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Machine learning-driven discovery of host
genetic factors for paratuberculosis in goats
within the one health framework
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Abstract

Paratuberculosis, caused by Mycobacterium avium subsp. paratuberculosis (MAP), remains a persistent One
Health concern due to its slow clinical course, environmental resilience, wide circulation in ruminant systems, and
unresolved zoonotic implications. To characterise MAP exposure across Turkiye's goat populations, we conducted
a nationwide genomic survey encompassing seven breeds from 36 farms in 11 provinces. High-density SNP
genotyping combined with mutual-information—-based feature preselection retained informative, non-redundant
loci capturing both linear and nonlinear components of disease architecture.

Nine complementary machine-learning models were applied to identify host genetic factors underlying MAP
infection, and an ensemble importance framework resolved 31 FDR-controlled SNPs consistently associated with
MAP status. Functional annotation implicated immune processes including cytokine-receptor signalling, antigen
presentation, glycan-mediated T-cell regulation, and NF-kB-linked inflammation. Concordance with mixed linear
models and genome-wide McNemar tests suggested that both additive and non-additive genetic effects shape
the observed signal. These reproducible, albeit preliminary, markers outline a genomic foundation for breeding
MAP-resilient goats and point to opportunities for reducing pathogen shedding at its source within a broader One
Health strategy.
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Introduction

Mycobacterium avium subsp. paratuberculosis (MAP),
the causative agent of paratuberculosis (Johne’s disease)
in ruminants, constitutes a critical One Health concern
with direct implications for animal productivity, human
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to substantial economic losses—particularly in regions
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characterised by dense ruminant populations and sub-
optimal control programmes—and heightens zoonotic
concern amid growing interest in potential associations
with chronic inflammatory disease in humans. Its envi-
ronmental persistence, transboundary dissemination,
and systematic under-diagnosis collectively pose escalat-
ing threats to public health, food security, and sustainable
livestock systems, underscoring the need for integrated
One Health strategies that unite animal surveillance,
human disease monitoring, and environmental steward-
ship [1].

MAP pathogenesis reflects a dynamic interplay
between host immunity and bacterial virulence factors,
with the intestinal mucosa as the principal site of infec-
tion and granulomatous inflammation as the hallmark
lesion. Clinically, affected ruminants exhibit progressive
diarrhoea, weight loss, and eventual cachexia [2]. Diag-
nosis is hindered by an extended asymptomatic phase
and the limited sensitivity of current assays—serology,
faecal culture, and PCR—particularly in subclinical car-
riers [3]. Beyond the veterinary context, public health
relevance is amplified by reported associations with
Crohn’s disease [4] and autoimmune conditions includ-
ing type 1 diabetes, rheumatoid arthritis, Hashimoto’s
thyroiditis, and multiple sclerosis, potentially mediated
through molecular mimicry [1, 5]. Asymptomatic shed-
ding throughout the life of infected animals accelerates
its global spread [6]. The organism’s spore-like pheno-
type enables survival for months in barns, slurry, and
surface water, and even persistence through pasteurisa-
tion, thereby contaminating bulk milk, dairy products,
and infant formula [5]. Transmission through insects has
also been documented [7].

The disease exhibits substantial geographic variation in
prevalence; a comprehensive review across 48 countries
revealed that in approximately half of the countries with
available data, more than 20% of herds and flocks were
infected with MAP [8]. Regional studies demonstrate
marked heterogeneity, with true individual animal sero-
prevalence reaching 8.4% in sheep and 25.2% in goats
in southern Spain, where herd-level seropositivity was
detected in 66.3% of sheep herds and 90.0% of goat herds
[9]. In Sicily, a large-scale serological survey revealed an
overall apparent herd-level prevalence of 71.8% in sheep
and 60.8% in goat farms, with animal-level prevalence
of 4.5% and 5.1% in sheep and goats, respectively [10].
Systematic reviews from Latin America and the Carib-
bean reported animal-level prevalence of 16.0% in sheep
and 4.3% in goats [11]. Studies from Inner Mongolia,
China documented seroprevalence of 18.48% in sheep
[12]. Notably, the disease remains particularly underre-
ported in developing countries, especially Africa, where
it is considered a neglected disease despite its significant
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impact on rural communities dependent on small rumi-
nant production [13].

In Tirkiye, sheep seroprevalence ranges from 8.3% [14]
to 48% [15]. A comprehensive survey of 2,257 animals
from seven native and four composite breeds demon-
strated marked breed effects, with rates ranging from 0%
in Cine Capar1 sheep to 29.4% in Sakiz, yielding a popu-
lation mean of 7.3% and herd-level infection exceeding
90% [16]. Caprine paratuberculosis studies are scarce in
Tiirkiye; a single field survey in Burdur Province reported
24% seropositivity in goats using ELISA [15].

Taken together, MAP is a globally pervasive and envi-
ronmentally resilient pathogen that undermines livestock
productivity, compromises food safety, and presents
a growing public health risk. Its insidious subclinical
course, continual shedding, and capacity for environ-
mental persistence necessitate coordinated One Health
solutions that span the animal-human-environment
interface. In the absence of effective treatment and given
the uncertain influence of the only licensed vaccine on
shedding dynamics, attention has shifted toward long-
term control strategies, particularly the identification of
genetic determinants of resistance and susceptibility as a
route to improving host resilience.

Host genetic resistance to MAP reflects a complex
architecture shaped by innate recognition, cytokine regu-
lation, and antigen presentation. In cattle, candidate-gene
studies indicate that polymorphisms within pattern-rec-
ognition receptors and cytokine-modulating pathways—
including TLRI, TLR2, TLR4, and ILI0RA—alter the
balance between inflammatory activation and immune
tolerance [17, 18]. Genome-wide studies extend this view,
highlighting additional loci linked to inflammasome sig-
nalling and interferon-mediated defence [19] and illus-
trating the polygenic nature of resistance.

In sheep, early evidence implicated SLCI1A1 and
MHC-linked regions in modulating susceptibility [20].
Subsequent studies identified functional substitutions
within TLRI, TLR2, and TLR4 that modify innate recog-
nition of mycobacterial ligands [21]. Genome-wide sig-
nals in PCP4 and CD109 [22] further suggest that both
innate sensing and downstream immunoregulatory pro-
cesses are integral to disease outcome.

Studies from Tiirkiye refine these insights by demon-
strating that several globally proposed candidates show
no association with MAP serostatus in native sheep
populations [23, 24]. Conversely, a structurally signifi-
cant amino-acid replacement within TLR2 confers clear
protection [16]. The absence of this variant in Turkish
Saanen goats implies species-specific genetic routes to
resistance.

Caprine research remains limited, yet available findings
consistently point to antigen-presentation and phago-
somal-transport pathways. Variation in MHC II-DRB
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alleles [25] and microsatellite-linked polymorphisms of
SLCI11A1 [26] highlight roles for T-cell priming and mac-
rophage microbicidal activity. Preliminary genome-wide
signals [27] further support a widely distributed genetic
architecture in which resistance emerges from coordi-
nated modulation of innate sensing, intracellular control,
and adaptive immunity.

To extend current knowledge, we conducted the larg-
est caprine MAP serosurvey undertaken in Tiirkiye. A
total of 3,372 goats were sampled across four geographic
regions—Marmara, Mediterranean, Central Anatolia,
and Southeastern Anatolia—spanning 11 provinces and
seven widely farmed native breeds (Hairy goat, Honamly,
Angora, Kilis, Turkish Saanen, Maltiz, and Damascus).
All animals were screened using an indirect ELISA,
from which the case and control groups were derived.
To minimise confounding, a matched-pair panel of 240
MAP-positive goats and 240 MAP-negative controls
(n=480) was constructed through manual matching for
farm, herd, breed, age, and sex, thereby controlling for
geographic, climatic, and management effects, as well as
breed-, age-, and sex-related influences in downstream
genetic analyses.

Advances in analytic methodology are reshaping efforts
to characterise host genetic resilience to MAP. Conven-
tional GWAS approaches often struggle to detect small-
effect variants, fail to capture nonlinear or non-additive
relationships within the genome, and have limited capac-
ity to account for higher-order gene—environment inter-
actions [28, 29]. Machine learning (ML) has therefore
emerged as a complementary tool, offering enhanced
predictive performance, more effective prioritisation of
candidate SNPs associated with susceptibility or resil-
ience, and the ability to capture complex, non-linear
relationships and interactions that may be overlooked by
conventional linear approaches [30, 31].

To address these gaps and establish a rigorous founda-
tion for genotype—phenotype inference, we employed a
high-resolution genotyping platform (Illumina Goat 64 K
BeadChip) coupled with stringent quality control and a
model-independent Mutual Information (MI) approach
to reduce dimensionality while preserving variants
informative across linear and non-linear regimes. Build-
ing on this foundation, we developed a multi-algorithm
machine-learning framework that integrates comple-
mentary modelling paradigms—including Linear/Gener-
alised Linear Models (Logistic Regression L2, Elastic Net,
Linear SVM), Probabilistic/Generative Models (Naive
Bayes), Tree-Based Ensemble Learners (Random Forest,
Extra Trees), and Gradient Boosting Algorithms (Gradi-
ent Boosting, XGBoost, LightGBM)—to capture a broad
spectrum of genetic signals. Model performance was
systematically evaluated using a suite of discrimination
and calibration metrics across training, validation, and
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independent test sets, with overfitting tightly controlled
through predefined divergence thresholds.

To identify robust molecular predictors, feature impor-
tance was extracted using model-appropriate strategies
and consolidated into a unified SNP ranking via weighted
averaging, Borda count, and Kemeny—Young aggregation,
incorporating persistence, rank stability, and bootstrap-
based confidence. All analytical steps were rigorously
structured to eliminate data leakage and ensure repro-
ducibility. Together, this integrated framework provides a
comprehensive and methodologically resilient approach
for resolving the genomic determinants of MAP resis-
tance, offering a principled bridge between statistical
learning and biological interpretation.

Materials and methods

Sampling strategy and study populations

To capture the genetic and serological diversity of goats
raised under Tirkiye’s heterogeneous husbandry sys-
tems, sampling was conducted across 36 farms located
in 11 provinces representing four major geographical
regions. This design ensured comprehensive coverage
of the national goat population. From each of the seven
constituent breeds, approximately 450-500 animals
were selected. Only goats aged two years or older were
included to ensure adequate time for seroconversion fol-
lowing potential MAP exposure. For serological testing,
blood was collected from the jugular vein into gel tubes,
and for genetic testing, into EDTA-containing tubes.
Serum samples were separated immediately. Both whole
blood in EDTA tubes and serum samples were placed in
a—20 °C deep freezer as soon as possible and stored until
laboratory analyses were performed. Authorized permis-
sions were obtained for all sampling procedures. After
blood collection, all animals continued their routine
management under standard husbandry conditions at
their respective farms, and no animals were euthanized
at any stage of the study. The distribution of sampled ani-
mals is summarised in Table 1.

