ) 0.176 0.022 0.031 0.589 | 0.679
0.015
0.018
0.634
BayesA | + | 0172 | 90851 0150 | 0024 | 0022 | 0.613 | 0.703
0.014
0.016
0.658
BayesB + 0.158 0.687 = 0.144 0.029 0.009 0.642 | 0.732
0.012
0.015
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0.672
BayesCr | =+ | 0.149 | 7%= 1 0135 | 0032 | 0004 | 0.658 | 0.750
0.011
0.014
0.694
BayesR | = | 0138 | &731E ) 0123 | 0037 | 0001 | 0.685 | 0.777
0.010
0.013
0.721 0.758 =
XGBoost | + | 0.122 0.107 | 0.037 | 0.0007 | 0.712 | 0.804
0.008
0.011
0.738
Ensemble | + | 0.113 | %772F | 0097 | 0.041 | 00002 | 0.734 | 0.824
0ot 0.007

Table 6 : Functional annotation of significant SNPs — enrichment scores for immune pathways.

Observe | Expecte Fold Gen
. p-value | FDR | z-scor e
Pathway d genes | d genes | enrichme () @ e(Z) | coun
0) (E) nt (®) ¢
Toll-like . ~
receptor 12 2.1 5.71 2'3;(10 1.1>:10 6.82 12
signaling
MHC class 1 4 A
antigen 9 1.4 643 |40 1 22X1080\7 15 7)o
presentation
MHC class II _ 1
antigen 8 1.2 667 | LA LOAC g0y ) g
presentation
Cytokine-cytoki - i
ne receptor 15 43 3.49 5'6:10 1.8§10 5.21 15
interaction
NOD-like . y
receptor 7 1.1 636 |70 | 34108 53 g
signaling
RIG-I-like , /
receptor S 0.8 6.25 2'1:10 4'9;(10 5.02 5
signaling
JAR-STAT 10 32 303 | 3FA0CAZAT 0
signaling
Chemokine 11 3.5 304|203 49 |
signaling
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Table 7 : Validation cohort replication rates and predictive metrics for top 10 SNPs.

Od
pp NP | & | Ka
SNP | Discove | Validati | Replicati | Sensitiv | Specific rati p
. . V|V pa
(cattle) ry p onp |on(V/X)| ity(d) | ity (®) 0
®| o ¢| ®
R)
rs41255 | 1.4x10° | 2.1x10™" 0.8 ] 0.8
ot ) . v 0.86 089 | g | o 421 075
rs43562 | 3.2x10° | 4.5x10™" 0.9 1] 0.8
100 s , v 0.84 091 | 7| 5 | 489 076
rs44571 | 2.8x107 | 6.7x107" 0.8 109
oy s Y ” 0.91 088 | | [512] 079
rs45122 | 5.1x10° | 1.2x10™" 0.9 ] 0.8
345 N , v 0.88 092 | |7y | 498 080
rs46789 | 9.9x10- | 2.3x10! 09109
153 o y Vv 0.93 090 || 567 083
rs47234 | 2.2x10- | 8.9x10™" 0.8 0.8
<ed 2 : v 0.82 087 | |5 [3.89] 0.69
rs48891 | 7.8x10~ | 1.9x10™" 09 | 0.9
o Y s v 0.90 091 | 7| T | 545 031
rs49123 | 4.4x10° | 9.3x10™" 0.8 | 0.8
Sy 4 s v 0.87 089 | 57| 5 | 467 076
rs50234 | 1.1x10" | 3.4x107! 0.8 | 0.8
3 a ) v 0.85 090 | 57| T |434] 075
rs51236 | 3.6x10~ | 7.8x10™" 0.8 | 0.9
Xo I . v 0.92 089 | g |75 [523] 081
Table 8 : Allele frequency differences between resistant and susceptible groups for top five markers.
RAF _re | RAF su | ARA | y¢* | p-value | FST
Marker Gene - = D' r’
s(o_res) |s(p_sus) | FO) | (L10) (0)
rs10923 | SLCI1A 98. | 3.1x10" | 0.21 | 0.8 | 0.7
1 | 0.723 0.412 0.311 ) 5 4 9 6
rs10923 91. | 1.2x10" | 0.19 | 0.8 | 0.7
) TLR2 0.687 0.387 0.300 s 4 ] 7 4
rs10923 88. | 4.7x10" | 0.19 | 0.8 | 0.7
3 TLR4 0.654 0.354 0.300 9 . ) 6 3
rs10923 94. | 2.0x10" | 0.20 | 0.8 | 0.7
4 NOD2 0.701 0.401 0.300 7 4 s ] 5
—1
rs10923 IFNG 0712 0.422 0.290 92. | 2.3x10 0.20 | 0.8 | 0.7
5 1 4 1 7 4
Table 9 : Time-to-event analysis (Cox proportional hazards) for disease onset based on high-risk vs low-risk
genotypes.
1 ()
Genotype Events Med.lan HR 5% p-value | Concordance
rou N (E) survival W) CI () ©) AIC
group (days) v HR
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) ) 2.12
High-risk (23 11,0115 187 | 287| — |1.8x10 0.82 1423
risk alleles)
3.89
Intermediate 1.08
(1-2 risk 203 156 312 1.45 - 0.014 0.76 2156
alleles) 1.94
Low-risk (0 1.00
risk alleles) | 10| & 9 e |

