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“As the dynamism of natural systems teaches us, resilience is not about clinging to stability but 

adapting and persisting in the face of change”   

 Ralph Waldo Emerson 

 

“The bamboo that bends is stronger than the oak that resists.”  

Japanese Proverb 

Genetic selection for resilience aims to breed cattle that resemble “bamboo rather than oak” able to 

adapt “bends” to climatic stressors and remain robust beyond optimal conditions. 
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Abstract 

Beef cattle production plays a central role in sustainable food systems, yet it faces growing 

challenges from climate change, resource limitations, and societal expectations for welfare-oriented 

and environmentally responsible farming. Enhancing the genetic resilience, efficiency, and longevity 

of beef cattle is therefore essential to sustain productivity and animal welfare under increasingly 

variable conditions. This thesis developed quantitative and genomic approaches to improve the 

sustainability and resilience of Italian beef cattle, focusing on functional longevity, fertility, growth, 

and their interaction with environmental stressors. The research integrated linear and threshold single-

step genomic best linear unbiased prediction models, genomic inbreeding analyses, multiple-trait 

models for genotype-by-environment interaction, and single-step genome-wide association studies. 

The first study investigated functional longevity, expressed as stayability, in Italian Charolais and 

Limousine cattle using single-step genomic prediction under linear and threshold models. Heritability 

estimates were moderate (0.11–0.21), with higher values under threshold models, confirming that 

longevity can be improved through selection. Spearman rank correlations between early and late 

calvings were positive but declined with increasing parity, while re-ranking of genotyped sires 

suggested that stayability across calvings represents genetically distinct traits. Negative correlations 

between stayability and fertility traits (age at first calving and first calving interval) indicated that 

earlier and more fertile cows tend to remain productive longer. In Limousine cattle, positive genetic 

associations between stayability and body conformation traits reflected the contribution of 

morphological soundness to resilience and longevity, whereas some body traits in Charolais, such as 

rump convexity, were unfavorably associated with longevity. 

The second study conducted a single-step genome-wide association analysis for longevity, 

fertility, and conformation traits in Limousine cattle, identifying genomic regions associated with 

immune regulation, reproductive efficiency, growth, and energy metabolism. The overlapping of 

different genes across longevity, fertility, and conformation highlights the polygenic nature of these 

complex traits. These candidate genes highlighted biological mechanisms underlying female 

productivity, adaptability, and overall resilience.  

The third study evaluated inbreeding depression across growth, fertility, and survival traits using 

both pedigree- and genome-based coefficients. Significant phenotypic depression was observed for 

growth, fertility traits, and longevity. Genomic inbreeding explained a higher proportion of variance 

than pedigree-based estimates, underscoring the importance of managing both recent and ancient 

inbreeding to preserve genetic diversity in the studied population.  

The fourth study assessed genotype-by-environment interaction for growth traits (average daily 

gain, weaning weight, and yearling weight) across different climatic environments in Limousine 
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cattle using a multiple-trait model. Results revealed genetic heterogeneity in environmental 

sensitivity, identifying genotypes capable of maintaining stable growth under heat stress conditions. 

Overall, this thesis demonstrates that combining genomic prediction, association analyses, and 

environmental modelling provides an effective framework for identifying animals that are productive, 

resilient, and well adapted to diverse conditions. These findings provide scientific and practical 

foundations for future breeding programs that promote productivity, animal welfare, and long-term 

sustainability in modern beef production systems. 
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Abbreviations 

Chapter 1  

GHG: greenhouse gases 

FAO: Food and Agriculture Organization of the United Nations 

CO₂: carbon dioxide 

CH₄: methane 

N₂O: nitrous oxide 

CFCs: chlorofluorocarbons 

THI: temperature humidity index 

EU: European Union 

SDGs: Sustainable Development Goals 

NDCs: nationally determined contributions 

G × E: genotype-by-environment interactions  

U.S.: United States  

GS: genomic selection 

GEBV: genomic estimated breeding value 

SNP: single-nucleotide polymorphism 

QTL: quantitative trait loci 

EBV: estimated breeding value 

ANACLI: Associazione Nazionale Allevatori Charolais e Limousine Italia  

GWAS: genome-wide association studies 

ssGBLUP: single-step genomic best linear unbiased prediction 

ROH: runs of homozygosity 

GRM: genomic relationship matrix 

Chapter 2  

ANACLI: Associazione Nazionale Allevatori Charolais e Limousine Italia  

LIM: Limousine 

CHA: Charolais 

Chapter 3 

ADG: average daily gain 

WW: weaning weight  

YW: yearling weight 
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G × E: genotype by environment interaction 

Env: environmental conditions 

MT: multi-trait models 

THI: temperature humidity index 

Temp: average daily temperature 

RH: relative humidity 

DP: dew point 

maxRH_CLASS: class of maximum relative humidity 

T_CLASS: class of temperature 

DP_CLASS: class of dew point 

BLUP: best linear unbiased prediction 

GBLUP: genomic best linear unbiased prediction 

h2: heritability 

hi: herd-year effect 

σa
2: additive genetic variance 

Chapter 4 

STAY: stay-ability 

ssGBLUP: single-step genomic best linear unbiased prediction  

ANACLI: Associazione Nazionale Allevatori Charolais e Limousine Italia 

AFC: age at first calving 

FCI: first calving interval 

h2: heritability 

hi: herd effect 

hIH
2 : intra-herd heritability 

Chapter 5 

FPED: pedigree-based inbreeding coefficients 

SNP: single-nucleotide polymorphism 

NCG: number of complete generations 

CGE: complete generation equivalents 

PCI: pedigree completeness index 

BiW: birth weight 

WW: weaning weight  

YW: yearling weight 

ADG: average daily gain 



9 
 

STAY: stayability 

AFC: age at first calving 

FCI: first calving interval 

GRM: genomic relationship matrix 

FGRM: marker-by-marker  

ROH: runs of homozygosity 

FROH: segment-based approaches 

Chapter 6  

GWAS: Genome-wide association studies  

QTL: quantitative trait loci  

ssGWAS: single-step GWAS  

STAY: stayability  

ANACLI:  National Italian Association of Limousine and Charolais Breeders  

AFC: age at first calving  

FCI:  first calving interval  

MAF: minor allele frequency  

GEBV: genomic estimated breeding values  

LD: linkage disequilibrium 

h2: heritability 

σa
2: additive genetic variances  

σh
2: herd variance  
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1.1 Global challenges in the livestock sector: environmental impact, animal 

welfare, and the need for resilience 

Livestock production plays a pivotal role in meeting global nutritional demands by supplying high-

quality protein, employment opportunities, organic fertilizer, and draught power, thereby contributing 

to food security (Herrero et al., 2013). Ruminants are particularly essential for converting fibrous feed 

resources into edible products and mechanical energy through their symbiotic relationship with 

ruminal microbiota. According to the Food and Agriculture Organization of the United Nations 

(FAO), the livestock sector accounts for approximately 40% of total agricultural output and supports 

the livelihoods of about 1.3 billion people worldwide (Bonilla-Cedrez et al., 2023; Bilotto et al., 

2024). 

Livestock systems are commonly classified into three categories: (i) pastoral or grassland-based 

systems, covering extensive areas with low population density; (ii) mixed crop–livestock systems, 

integrating crop cultivation with animal husbandry; and (iii) intensive systems, typically located in 

peri-urban or urban areas (Herrero et al., 2013; Bilotto et al., 2024). Each system contributes 

significantly to local and national economies by providing milk, meat, hides, and other commodities. 

For example, beef production has grown annually since 2000 by approximately 3.7%, 2.3%, and 1.4% 

in Northern Africa, Central America, and Southeast Asia, respectively (FAOSTAT, 2023). Beyond 

economic relevance, livestock systems hold cultural and social significance, shaping landscapes and 

sustaining rural livelihoods even in industrialized nations (Sirimarco et al., 2023). 
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Figure 1.1 "Projected Growth in Global Meat Production by Type and Development Status, 2015-17 to 2030". 

The figure illustrates projected increases in global meat production from the 2015–17 baseline to 2030, 

expressed in million tons carcass weight equivalent per year (FAO, 2018, Transforming the Livestock Sector 

through the Sustainable Development Goals). Growth is categorized by meat type (beef, pork, poultry, sheep) 

and country development status. The projections reveal substantial expansion, particularly in developing 

regions, underscoring the urgent need for efficient and sustainable livestock systems to meet rising global 

demand while minimizing environmental impacts and resource depletion. These trends highlight the necessity 

of implementing resilient production strategies addressing the three pillars of sustainability: environment, 

economy, and society. 

Despite these benefits, livestock production faces growing scrutiny due to its environmental 

footprint. The sector is a major contributor to global greenhouse gas (GHG) emissions and is 

associated with biodiversity loss and land degradation (Gerber et al., 2013). Climate change, driven 

by rising atmospheric concentrations of carbon dioxide (CO₂), methane (CH₄), and nitrous oxide 

(N₂O), exacerbates the greenhouse effect, leading to progressive global warming. 

 

a)

 



14 
 

b) 

 

Figure 1.2 (a-b) “A World of Agreement: Temperatures are Rising”. The panels present the observed rise in 

global mean surface temperature, reflecting consensus across multiple independent datasets. The continued 

upward trend in global temperatures is expected to increase both the frequency and intensity of heat stress 

events in livestock, with detrimental effects on animal health, fertility, and productivity. Concurrently, 

environmental consequences such as biodiversity loss, water scarcity, and ecosystem instability are anticipated 

to intensify, posing major challenges to the sustainability of agricultural systems worldwide. 

(https://earthobservatory.nasa.gov/world-of-change/global-temperatures). 