Serological screening

Serological screening for paratuberculosis was performed
on 3,372 goat samples using the Indirect Enzyme-Linked
Immunosorbent Assay (indirect ELISA) with commercial
kits (IDvet, ID Screen Paratuberculosis Indirect Screen-
ing Test, Grabels, France), following the manufacturer’s
protocol. Optical density (OD) was measured at 450 nm,
and Sample-to-Positive percentage (SP%) values were
calculated as:

SP% — 7ODS?lmple — @negative control % 100

0) positive control — ODnegative control
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Table 1 The sampling distribution across breeds, provinces, and geographic regions

Breeds n Male Female Farm Location (Provinces) Geographic region

Hairy goat 500 17 483 6 Antalya, Burdur, Kahramanmaras, Mersin Mediterranean

Honamli goat 464 11 453 6 Antalya, Burdur

Damascus 470 22 448 6 Hatay

Angora goat 486 22 464 6 Ankara, Siirt Central Anatolia and Southeastern Anatolia

Kilis goat 499 10 489 4 Gaziantep, Kilis Southeastern Anatolia

Turkish Saanen 475 6 469 4 Canakkale Marmara

Maltiz goat 478 8 470 4 Kirklareli Marmara

Total 3.372 96 3.276 36 M 4

Table 2 Distribution of the matched-pairs panel across breeds, ages, and herds

Breeds Number of herds Ages Total pairs
2 3 4 5 6 7 8 9 10

Hairy goat 4 0 3 9 7 7 5 1 0 0 32

Honamli 4 1 10 14 4 0 1 3 0 0 33

Angora 3 2 2 8 3 2 0 2 0 0 19

Kilis 4 2 17 15 5 1 0 0 0 0 40

Turkish Saanen 3 12 4 12 7 4 0 0 0 0 39

Maltiz 4 1 5 17 10 3 0 3 0 1 40

Damascus 6 5 13 8 6 5 0 0 0 0 37

Overall 28 23 54 83 42 22 6 9 0 1 240

Tests were validated when the ratio of mean negative to
mean positive control SP% was <1/5. Samples with SP%
< 60% were considered negative, > 70% positive, and
60-70% borderline. Of the total, ELISA failed in three
samples, while the remaining 3,369 were successfully
screened for paratuberculosis.

Construction of the case-control matched-pairs panel

To enable genotype—phenotype association analyses with
maximal control over environmental and demographic
confounding, a panel of 240 matched case—control pairs
was constructed. Matching criteria included farm, herd,
breed, age, and sex, such that each MAP-positive indi-
vidual was paired with a MAP-negative individual raised
under identical conditions. Prior to matching, all sero-
positive and seronegative samples were ranked based on
their SP% values. Strict thresholds were applied to maxi-
mise contrast: SP% =100 for inclusion as positive and
SP% <10 for inclusion as negative. Samples with inter-
mediate or borderline SP% values were excluded to avoid
phenotype misclassification. The distribution of matched
pairs by breed, herd, and age class is provided in Table 2.

Genotyping, quality control, and genotype imputation

Genotyping was conducted on the Illumina GoatSNP
64 K BeadChip, yielding an overall genotyping suc-
cess rate of 0.999204. Quality control (QC) procedures
were performed in PLINK v1.9. Sex chromosomes and
SNPs lacking defined genomic positions (“‘chromosome
0”) were removed, followed by exclusion of duplicated
SNP identifiers. SNP- and sample-level QC thresholds

included SNP call rate>95%, individual call rate>90%,
minor allele frequency (MAF)>5%, and Hardy—Wein-
berg equilibrium p-value>1x107°. Linkage disequilib-
rium (LD) pruning was performed at r* < 0.2 to minimise
redundancy. Missing genotypes were imputed using Bea-
gle v5.0. Six individuals (3 matched pairs) were excluded
during QC, reducing the panel from 480 to 474 individu-
als. After QC, the dataset consisted of 44,375 SNPs and
474 individuals (237 case—control pairs).

Feature preselection via mutual information

Rationale and theoretical basis

Given that the quality-controlled genotype matrix com-
prised 44,375 genome-wide SNP markers across 474 indi-
viduals, direct application of machine learning algorithms
to this ultra-high-dimensional feature space would entail
prohibitive computational burden and acute susceptibil-
ity to the curse of dimensionality, wherein the number
of predictors vastly exceeds the sample size (p > n). To
address this, mutual information (MI) was employed as a
model-agnostic, filter-based feature selection strategy to
reduce genomic dimensionality while retaining variation
informative for phenotype prediction. Unlike conven-
tional correlation-based filters, MI quantifies both linear
and nonlinear statistical dependencies between SNP gen-
otypes and binary disease outcomes, conferring a distinct
advantage in complex, polygenic genomic architectures
where epistatic and non-additive effects may contribute
to phenotypic variance [32, 33]. Its invariance to mono-
tonic transformations further ensures robustness to het-
erogeneous SNP encoding schemes and departures from
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Gaussian phenotype distributions. Notably, by ranking
markers according to their individual discriminatory
capacity, MI-based filtering also attenuates the redun-
dancy introduced by linkage disequilibrium, effectively
prioritising tag SNPs that capture maximal phenotype-
associated information content within correlated haplo-
type blocks [32, 34, 35].

Implementation within nested cross-validation

Feature preselection was performed using the mutual_
info_classif function from scikit-learn, retaining the
top ~ 1% of genome-wide SNPs (500 total). MI computa-
tion was embedded within a rigorously structured nested
cross-validation (CV) design consisting of 5 outer folds
and 4 inner folds, repeated across 10 independent ran-
dom seeds (50 total test evaluations). All hyperparameter
optimisation—including the number of neighbours used
in the k-nearest-neighbour MI estimator and the size of
the feature subset—was restricted strictly to inner folds
to ensure proper separation between model selection and
performance estimation.

A k-nearest-neighbour MI estimator was used to cap-
ture model-free dependencies between discrete geno-
type states and the binary phenotype. For each outer
fold, optimal hyperparameters derived from the inner
loop were used to recompute MI scores on the complete
outer-training portion. Final MI rankings were computed
by globally aggregating fold-wise scores across all outer
folds and seeds using min—max normalisation.

Preservation of matched-pair integrity

All data partitioning procedures respected the struc-
ture of case—control matched pairs. Samples sharing a
pair identifier were never separated across folds, ensur-
ing that no MAP-positive individual was ever evaluated
independently of the MAP-negative partner originat-
ing from the same farm, breed, age group, and sex. This
design prevented information leakage, preserved biologi-
cal dependency structures, and allowed explicit control
over potential confounders influencing MAP dynamics.
Pair-based constraints were enforced identically across
inner and outer folds, guaranteeing that hyperparameter
optimisation, feature selection, and final model evalua-
tion all operated under equivalent biological matching
conditions.

Adaptive hyperparameter optimization for mutual
information-based feature selection

Hyperparameter optimization targeted two param-
eters: the number of nearest neighbors (n_neighbors)
for KNN-based MI estimation and the number of top-
ranked features to retain (k). The search space was
defined by an adaptive grid scaled to dataset dimensions:
n_neighbors candidates were set to {5, 7, 10}, balancing
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the bias—variance tradeoff for the moderate sample size
(n=474), while k candidates spanned + 50% of the target
feature count (minimum 100, maximum equal to total
markers), generating 9-15 combinations per fold. Each
combination was evaluated using the mean normalized
MI score across inner folds as the sole optimization cri-
terion; stability and sparsity metrics were recorded as
secondary diagnostics but excluded from the objective
function. An early stopping mechanism terminated the
search when no improvement exceeding 1% was observed
for three consecutive evaluations. All feature scaling
within the tuning loop was performed using locally fitted
scalers never exposed to held-out data, ensuring genu-
inely out-of-sample hyperparameter selection.

Feature aggregation and stability estimation

Global MI profiles were derived by normalising and con-
solidating feature scores across all 50 independent test
evaluations. Feature-selection stability was quantified
through two complementary measures: (i) selection fre-
quency across outer folds and seeds, and (ii) seed-con-
sistency metrics capturing the reproducibility of SNP
prioritisation under different random initialisations.
Together, these metrics provided a rigorous assessment
of signal robustness and ensured that downstream mod-
elling relied on features consistently supported across
resampling iterations.

Machine learning framework for SNP discovery

Model description

No single machine learning algorithm can adequately
capture the full range of genetic effects that may under-
lie a complex disease trait. Additive polygenic signals,
nonlinear epistatic interactions, and threshold effects
each favour different modelling assumptions, and rely-
ing on one approach risks systematic blind spots. We
therefore assembled a deliberately diverse ensemble of
nine algorithms spanning three complementary fami-
lies: penalised linear models (Ridge Logistic Regression,
Elastic Net, Linear SVM) to detect additive allelic con-
tributions under regularisation; tree-based ensemble
methods (Random Forest, Extra Trees, Gradient Boost-
ing, XGBoost, LightGBM) to capture higher-order SNP—
SNP interactions without explicit feature engineering;
and a probabilistic classifier (Naive Bayes) to serve as a
computationally efficient, independence-assuming base-
line against which more complex models can be bench-
marked. By combining these three modelling families,
the ensemble avoids commitment to any single hypoth-
esis about the genotype—phenotype mapping and instead
interrogates complementary dimensions of the genetic
architecture governing paratuberculosis susceptibil-
ity—maximising the probability that both marginal and
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combinatorial variant effects are identified within a single
analytical framework.

Population structure modelling and covariate processing
Population structure was quantified using a PCA
restricted to the pre-selected SNP panel, thereby pre-
venting information leakage from genome-wide varia-
tion. All covariate handling—including demographic
variables and PCs—was performed strictly within the
nested cross-validation framework to preserve complete
isolation between training and test partitions. Standardi-
sation parameters were estimated exclusively from each
training fold and subsequently applied to the correspond-
ing test fold without recalibration. To avoid confounding
and ensure stable effect estimation, demographic covari-
ates and principal components were identified, validated
for alignment, and standardised independently within
every training split. The resulting scaled covariates were
then horizontally merged with the normalised SNP fea-
tures, producing fold-specific augmented matrices that
jointly captured genomic structure and non-genomic
predictors. This rigorous preprocessing pipeline ensured
that inferred associations reflected genuine genetic con-
tributions rather than artefacts arising from information
leakage or improperly adjusted confounders.

Machine learning pipeline

A comprehensive machine learning pipeline was devel-
oped to identify genomic variants associated with para-
tuberculosis resistance in goat populations. The pipeline
integrated nine classification algorithms spanning tree-
based ensembles, gradient boosting methods, penalized
linear models, and probabilistic classifiers, all evaluated
within a rigorous nested cross-validation framework.
Methodological integrity was maintained through sys-
tematic leakage prevention, fold-wise preprocessing,
and multi-layered statistical validation, ensuring that
performance estimates and feature importance rankings
remained unbiased and reproducible across all stages of
the analysis.