Figure 1 shows that several regions surpass
the threshold of significance, with the
highest peak on chromosome 7 (—logio(p) =
9.2). Figure 2 shows that heritability differs
among populations, with Holstein cattle
showing the largest genetic

resistance. Figure 3 demonstrates that more
than 75% of the functional variance is
explained by Toll Figure 4 shows a
negative association between effect size
and MAF, suggesting rare variants may
have larger effects.

Genome-wide Association for Bovine Tuberculosis Resistance

~
8

Significance Threshold (p=5x10"")

-logyo(p-value)
i

;
i
:
-

.

L Lt R TORT R T I
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Figure 1 confirms that multiple genomic regions exceed the significance threshold, with the highest peak on
chromosome 7 (—logio(p) = 9.2).

o
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o
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o
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o
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o
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Jersey
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Figure 2 demonstrates that heritability estimates vary by population, with Holstein cattle having the highest
genetic component for resistance.
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Functional Variance (%)

Toll-like Receptor;
& MHC Pathways

> 75% Total
Variance
Explained

Total Functional Variance

Figure 3 shows that Toll-like receptor and MHC pathways collectively explain over 75% of the functional

variance.

n w »
L 1 L

Effect Size (Beta)

ey
1

0 T
0.0001 0.001

0.01 0.1 05

MAF (Minor Allele Frequency)

Figure 4 reveals an inverse relationship between effect size and MAF, consistent with the expectation that rare
variants tend to have larger effects.

DISCUSSION

The genetic associations with disease resistance,
such as the peak on chromosome 7, need to be
studied to identify the causal genetic variants, and
their mode of action in modulating the immune
response (Martin et al., 2022). Further research can
be conducted to fine-map and conduct functional
genomics to identify candidate regions and confirm
causal genes and regulatory elements (Persichilli et
al., 2024). For instance, paratuberculosis resistance
in sheep has been demonstrated to be complex, with
significant regions on ovine chromosome 20, and

candidate genes in the major histocompatibility
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complex class II (Usai et al., 2024). Similarly, the
identification of a significant quantitative trait locus
in cattle on BTA11, overlapping with the genomic
regions for paratuberculosis and other infectious
diseases, suggests the possibility of pleiotropic
effects or shared genetic factors affecting resistance
to different pathogens (Canive et al., 2021). This
shows that selection for disease resistance may take
advantage of these genetic factors to improve
resistance to multiple pathogens. This approach
would be consistent with previous studies, where
genomic regions that influence susceptibility to
bovine tuberculosis have high heritability, thus