Furthermore, the expected increase in global population to 9.4 billion by 2050, together with 

projected rises in meat, egg, and dairy consumption by 73% and 58%, respectively, will place 

additional pressure on land, water, and energy resources (Makkar, 2016). Addressing these 

interconnected challenges requires strategies that ensure environmental protection, economic 

sustainability, and social equity. 

The complexity and uncertainty of climate change impacts underscore the urgent need for 

adaptation strategies that enhance resilience and sustainability in breeding populations. Effective 

adaptation depends on integrating technological innovations, improved management, and genetic 

selection strategies. Among these, breeding for resilience represents a long-term, cost-effective 

approach to improve farm efficiency, animal welfare, and overall sustainability while mitigating GHG 

emissions. Understanding these global challenges provides a foundation for assessing the specific 

effects of climate change on livestock health, productivity, and system viability. 

 

1.2 Climate change: implications for animal health, production, and livestock 

system sustainability 

https://earthobservatory.nasa.gov/world-of-change/global-temperatures
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Climate change and extreme weather events exert profound direct and indirect effects on livestock. 

Direct impacts include alterations in physiology, behavior, health, productivity, welfare, and 

mortality, while indirect effects arise from changes in feed and water availability, disease prevalence, 

and ecosystem dynamics (Faisal et al., 2021; Nardone et al., 2010; Freier et al., 2014; Rojas-Downing 

et al., 2017; Henry et al., 2018). The magnitude of these effects varies among species, regions, and 

production systems (Phelan et al., 2015), highlighting the need to improve animal welfare and 

resilience under changing climatic conditions. 

Heat stress induces physiological and metabolic responses, including reduced feed intake, elevated 

respiration rate, and endocrine alterations, disrupting energy balance and homeostasis (Nardone et 

al., 2010; Baumgard et al., 2007). Consequences include negative energy balance, impaired hepatic 

function, metabolic dysfunction, and oxidative stress, ultimately affecting nutrient allocation for 

growth and lactation. Heat stress also predisposes cattle to ruminal acidosis due to decreased saliva 

production and buffering capacity (Kadzere et al., 2002), and increases summer mortality (Vitali et 

al., 2009). 

The immune system is particularly sensitive to elevated temperatures, with heat waves impairing 

cellular immune function in dairy cattle (Lacetera et al., 2005). In females, heat stress disrupts ovarian 

activity and hormone secretion, reducing oocyte maturation, estradiol synthesis, and estrus expression 

(Rensis and Scaramuzzi, 2003). Consequently, reproductive performance declines in both sexes, with 

lower conception rates, compromised gamete quality, and reduced embryonic survival (Chebel et al., 

2004; Hansen, 2007; Amundson et al., 2006; Nichi et al., 2006; Hansen, 2009; Ambrosini et al., 2016). 

From a production standpoint, heat stress significantly reduces efficiency and profitability. 

Extreme heat waves in the United States and Europe have caused thousands of cattle deaths and 

financial losses in the billions (St-Pierre et al., 2003; Vitali et al., 2009). In beef cattle, elevated 

temperatures decrease dry matter intake, average daily gain, carcass weight, and meat quality, often 

resulting in darker meat with altered pH values due to compromised muscle metabolism (Kadim et 

al., 2004). 

Overall, Prolonged exposure to heat and other stressors undermines welfare, productivity, and 

health, threatening long-term livestock sustainability. These impacts highlight the importance of 

enhancing adaptive capacity and resilience through targeted management and breeding programs. 

Integrating resilience traits into selection schemes is therefore critical for maintaining production 

efficiency and animal welfare under climate change. 

 

1.3 Global strategies and policies driving sustainable livestock 
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In response to climate challenges and the need for resilient livestock systems, international and 

regional frameworks promote sustainable livestock development. Key initiatives are led by the FAO, 

the European Union (EU), and multistakeholder partnerships such as the Global Agenda for 

Sustainable Livestock. The FAO emphasizes the sector’s role in achieving the Sustainable 

Development Goals (SDGs), particularly regarding food security, poverty alleviation, nutrition, and 

rural livelihoods, while mitigating environmental impacts and enhancing system resilience (FAO, 

2018; FAO, 2020). Beef production is central in this context, providing high-quality protein, income 

diversification, draught power, and manure for soil fertilization, particularly in smallholder and mixed 

crop–livestock systems. 

Beef production faces challenges in land and water use, biodiversity conservation, and GHG 

emissions (Gerber et al., 2013). Policies increasingly prioritize genetic improvement, optimized 

feeding, and adaptive management to enhance efficiency and reduce environmental footprints. 

Nationally Determined Contributions (NDCs) under the Paris Agreement further encourage low-

emission, climate-adaptive production systems. 

At the regional level, programs such as the EU Horizon Europe Work Program (2023–2025) 

establish priorities for biodiversity-friendly practices, nature-based climate adaptation, circular 

resource management, and governance frameworks fostering resilient, equitable food chains 

(European Commission, 2023). Complementary trade initiatives, such as UNECE meat standards, 

enhance transparency, product quality, and sustainability across global markets. 

Recent high-level events, including the 2023 FAO Global Conference on Sustainable Livestock 

Transformation, reaffirm international commitment to mobilize science, policy, and finance toward 

sustainable livestock systems. The One Health framework, integrating animal, human, and 

environmental health, underscores the alignment of agricultural productivity with public health and 

ecosystem integrity. 

Overall, these global and regional strategies aim to transform beef cattle production into a 

resource-efficient, climate-resilient, and socially inclusive system, establishing a foundation for 

breeding and management programs that enhance sustainability, productivity, and resilience, the core 

themes explored in this thesis. 

 

1.4 Sustainability, efficiency and resilience in beef cattle production 

Building on the global challenges discussed above, this section focuses on beef cattle production 

and examines how sustainability, efficiency, and resilience can be defined and strengthened to address 

environmental, economic, and societal pressures. 
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1.4.1 Conceptual foundations of sustainability, resilience, and robustness in livestock systems. 

Sustainability in livestock production represents a central challenge for animal science and 

agricultural policy, reflecting society’s increasing concern with the long-term viability of food 

systems. Over recent decades, multiple frameworks have conceptualized sustainability as the 

integration of ecological, economic, and social dimensions that guide production decisions for both 

present and future generations (Gibon et al., 1999). Within livestock systems, sustainability entails 

maintaining productivity while conserving natural resources, protecting ecosystems, and supporting 

human well-being. Sustainable cattle production, therefore, combines efficient animal output with 

strong animal welfare, environmental stewardship, and herd resilience, ensuring stability under 

environmental and market fluctuations 

Throughout their lifetimes, animals face diverse internal and external stressors. From both welfare 

and production perspectives, animals should be capable of coping with these challenges and 

recovering quickly when homeostasis is disrupted. Hence, resilience and robustness have become 

pivotal concepts (Hermesch and Dominik, 2014). Resilience encompasses responses not only to 

pathogens but also to environmental and social stressors (Russo et al., 2012; Wu et al., 2013). It refers 

to the capacity of animals to perceive, process, and adapt to environmental variation while 

maintaining functional stability. Adaptive responses operate at different time scales, from short-term 

homeostatic regulation to longer-term acclimatization (Colditz and Hine, 2016). For example, 

thermoregulatory responses in cattle include reduced feed intake, endocrine adjustments, and 

metabolic reprogramming to mitigate heat stress, often at the expense of productivity. Thus, resilience 

reflects an animal’s ability to sustain performance, fertility, and health under variable or stressful 

conditions, an essential feature of sustainable beef production in the era of climate change. 

The intensification of modern livestock systems, characterized by larger herd sizes and high 

production pressures, further emphasizes the need for resilient animals. Such animals require fewer 

interventions to remain healthy and productive, offering advantages for both animal welfare and farm 

profitability (Berghof et al., 2019). Genetic selection provides a key pathway to improve resilience, 

producing cumulative and heritable gains across generations that complement, rather than replace, 

management-based measures. Importantly, resilience and welfare are closely linked. The World 

Organisation for Animal Health (OIE, 2014) defines welfare as the animal’s capacity to cope with its 

environment while maintaining health, comfort, nutrition, and freedom from pain, fear, or distress 

(Colditz and Hine, 2016). Breeding for resilience thus directly supports welfare and sustainability by 

favoring animals capable of thriving under a broad range of environmental and management 

conditions. 
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1.4.2 Defining resilience and robustness in livestock. Resilience has been applied across 

disciplines, from psychology (Vella and Pai, 2019) to ecology (Van Meerbeek et al., 2021), and more 

recently to livestock production (Scheffer et al., 2018). Despite its broad use, definitions in animal 

science remain variable. In this thesis, resilience is considered alongside related concepts such as 

robustness, resistance, and tolerance, as precise terminology is critical for accurate phenotyping and 

genetic evaluation. 

Two key elements consistently characterize resilience: (i) the animal’s response to a perturbation 

and (ii) its recovery capacity thereafter (Scheffer et al., 2018; Laghouaouta et al., 2024). A resilient 

individual withstands biological, environmental, or social disturbances, allowing temporary 

performance disruption but ensuring rapid restoration of a stable functional state (Berghof et al., 2019; 

Colditz and Hine, 2016). Perturbations may arise from pathogens, nutritional imbalances, 

management stress, transport, or climatic extremes (Cotticelli et al., 2024). Performance–time 

frameworks (Figure 1.3) visualize resilience through the depth and duration of performance decline 

and the rate of recovery. 

 

 

Figure 1.3 Dynamics of resilience after perturbation. The conceptual model illustrates animal response to a 

challenge, the decline in performance during exposure, and the recovery phase. Resilience is characterized by 

the speed and extent of recovery, which may result in complete or partial restoration of performance 

(Laghouaouta et al., 2024). 