Hyperparameter optimisation

Hyperparameter optimization was performed indepen-
dently for each classifier using the Optuna framework
with the Tree-structured Parzen Estimator (TPE) as the
sampling algorithm, which models the objective function
as a ratio of Gaussian mixture densities to preferentially
sample from promising regions of the search space. Each
model was allocated 50 optimization trials, with an early
stopping patience of 10 trials. A Hyperband pruner was
applied to terminate unpromising trials after the second
inner fold if intermediate scores indicated low likelihood
of improvement over the current best. The optimiza-
tion objective was balanced accuracy, selected for its

Page 6 of 27

robustness to potential fold-level sampling fluctuations
even under the balanced study design (237 cases, 237
controls). Model-specific search spaces were defined as
follows: tree-based ensembles (Random Forest, Extra
Trees, Gradient Boosting) were tuned over n_estima-
tors (200—800), max_depth (5-40 for bagging methods;
3-12 for boosting), min_samples_split (2—30), min_sam-
ples_leaf (1-15), max_features ({\'p, log,p, all}), and split
criterion ({Gini, entropy}); gradient boosting variants
(XGBoost, LightGBM) additionally optimized learning_
rate (0.005-0.3, log-scale), subsample (0.5-1.0), colsam-
ple_bytree (0.5-1.0), and L1/L2 regularization penalties
(reg_alpha, reg lambda: 0-10), with LightGBM further
tuning num_leaves (20-150) and min_child_samples
(5—100); penalized linear models (Logistic Regression L2,
Elastic Net, SVM Linear) were tuned over inverse regu-
larization strength C (107°-10° log-scale), with Elastic
Net additionally optimizing the L1/L2 mixing ratio 11_
ratio (0-1); and Naive Bayes optimized var_smoothing
(107'*-107% log-scale). Given the balanced class distribu-
tion, no class-level reweighting or cost-sensitive adjust-
ments were activated during optimization.

Nested cross-validation and leakage prevention
A fully nested design comprising 5 outer folds x 5 seeds
(25 independent evaluations) ensured unbiased perfor-
mance estimation. Case—control matched pairs were pre-
served in all splits, maintaining biological dependencies
while preventing inadvertent leakage from farm, breed,
age, or sex structure. Inner folds were used exclusively for
hyperparameter optimisation; outer folds were reserved
for independent testing. All preprocessing—standardi-
sation, covariate alignment, PCA application—occurred
independently within each fold. No information from any
test partition influenced training operations.
Performance metrics—including AUC, balanced accu-
racy, MCC, F1-score, recall, and specificity—were com-
puted for each of the nine machine-learning models
across 25 independent test datasets, and the aggregated
results and confidence intervals summarised model-level
stability.

Feature importance estimation

Feature importance was extracted using model-native
criteria: Gini importance or gain for tree-based models,
standardised coefficients for linear models, and permu-
tation importance for models lacking intrinsic interpret-
ability. Each metric was normalised to the [0,1] interval
to enable cross-model comparability. Importances were
computed exclusively within the validation folds of the
inner CV to avoid leakage from outer test sets. The result-
ing fold-specific matrices (features x 25 evaluations) were
aggregated to yield mean effect sizes and stability indices,
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including variance, Spearman correlations, and Jaccard
similarity across folds.

Statistical validation and quality control
Multiple validation layers were embedded throughout
the pipeline:

(i) train—test independence was verified using
automated overlap detection.

(i) overfitting was monitored via performance gaps
exceeding 0.05 AUC or 0.07 balanced accuracy.

(iii) calibration quality was evaluated through Brier
scores and calibration slopes within the acceptable
0.9-1.1 range.

(iv) consensus feature rankings underwent post-
hoc permutation testing (10,000 iterations) with
Benjamini—Hochberg correction (q < 0.05).

Global leakage and overfitting safeguards
Pipeline integrity was ensured through
safeguards:

stringent

(i) strict isolation of training and test folds,

(ii) fold-specific scaling and covariate handling,
(iii) nested cross-validation for unbiased
hyperparameter selection,

(iv) automated flagging of models exhibiting
excessive train—test divergence, and

(v) calibration-based reliability assessments.

SNP discovery methodology

Multi-method consensus framework

To derive a stable and generalisable set of predictive vari-
ants, we constructed a multi-method consensus frame-
work integrating three complementary aggregation
strategies—weighted model-based scoring, Borda count
ranking, and an approximate Kemeny—Young consensus.
By combining direct importance estimation with rank-
oriented and pairwise-preference methods, this frame-
work reduces the idiosyncrasies of individual models and
yields robust cross-model feature prioritisation.

Performance-driven and diversity-aware model weighting
Composite performance metrics

Each model’s contribution began with a composite vali-
dation score that blended three elements: discrimina-
tory power (captured through AUC), sensitivity to class
imbalance (balanced accuracy), and precision—recall
efficiency (F1 score). These components were combined
in fixed proportions, with AUC receiving the highest
weight, followed by balanced accuracy and then F1.
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To account for performance reliability, we penalized
models whose AUC values fluctuated substantially across
cross-validation folds. Models exhibiting large vari-
ance had their contribution proportionally reduced. The
product of the composite score and this stability penalty
defined a model’s base weight.

Diversity adjustment
To ensure that the ensemble did not overweight highly
similar models, we quantified redundancy by comput-
ing pairwise correlations between each model’s feature-
importance rankings. A diversity score was then assigned
to each model based on how weakly correlated it was
with the remainder of the ensemble. Models providing
more independent information received higher scores.
Final model weights combined the base (performance-
driven) weight with the diversity component, using a
heavier emphasis on the former. These weights were sub-
sequently normalised so that their total sum equalled one.

Rank aggregation approaches

Weighted importance estimation

For each feature, we averaged the normalised importance
values provided by all models, weighting each model’s contri-
bution according to its final ensemble weight. This produced
the primary “weighted consensus” importance estimate.

Borda count consensus

To incorporate ordering stability, each feature received a
Borda score reflecting its relative position in each model.
These scores were aggregated across models using the
ensemble weights and normalised to a common scale.

Kemeny-young pairwise-optimal consensus

We also employed an approximate Kemeny—Young pro-
cedure to quantify how consistently one feature was
preferred over another across models. Summing these
weighted pairwise preferences produced a global Kemeny
score per feature. Due to computational constraints,
Kemeny scoring was restricted to the top 100 features
identified by the weighted consensus method.

Final composite ranking
The three ranking strategies were integrated as:

final (f) = 0.40 (weighted) + 0.30 (Borda) + 0.30 (Kemeny),

balancing direct score magnitude, rank stability, and
pairwise-optimal ordering. This yielded a robust, cross-
model consensus list suitable for downstream genomic
interpretation.
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Permutation-based statistical validation and persistence
threshold

False-discovery control was performed using permuta-
tion-derived p-values based on logistic-regression AUCs
evaluated under 5-fold cross-validation, benchmarked
against null distributions generated via Westfall-Young
minP permutations (10,000 iterations applied to the top
100 SNPs). Multiple testing correction followed the Ben-
jamini—Hochberg procedure (q<0.05). All permutation
procedures were executed strictly on the outer test folds
to prevent information leakage. SNPs surpassing the Ben-
jamini—Hochberg threshold were subsequently filtered
using a persistence cutoff of >0.25, a stability metric that
aggregates the model-specific recurrence of high-impor-
tance rankings across outer-fold splits (25 folds in total)
into a single consensus score.

The analytical workflow, summarized in Fig. 1, illus-
trates the transition from initial data refinement to the
final identification of significant markers. This frame-
work coordinates feature selection and model optimiza-
tion across multiple algorithmic architectures to ensure
a stable consensus. By linking independent performance
evaluations with empirical significance testing, the pipe-
line provides a systematic basis for prioritizing SNPs
that remain consistent across diverse computational
approaches. The diagram outlines the hierarchical rela-
tionship between data partitioning, ensemble-based
ranking, and the final discovery threshold used in this
study.

Integrative validation of ML-derived signals via
conventional GWAS frameworks

To benchmark the association signals identified by the
ML ensemble against conventional statistical genetics
approaches, two complementary genome-wide analy-
ses were conducted using the complete SNP dataset. A
classical mixed linear model (MLM) was implemented
in GEMMA [36], with breed included as a covariate to
account for population structure and potential confound-
ing effects. In parallel, a genome-wide McNemar test was
performed on matched case—control pairs using custom
Python scripts developed by the authors. These parallel
analyses enabled systematic cross-method comparison
and evaluation of concordance between machine-learn-
ing—derived predictions and hypothesis-driven associa-
tion testing frameworks in identifying SNPs associated
with MAP susceptibility.

Genomic annotation, gene enrichment, and pathway
analysis

Genomic annotation of significant SNPs was performed
using the ARSI reference assembly through the Ensembl
platform, Genome Data Viewer, and Genome Browser.
Genes located within +200 kb of each significant SNP
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were subjected to functional enrichment and pathway
analysis using ShinyGO database, incorporating all avail-
able databases for the Capra hircus genome. A false dis-
covery rate of 0.05 was applied to identify significantly
enriched terms. All visualisations and graphical outputs
were generated using ShinyGO.

Results

Serological survey results

Serological screening across seven indigenous goat
breeds—based on 3,369 successfully tested animals from
36 herds spanning four geographic regions (Fig. 2)—
revealed a heterogeneous yet broadly coherent pattern
of MAP exposure. The mean individual seroprevalence
was 13.95%, with breed-level estimates ranging from
8.6% (Hairy goat) to 25.41% (Angora). At the herd level,
a prevalence of 95.55% highlighted the deep and wide-
spread establishment of MAP in Tiirkiye’s goat produc-
tion systems. Although absolute seropositivity differed
among breeds, the near-universal presence of positive
animals across herds indicated that MAP circulation is
extensive and persistent.

Across the 240 matched pairs—constructed accord-
ing to herd, breed, age, and sex and subsequently used
to generate the dataset for genetic analyses—the sero-
negative group exhibited a mean Sample-to-Positive (SP)
value of 3.5%, whereas the seropositive group showed a
markedly higher mean of 202.0 (Fig. 3). This clear sepa-
ration between positive and negative animals provided
a reliable foundation for downstream analyses, ensuring
consistency and interpretive confidence.