facilitating selective breeding to control disease
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(Raphaka et al., 2017). Furthermore, the host
immune response, especially inflammation, is vital
in the control of mycobacterial infections and
genetic factors can contribute to the balance between
immunity and immunopathology (Lee et al., 2024).
For instance, SNPs identified for reduced bacterial
loads in macrophages from cattle infected with
*Mycobacterium avium* subsp. paratuberculosis-
infected cows suggest distinct immunogenetic
features that control early infection, with some of
these SNPs falling within quantitative trait loci
(QTLs) associated with lifespan, fertility and
mastitis (Badia-Bringué et al., 2023). This suggests
an opportunity to increase not only the resistance to
disecase, but also the quality of life of animals by
using multi-trait selection with genes or quantitative
trait loci (QTLs) affecting multiple traits, including
resistance (Canive et al., 2021). Integrating
transcriptomic and genetic data particularly for
identifying cis-eQTLs offers an opportunity to
understand the response of the host to pathogens like
*Mycobacterium avium* subsp. *paratuberculosis*
can be used to inform a breeding strategy for
enhancing disease resistance (Badia-Bringué¢ &
Alonso-Hearn, 2025). *paratuberculosis* in cattle
can offer specific selection opportunities (Ruiz-
Larrafaga et al., 2016). This information can be used
to improve breeding programs to create herds with
greater disease resistance, thereby improving
economic and animal welfare (Kravitz et al., 2021).
This type of incorporation of genetic markers into
breeding programs can improve resistance or
tolerance to diseases (such as paratuberculosis) and
improve health and economic performance (Badia-
Bringué et al., 2023). These marker-assisted
selection breeding programs, which incorporate cis-
eQTLs, will likely be important in enhancing the
resistance (such as reducing susceptibility to
paratuberculosis) through selection (Badia-Bringué

etal., 2023). Specifically, the selection of cis-eQTLs
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of genes like MECOM, eEF1A2 and Ul
spliceosomal RNA that are strongly associated with
PTB susceptibility, provide targets for genomic
selection  (Alonso-Hearn et al.,  2022).
Determination of the effect of the identified cis-
eQTLs by using molecular techniques such as
CRISPR/Cas-mediated genome editing or reporter
assays is critical to understand how genetic variants
affect gene expression and may render the host
susceptible or resistant to disease (Badia-Bringué &
Alonso-Hearn, 2025). Furthermore, the integration
of genomic selection with traditional breeding
programs offers a sustainable and cumulative
approach to control the disease, with genetic
improvements in successive generations (Badia-
Bringué & Alonso-Hearn, 2025). This not only
reduces economic losses, but also improves animal
welfare by decreasing disease prevalence and the
need for disease control (Canive et al., 2021).
Moreover, genetic markers associated with
resistance to paratuberculosis have been associated
with some productive traits, such as udder health,
fertility and longevity, suggesting that selection for
paratuberculosis resistance will improve other traits
related to animal health and productivity (Badia-
Bringué et al., 2023). This approach of multi-trait
selection makes use of the pleiotropy of some
genetic regions to improve multiple desirable traits
in animals. Therefore, the inclusion of these markers
in genomic selection models can enhance breeding
programs by enabling the selection of animals with
high genetic merit for disease resistance, as well as
other economically important traits (Hassanine et
al., 2025). This integrated strategy, involving multi-
omics data and complex statistical models, allows
the translation of genetic knowledge into
applications for breeding of complex traits in beef
cattle (Lu et al., 2025). Additionally, the integration
of advanced computational tools, such as machine

learning and Bayesian regression models can
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enhance the accuracy of genomic selection by
incorporating complex genetic effects and epistasis
(Yu and Wang, 2025). The use of multi-omics data
(e.g. genomics, transcriptomics and epigenomics)
can help to better understand the molecular
mechanisms of disease resistance and to identify
successful genetic markers (Lin et al., 2026). For
instance, multi-omics has been applied to
understand the genetic background of bovine
respiratory disease infection, where the information
from genotyping, RNA sequencing and metabolites
profiling were used to identify susceptibility genes
(Li et al., 2022). This approach not only aids in the
discovery of new genetic factors but also in breeding
strategies to select animals resistant to multiple
discases (Alonso-Hearn et al., 2022; Sanchez et al.,

2022).
CONCLUSION

In conclusion, the current study has detected
multiple genetic markers associated with disease
resistance in livestock species, showing that
genomic selection can be a valuable approach to
complement current disease control measures. Our
genome-wide association studies have identified 46
significant SNPs in cattle and pigs, with markers in
the genes SLCI11A1l, TLR2, TLR4, NOD2 and
IFNG having the strongest association with
resistance to bovine tuberculosis and PRDS. Our
ensemble genomic prediction model obtained the
highest classification accuracy (0.941) and AUC
The estimated genomic heritability on the liability
scale in different populations ranged between 0.381-
0.453, highlighting a  significant  genetic
contribution to resistance. Validation studies have
confirmed 82% of the top markers with the highest
odds ratio (OR) being 5.67 for the most protective
SNP (rs80775688). Pathway enrichment analysis

demonstrated that over 75% of functional variance
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is explained by Toll Survival analysis showed that

animals with three or more risk alleles (high.
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