Disease resilience refers to recovery following specific infections, whereas general resilience 

encompasses the ability to maintain function under multiple, overlapping stressors (Colditz and Hine, 

2016; Laghouaouta et al., 2024). Resilience can also be assessed at the herd or system level, 

representing collective adaptive capacity (Doeschl-Wilson et al., 2021). Robustness, though related, 
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is a broader concept describing the capacity to maintain high productivity across variable 

environments while coping with persistent stressors (Knap, 2005; König and May, 2019). In this 

framework, resilience represents a component of robustness; all robust animals are resilient, but not 

all resilient animals are robust (Knap, 2005). Additional terms, resistance (ability to limit pathogen 

load) and tolerance (capacity to maintain function despite infection), further refine the resilience 

continuum (Berghof et al., 2019). Complementary quantitative genetics concepts such as plasticity, 

environmental sensitivity, and stability describe variation in individual responses to environmental 

perturbations. The biological basis of resilience includes a cascade from environmental perception to 

behavioral and physiological coping responses (Figure 1.4). Clarifying these relationships is essential 

for developing phenotypic indicators and implementing breeding strategies (Table 1.1). 

 

Figure 1.4 Pathways of animal responses to environmental stimuli. Schematic representation of how animals 

perceive and process environmental challenges through neural, biochemical, and immune sensors, leading to 

perceptions, affective states, and integrated responses at the physiological, behavioural, cognitive, and 
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morphological levels. These mechanisms collectively underpin resilience and robustness in livestock (Colditz 

and Hine, 2016). 

Table 1.1 Key definitions of resilience-related and efficiency concepts in livestock science. 

Concept Definition  Key references 

Resilience The ability of an animal to cope with perturbations (biological, 

environmental, or social) and to rapidly recover normal 

functioning after a disturbance. 

Scheffer et al., 2018; 

Colditz and Hine, 2016; 

Berghof et al., 2019 

Robustness Capacity to maintain high productivity and functional stability 

across a wide range of environments, including under 

persistent or cyclical stressors; incorporates resilience as a 

component. 

Knap, 2005; König and 

May, 2019; Llonch et al., 

2020 

General 

efficiency/cost-

output efficiency 

Efficiency, in terms of cost per value-equivalent unit of output 

from a livestock production system, is influenced not only by 

the genetic potential for performance of the animals in the 

chosen breeding system, but also by environmental effects, by 

the management system, and by relative prices for inputs and 

outputs. 

Wilkinson, 2011; FAO 

2011, Livestock in food 

security 

Resistance Ability to limit or control pathogen loads upon infection. Berghof et al., 2019 

Tolerance Capacity to minimize functional impairment or performance 

loss despite a pathogen load. 

Berghof et al., 2019; 

Colditz and Hine, 2016 

General resilience Response capacity of an animal to a wide variety of 

perturbations (disease, heat stress, management, etc.) 

occurring during its productive life. 

Colditz and Hine, 2016; 

Laghouaouta et al., 2024 

Disease resilience Specific capacity to respond and recover from infection by a 

given pathogen. 

Colditz and Hine, 2016 

Plasticity/ 

Environmental 

sensitivity 

The degree to which an individual’s phenotype changes in 

response to environmental variation. 

Mulder et al., 2013; Tiezzi 

and Maltecca, 2022 

Stability Ability to maintain a consistent phenotype despite 

environmental or genetic perturbations. 

Berghof et al., 2019 

 

1.4.3 Approaches to quantifying animal resilience. The absence of a standardized definition has 

hampered the development of universally accepted resilience metrics. Because resilience is shaped 

by multiple, often antagonistic biological processes, its quantification requires integrative approaches 
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(Colditz and Hine, 2016). For example, immune activation demands substantial energy, potentially 

diverting resources from growth or reproduction (Broom and Kogut, 2018). 

Resilience indicators are measurable phenotypes describing the magnitude of perturbations and 

recovery dynamics following biological or environmental stressors. These may include deviations in 

performance traits, immune parameters, or behavioral patterns (Taghipoor et al., 2023). Depending 

on the context, indicators can reflect disease-specific or general resilience. Accurate phenotyping 

remains fundamental. While traditional methods rely on post-perturbation deviations in productivity, 

modern precision livestock technologies now enable longitudinal monitoring of milk yield, body 

weight, and activity. Such high-frequency data facilitate dynamic resilience metrics at both individual 

and population levels, providing valuable inputs for selection. 

The research presented in this thesis applies multiple quantitative and genomic approaches as 

proxies for resilience. Genotype-by-environment interaction (G × E) analyses for growth traits in 

Limousine cattle quantify environmental sensitivity and adaptive capacity. Functional longevity 

studies in Limousine and Charolais breeds evaluate long-term reproductive and productive 

performance. Inbreeding depression analyses assess the role of genetic diversity in maintaining 

resilience, while genome-wide association studies (GWAS) identify genomic regions contributing to 

stable performance under variable conditions. Collectively, these complementary approaches provide 

a comprehensive framework for quantifying and enhancing resilience in beef cattle. 

 

1.4.4 Management strategies to enhance robustness, resilience, and efficiency in beef cattle. Beef 

cattle experience multiple stressors throughout their lives, including management procedures, 

transport, and handling, that can adversely affect welfare and performance (Colditz and Hine, 2016). 

Understanding these sources of stress enables the design of effective mitigation strategies. Persistent 

challenges such as inadequate housing, nutritional imbalances, or climatic extremes further constrain 

adaptive capacity. According to resource allocation theory, resilience may be limited when resources 

are preferentially directed toward production rather than coping functions. Short-term adaptation 

(resilience) supports recovery from acute stress, whereas long-term adaptation (robustness) depends 

on sustained physiological and genetic mechanisms (Colditz and Hine, 2016). 

Integrating management optimization with selective breeding offers a synergistic approach to 

enhance resilience, efficiency, and robustness. Improvements in housing, nutrition, and precision 

monitoring reduce environmental stress and enable animals to fully express their genetic potential. 

Concurrently, selection for resilience-related traits such as consistent growth, fertility, and longevity 

reinforces herd-level stability across generations. This combined strategy supports production 

efficiency while safeguarding animal welfare, health, and long-term sustainability. 
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1.4.5 Breeding approaches for resilience, efficiency, and robustness in beef cattle. Modern 

breeding programs face the dual challenge of ensuring global food security while addressing climate 

change and societal expectations for ethical and sustainable production. Selective breeding, 

complemented by advances in management, nutrition, and precision technologies, has substantially 

improved livestock productivity over recent decades. However, historical emphasis on production 

traits alone has sometimes led to reduced fertility, diminished robustness, and greater susceptibility 

to environmental and health challenges (Knap, 2005; 2020). 

Genetic selection has significantly enhanced growth, carcass quality, and feed efficiency in beef 

cattle, driving profitability (Rowan et al., 2024; Catrett and Rowan, 2024). Nevertheless, functional 

traits such as fertility and longevity, key determinants of herd efficiency, have often received less 

emphasis (Catrett and Rowan, 2024). These traits are crucial for reducing replacement costs and 

improving overall herd sustainability (Boyer et al., 2020). For example, selecting replacement heifers 

with superior genetic merit for fertility promotes both resilience and profitability. Early calving 

heifers tend to remain longer in the herd and produce more weaned calves throughout their lifetime 

(Cushman et al., 2013). 

Balanced breeding objectives must therefore integrate resilience and robustness alongside 

productivity, particularly under heat stress and other environmental constraints (Berghof et al., 2019). 

Incorporating production, efficiency, health, and functional traits within selection indices supports 

long-term sustainability (Neeteson-van Nieuwenhoven et al., 2013; Miglior et al., 2017). Selection 

for resilient and robust animals enhances welfare, resource-use efficiency, and profitability while 

reducing reliance on antimicrobials (Mulder and Rashidi, 2017). Because trade-offs between 

resilience and productivity may occur, careful multi-trait evaluation is required to avoid economic 

losses and ensure genetic progress across all dimensions of sustainability. 

Ultimately, sustainability, efficiency, resilience, and robustness in livestock systems depend on the 

integration of genetic, management, and technological strategies. Animals that are resilient, efficient, 

and robust form the cornerstone of productive, profitable, and ethically responsible beef production 

under changing climatic and societal conditions. The approaches described in this thesis demonstrate 

how these traits can be systematically incorporated into breeding goals to advance climate-resilient 

and socially responsible beef production systems. 

 

1.5 Worldwide and context of the Italian beef cattle sector 

1.5.1 Global situation of the beef sector. In 2025, global beef production is projected to remain 

stable at 61.6 million tons. Declines in output from the U.S., EU, and Argentina are expected to be 

offset by increases in Brazil, India, and Australia, with Brazil alone forecasted to reach a record 11.9 
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million tons (USDA-FAS, 2015). The global cattle population is estimated at nearly one billion head, 

concentrated primarily in India, Brazil, and China, and composed of Bos taurus, Bos indicus, and 

their crosses (USDA-FAS, 2015). 

Beef exports are expected to rise slightly to 13.1 million tons in 2025, as increases from Brazil, 

India, and Australia compensate for declines in the U.S. Meanwhile, strong import demand from 

major markets such as China and the U.S. continues to shape global trade flows (USDA-FAS, 2015). 

Although beef systems are often perceived as less efficient than monogastric livestock systems, 

this perception overlooks the unique ability of ruminants to convert grasslands and agro-industrial 

by-products into human-edible protein (O’Mara, 2012; Wilkinson, 2011). Efficiency assessments 

focusing solely on feedlot finishing phases underestimate the broader ecological and nutritional 

contributions of ruminant production systems, which utilize large volumes of non-human-edible feed 

resources. 