Discriminative performance of preselected features

Comparative analysis between Top 500 SNPs and
remaining variants demonstrates exceptional discrimi-
native capacity across all quality metrics. Selected SNPs
exhibit four-fold elevated mean MI scores (median ~0.28
vs.~0.05) (Fig. 4a) with superior cross-fold stability
(Fig. 4b), as evidenced by lower coefficient of variation
values (~0.30 vs.~0.7) (Fig. 4c). The selection frequency
distribution reveals that Top 500 SNPs span 0.4-1.0
(Fig. 4d) indicating consistent prioritization across
cross-validation iterations, while non-selected variants
cluster near zero (<0.05). Perfect seed consistency (1.0)
for selected features contrasts sharply with near-zero
reproducibility (~0.05) for remaining variants (Fig. 4e),
confirming deterministic convergence to biologically
relevant markers independent of stochastic initializa-
tion. Notably, the coefficient of variation (Fig. 4c) dis-
plays a bimodal pattern where Top 500 SNPs concentrate
at lower CV values (~0.30), signifying superior stability,
while the remaining variants exhibit higher relative vari-
ability (~0.60), reflecting their inconsistent and likely
spurious signals across different data partitions. These
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MACHINE LEARNING-DRIVEN SNP DISCOVERY PIPELINE

STEP 1: SNP Quality Control
+ 44,375 SNPs (Post-QC)

+ MAF > 5% | HWE p > 1x107°
* Call Rate 2 95%

* LD Pruning (r* < 0.2)

v

STEP 2: MI-Based Feature Selection
* Genome-wide top SNP ranking

* Adaptive k-NN (Minority-aware)

* Model-agnostic approach

* Captures linear & nonlinear deps.

v

STEP 3: Multi-Model Validation Design
* Nested CV: 5-Cuter Folds x 5-Seeds
* Matched-Pair Integrity Preservation
e 25 Independent Evaluation Iterations
* Robust Variance & Bias Estimation

v

STEP 4: Data Partitioning

* 80% Training Set (Inner CV)

* 20% Independent Test Set

* Stratified Phenotype Allocation

* Pair-wise Independence Check

STEP 5: Hyperparameter Optimization
* Optuna TPE (50 trials/model)

* Hyperband Pruning

* 5-fold Stratified Inner CV

* Balanced Accuracy Cbjective

v

TEP 6: Model Training

e Linear: Ridge, Elastic Net, SVM

* Tree-based: RF, ET, GBT, XGB, LGBM
* Probabilistic: Naive Bayes

* Weighted Ensemble Architecture

3
=

v

STEP 7: Model Performance Benchmarking
e 12 Metrics (AUC, MCC, Bal-Acc, F1)
* Train-Test Generalization Analysis
* Error Distribution & Bias Profiling
* Overfitting & Reliability Assessment

v

STEP 8: SNP Importance Aggregation
* Weighted Score (40%)

* Borda Rank Integration(30%)

* Kemeny Score (30%)

* 9-model Consensus Ranking

T
v

STEP 9: PERMUTATICON-BASED FDR TESTING & FINAL DISCOVERY

* 10,000 Permutations for Empirical Null Distribution Mapping
* Multiple Testing Correction: Benjamini-Hochberg
* Stability & Robustness Metric: Persistency Threshold > 0.23
* FINAL OUTPUT: HIGH-CONFIDENCE SIGNIFICANT

SNPs

(g < 0.05)

IDENTIFIE

Fig. 1 Schematic representation of the ML-driven pipeline for identifying 31 high-confidence SNPs through ensemble-based consensus ranking

metrics establish clear separation between feature spaces,
validating the Top 500 SNPs as a stable, information-rich

subset for predictive modeling.

Performance evaluation across multiple machine learning

algorithms

Table 3 demonstrates strong concordance across nine
classification architectures, with test-set AUC values

tightly constrained to 0.982-0.992 (1.0% spread), indi-

cating convergence on a shared decision boundary.

Naive Bayes achieves the highest discriminative perfor-
mance (AUC=0.992) while also exhibiting the smallest
train—test divergence (AAUC=0.006), consistent with an
optimal bias—variance balance. This narrow AUC range
indicates that the MI-selected SNP panel provides a sta-
ble predictive signal that is consistently captured across
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Fig. 3 Box plot illustrating the SP% distribution between positive and
negative groups in the matched-pairs panel

diverse modelling frameworks for paratuberculosis
susceptibility.

Test-set balanced accuracy ranges from 0.947 to 0.971,
peaking with Random Forest (0.971) and reaching its
minimum with SVM Linear (0.947). Naive Bayes (0.969),
LightGBM (0.967), Gradient Boosting (0.967), and
XGBoost (0.967) form a narrow 0.2% performance clus-
ter, indicating functional equivalence. Naive Bayes again
shows the smallest train—test gap (A=0.007), whereas
Elastic Net displays the largest decline (A =0.044), sug-
gesting sensitivity to regularisation or insufficient model
complexity. The clustering of five models within a 0.44%
accuracy window indicates that performance differences

among nonlinear classifiers are minimal, while the com-
paratively lower scores of linear models suggest that
additional modelling flexibility may be beneficial for cap-
turing complex decision boundaries.

Fl-scores closely mirror balanced accuracy, span-
ning 0.947-0.971 on the test set. Random Forest leads
(0.971), followed by Naive Bayes (0.969) and Gradient
Boosting (0.968). Train—test F1 divergences range from
0.007 to 0.044, with Naive Bayes and XGBoost showing
exceptional stability, while Elastic Net, SVM Linear, and
Logistic Regression L2 exhibit larger performance drops,
consistent with known limitations of linear decision
functions in representing complex feature interactions.
The systematic F1 reductions observed predominantly in
linear classifiers suggest that MAP-associated genotype—
phenotype relationships may involve interaction patterns
or nonlinear structures that are more effectively captured
by flexible modelling approaches.

The Matthews Correlation Coefficient (MCC), a class-
imbalance—invariant metric integrating all confusion
matrix components, ranges from 0.895 to 0.944 on the
test set. Random Forest (0.944) and Naive Bayes (0.940)
show the strongest agreement between predictions and
ground truth, followed by Gradient Boosting, XGBoost,
and LightGBM (all 0.936). Logistic Regression L2, Elastic
Net, and SVM Linear occupy the lower boundary (0.900,
0.900, and 0.895), indicating reduced capacity to optimise
all classification quadrants concurrently. The 4.4% MCC
gap between the best nonlinear model (Random Forest)
and the best linear models (Logistic Regression L2 and
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Fig. 4 Distribution of MI metrics for the Top 500 SNPs selected by the Mutual Information Algorithm versus all remaining excluded SNPs. The Fig. 4 dem-
onstrates that the top 500 SNPs exhibit consistently higher informativeness, lower variability, and near-perfect reproducibility compared with excluded
variants, thereby confirming the stability and biological relevance of the preselected feature set. a mean_mi_score: Mean Mutual Information across
resampling iterations, indicating overall informativeness of each SNP. b std_mi_score: Standard deviation of Ml values, reflecting the stability of each SNP’s
information contribution across iterations. ¢ cv_mi_score: Coefficient of variation of Ml scores, capturing relative dispersion and highlighting features
with unstable or noise-driven signal. d selection_frequency: Proportion of resampling runs in which each SNP was selected, representing robustness
and repeatability of selection. e seed_consistency: Consistency of SNP selection across different random seeds, quantifying reproducibility of feature

importance under stochastic variation

Elastic Net) highlights measurable differences in overall
classification quality across modelling strategies.

Train—test MCC degradation spans 0.013-0.087, rep-
resenting a 6.7-fold variation in generalisation stability.
Naive Bayes, XGBoost, and Random Forest maintain
MCC loss below 5%, whereas Elastic Net, SVM Linear,
and Logistic Regression L2 approach or exceed 6.5%.
Gradient Boosting and Extra Trees exhibit intermediate
degradation, reflecting moderate capacity—complexity
trade-offs. The alignment between high test-set perfor-
mance and relatively low degradation suggests that the
strongest-performing models maintain stable generalisa-
tion behaviour across datasets.

Test-set precision varies from 0.949 to 0.970, with Ran-
dom Forest and Naive Bayes achieving the highest posi-
tive predictive value (0.970), corresponding to minimal
false-alarm rates. Precision train—test gaps range from
0.004 to 0.043, with Naive Bayes showing exceptional sta-
bility and Gradient Boosting and Elastic Net the greatest
volatility, likely due to amplification of training-set idio-
syncrasies inherent to sequential error correction. From a
practical breeding perspective, the consistently high pre-
cision across all models (>0.949) indicates a low expected
false-positive rate when identifying MAP-susceptible
animals.

Recall (sensitivity) spans a wider range than other per-
formance metrics (0.947-0.983), peaking with XGBoost
(0.983), followed by Gradient Boosting (0.982) and Light-
GBM (0.980), thereby identifying gradient-based ensem-
bles as particularly effective when false-negative costs
dominate. Elastic Net (0.952) and SVM Linear (0.947)

exhibit the lowest recall, consistent with the limited
representational flexibility of linear decision boundar-
ies. Train—test recall degradation remains modest across
models (A=0.005-0.045), with XGBoost (A=0.005)
and Naive Bayes (A=0.009) showing exceptional gen-
eralisation, whereas Elastic Net (A=0.045) and Logistic
Regression L2 (A =0.038) demonstrate more pronounced
decline. These patterns suggest that gradient-based
ensembles may offer advantages in settings prioritising
the detection of susceptible animals.

Recall and specificity exhibit balanced performance
across classifiers, spanning 0.947-0.983 and 0.947-0.968,
respectively, with no pronounced trade-offs between
true positive and true negative rates. Gradient Boosting,
XGBoost, and LightGBM attain the highest recall (0.982,
0.983, and 0.980), favouring these ensembles for recall-
critical settings, whereas Naive Bayes achieves maximal
specificity (0.968), highlighting its strength in minimising
false positives. The absence of a marked recall-specificity
trade-off suggests that the selected SNP features differen-
tiate susceptible and resistant phenotypes with compa-
rable clarity across modelling frameworks.

Mean prediction confidence displays a marked bimodal
distribution (0.661-0.997). Naive Bayes yields near-
maximal confidence (0.997) with negligible train—test
degradation, consistent with well-calibrated posterior
probabilities under conditional independence assump-
tions. Gradient Boosting similarly shows high confidence
(0.988) with minimal volatility. In contrast, Random
Forest exhibits systematic underconfidence (0.661),
representing a 33.7% deficit relative to Naive Bayes,



Page 12 of 27

(2026) 22:284

Yaman et al. BMC Veterinary Research

(19139q=43yb1y ‘abuel |-0) sasse|d aAnebau pue aAnisod usamiaq ysinbunsip 03 Ay

(4191390=1aM0] ‘|-0) SOWODINO [en1de pue salljiqeqold paidipaid usamiaq aduaIayip paienbs ueayy 21035 Jaug

suoIIpaid ||e Buowe 3100s dUIPYUOD 1S3YBIH XA SDUIPYUOD

suo321Ppaid ||e Buowe 3103S SUSPYUOD }SIMOT (U SDUSPYUOD

uoneleA £3ule3adun UodIPaId SSINSEIW ‘S210DS AUSPYUOD JO UOIIRIASP PIEPUR)S :PIS 3DUSPYUOD)

$S9U3)3|dWOD S3INSEIW PAYIUIP! A[3031100 saAsOd [enide Jo uoipiodold (K1

sa|dwes ||e ss04de 91025 9DUIPYUOD UOoIdIpaId dbeIDAY :UBI\ DUSPYUOD

91e4 9A11RHAU 9N payinuapl A309.40D saAebau [enide jo uonuodoid :A1dynads

Suds) ||eday

SS3UIDEXS SIINSEIW 1104100 A[|en3de aie Jey) suondipald aAisod jo uoipiodoid uoisidald

SIUBWA|D X11eW uoIsnyuod |je Buisn A1ijenb uoiedyisse|d pasue|eg :(UOIIRS1I0D SMAYIR) DDW

sO39W Y1oq Buiduejeq ainseaw 9duewi0)1ad [|eISAO0 {[|ed9Y PUe UOISIDDId JO URIW DIUOWIRH |4

s9s5e[2 Y104 03 3yb1am |enba Buipiroid ‘A1dy1dads pue A11A1ISUSS JO ued| :AdeInNddY padueleg

e 119mod uolRUIWLIDSIP S,]9POIA ((BAIND 1I3pUn B31Y) DNY

€¥00 00 G200 5000 €€00 700 6¢00 Y00 £200 Adyads
€¢00 8100 5000 6000 LE00 S¥0'0 8€00 8100 €¢00 €39y
0v00 8¢00 1200 000 L€00 00 8¢00 €00 200 uojsidald
900 8500 £200 €100 8900 /800 9900 €900 [¥00 DDOW
[4300) 6¢00 7100 L00°0 Ge00 ¥¥00 €00 [4300) ¥¢00 L4
€€00 0€00 SL00 £000 Ge00 700 €00 €€00 G¢00 A5eInddy padueleg
¢loo 6000 L1100 9000 9100 €100 9100 LL00 6000 ony
(139w ures) buipuodsaii0d Y3 W04y dLdW 3531 dY) bundeligns Aq pauleiqQ) [043uod BunIYIdBAQ

¥S00  £100  0€00  ¥000  0€00  SLOO  6C00 lc00  0S00 6100  ZLLO LE00  90L°0 8/00  L€00 L000  ZEL'O  9/00 21025 Jolg
€0 S/V0 06¥0 l6¥0 0870  €8¥0 0050  00SO  66¥0 0050  ZLL'O  S8Y0  64€0 LIY0  L6V0 L6V0  EVCO LEE0 Xew 92Uspyuod
1800 /900  S8C0  09€0 €910 €500  S6€0  GLL'O €500  /ZLOO  /ZLL'O €600  0CO0 LE00 €670 9/£0  €¥00  CE00 Ul 95Uspyuod
0800  £S00  S€00  8LOO0 8500 9S00  /ZLOO  8C00  6LL0 €600  ZLLO 6900  ¢600 100 ¥€00 €100 €00  €¥00 piS @2uspyuod
7980  8¢60  ¥/60 1860  ¢S60 9560  £L660 L6600  ¥680 lE60 /180 8980  9¢/0 90 8860 €660 1990  9¥L0 UeaW 915uUspyuod
(560 S660 €560 9660 0560  S/60 8960 €460 /Y60 0860 /¥60 0660  0S60 6/60  CS60 6660 /960 €660 Aidyiads
G/60 8660 0860 8660 €860 8860 060 6/60 /[¥60  ¥860  CS60  L660  8¥60 9860 (860 000l S/60 8660 |[e59y
G660 660  /S60 9660  SS60 /60 060 €460 6¥60 0860  6¥60 0660  CS60 6/60 9560 6660 0/60 €660 uolsidald
660 €660 9¢60 €660 9¢60 €960 O0¥60  CS60  S680  ¥960 0060 /860 0060 9960  9¢€60 6660  ¥¥60 1660 DDW
$960 9660  £960 /660 8960 860 6960  9/60  /¥60 (860  6V60 €660  6V60 €860 8960 666'0 160 9660 [E|
€960 9660 /960  [660 /960 1860 6960  9/60 /¥60 860 6¥60 €660 6760 €860 2960 6660 160 $660  Adoeinddy paduejeg
8860 000l 1660 000l /860 8660 660 6660 (860 8660 9860 000l 860 8660 6860 000°L 1660 000l ony

1591  ures) 1591  ued) 1591  ures) 1591 uleqy 1591  ures) 1s9]  uleql 159) ures) 1s9] ulel| 1591 ures)

s934] ea1x3 Wgo b1 1500gDX sofeg anieN Jeaur] WAS 19N dnse|3  guoissaibay onsibo]  Hunsoogiusipeln 153104 wopuey 1opon

$19S 1591 pue BulUleI} UO SIDYISSE|D BUIUIBS| SUIYDEW JO SDLISW dduUeUlIoad aAlleledwlo) € a|qel



Yaman et al. BMC Veterinary Research (2026) 22:284

attributable to probability regression induced by ensem-
ble averaging. Gradient-based ensembles combine high
confidence with strong discrimination, with XGBoost
(0.952) and LightGBM (0.974) offering robust probability
estimates alongside accurate classification. These differ-
ences in confidence structure may influence downstream
threshold-based decision strategies in genomic selection
contexts.

Confidence variability ranges from 0.017 to 0.119, with
Naive Bayes showing minimal dispersion (0.017) and
Elastic Net (0.117) and SVM Linear (0.119) exhibiting
approximately sevenfold greater heterogeneity, reflect-
ing instability of probability estimates under linear deci-
sion boundaries. The relatively low variability observed in
Naive Bayes and gradient-based ensembles indicates con-
sistent probability estimation across samples.

Brier scores span 0.029-0.137, with four models form-
ing a distinctly superior calibration cluster at or below
0.031: Naive Bayes (0.029), LightGBM (0.030), XGBoost
(0.030), and Gradient Boosting (0.031). This group
achieves a calibration advantage of up to 79% over the
worst-performing model, Random Forest (0.137; rela-
tive improvement: (0.137-0.029) / 0.137=0.79), under-
scoring a clear separation between well-calibrated and
poorly calibrated models. Notably, the inclusion of Naive
Bayes alongside three gradient-based ensembles in this
elite tier suggests that strong probabilistic calibration can
be attained through fundamentally different modelling
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assumptions—parametric distributional inference as
well as iterative residual correction. Extra Trees occu-
pies an intermediate position (0.054), while linear models
show progressively degrading calibration (SVM Linear
0.050, Logistic Regression L2 0.106, Elastic Net 0.117),
and Random Forest records the poorest test-set calibra-
tion (0.137). The convergence of these four structurally
diverse models at Brier scores below 0.031 confirms that
strong discriminative performance does not automati-
cally confer well-calibrated probability estimates, but that
certain model families achieve both simultaneously.

Train-test performance differences across 25 folds

The composite overfitting metric integrates multiple per-
formance gaps into a single quantitative index of gener-
alisation stability. For each fold, discrepancies between
training and test performance are calculated for AUC,
balanced accuracy, and F1 score, capturing complemen-
tary dimensions of potential overfitting. These gaps are
then combined using a weighted scheme that assigns the
greatest emphasis to AUC, followed by balanced accuracy
and F1, producing a unified score that reflects the over-
all extent of performance inflation on the training data.
During analysis, any fold exceeding the weighted overfit-
ting threshold of 0.05 was excluded from further evalu-
ation. The resulting composite measure is interpreted
using predefined thresholds that distinguish acceptable
generalisation from moderate or pronounced overfitting,

a Overfitting Score per Fold b Overfitting Score per Fold C Overfitting Score per Fold
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Fig. 5 Variability of train—test metrics across 25-fold cross-validation. Variability of train—test performance metrics across 25-fold nested cross-validation
for nine ML models: a, Random Forest; b, Gradient Boosting; ¢, Logistic Regression L2; d, Elastic Net; e, SVM Linear; f, Naive Bayes; g, XGBoost; h, Light GBM;
i, Extra Trees. The composite overfitting metric integrates AUC, balanced accuracy, and F1 train-test gaps into a unified index. Folds exceeding the 0.05

threshold were excluded
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enabling a clear and systematic assessment of model sta-
bility across folds (Fig. 5).

Cross-model feature importance concordance analysis

To quantify cross-algorithmic consistency in genomic
feature prioritization, we constructed a comprehensive
feature importance correlation matrix spanning all nine
classification architectures. For each model, fold-aver-
aged feature importance scores were computed, yielding
a single importance value per SNP. Pairwise linear agree-
ment was assessed via Pearson’s correlation coefficient
applied to aligned SNP-level importance vectors, with
only shared SNPs retained and missing values excluded.
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The resulting symmetric 9 x 9 matrix with unity diagonal
elements is visualized as a heatmap (Fig. 6).

The correlation structure reveals pronounced archi-
tectural clustering. Tree-based ensemble methods—
Random Forest, Gradient Boosting, Extra Trees— and
Naive Bayes demonstrate exceptionally high concor-
dance (r=0.993-0.999), with Gradient Boosting—Extra
Trees achieving near-perfect agreement (r=0.999). This
convergence indicates that despite divergent algorithmic
mechanisms, these methods identify substantively identi-
cal genomic signal structures.

Among linear models, Logistic Regression L2 and Elas-
tic Net demonstrate strong mutual agreement (r=0.980),

Model Feature Importance Correlations
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Fig. 6 Cross-model feature importance correlation matrix. Heatmap Figure demonstrated that cross-model feature importance correlation matrix (Pear-
son’s r) across nine ML classification architectures. Despite their distinct algorithmic foundations, tree-based ensembles (Random Forest, Gradient Boost-
ing, and Extra Trees) and the probabilistic Naive Bayes classifier form a high-concordance cluster (r = 0.993-0.999), indicating convergence on shared
genomic signal structures despite different algorithmic mechanisms. Linear models (Logistic Regression L2, Elastic Net, SYM Linear) exhibit lower inter-
family concordance (r = 0.468-0.980), reflecting the fundamental distinction between additive and interaction-dependent feature attribution
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indicating substantial concordance in feature attribution
despite their different regularization strategies. However,
both exhibit markedly reduced concordance with SVM
Linear (r=0.468-0.472), suggesting that margin-based
optimization diverges fundamentally from likelihood-
based linear frameworks in feature attribution patterns.
This internal heterogeneity within the linear model fam-
ily underscores that algorithmic paradigm—margin max-
imization versus likelihood optimization—exerts greater
influence on feature importance rankings than regular-
ization architecture alone.

On the other hand, linear architectures—Logistic
Regression L2, Elastic Net, and SVM Linear—demon-
strate substantially diminished concordance with tree-
based methods (r=0.468-0.671). Elastic Net manifests
the most pronounced divergence (r=0.468-0.660),
potentially reflecting dual-penalty regularization’s
aggressive coefficient shrinkage for correlated features.
This systematic linear-nonlinear discordance stems from
fundamental representational constraints: linear mod-
els assign global importance weights invariant to fea-
ture interactions, whereas tree-based methods capture
interaction-dependent feature salience through recursive
partitioning.

Naive Bayes occupies a distinctive position within the
correlation landscape: it aligns exceptionally well with
tree-based ensembles (r=0.993-0.997 with Random For-
est, Gradient Boosting, and Extra Trees), yet shows only
moderate concordance with linear models (r=0.616—
0.865 with Elastic Net and Linear SVM). This dual con-
cordance pattern positions Naive Bayes as effectively
bridging probabilistic and decision-boundary paradigms
through its conditional independence architecture. Its
near-perfect alignment with nonlinear methods suggests
that probabilistic feature attribution naturally captures
interaction structures, while its sustained—albeit attenu-
ated—linear model agreement reflects shared reliance on
feature-level marginal associations.