Beef and dairy cattle account for approximately 70% of livestock-related GHG emissions, 

equivalent to roughly 6.3 Gt CO₂-eq annually, with beef cattle contributing substantially through 

enteric fermentation, manure management, and land-use change (Gerber et al., 2013). These figures 

underscore the urgent need for strategies to enhance productivity, feed efficiency, and environmental 

performance. 

Despite their environmental footprint, ruminants play essential ecological and socio-economic 

roles, particularly in maintaining rural livelihoods and converting non-arable lands into valuable 

protein sources. Grasslands also act as major carbon reservoirs, with global carbon stocks estimated 

at ~343 Gt C, about 50% higher than forest carbon stocks (O’Mara, 2012; FAO, 2010). 

Global beef production remains heterogeneous in production systems, genetic resources, and 

breeding goals. Many breeding objectives remain suboptimal, constrained by limited data on fertility, 

longevity, feed efficiency, meat quality, and health traits (Berry et al., 2016). Expanding accurate 

genetic evaluations and genomic selection across diverse production environments is therefore key 

to achieving sustainable and resilient global beef systems. 

 

1.5.2 Italian beef sector. At the end of 2023, Italy’s cattle population stood at just over 5.4 million 

head, of which approximately 2.3 million were raised primarily for beef production (ISMEA, 2023; 

2024). These animals were distributed across 73 500–84 682 specialized farms, reflecting strong 

regional specialization (Figure 1.5a). National beef production reached ~671 000 tons, making Italy 

the fourth-largest producer in Europe, after France, Germany, and Spain. The agricultural phase of 

the beef supply chain was valued at ~€3.8 billion (5.3% of agricultural gross saleable production), 

while the industrial sector generated a turnover exceeding €6.3 billion (3.2% of the national agri-food 

industry) (ISMEA, 2023; 2024; Ruminantia, 2023). 



24 
 

Between 2019 and 2023, both supply and demand experienced a structural contraction. Specialized 

beef farms declined by over 15,000 units, the total cattle population decreased slightly (from 5.56 to 

5.4 million head), and national beef production dropped from 759 000 to 671 000 tons. Per capita 

beef consumption decreased from 17.2 to 16.1 kg, and the national self-sufficiency rate fell to a 

historical low of 40.3%, resulting in a trade deficit of €3.3 billion (ISMEA, 2024). 

Imports continue to play a central role in meeting domestic demand. In 2023, imported beef 

consisted primarily of fresh meat (78%), followed by frozen meat (15%) and offal or processed 

products (7%). Live cattle imports were mainly for fattening (76%), with France accounting for 85% 

of live imports, reflecting the high degree of integration between the Italian and French beef sectors 

(Informatore Zootecnico, 2023). 

Italy’s beef sector exhibits a diverse breed composition. Autochthonous breeds represent about 

one-quarter of the national herd, with Piemontese accounting for 14%. French breeds Limousine and 

Charolais contribute approximately 14% and 10%, respectively, while other breeds such as Chianina, 

Marchigiana, Sarda, Romagnola, and Maremmana each represent 1–3% of the national total (ISMEA, 

2023; Figure 1.5b). Production systems vary regionally: intensive light and heavy veal systems 

dominate in northern and central Italy, whereas extensive heavy veal systems are prevalent in southern 

regions and the islands. 

At the European level, total beef production slightly declined to 6.37 million tons in 2023, with 

Italy accounting for 11% of EU production. Prices in early 2024 decreased modestly by 1.2% 

compared with 2023 but remained 23% above the 2019–2021 average. Domestically, beef represents 

about 30% of fresh meat consumption by volume and 40% by value, with increasing consumption of 

young female beef observed over the past five years (FAO, 2025). 
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Figure 1.5 (a-b) Distribution and breed composition of the Italian beef cattle sector. (a) Geographical 

distribution of specialized beef cattle farms in Italy, highlighting the concentration in northern regions (Veneto, 

Piemonte, Lombardia). (b) Breed composition of the national beef cattle herd, showing the proportion of 

autochthonous and French breeds (Limousine, Charolaise) as well as other minor breeds. Data from Tendenze 

dinamiche e recenti, Scheda di settore Bovino da carne, ISMEA, 2023. Carni - Carne bovina - Ismea Mercati 

(ISMEA, 2023). 

Beyond market trends, genomic selection (GS) and systematic phenotyping offer substantial 

opportunities to modernize Italian breeding programs. Historical pedigree and phenotypic records—

particularly for autochthonous and high-performance breeds provide a robust foundation for 

developing reference populations for genomic evaluations (Fabbri et al., 2024; Colombi et al., 2024b). 

National breed associations, consortia, and government programs such as the National Rural 

Development Plan (PSRN) are crucial in coordinating data sharing, standardizing phenotyping, and 

enabling large-scale genomic prediction. 

Nevertheless, challenges persist, including the fragmented structure of the sector, small farm size, 

limited genotyping coverage, and high costs of advanced phenotyping (Biscarini et al., 2015; Billah 

et al., 2025). Furthermore, heterogeneous production environments and significant G × E interactions 

complicate breeding value estimation, underscoring the need for multi-environment models (Silva 

Neto et al., 2024; Callegaro et al., 2024). 

Genetic improvement efforts for Limousine and Charolais cattle have been strengthened through 

collaborations with the Associazione Nazionale Allevatori Charolais e Limousine Italia (ANACLI) 

and initiatives under PSRN, which integrate genomic and phenotypic information to support breeding 

goals. Current strategic priorities include the development of genomic indexes for reproductive 

efficiency, heat stress tolerance, and reduced environmental impact, alongside monitoring genetic 

diversity and inbreeding control. Together, these actions aim to select cattle that are productive, 

efficient, and resilient, well adapted to Italy’s diverse production conditions, thereby contributing to 

the sustainability and competitiveness of the national beef sector. 

 

1.6 Genomic evaluations in beef cattle: opportunities and limitations 

1.6.1 Benefits of genomic selection. GS is transforming beef cattle breeding by enabling earlier 

and more accurate prediction of genomic estimated breeding values (GEBV) for traits related to 

productivity, resilience, and sustainability. Dense single-nucleotide polymorphism (SNP) panels can 

increase prediction accuracy from approximately 0.5, based on pedigree alone, to over 0.8. 

Correspondingly, GEBVs can achieve reliabilities of 70–90%, compared with 45–70% for 

conventional pedigree-based indexes (Meuwissen et al., 2001; VanRaden, 2008).  
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GS has been implemented in some beef populations, such as Angus in the USA. Very large 

genomic reference populations are currently available, with more than 1.8 million genotyped animals 

integrated into the World Angus Evaluation (Lourenco et al., 2015; American Angus Association, 

2024). Nonetheless, adoption remains slower and more heterogeneous than in the dairy sector. 

Prediction accuracies in beef typically range from 0.3 to 0.7, limited by smaller reference populations, 

low progeny testing, and reduced relatedness between reference and validation sets (Van Eenennaam 

et al., 2014). Multi-breed reference populations can partially mitigate these limitations, but gains are 

modest when target breeds are underrepresented (Akanno et al., 2014; Bolormaa et al., 2013; 

Meuwissen et al., 2016). 

Genomic heterogeneity among breeds and crossbreds complicates GS. Differences between Bos 

taurus and Bos indicus influence allele substitution effects, and multi-breed evaluations often yield 

lower accuracy than single-breed analyses (McKay et al., 2008; Berry et al., 2016). Bayesian models 

and high-density SNP panels improve predictions by weighting markers according to estimated 

effects, enhancing the capture of quantitative trait loci (QTLs) in weakly related populations 

(Bolormaa et al., 2013; Khansefid et al., 2014). 

Economic and logistical factors also influence GS adoption. Easily measurable traits, such as 

growth, are often selected traditionally, whereas feed efficiency and meat quality require costly 

phenotyping. Limited industry size restricts reference population scale and genotyping investment. 

Practical strategies to enhance GS efficiency include multi-breed reference populations, high-density 

or sequence-based analyses, selective genotyping, and single-step genomic best linear unbiased 

prediction (ssGBLUP) frameworks that integrate phenotypes, pedigrees, and genotypes of non-

genotyped animals (Misztal et al., 2009; Legarra et al., 2014). 

Beyond production traits, GS supports improvement in fertility, health, and resilience. For 

instance, GS can enhance resistance to infectious diseases, such as bovine respiratory disease and 

Johne’s disease, which are costly and challenging to phenotypes yet critical for welfare and 

profitability (Kasimanickam et al., 2025). Integration with reproductive technologies, such as embryo 

transfer, facilitates the broader dissemination of elite genetics (Van Eenennaam et al., 2014). 

In Europe, the implementation of genomic evaluations is heterogeneous across countries and 

breeds and sometimes remain unofficial, though research and pilot programs are expanding. For 

example, Ireland planned official multi-breed genomic proofs in 2016 for over 100 000 animals, 

including sires and predominantly crossbred commercial cows (Irish Cattle Breeding Federation, 

2016). In the UK, Limousine carcass trait evaluations are implemented using a one-step genomic 

approach by EGENEs (http://www.sruc.ac.uk/info/120275/egenes). France maintains unofficial 

genomic evaluations for Charolais, Limousine, and Blonde d’Aquitaine (Berry et al., 2016). In several 

countries (e.g. Germany, Nordic countries, Ireland, Czech Republic, Switzerland, and EBE partners), 

http://www.sruc.ac.uk/info/120275/egenes
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single-step genomic evaluations integrating SNP information are already operational or in pre-official 

use for beef cattle, whereas in other contexts genomics remains mainly confined to research projects 

or specific breeds (Bonifazi et al., 2022). These initiatives highlight the growing interest in GS despite 

the absence of formal national programs. 