Significant markers identified through ensemble machine
learning
Using an ensemble machine learning strategy that inte-
grated nine models and employed extensive permutation
testing (n=10,000), a total of 31 genomic loci were identi-
fied as having high predictive importance, each exceeding
a precision threshold of 0.25. These SNPs showed consis-
tent performance across multiple ranking approaches,
with composite scores between 0.794 and 1.000, indicat-
ing stable and reproducible associations. Their chromo-
somal distribution was uneven, with notable clustering
on chromosomes 2, 6, 11, and 21, suggesting potential
functional concentration in these regions (Table 4).
Among these loci, snp4242-scaffold1131-545695
on chromosome 6 stood out, achieving maximum
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normalized values across both Borda and Kemeny rank-
ings (1.000) and exhibiting high rank stability (0.96), mak-
ing it the most influential marker. Additional variants on
chromosome 6—such as snp18252-scaffold1850-148547
and snp36198-scaffold433-398052 —also ranked highly,
with weighted normalized scores above 0.85 and strong
persistence values (0.40-0.76), further highlighting the
relevance of this chromosome. Chromosome 11 similarly
contained several high-impact loci, including snp42545-
scaffold564-283910 and snpl17821-scaffold185-652809,
both of which showed composite scores over 0.93 and
substantial rank stability.

Combined with rank stability coefficients gener-
ally above 0.70, these results support the view that
the observed associations are biologically meaningful
rather than random. A subset of loci on chromosomes
2, 4, and 15 showed strong weighted normalized scores
but moderate persistence levels, suggesting potential
context-dependent or epistatic contributions that merit
further investigation. Overall, the distributed yet func-
tionally aligned set of loci provides a solid basis for fol-
low-up mechanistic research and potential translational
applications.

The ensemble-derived metrics shown in Fig. 7 provide
a consistent visual distinction between SNPs classified
as significant (blue; FDR q<0.05) and non-significant
(orange; FDR q>0.05), with the normalised (“norm”
scores generally concentrated near the upper range for
the significant group. In panel a, the normalised weighted
score exhibits clear separation, with significant SNPs
clustered tightly at high values, while non-significant
SNPs are more dispersed and substantially lower. Panel b
displays a similar pattern in the normalised Borda score,
where significant SNPs show minimal variance and con-
sistently high values, reflecting strong agreement across
models. Panel ¢ shows an even more pronounced con-
trast in the normalised Kemeny score, as non-significant
SNPs exhibit wide variability and frequent near-zero
values, suggesting inconsistent model support. In panel
d, the normalised composite score effectively synthe-
sises these indicators and maintains the strong separa-
tion between groups. Panel e demonstrates that raw rank
stability is high and concentrated for significant SNPs—
indicating stable ordering across folds—whereas non-sig-
nificant SNPs exhibit much broader spread. Finally, panel
f shows that raw persistence, representing the propor-
tion of folds in which a SNP is selected, declines sharply
for non-significant SNPs, while significant SNPs appear
persistently across folds. Together, these panels present
a coherent and objective multimetric pattern that differ-
entiates SNPs with consistent model support from those
without.
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Fig. 7 Multimetric ensemble profiling of significant and non-significant SNPs. Figure 7 illustrated that multimetric ensemble profiling comparing signifi-
cant (FDR g < 0.05; blue) and non-significant (FDR g > 0.05; orange) SNPs across six complementary metrics: a normalised weighted score; b normalised
Borda score; € normalised Kemeny score; d normalised composite score; e raw rank stability; f raw persistence. Significant SNPs show consistently higher
values, lower dispersion, and stable selection across folds, confirming robust cross-model support

Inter-model concordance patterns in top-50 SNP
prioritization

Pairwise overlap coefficients were computed for the top
50 importance-ranked SNPs across all nine classifiers to
evaluate inter-model agreement in feature prioritization
(Fig. 8). The highest concordance was observed between
Logistic Regression L2 and Elastic Net (0.840), consistent
with the shared L2 regularization penalty that governs
both algorithms’ coefficient shrinkage behavior. Random
Forest and Extra Trees exhibited the second-highest over-
lap (0.720), reflecting the architectural similarity between
these two bagging-based ensemble methods. XGBoost
displayed the broadest concordance profile among all
classifiers, sharing 50.0% of its top markers with both
LightGBM and Extra Trees, 48.0% with Random Forest,
40.0% with Gradient Boosting, and 34.0% with each of
the regularized linear models—positioning it as the most
connected node in the inter-model agreement network.
Within the boosting subfamily, LightGBM and Gradi-
ent Boosting shared 50.0% of their top-50 selections,
while LightGBM showed notably lower agreement with
the linear classifiers (0.160 with both Logistic Regression
L2 and SVM Linear). SVM Linear produced the weakest
overall concordance, with overlap coefficients ranging
from 0.160 to 0.300, suggesting that its maximum-mar-
gin decision boundary prioritizes a largely distinct set of
genomic regions. Naive Bayes exhibited uniformly low-
to-moderate agreement across all comparisons (range:
0.160-0.320), with its highest overlap observed against
Elastic Net (0.320) and Gradient Boosting (0.260). The
heatmap reveals a clear block-diagonal architecture in
which tree-based ensembles (Random Forest, Extra
Trees, XGBoost, LightGBM, Gradient Boosting) and
regularized linear models (Logistic Regression L2, Elastic

Net) form two internally concordant clusters, with lim-
ited cross-family overlap.

Cross-model concordance and benchmarking of
association signals

To assess cross-method consistency in SNP prioritisa-
tion, the overlap among the top 50 variants identified
by the ML ensemble and the two genome-wide associa-
tion frameworks was examined. Substantial concordance
was observed across approaches, indicating that a core
subset of loci was consistently prioritised despite differ-
ences in analytical strategy. Specifically, 24 SNPs over-
lapped between the ML ensemble and the MLM, while
31 SNPs were shared between the ML ensemble and the
genome-wide McNemar analysis. Notably, 15 SNPs were
jointly supported by all three approaches, represent-
ing the most robust candidate signals associated with
MAP susceptibility (Fig. 9). In addition, 10 SNPs were
uniquely identified by the ML ensemble, suggesting the
potential detection of association patterns not captured
by conventional statistical models. While linear statisti-
cal frameworks and machine-learning approaches rely on
different modelling assumptions, the observed conver-
gence—together with ML-specific signals—supports the
view that MAP-associated genotype—phenotype relation-
ships may involve both linear effects detectable through
traditional association testing and more complex, poten-
tially non-linear patterns captured by ensemble learning
methods. These findings highlight methodological com-
plementarity and reinforce the value of integrative cross-
model comparison in resolving the genetic architecture
of MAP susceptibility.
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Fig. 8 Pairwise overlap coefficients for the top-50 importance-ranked SNPs across nine machine learning classifiers. In the Figure 8, each cell represents
the overlap coefficient between two models' top-50 SNP lists. Values closer to 1.0 (dark red) indicate high marker agreement; values closer to 0 (light yel-

low) indicate largely non-overlapping selections

Gene functional annotation, GO-term enrichment, and
pathway analysis

Across the genome, 31 significant SNPs were identified
on 16 chromosomes, with the vast majority located in
intergenic regions (Table 5). Only four variants fell within
intronic sequences: CACNA2DI1 on chromosome 4,
RGS6 on chromosome 10, BUBI on chromosome 11, and
ENSCHIG00000014388 on chromosome 15. The remain-
ing 27 SNPs were intergenic but frequently positioned
within +200 kb of biologically relevant genes. Nota-
bly, several mapped near immune-related loci, includ-
ing interferon-stimulated genes (IFI44, IFI44L, IFI27L2)
and members of the interleukin receptor cluster (ILIRI,
ILIRL2,IL18RI1,IL18RAP).

Additional associations were observed adjacent to
a dense serpin gene cluster on chromosome 21 (SER-
PINAI1, SERPINA6, SERPINA10, SERPINA1l, SER-
PINAI12, SERPINAI14), highlighting a region involved
in regulating innate immunity, inflammation, hormone
transport, coagulation balance, metabolic homeostasis,
and reproductive immunomodulation.

The predominance of intergenic variants suggests that
regulatory elements—rather than alterations in coding
sequence—likely drive the observed associations. It is
also plausible that these SNPs are in high linkage disequi-
librium with functional coding variants in nearby genes,
thereby serving as proxies for causal mutations.
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Fig. 9 Cross-model overlap structure of benchmark association signals.
UpSet plot showing overlaps among the top 50 SNPs identified by the
ML ensemble, MLM, and genome-wide McNemar analyses. Fifteen SNPs
were shared by all three approaches; pairwise overlaps included 24 SNPs
(ML=MLM) and 31 SNPs (ML-McNemar), with 10 SNPs uniquely detected
by the ML ensemble

Table 5 Functional Annotation and Pathway Analysis
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Functional enrichment analyses reinforced this infer-
ence: candidate genes showed significant overrepresenta-
tion of immune pathways, particularly those governing
cytokine signalling and T-helper cell responses. Interleu-
kin-1 receptor activity exhibited the strongest enrichment,
followed by Thl-associated cytokine production and
IL-18-mediated signalling cascades. The coordinated
enrichment of IL-1 and IL-18 pathways underscores the
centrality of pro-inflammatory cytokine responses in mod-
ulating MAP susceptibility. More broadly, the enrichment
of cytokine and immune receptor—related pathways sug-
gests that host genetic variation shaping receptor-medi-
ated immune recognition plays a key role in determining
differential vulnerability to MAP infection (Fig. 10a, b).

Discussion

Model performances and implications for the genetic
architecture of MAP resistance

The consistent performance hierarchy observed across
nine algorithmically distinct classifiers (Table 3) provides

Feature Chr  Pos Located genes within +200 KB range Location
snp14117-scaffold1564-138906 1 23,951,701 na intergenic
snp22402-scaffold2210-358741 1 146,238,603  S100B; PRMt2; DIP2A intergenic
snp7408-scaffold127-1272890 2 27,102,072 na intergenic
snp5726-scaffold1200-178160 2 60,706,561 na intergenic
snp5772-scaffold1203-488300 2 67,188,067 na intergenic
snp28267-scaffold301-1618884 2 107,809,284  B3GALT1 intergenic
snp58409-scaffold948-634796 2 133,639,821  ENSCHIG00000025950 intergenic
snp24990-scaffold257-835886 3 55,323,900 ADGRL4; IFl44; IFI44L intergenic
snp31149-scaffold345-718909 4 63,112,927 LRRN3 intergenic
snp31527-scaffold350-360780 4 82,149,468 CACNA2D1 intron

snp47327-scaffold665-1059656 5 34,657,160 PLEKHAS intergenic
snp51038-scaffold740-716213 5 89,531,145 PLEKHAS intergenic
snp18252-scaffold1850-148547 6 1,756,463 ENSCIG00000013370 intergenic
snp4242-scaffold1131-545695 6 3,701,899 CCNA2; BBS7; EXOSC9 intergenic
snp36198-scaffold433-398052 6 82,628,596 na intergenic
snp19388-scaffold196-254025 7 107,193,370 RUFY: CBY3; HNRNPH 1; CANX: MAML1, LTC4S; MGAT4B; MRNIP intergenic
snp9078-scaffold133-416791 10 19,118,447 RGS6 intron