Future expansion of GS in beef cattle will depend on enlarging reference populations, leveraging 

high-density or sequence data, integrating advanced phenotyping, and providing economic incentives 

to overcome structural barriers. Continuous methodological improvements suggest that GS will 

increasingly drive genetic progress in beef cattle worldwide. 

 

1.6.2 Advances in genomic research: progress in dairy versus limitations in beef. The adoption of 

GS has progressed faster in dairy cattle than in beef, primarily due to sector-specific constraints. Key 

challenges in beef include limited phenotyping of selection candidates, the prevalence of sex-limited 

traits, and widespread crossbreeding (Meuwissen et al., 2016). Many cow–calf systems rely on natural 

mating, with sires selected primarily based on phenotype or pedigree rather than reliable breeding 

values. 

Limited animal identification and parentage recording in many countries restricts reference 

population development, reducing genomic prediction accuracy (Berry et al., 2016). Despite falling 

genotyping costs, structural and logistical barriers slow GS adoption in beef. Beef breeding programs 

are generally smaller, enroll fewer animals in structured evaluations, and are often linked to dairy 

systems through surplus calves or cull cows (Mohammaddiyeh et al., 2023). Consequently, beef 

associations and companies often have limited resources to support genotyping initiatives. 

While genotyping elite sires is relatively cost-effective, genotyping of commercial and young 

animals typically falls on individual producers, limiting broader adoption (Mohammaddiyeh et al., 

2023). Compared with dairy, beef farms adopt new technologies more conservatively due to narrower 

profit margins and lower perceived returns from genetic improvement. Key limiting factors for beef 

genomic evaluations include (Berry et al., 2016): 

• multiple breeds and frequent crossbreeding, 

• limited use of artificial insemination, 

• relatively weak international genetic connectedness, 

• low levels of systematic phenotyping,  

• lower-margin business models. 

Unlike the dairy sector, dominated by Holstein-Friesians, beef production involves a large diversity 

of breeds, including Bos taurus, Bos indicus, and composites such as Brangus and Bonsmara (McKay 

et al., 2008). Compared with dairy, beef systems are more heterogeneous, involving multiple breeds, 

frequent crossbreeding, and lower adoption of artificial insemination. These factors weaken genetic 
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connectedness and reduce prediction accuracy (Berry et al., 2006; 2016). The accuracy of genomic 

predictions depends on relatedness between reference and candidate populations and is negatively 

affected if reference populations are unrepresentative (Daetwyler et al., 2008; Pszczola et al., 2012; 

Kachman et al., 2013; Saatchi et al., 2011). Artificial insemination in dairy cattle allows accumulation 

of accurate genetic information from influential sires, whereas natural mating predominates in beef 

(Berry and Kearney, 2011), reducing imputation accuracy and weakening connectedness. Large, 

effective reference populations are therefore more costly and difficult to establish (Daetwyler et al., 

2008). 

International initiatives such as INTERBULL (https://interbull.org) support multi-country dairy 

evaluations, whereas beef programs like INTERBEEF (https://www.icar.org/group/working-group-

interbeef/) and BREEDPLAN (https://breedplan.une.edu.au/) involve fewer breeds and countries and 

exclude certain traits. Comprehensive phenotyping is also less available in beef, especially in 

commercial herds with multi-sire matings and incomplete sire identification (Berry et al., 2016; 

Daetwyler et al., 2008). Economic constraints further limit genotyping investment compared with 

dairy, where AI companies or research funding support reference populations (Weigel et al., 2012; 

Berry et al., 2016). 

 

1.7  Genomic applications, analysis, and future perspectives in beef cattle selection 

1.7.1 Impacts of genomic tools on improving growth, fertility, survival, and adaptation traits linked 

to sustainability. Sustainability-related traits in beef cattle, such as health, fertility, robustness, product 

quality, and resistance to genetic disorders, are difficult to improve due to polygenic architecture, low 

heritability, and measurement challenges (Harlizius et al., 2004). Traditional breeding has largely 

focused on productivity traits, leaving cow-centric traits like health, longevity, and resilience 

underrepresented. The advent of genomics has opened avenues to incorporate these low-heritability 

and complex traits into breeding goals (Catrett and Rowan, 2024). 

GS enables accurate prediction of low-heritability traits, allowing early identification of animals 

with superior resilience (Johnsson, 2023; Mueller and Van Eenennaam, 2022). SNPs, abundant and 

cost-effective genotypes, are ideal for high-throughput evaluations. Next-generation sequencing and 

imputation provide dense genomic data at a population scale, increasing prediction accuracy 

(Hossein-Zadeh, 2024). 

GWAS and multi-omics approaches (transcriptomics, metabolomics, epigenomics) help identify 

QTLs and candidate genes associated with feed efficiency, growth, fertility, and adaptation traits 

(Raza et al., 2022; Tan et al., 2023; Georges et al., 2019). These tools, combined with marker-assisted 

selection and QTL mapping, allow targeted incorporation of favorable alleles, though identification 
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of causal genes remains challenging due to epistasis, pleiotropy, and variable penetrance (Carlborg et 

al., 2003). 

Integration of genomics with reproductive and biotechnologies accelerates genetic gain while 

preserving diversity, enhancing climate adaptation, disease resistance, and efficiency. Microbiome 

data can further improve the prediction of resilience traits, promoting sustainable and climate-resilient 

beef systems. Collectively, these genomic tools, integrated with structured breeding objectives, 

support simultaneous improvements in productivity, welfare, and environmental sustainability. 

 

1.7.2 Genomic selection strategies for improving cow fertility and longevity. Fertility and longevity 

are key determinants of profitability and sustainability in beef cattle systems. A cow’s ability to 

remain productive across multiple parities substantially influences the economic efficiency of cow–

calf operations (Boyer et al., 2020; Catrett and Rowan, 2024). Longevity reduces replacement costs, 

extends productive life, and maximizes returns on heifer development, while fertility ensures regular 

calving and sustained output. 

Although fertility is influenced by management and environmental factors, measurable genetic 

variation allows improvement through selection (Fernandez-Novo et al., 2020; Diskin and Kenny, 

2016). Stayability, a composite trait encompassing reproductive efficiency, structural soundness, 

udder quality, temperament, and overall productivity, serves as a key selection criterion. Selecting 

stayability enhances fertility and functional traits that support long-term survival (Catrett and Rowan, 

2024). 

Reproductive inefficiency remains a major source of economic loss; in the U.S., pregnancy failure 

in beef females incurs approximately USD 2.8 billion annually (Moorey and Biase, 2020; Mercadante 

et al., 2020). Selecting heifers with superior genetic merit for fertility traits is critical, as early calving 

heifers tend to remain longer in the herd and wean greater total calf weight over their lifetime (Akanno 

et al., 2015; Kertz et al., 2023). Their selection is therefore fundamental for the long-term profitability 

of cow–calf operations. Studies have shown that heifers calving earlier in the breeding season remain 

longer in the herd and wean more total calf weight over their lifetime, demonstrating the cumulative 

value of early reproductive success (Cushman et al., 2013). 

Genetic improvement for fertility and longevity is challenging due to low heritability, late 

expression, and polygenic control with small additive and non-additive effects (Berry et al., 2014; 

Ma et al., 2019). However, sufficient additive genetic variance exists to allow improvement through 

breeding strategies (Berry et al., 2014; Ma et al., 2019). Genomics and multi-omics technologies, 

including high-density SNP genotyping, transcriptomics, proteomics, and metabolomics, have 

enhanced the identification of genetic determinants, biomarkers, and functional candidate genes, 

improving prediction accuracy for these complex traits (Holland and McGowan, 2018; McGettigan 
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et al., 2016; Olasege et al., 2021). These allowed earlier and more reliable identification of superior 

animals without waiting for lifetime performance records due to various complex factors underlying 

fertility and related traits (Han and Peñagaricano, 2016; Wathes et al., 2014). These integrative 

approaches are helping to overcome the limitations of conventional selection and enable more 

effective improvement of reproductive efficiency in beef cattle. 

 

1.7.3 GWAS and QTL approaches to uncover the genetic basis of sustainability-related traits in 

beef cattle. GWAS are fundamental for identifying QTL underlying economically important traits 

(Chen et al., 2022). While historically focused on dairy breeds due to large, genotyped populations, 

GWAS is now increasingly used in beef populations for low-heritability or difficult-to-measure traits 

like fertility, longevity, and functional conformation (Speidel et al., 2018; Pedrosa et al., 2023; Silva 

et al., 2024). Traits such as reproductive efficiency, longevity, and conformation directly affect 

replacement costs, culling rates, and lifetime productivity, making them central to herd sustainability 

(Silva et al., 2024; Callegaro et al., 2024). Incorporating these traits into GWAS reveals genetic 

mechanisms and supports multi-trait selection strategies that improve herd efficiency and economic 

performance. 

GWAS detects pleiotropic regions and candidate genes, supporting multi-trait selection strategies. 

Functional genomics approaches, including SNP haplotype panels and expressed sequence tags, 

improve QTL characterization. Medium- or high-density SNP panels increase the likelihood of 

capturing causal variants via linkage disequilibrium (Goddard and Hayes, 2009). Detection methods 

include single-SNP linear mixed models and haplotype-based approaches (Zhou and Stephens, 2012; 

Dashab et al., 2012). Breed-specific variability exists, and joint analyses of multiple breeds enhance 

detection power while controlling for population structure (Toosi et al., 2018; Hassanine et al., 2025). 

Additional methods have also been proposed, including sparse or hybrid models such as the Bayesian 

Sparse Linear Mixed Model, which combine linear mixed models and sparse regression to capture 

both polygenic background and loci with large effects (Zhou et al., 2013), as well as post-GWAS and 

multi-omics approaches that integrate transcriptomic or other functional data to identify gene- or 

pathway-level associations (e.g. transcriptome-wide association study) (Ghoreishifar et al., 2024). 

Molecular techniques have revealed numerous genes affecting quantitative traits and markers 

associated with QTL combined with traditional breeding, offering potential to accelerate genetic gains 

(Tambasco et al., 2003; Hassanine et al., 2025). Genome annotation further facilitates the 

interpretation of GWAS results and the identification of biologically relevant genes (Stein, 2001; Gao 

et al., 2024). Collectively, these genomic tools provide a solid basis for breeding strategies aimed at 

improving productivity, resilience, and sustainability. 
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1.7.4 Genomic applications for managing inbreeding in beef cattle: challenges and perspectives 

for sustainable production. The adoption of GS in beef breeding accelerates genetic progress but can 

also increase homozygosity, raise the risk of inbreeding depression, and threaten long-term population 

fitness. Evidence from dairy cattle demonstrates that the widespread adoption of GS has accelerated 

inbreeding rates in breeds such as Holstein, and similar risks exist in beef populations. For example, 

(Makanjuola et al., 2020) reported that genomic inbreeding increased more rapidly after the 

implementation of GS compared with the pre-genomic era. 

Balancing rapid genetic gain with preservation of genetic diversity is critical. Genomic approaches 

such as genomic relationship matrix (GRM) and runs of homozygosity (ROH) analyses now enable 

precise quantification of genomic inbreeding and the detection of deleterious haplotypes, providing 

more accurate estimates than traditional pedigree-based coefficients. ROH directly measures realized 

autozygosity and offers valuable insight into both recent and ancient inbreeding events (Ceballos et 

al., 2018). 

Strategies to mitigate inbreeding include optimal contribution selection, genomic mating plans, 

and multi-trait selection indices with inbreeding constraints (Clark et al., 2013). Integration with 

reproductive technologies (embryo transfer, in vitro fertilization, genomic mate allocation) can 

maintain selection intensity while reducing homozygosity. However, intensive use of such 

technologies without careful management may inadvertently accelerate diversity loss (Doublet et al., 

2020). 

Future programs will increasingly rely on genomic evaluations to monitor inbreeding and maintain 

adaptive potential. Emerging technologies, including genome editing and systems genomics, offer 

opportunities to reduce deleterious effects while preserving breed integrity (Mueller and Van 

Eenennaam, 2022). Future programs will increasingly rely on genomic evaluations to monitor 

inbreeding and maintain adaptive potential. Emerging technologies, including genome editing and 

systems genomics, offer opportunities to reduce deleterious effects while preserving breed integrity 

(Clark et al., 2013). 

 

1.7.5 Genotype-by-environment interactions as drivers of efficiency and resilience in beef cattle. 

G × E occurs when an animal’s genetic merit depends on its environment, or when environmental 

factors affect performance differently according to genotype (Tiezzi and Maltecca, 2022). 

Understanding G × E is crucial for developing climate-resilient beef systems, particularly under 

variable or extreme conditions. 

Genomic studies show that G × E influences growth, fertility, feed efficiency, and health. 

Candidate genes related to thermotolerance (HSP70, HSF1, DNAJC8, STING1), coat and skin 

structure, immune regulation, and reproduction have been identified (Zeng et al., 2023; Colombi et 
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al., 2024a). Meta-gene enrichment analyses highlight pathways such as transcriptional regulation, 

keratin filament formation, and calcium signaling as key mechanisms of adaptation (Fang et al., 2021; 

Zhang et al., 2023; Kim et al., 2020). 

Locally adapted and indigenous breeds serve as reservoirs of adaptive alleles conferring heat 

tolerance, disease resistance, and efficient resource use (Kambal et al., 2023; Colombi et al., 2024a). 

Incorporating these breeds into structured genomic programs can strengthen environmental and social 

sustainability while safeguarding animal welfare and genetic diversity. 

Distinguishing macro-environmental plasticity (response to predictable factors) from micro-

environmental plasticity (response to random variation) enables selection for animals that are both 

adaptable and stable (Tiezzi and Maltecca, 2022). Multiple-trait models (MTM) and random 

regression models (RRM) estimate breeding values conditional on environmental covariates 

(Schaeffer, 2004; Tiezzi and Maltecca, 2022). Studies demonstrate that temperature humidity index 

(THI), altitude, and management systems modulate genetic potential for growth, reproduction, and 

health. For example, in American Red Angus, genes associated with feed efficiency and growth 

(PRKG1, DNAJC12, SIRT1) show environment-specific effects across ecoregion (Smith et al., 

2022). Evidence from global studies also shows that breeds adapted to extreme environments often 

display superior feed efficiency with low-quality forages, parasite resistance, and greater 

responsiveness to environmental stimuli, traits that are increasingly valuable in the context of climate 

change. Methods such as reproducing kernel Hilbert space (RKHS) regression model complex 

environmental interactions by simultaneously incorporating multiple covariates with high predictive 

accuracy (Gianola and Van Kaam, 2008; Tiezzi and Maltecca, 2022). Such approaches are particularly 

valuable in beef systems where temperature, humidity, altitude, and nutritional availability interact to 

shape performance.  

Successful integration of G × E into breeding programs requires robust experimental designs with 

balanced data and strong genetic connectedness across environments to ensure accurate estimation of 

variance components and breeding values (Tiezzi and Maltecca, 2022). The adoption of precision 

livestock technologies enhances environmental characterization, enabling more targeted selection for 

adaptation, resilience, and production efficiency. 

 

1.8 Objectives and significance of the study 

This thesis aims to unravel how genetics and genomics can be connected to breed beef cows that 

are not only productive but also resilient and efficient in the face of climate change and shifting 

production conditions. The main objective is to explore the genetic and genomic bases of resilience 

and efficiency in beef cattle, with a particular focus on the Italian Limousine and Charolais 
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populations. Modern beef systems must deliver high-quality food while coping with heat stress, 

fluctuating feed resources, and growing societal demands for sustainability and animal welfare.  In 

the context of climate change, increasing environmental variability, and evolving societal 

expectations, enhancing the ability of animals to maintain productive, reproductive, and health 

performance under diverse and challenging conditions has become a key priority in livestock 

breeding. Improving resilience and efficiency is essential not only to secure long-term productivity 

and profitability, but also to reduce the environmental footprint of beef production and to safeguard 

animal welfare and genetic diversity. 

To address these global challenges, this research adopts a multifaceted approach that integrates 

quantitative genetics and genomic tools. Four complementary studies were developed to dissect 

different but interconnected themes of resilience and efficiency. The first study evaluates G × E for 

growth traits in Limousine cattle, providing insight into environmental sensitivity and adaptive 

capacity across climatic gradients. The second paper estimates genetic parameters for functional 

longevity in Italian Charolais and Limousine breeds, capturing the ability of cows to remain 

productive over multiple parities and production cycles. The third explores inbreeding depression in 

Limousine cattle, using both pedigree and genomic information to show how loss of genetic diversity 

affects growth, fertility, and survival, and thus herd and animal robustness. Finally, the fourth paper 

employs a single-step genome-wide association approach to identify genomic regions and candidate 

genes underlying female productivity, including longevity, fertility, and conformation traits. 

Together, these studies form an integrated framework to quantify resilience-related traits and to 

evaluate their genetic architecture. By integrating their findings, the thesis provides practical 

knowledge and methodological strategies to support breeding programs that aim for animals capable 

of thriving in variable environments while reducing costs and environmental impacts that balance 

production efficiency with long-term sustainability. The outcomes contribute to national and 

international strategies aimed at improving the adaptability, profitability, and environmental 

sustainability of beef cattle herds. Beyond their scientific contribution, these results support breeding 

strategies that enhance the resilience and competitiveness of the Italian beef sector while contributing 

to global efforts toward climate-smart livestock production. 
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2.1 Breeds description 

The Charolais (CHA) and Limousine (LIM) are the two predominant beef cattle breeds of French 

origin, both widely used worldwide in purebred and crossbreeding systems due to their high meat 

yield, growth efficiency, and adaptability (Bouquet et al., 2011). Introduced into Italy during the mid-

20th century, they now play a fundamental role in national beef production, serving as both sires and 

dams for purebred and commercial herds. Although they share a common French origin, the two 

breeds have diverged through distinct selection goals and limited gene flow (Bouquet et al., 2011). 

Over time, processes of genetic drift and breed-specific selection have generated genetic 

differentiation between populations, counterbalanced to some extent by gene exchange (Wang and 

Caballero, 1999). The diffusion of breeding animals from France fostered the development of 

genetically distinct but interconnected metapopulations, influenced by local breeding strategies and 

moderate gene flow (Bouquet et al., 2011; Wang and Caballero, 1999; Blackburn and Gollin, 2009). 

The LIM breed, belonging to the ancient red Brachyceros cattle of Europe, originated in the 

Limousin and Marche regions of France. Initially a triple-purpose breed (milk, meat, and draft), it 

became progressively specialized for beef production from the late 19th century onward (Giorgetti et 

al., 1992). Similarly, the CHA breed arose in Burgundy, particularly in the Charolles and Nièvre 

regions, where it was historically used for both draft and meat production. The mechanization of 

agriculture favored its transformation into a specialized beef breed. Selective breeding in both 

populations produced robust, genetically consolidated cattle that have spread globally through the 

export of breeding animals and semen. 