snp42545-scaffold564-283910 11 1,534,514 BUBT intron

snp41247-scaffold536-90392 11 7,102,955 ILTRTALTRL2; IL18R1; IL18RAP; SLC9A4; SLCIA2; MFDSY; TMEM 182 intergenic
snp28637-scaffold309-203183 11 35,431,796 na intergenic
snp17821-scaffold185-652809 11 73,210,757 KIF3C; GAREM2; RAB10; ASXL2 intergenic
snp42713-scaffold568-1111566 12 18,563,769 ENSCHIG00000011884 intergenic
snp23736-scaffold24-170008 13 23,886,395 OTUDI; Cl0orf67 intergenic
snp58744-scaffold959-252718 13 43,364,413 AKR1E2; ENSCHIG00000021551; ENSCHIGO0000015988; ENSCHIG00000025612 intergenic
snp1942-scaffold1054-281717 14 78,601,781 KCNK9; TRAPPC9 intergenic
snp40457-scaffold516-2400865 15 4,706,995 ENSCHIG00000014388 intron

snp42323-scaffold557-1353363 18 5,395,057 MONI1B intergenic
snp57371-scaffold913-1533576 20 8,211,993 UTP15; BTF3; ANKRA2; FOXD1 intergenic
snp6499-scaffold1230-873345 21 32,528,800 LINGOT; IMP3; CIMAP1C; SNX33; CSPG4; SNUPN; PTPN9 intergenic
snp36676-scaffold444-459060 21 39,010,838 na intergenic
snp25274-scaffold2598-218661 21 58,428,665 IFI27L.2; PPP4R4; SERPINAT; SERPINA6, SERPINATO; SERPINAT1; SERPINA12; SERPINAT4  intergenic
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Fig. 10 GO-Term and Pathway Enrichment Mapping of Immune Signalling Processes

direct insight into the genetic architecture govern-
ing MAP susceptibility rather than merely reflecting
methodological preference. The systematic and repro-
ducible underperformance of penalised linear models
relative to tree-based and probabilistic classifiers—mani-
fest not in discrimination alone but across calibration,

generalisation stability, and confusion-matrix balance—
constitutes evidence that the host genotype-pheno-
type mapping for paratuberculosis resistance is not fully
captured by purely additive allelic effects. Critically,
however, the fact that linear models still achieve strong
absolute performance (AUC=0.982) indicates that a
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substantial additive component does exist; it is the resid-
ual performance gap—most pronounced in MCC and
recall—that exposes the additional contribution of non-
additive genetic effects, including epistasis and possible
dominance interactions among loci. This architectural
inference is independently supported by cross-method
benchmarking: the ML ensemble shared 24 of its top 50
SNPs with the additive mixed linear model and 31 with
McNemar’s test, while uniquely identifying 10 loci cap-
tured only by interaction-sensitive algorithms (Fig. 8),
indicating predominantly combinatorial rather than
marginal phenotypic effects. The near-perfect feature-
importance concordance among tree-based ensembles
and Naive Bayes (r=0.993-0.999), contrasted with their
marked divergence from linear architectures (r=0.468—
0.671), further implies that the non-additive signal is not
model-specific noise but a reproducible structure in the
data that interaction-capable algorithms converge upon
independently. From a breeding perspective, this layered
architecture—where additive polygenic effects coexist
with epistatic modifiers—argues against reliance on any
single modelling paradigm for genomic prediction of
MAP resistance and instead supports the ensemble phi-
losophy adopted here, in which complementary induc-
tive biases are deliberately combined to interrogate the
full spectrum of genetic effects shaping host—pathogen
interaction.

Inter-model concordance topology and implications for
consensus-based marker discovery
The overlap coefficient heatmap (Fig. 8) reveals a strati-
fied concordance topology shaped by three interacting
factors: optimization paradigm, regularization geometry,
and sensitivity to interaction architectures. Rather than a
clean block-diagonal partition, the matrix exposes a gra-
dient of inter-model agreement with hierarchical but per-
meable boundaries among algorithmic families.

Penalized linear models (Logistic Regression L2 and
Elastic Net) exhibit near-maximal internal concordance
(0.840), consistent with their shared convex optimiza-
tion framework and similar shrinkage behavior under
L2-dominant regularization. Bagging-based ensem-
bles (Random Forest and Extra Trees) form a second
high-agreement pair (0.720), reflecting their common
variance-reduction strategy via bootstrap aggregation.
The boosting subfamily shows moderate but internally
heterogeneous cohesion: LightGBM-Gradient Boost-
ing and XGBoost-LightGBM each reach 0.500, whereas
XGBoost—Gradient Boosting falls to 0.400, indicating
that implementation-level differences produce non-triv-
ial divergence even among sequentially trained residual-
fitting models.

A notable finding is the asymmetric permeability
of cross-family boundaries. Bagging ensembles share
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0.400-0.440 of their top markers with the penalized lin-
ear models—values approaching several within-boosting
comparisons—suggesting that bagging partially recovers
additive marginal-effect signals that linear classifiers also
detect. By contrast, Gradient Boosting shares only 0.080—
0.140 with the same linear methods, the lowest cross-
family overlap in the entire matrix, indicating that its
sequential residual-fitting strategy prioritizes interaction-
dominated features that linear frameworks are structur-
ally unable to capture.

XGBoost occupies a distinctive bridging position
within this landscape. Although Extra Trees achieves
a marginally higher mean overlap (0.385 versus 0.375),
this is driven primarily by its strong bilateral connec-
tion with Random Forest. XGBoost instead exhibits the
most evenly distributed concordance profile: six of its
eight pairwise overlaps equal or exceed 0.340, spanning
both tree-based and linear families, likely reflecting its
regularized objective function combining second-order
gradient optimization with L1/L2 penalties. SVM Lin-
ear and Naive Bayes form a fourth category of relatively
isolated classifiers (ranges: 0.160—0.300 and 0.160—0.320,
respectively), whose low overall concordance does not
diminish their consensus value—markers reaching their
top-ranked lists despite restrictive model assumptions
carry additional evidence of marginal discriminative
power.

From a systems-genomic perspective, inter-model dis-
cordance represents complementary projections onto
the genotype—phenotype manifold rather than analytical
instability. A marker endorsed by both a bagging ensem-
ble and a penalized regression model has survived fea-
ture selection under orthogonal statistical assumptions,
acquiring cross-architecture robustness that no single-
model analysis can confer. Conversely, markers uniquely
prioritized by interaction-sensitive ensembles may rep-
resent higher-order epistatic structures invisible to linear
estimators, warranting retention as candidates for func-
tional validation. These findings advocate for consensus-
weighted discovery frameworks in livestock genomics,
where incorporating overlap topology into candidate
prioritization may enhance biological signal stability—a
strategy of particular value under moderate sample size
regimes where independent replication cohorts are rarely
available.

Immunogenetic architecture underlying innate and
adaptive immune regulation

Given that the majority of identified SNPs are inter-
genic, their influence on the highlighted immune genes
is likely mediated through regulatory mechanisms or
linkage disequilibrium rather than direct coding altera-
tions. Therefore, these genes represent putative candi-
dates requiring functional validation. Nevertheless, the
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biological plausibility of these proximity-based asso-
ciations is strengthened by the coherent functional
landscape they delineate: a diverse array of immune-
regulatory genes orchestrates host defense, shaping
antiviral resistance, inflammatory homeostasis, antigen
processing, and immunopathology. The genes exam-
ined here converge on several core immunological mod-
ules—including interferon-stimulated antiviral programs,
cytokine receptor signaling, immune checkpoint control,
phagosome and autophagy pathways, glycan-mediated
T-cell regulation, and NF-kB—dependent inflammation—
revealing a multilayered network governing both innate
and adaptive immunity. In this context, we further high-
light the subset of genes identified through our Machine
Learning—based GWAS annotation pipeline that are
already known to participate in immune system regula-
tion, providing an integrated synthesis of ML-driven dis-
covery with established immunobiological function.

Interferon-stimulated genes and antiviral innate immunity
Interferon-inducible loci such as IFI27L2, IFI44, and
IF144L encode antiviral effectors that shape cell-intrin-
sic immunity. IFI27L2 localizes to mitochondria where
it promotes apoptosis and restricts replication of neu-
rotropic viruses including West Nile virus, operating
as a cell type—specific antiviral determinant [37, 38].
IFI44 and IFI44L suppress IRF3 and NF-kB signaling
by FKBP5-dependent inhibition of IKK kinases, func-
tioning as negative feedback regulators that fine-tune
type I/III IFN responses [39, 40]. Their strong induction
across infection contexts—including influenza, RSV, HIV
and hepatitis viruses—illustrates their conserved role
in antiviral defense [41]. In bacterial immunity, IFI44L
constrains early Mycobacterium tuberculosis growth,
while epigenetic dysregulation of IFI44L and elevated
IF144 expression contributes to autoimmunity [42]. Col-
lectively, these ISGs integrate pathogen sensing with
inflammatory resolution, balancing antiviral potency and
immunopathology.

Cytokine receptors governing innate—adaptive crosstalk

The IL18R1-IL18RAP-ILIR1-ILIRL2 receptor cluster
constitutes a central hub coordinating early inflamma-
tory signaling. ILIR1 drives neutrophil recruitment and
acute inflammation through MyD88-dependent NF-«kB
activation [43]. The IL-18R1/IL-18RAP complex syner-
gizes with IL-12 to elicit robust IFN-y production by NK
and Thl cells, promoting type-1 immunity against intra-
cellular pathogens [44]. Genetic evidence links ILISRAP
variants to Crohn’s disease, ulcerative colitis, and leprosy,
where alleles reduce receptor surface expression and
weaken NF-kB/MAPK responses in monocyte-derived
macrophages [45, 46]. ILIRL2 (IL-36R) activates epithe-
lial-driven inflammation, particularly in fungal infection
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and psoriasis [47]. Together, this receptor cluster modu-
lates the magnitude and quality of innate recruitment,
Th1/Th17 polarization, epithelial immunity, and chronic
inflammatory susceptibility.

Immune checkpoint and immune-evasion regulators
Multiple genes in the dataset directly influence immune
escape, T-cell suppression, and immune checkpoint
dynamics. IMP3 (IGF2BP3) represses stress-induced
NKG2D ligands ULBP2 and MICB, thereby dampen-
ing NK-cell surveillance and facilitating tumor immune
evasion [48]. Additional IMP family members enhance
immune checkpoint expression and limit interferon
signaling, contributing to immunotherapy resistance
[49]. HNRNPH]1, a key RNA-binding protein, stabilizes
NEAT1v2 to promote IL-8 transcription and controls the
translation of JAK2 and PD-L1/PD-L2, integrating innate
inflammation with adaptive immune suppression [50,
51]. Its transcriptional repression by AhR upregulates
PD-L1 and IDO1, further strengthening immunosup-
pressive programs [52]. Additionally, ADGRL4, enriched
in endothelial cells, fosters an immunosuppressive tumor
microenvironment through M2-like macrophage polar-
ization and PD-L1 upregulation, while impairing T-cell
infiltration [53, 54]. These pathways collectively highlight
the tight coupling between stromal signaling, NK/T-cell
activation thresholds, and immune evasion.