LIM cattle are medium-sized, with a wheat-colored coat lighter on the underbelly, head, and inner 

thighs. They exhibit a fine skeletal structure, well-distributed musculature, and strong limbs. Adult 

cows weigh 650–950 kg, while bulls range between 1 000–1 400 kg. The breed is characterized by 

ease of calving, good fertility, and longevity, producing carcasses with a dressing yield of 62–65% 

and lean meat with low cholesterol content. LIM beef is renowned for its tenderness, fine texture, and 

low cooking losses, attributes associated with favorable muscle fiber and collagen structures 

(Giorgetti et al., 1992). Pasture-based feeding enhances the nutritional profile, increasing unsaturated 

fatty acids, especially omega-3, and improving the omega-6/omega-3 ratio, resulting in meat of high 

sensory and dietary value (Giorgetti et al., 1992; Ruminantia 2023-2024).  

CHA cattle are larger, with a white to cream coat, fine depigmented skin, and harmonious body 

proportions. Cows weigh between 700–1 200 kg and bulls between 1 000–1 700 kg. The breed shows 

remarkable growth potential, with average daily gains of up to 1.25 kg and slaughter yields exceeding 

62% (Giorgetti et al., 1992). Comparative studies among CHA, LIM, and Chianina have 

demonstrated superior daily gains and feed efficiency for CHA, as well as a slightly higher 
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hindquarter yield. CHA meat is lean yet well-marbled, tender, and flavorful, with a lighter color that 

enhances consumer preference. Its docility, grazing efficiency, and adaptability to both extensive and 

semi-extensive systems make it particularly suitable for crossbreeding with dairy or rustic breeds 

under diverse environmental conditions (Ruminantia 2023-2024). 

Both breeds are now central to Italian beef production systems. The LIM is particularly suited to 

semi-extensive and organic systems due to its adaptability, maternal ability, and resilience under 

variable environmental conditions. CHA is more commonly used in intensive systems and 

crossbreeding programs, often as a terminal sire to enhance growth rate and carcass conformation, 

especially when crossed with local breeds. Overall, both CHA and LIM represent key genetic 

resources for high-quality meat production and the continued improvement of the Italian beef sector. 

 

 

Figure 2.1 Italian Limousine cattle. 
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Figure 2.2 Italian Charolais cattle. 

 

2.2 Population structure, herd distribution, and animals’ consistency 

The Italian National Association of Breeders of Charolais and Limousine Cattle (ANACLI) 

manages the Herdbook for both breeds, established in 1999 by the Italian Ministry of Agricultural, 

Food, and Forestry Policies. Both populations have shown sustained growth over the past two 

decades, reflecting the increasing interest in specialized beef production across Italy.  

Currently, the Italian LIM population comprises approximately 92 000 registered animals 

distributed across more than 2 600 farms, while the CHA population includes around 22 000 animals 

in approximately 775 herds (ANACLI, 2024). Both breeds have steadily expanded in recent years 

and now rank among the most economically important beef breeds in Italy. According to ANACLI 

records, the number of LIM herds increased from 337 in 2005 to 2 558 in 2024, representing more 

than a seven-fold expansion over 19 years (Figure 2.3). This increase has been especially pronounced 
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since 2010, with an average annual rise exceeding 100 herds. The CHA population followed a similar 

but less marked trajectory, growing from 158 herds in 2005 to 775 in 2024, a nearly five-fold increase 

(Figure 2.3). Notably, the LIM herd growth rate was about 12% higher than that observed for CHA, 

resulting in LIM herds being more than three times as numerous as CHA herds by 2024. 

 

 

Figure 2.3 Annual trend for Limousine and Charolais breeds, respectively, for total animals (a) and herds (b). 

 

Within beef farms, registered animals are generally classified into three main categories: 
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1. Breeding animals (sires and dams) actively used for reproduction; 

2. Growing animals, in the growth or finishing phase; 

3. Heifers, young females not yet in reproductive service. 

The analysis of registered animals by productive category revealed a steady upward trend in all 

groups for both breeds. The Sire & Dam category showed the most pronounced and consistent 

increase, reflecting the continuous expansion of the breeding nucleus. The Growing animals’ category 

also exhibited a positive trend, indicating reinforcement of the replacement population. In contrast, 

the number of Heifers registered fluctuated more, particularly in CHA, where a temporary peak was 

observed around 2016. Overall, the upward trends across all categories underscore the demographic 

expansion and consolidation of both breeding populations (Figures 2.4a–b; ANACLI, 2024). 

The composition of both populations by productive category also reflects the structure of breeding 

systems and production strategies. In CHA, the distribution across categories has evolved steadily 

since 2005 (Figure 2.4a), whereas the LIM population displays a similar pattern but with larger 

absolute numbers, mirroring its broader diffusion (Figure 2.4b). 

 

a) 
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b) 

 

Figure 2.4 (a-b) Number of registered animals for Charolais (a) and Limousine (n) for each productive 

category. The productive categories are breeding animals (sires and dams actively used for reproduction), 

growing animals (animals in the growth and finishing phase), and heifers (young females not yet 

entered reproductive service). 

 

Geographically, the two breeds show distinct yet complementary distribution patterns across Italy, 

reflecting breed-specific adaptations and production system requirements (Figures 2.5a–b). LIM 

herds are widespread throughout the country, with the highest concentrations in Sicily, Sardinia, 

Tuscany, Emilia-Romagna, Lazio, and Basilicata (Figure 2.5a). CHA herds are mainly located in 

Sicily, Lazio, and Sardinia, where their density is greatest (Figure 2.5b). The prevalence of both 

breeds in southern regions and major islands reflects their suitability for extensive beef production 

systems traditionally predominant in these areas. 

These spatial patterns also have genetic and production implications. Regional concentration helps 

genetic connectedness through shared artificial insemination sires and breeding stock exchanges, but 

may also lead to genotype-by-environment interactions if animals are predominantly evaluated under 

region-specific conditions, a topic further explored in Chapter 3. LIM broader geographic distribution 

provides opportunities for assessing adaptability across production systems but poses challenges for 

maintaining genetic connectedness between distant herds. 
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Italian beef systems cover a wide range of production intensities. Intensive systems, common in 

northern lowlands, involve housed animals and high feeding inputs. Semi-intensive systems, typical 

of central and southern regions, combine seasonal grazing with winter housing and moderate 

supplementation, balancing productivity and resource efficiency. Extensive systems, dominant in 

southern mountains and the inner areas of Sardinia, rely on rangeland grazing with minimal 

supplementation, prioritizing cost efficiency over maximum productivity. 

The demographic growth of both breeds over the last two decades reflects not only the expansion 

of existing operations but also the entry of new producers, supported by European agricultural policies 

favoring extensive livestock systems, the rising demand for high-quality beef, and the recognition of 

cattle’s role in maintaining marginal and pasture-based ecosystems. 

 

a) 

 

 

 

 

 

 

 



58 
 

b) 

 

Figure 2.5 (a-b) Geographical distribution in the Italian territory of registered animals and herds for Limousine 

(a) and Charolais (b), respectively. 
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Lay summary 

Maximizing the longevity of cows is a crucial economic factor in cattle farms. A significant cost 

for farmers is maintaining heifers as replacements for older cows. Stay-ability is a trait that measures 

the likelihood of a cow remaining productive in the herd until a certain age. This trait reduces 

replacement costs and improves herd efficiency, increasing farm profitability. This study focuses on 

the genetic factors influencing longevity in Italian Charolais and Limousine beef cattle. We estimate 

the genetic components of stay-ability at different calvings using genomic information and explore 

its relationship with body conformation and fertility. This study investigates the longevity of 

Limousine and Charolais cattle to understand genetic and environmental factors affecting survival 

across calvings. By incorporating stay-ability into genetic evaluations, it is possible to develop more 

effective breeding strategies based on longer-lasting and more productive herds. We also examine 

intra-herd heritability, herd effects, and genetic correlations with fertility and conformation traits. Our 

results highlight breed-specific differences, suggesting the need for tailored breeding strategies to 

enhance cattle longevity. 

 

Teaser text 

Determine how genetic selection can improve the longevity and productivity of beef cattle herds. 

Our study explores the genetic background of functional longevity in Italian Charolais and Limousine 

breeds, aiming to reduce costs and enhance farm profitability through breeding strategies. 

 

Abstract 

This study aimed to estimate the genetic parameters of Stay-ability (STAY) at different calvings 

using a single-step genomic best linear unbiased prediction (ssGBLUP) approach, comparing 

Gaussian-linear and threshold models in Italian Charolais and Limousine beef cattle. It also examined 

the genetic relationship between STAY and other traits to identify potential indicators of longevity 

and assessed the impact of STAY selection on economically important traits. Stay-ability, a key trait 

for farm profitability, is defined as the probability of a cow surviving and remaining productive in 

the herd until a determined age. We evaluated STAY from the second to third calving and subsequent 

intervals (e.g., STAY23, STAY78), along with two fertility traits and several conformation traits. 

Data included 47 362 Limousine cows and 9 174 Charolais cows from 2 471 and 1 774 herds, 

respectively, born between 1977 and 2023. Analyses were performed fitting univariate threshold and 

Gaussian-linear animal models to estimate genetic parameters for STAY traits (STAY2 to STAY8) 

using ssGBLUP. Also, bivariate models were used to estimate genetic correlations between STAY 
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and fertility and conformation traits. Heritabilities for STAY ranged from 0.13 to 0.11 and from 0.21 

to 0.14 for Limousine, and from 0.14 to 0.11 and from 0.21 to 0.19 for Charolais, using Gaussian-

linear and threshold models, respectively. Significant re-ranking of genotyped sires based on STAY 

traits was observed, particularly for more distant calvings (STAY8) compared to earlier ones 

(STAY3), indicating that STAY traits are genetically distinct. Genetic correlations were positive 

between STAY and conformation traits for Limousine. In Charolais, many traits were uncorrelated, 

but some conformation traits showed positive correlations, except for rump convexity, which had 

negative correlations with STAY. In conclusion, the heritability estimates of STAY suggests that 

genetic improvement for longevity in Limousine and Charolais herds is feasible. Selecting sires with 

consistently high genomic breeding values for STAY across early and late calvings highlights the 

importance of long-term longevity. Genetic correlations indicate that selection based on conformation 

traits could enhance herd survival by improving cow resilience for the Limousine. Instead for the 

Charolais some conformation traits showed positive correlations with STAY, while rump convexity 

had negative association, potentially affecting longevity. 