NF-kB pathway regulators and inflammasome-linked
immunity

Innate immunity relies heavily on NF-kB—mediated tran-
scriptional activation. OTUD], a deubiquitinase, acts as a
central negative regulator by targeting MAVS, TRAF3/6,
and IRF3 for inactivation, thereby constraining type I IFN
production. OTUD1 deficiency markedly enhances anti-
viral and antifungal immunity [55-57]. PPP4R4, through
PP4C complexes, also suppresses TBK1 phosphorylation
to downregulate antiviral signaling, reflecting an evo-
lutionarily conserved mechanism for preventing exces-
sive inflammation [58]. TRAPPC9 (NIBP) enhances
NEF-kB activation downstream of TLR signaling and is
associated with heightened inflammatory cytokine pro-
duction in macrophage-driven infectious mastitis [59,
60]. S100B, functioning as a danger-associated molecu-
lar pattern (DAMP), triggers MyD88/TRIF-dependent
NF-«B activation and amplifies cytokine secretion, inte-
grating metabolic stress with pathogen-driven inflam-
mation [61]. These networked regulators calibrate the
threshold between protective inflammation and harmful
immunopathology.

Together these genes define a multi-tiered immu-
nogenetic framework integrating antiviral interferon
responses, cytokine receptor signaling, immune check-
point regulation, vesicular antimicrobial pathways, and
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glycan-mediated T-cell control. Their coordinated activ-
ity illustrates how genetic variation shapes susceptibil-
ity to infection, chronic inflammation, immune evasion,
and therapeutic responsiveness—providing a scalable
foundation for precision immunology and host-directed
interventions.

Immunological signalling networks associated with MAP
susceptibility

Pathway analysis provides a mechanistic perspective on
how SNP-level associations converge on coordinated bio-
logical processes, enabling the identification of signalling
networks that may underlie differential susceptibility to
infectious diseases. By integrating multi-model GWAS
outputs with functional annotation, this analysis high-
lights immune pathways whose perturbation can alter
host defence, cytokine signalling dynamics, and the inter-
play between innate and adaptive immunity.

Interleukin-1 receptor (IL-1R) signalling constitutes
one of the core pathways of innate immune activation
and plays a central role in host defence against infectious
diseases. IL-1R family members—particularly IL-1R1 and
IL-1R2—mediate the actions of the pro-inflammatory
cytokines IL-1a and IL-1p, triggering neutrophil recruit-
ment, fever induction, and acute-phase protein synthe-
sis [62]. Through MyD88-dependent signalling, IL-1R
activation drives NF-kB and MAPK pathways, thereby
enhancing antimicrobial peptide production and phago-
cyte function [63]. Impaired IL-1R activity increases sus-
ceptibility to bacterial, viral, and fungal pathogens and
delays pathogen clearance [64]. Beyond innate immu-
nity, IL-1R signalling provides essential cues for adaptive
immune activation by modulating T-cell differentiation
and antibody responses [65].

Regulation of Thl cytokine production represents a
crucial axis of cellular immunity and is predominantly
orchestrated through the reciprocal interplay between
IL-12 and interferon-y (IFN-y). IL-12 derived from
antigen-presenting cells activates STAT4, initiating the
differentiation of naive CD4+T cells toward a Th1 phe-
notype and inducing the expression of the transcription
factor T-bet. This IL-12-STAT4 signalling cascade forms
a critical bridge between innate and adaptive immunity,
as pathogen-derived stimuli stimulate IL-12 secretion,
which in turn promotes robust IFN-y production by nat-
ural killer and T cells [66].

The IL-18-mediated signalling pathway is another fun-
damental regulator of both innate and adaptive immune
responses. IL-18 binds to a heterodimeric receptor
composed of IL-18Ra and IL-18Rp, initiating MyD88-
dependent signalling through its TIR domain [67]. As
a member of the IL-1 cytokine family, IL-18 relays dan-
ger signals to immune cells that cannot directly recog-
nise microbial antigens, thereby strengthening innate
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immune activation and linking it to downstream adaptive
responses [68]. During infectious disease, IL-18 plays a
particularly pronounced role. For example, during influ-
enza A virus infection, NLRP3 inflammasome activa-
tion converts pro-IL-18 into its mature form, promoting
effective adaptive immune responses [69].

IL-18 functions synergistically with IL-12 to activate
natural killer cells and protect the host against infec-
tions and malignancies. Mouse models lacking IL-18
show impaired NK-cell activity and heightened infection
susceptibility. Clearance of intracellular bacteria, fungi,
protozoa, and viruses requires host-derived interferon-y,
for which IL-18 is indispensable. In Mycobacterium
avium infection, IL-18 mediates protective immunity by
inducing IFN-y, while in Leishmania major infection, co-
administration of IL-12 and IL-18 confers resistance to
reinfection. IL-18 also enhances cytotoxic CD8 + T-cell
activation and supports antiviral defence, as demon-
strated by impaired viral clearance in IL-18-deficient
mice. The proteolytic conversion of pro-IL-18 to its active
form by caspase-1 following inflammasome activation
amplifies innate immune responses to microbial antigens
and danger signals, thereby providing a mechanistic link
between early immune activation and subsequent adap-
tive immunity [68].

The regulation of Thl-type immune responses forms
a central determinant of host protection, as the bal-
ance between Thl and Th2 differentiation dictates sus-
ceptibility to bacterial, parasitic, and viral pathogens.
IL-12 directs Thl polarization, whereas IL-4 promotes
Th2 commitment, establishing a cytokine environment
that determines adaptive immune trajectories. During
early responses to intracellular pathogens, macrophage-
derived IL-12 acts as the initiating cue by stimulating
natural killer cells to produce IFN-y. This initial IFN-y
burst enhances macrophage activation and induces fur-
ther IL-12 secretion, forming a self-reinforcing loop that
stabilises Th1l programming. At the transcriptional level,
IL-12 signalling activates the STAT family—especially
STAT4—which serves as a principal regulator of Th1 lin-
eage commitment. Disruption of this axis severely com-
promises Thl immunity, highlighting its non-redundant
role in antiviral and antibacterial defence [70].

Cytokine receptor activity, defined as the binding of
cytokines to their specific cell-surface receptors and the
initiation of downstream signal transduction, is essential
for regulating innate immunity through the JAK-STAT
pathway [71]. Upon pathogen recognition by pattern-rec-
ognition receptors, inflammatory cytokines such as IL-1,
IL-6, TNF-a, and IFN-y bind their cognate receptors to
activate JAK proteins, trigger STAT phosphorylation, and
induce transcription of antimicrobial effector genes [72].
Interleukin receptors are particularly critical in bacterial
infection; for example, IL-27 receptor signalling drives
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excessive immunosuppression during neonatal Gram-
negative sepsis [73].

Immune receptors provide the molecular founda-
tion for pathogen detection and immune activation. Key
receptor families—including Toll-like receptors (TLRs)
and nucleotide-binding oligomerization domain (NOD)-
like receptors (NLRs)—identify pathogen-associated and
damage-associated molecular patterns [74, 75]. Their
activation initiates signalling cascades that guide both
innate and adaptive immune responses, ensuring coordi-
nated host defence against invading microorganisms [76].

Conclusion

This study presents the largest caprine paratuberculo-
sis genomic survey conducted in Tiirkiye, encompassing
3,372 goats from seven native breeds across 11 prov-
inces and four geographic regions. By applying mutual
information—based feature preselection to reduce 44,375
quality-controlled SNPs to an informative subset of 500
markers, and subsequently deploying nine complemen-
tary machine-learning algorithms within a fully nested
cross-validation framework (5 folds x 5 seeds), we estab-
lished a methodologically rigorous pipeline that con-
verged on a narrow test-set AUC range of 0.982-0.992
across all classifiers. The ensemble importance frame-
work—integrating weighted averaging, Borda count, and
Kemeny-Young aggregation with permutation-based
FDR control—resolved 31 SNPs on 16 chromosomes that
were consistently associated with MAP serostatus, dem-
onstrating that the identified signal is algorithm-indepen-
dent and robust to stochastic variation.

The 31 candidate loci map predominantly to inter-
genic regions (27 of 31) yet cluster near genes governing
core immune processes: interferon-stimulated antiviral
defence (IFI44, IFI44L, IFI27L2), interleukin receptor—
mediated innate—adaptive crosstalk (IL1R1, ILI1RL2,
IL18R1, IL18RAP), NF-kB—dependent inflammatory
regulation (OTUD1, TRAPPCY, S100B), and the chro-
mosome 21 serpin cluster implicated in inflammation
and coagulation homeostasis. Functional enrichment
confirmed significant overrepresentation of IL-1 recep-
tor activity, Th1 cytokine production, and IL-18 signal-
ling cascades, delineating a biologically coherent immune
landscape. The systematic performance advantage of
nonlinear over linear classifiers—particularly in MCC
and recall—indicates that MAP resistance harbours non-
additive genetic components alongside its substantial
additive architecture, an inference independently sup-
ported by the partial but significant overlap of the ML
ensemble with both the mixed linear model (24 of 50 top
SNPs shared) and the genome-wide McNemar test (31 of
50 shared; 15 common to all three methods).
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These findings outline a practical foundation for
marker-assisted selection aimed at enhancing MAP resil-
ience in goat populations. The 31 validated SNPs, once
confirmed in independent cohorts, could be incorpo-
rated into low-density genotyping panels for genomic
evaluation, enabling breeders to select for reduced sus-
ceptibility without compromising production traits. By
curtailing pathogen shedding at its animal-source ori-
gin, such genomic strategies would complement exist-
ing surveillance and management measures within a
broader One Health framework, simultaneously ben-
efiting livestock productivity, environmental biosecurity,
and—given the reported associations between MAP and
chronic inflammatory diseases in humans—public health.

Several limitations warrant consideration and define
priorities for future research. First, the predominantly
intergenic location of identified SNPs means that gene
assignments are proximity-based (+200 kb) and require
functional validation through eQTL mapping, chroma-
tin conformation capture, or CRISPR-based perturba-
tion experiments. Second, although the inclusion of seven
genetically and geographically diverse breeds—spanning
four distinct regions of Tiirkiye—substantially strength-
ens the generalisability of the reported associations and
reduces the likelihood that the identified signals are breed-
or population-specific artefacts, replication in independent
international cohorts raised under different management
systems and climatic conditions remains necessary to
confirm their broader translatability. Third, although
the matched-pair design controlled for farm, breed, age,
and sex effects, larger sample sizes would increase power
to detect small-effect loci and to formally model gene—
environment interactions that may modulate MAP sus-
ceptibility across diverse production settings. Finally,
longitudinal studies tracking seroconversion dynamics
alongside genomic profiles would clarify whether the iden-
tified loci influence the timing and magnitude of immune
responses to MAP exposure, thereby refining both the bio-
logical interpretation and the breeding value estimation of
these candidate markers. Addressing these research priori-
ties within an integrated One Health framework—linking
genomic selection in livestock with environmental surveil-
lance of MAP shedding and epidemiological monitoring of
potentially associated human inflammatory conditions—
will be essential to translate the preliminary markers
reported here into actionable tools that simultaneously
safeguard animal productivity, reduce environmental
pathogen burden, and mitigate zoonotic risk.
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