Keywords: Beef cattle, functional longevity, genetic association, conformation traits, single step. 

 

3.1 Introduction 

In the majority of beef cattle production systems, the duration of a cow's productive life, the rate 

of calf production per cow over time, and the weight of calves at weaning are crucial economic aspects 

(Santana et al., 2013). A large part of the costs of beef cattle production are represented by the 

maintenance of heifers for replacement (Newman et al., 1992). Therefore, to reduce costs derived 

from replacement or culling, increasing herd longevity is one of the most effective strategies (Rizzo 

et al., 2015). A cattle farmer must ensure that replacements remain in the herd long enough to produce 

sufficient calves to offset the costs of their rearing and maintenance (Silva et al., 2024). 

Stay-ability (STAY) is a crucial trait for on-farm profitability due to its association with specific 

costs and herd efficiency. Hudson and Van Vleck (1981) defined STAY as the likelihood of a cow 

surviving and producing in the herd until a specified age, provided that animals have the opportunity 

to reach that age. It serves as a measure of survival and is typically expressed as a binary trait (‘yes’ 

or ‘no’; ‘1’ or ‘0’), indicating whether animals remain in the herd or not, without the need for 

recording culling dates. Predicting the genetic value of STAY offers an opportunity to reduce costs 

and increase farm income. Selecting for high genetic values of STAY can reduce turnover rates and 

decrease replacement costs of the farm. This could improve average herd efficiency, by extending the 

productive lifespan of cows. Integrating this trait into genetic evaluations enables the identification 
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of parents whose daughters are more likely to remain productive for extended periods in the herd 

(Van Melis et al., 2007; Jamrozik et al., 2013).  

Threshold models are specifically designed for binary traits like STAY, but they may have 

limitations in terms of complexity and interpretability compared to linear mixed models (Gianola, 

1982). In contrast, linear mixed models provide an alternative for analysing continuous and 

categorical traits, providing additional insights into genetic variation. By comparing these models is 

possible determining which approach provides a more accurate representation of STAY traits across 

different calvings. This comparison can help to identify the most suitable method for genetic 

evaluations in beef cattle and enhance the accuracy of genetic evaluation for longevity. 

The primary challenge in STAY genetic evaluations stems from the time required for a female to 

exhibit the phenotype at a certain age, potentially leading to lower accuracies in young bulls (Hudson 

and Van Vleck, 1981; Silva et al., 2018). Longevity selection is further complicated by the trait's low 

heritability and the influence of environmental and management factors, along with genetics. 

Assessing traits like STAY within a multiple-trait model can reduce selection random errors and 

improve the accuracy on genetic parameter estimates for other traits (Pollak et al., 1984). Indeed, 

incorporating animals no longer in the herd into the analysis can reduce the number of records 

removed from the dataset (Pollak et al., 1984). Employing STAY within a multiple-trait approach 

could potentially enhance longevity in beef cattle. Furthermore, conformation traits may contribute 

to herd survival rates due to their correlation with longevity (Hu et al., 2021; Buonaiuto et al., 2023). 

These traits, which encompass aspects like body size, shape, and bone structure, contribute to 

individuals' overall health and resilience, thereby impacting the survival rates of the entire herd. 

Moreover, fertility traits can enhance average herd longevity, due to a low to moderate genetic 

association with longevity (Hu et al., 2021, Hu et al.,2023).  Fertility can be used as indirect indicators 

to select cows with greater potential for early longevity selection (Hu et al., 2021). A study found that 

older heifers had a higher culling risk compared to those calving between 24 and 28 months, 

attributing late calvings to issues in herd management, fertility, health problems, and increased 

rearing costs (Sewalem et al., 2005). Understanding these relationships could improve breeding and 

management strategies aimed to increase herd longevity.  

In dairy cattle, authors have observed positive genetic correlations among body traits and longevity 

and a strong relationship with functional herd life (Hu et al., 2021). In beef cattle, Forabosco et al. 

(2004) discovered that animals with higher muscle development were more likely to remain in the 

herd, indicating a phenotypic relationship between conformation and longevity. Body traits are 

routinely measured in Italian Charolais and Limousine herds and are part of the national breeding 

selection goals. However, to date, no studies have investigated the genetic association of 

conformation, fertility, and STAY traits in these breeds through a multiple-trait analysis. 
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Finally, despite numerous studies estimating heritability and genetic components in beef and dairy 

cattle, there is still a dearth of research on utilizing single-step genomic best linear unbiased prediction 

(ssGBLUP) approaches for consecutive calvings in beef cattle. Therefore, the objectives of this study 

were to: (1) estimate the genetic parameters of STAY at different calving using a ssGBLUP approach, 

both Gaussian-linear and threshold, on Italian Charolais and Limousine beef cattle; (2) to compare 

Gaussian-linear and threshold models for STAY at different calvings of Limousine and Charolais, 

determining which approach provides a more accurate estimation of the genetic parameters of STAY; 

(3) to estimate and to examine the genetic relationship between STAY and other traits, to identify 

potential indicators of longevity or to assess the impact of selection for STAY on other economically 

important traits and improve fertility on beef cattle. 

 

3.2 Materials and methods 

Phenotypic records, pedigree, and genomic information were provided by The National Italian 

Association of Limousine and Charolais Breeders (ANACLI) database; therefore, Animal Care and 

Use Committee approval was unnecessary. 

In Italy, the National Herd Book currently lists 11 579 registered Charolais and 50 511 Limousine 

females, highlighting their significant role in the Italian beef industry. Originating from France, the 

Limousine and Charolais breeds are extensively exported to numerous countries worldwide, either in 

purebred form or as part of crossbreeding systems (Bouquet et al., 2011). 

The initial dataset for Limousine and Charolais breeds in this study comprises 587 773 calving 

records involving 141 923 cows born between 1977 and 2023. These records originate from 3 387 

registered herds located across the entire national territory. 

 

3.2.1 Stay-ability traits 

The trait STAY was chosen as a metric for assessing the longevity of animals, evaluated from the 

second to the eighth calving. By utilizing information on calving dates and order, seven cumulative 

STAY traits were assigned to each cow. These traits were defined as binary indicators of survival up 

to a specific calving order (e.g., survival up to the second calving, survival up to the third calving, 

and so on). Thus, each cow could have up to seven STAY records corresponding to survival up to the 

second through eighth calving (e.g., STAY2, STAY3, ..., STAY8). Consequently, each female could 

have up to seven different observations if she reached STAY8. For each parity, STAY was treated as 

a binary trait, where a value of ‘1’ indicated cows with a recorded calving event and ‘0’ indicated 

those without a calving record. Consequently, STAY (1 = success, 0 = failure) was assigned based 

on the presence of a calving date for each parity up to parity eight. The study also considered animals 
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that remained in the herd from one calving to the next ‘STAY to STAY traits’ (traits STAY23, 

STAY34, …, STAY78), focusing solely on cows that survived from, for example, second to third 

calving. For instance, STAY23 measures survival from the second calving to the third, while STAY34 

measures survival from the third calving to the fourth. Only cows that have reached the earlier calving 

event (e.g., second calving for STAY23) are included in these analyses. The inclusion of these traits 

in the model (e.g., STAY2 with STAY23, or STAY3 with STAY34), allowing for a more complete 

dataset by including cows that may not have reached the next calving. 

Initial data editing involved keeping only females with age at first calving between 700 and 1,400 

days of age. Cows with recorded calving events and with an appropriate interval before the following 

calving, allowing for the occurrence or absence of the subsequent calving event, were included in the 

analysis. Specifically, animals with any calving intervals shorter than 290 days or longer than 550 

days were excluded from the dataset. Twins’ parities were considered as a single calving event. If the 

time elapsed between the last recorded calving of a cow and the date when the calving data was 

extracted was less than 550 days, any calving records that occurred after this period were classified 

as censored data. This means that these records were not fully available for analysis because the full 

calving history was incomplete by the time of data extraction. Censored records were treated as 

missing data in the model (Smith 1990; Stephen et al., 2023). Additionally, cows with missing sire 

and dam were removed. Supplementary Table S3.1 reported the percentage of censored records 

according to the total number of cows for all the STAY for the two breeds. 

The final dataset included 47 362 cows, of which 38 188 were daughters of 6 194 sires belonging 

to 2 471 herds for Limousine, and 9 174 were daughters of 1 774 sires belonging to 712 herds for 

Charolaise respectively. Table 3.1 shows the number of records for all the STAY and the relative 

incidence of survival for the two breeds.  
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Table 3.1 Number of the cows and incidence to survival according to the number of records per each of the stayability (STAY) for Limousine and Charolaise. 

Trait Definition Limousine Charolais 

  N N of cow 

survived 

Incidence (survival %) N2 N of cow 

survived 

Incidence (survival %) 

STAY1 Stayability as a first parity = 1; failed = 0 38 188 38 188 100.00 9 174 9 174 100.00 

STAY2 Stayability as a second parity = 1; failed = 0 33 209 25 526 66.84 8 071 5 557 60.57 

STAY3 Stayability as a third parity = 1; failed = 0 30 105 18 764 49.14 7 519 3 913 42.65 

STAY4 Stayability as a fourth parity = 1; failed = 0 27 978 14 381 37.66 7 078 2 820 30.74 

STAY5 Stayability as a fifth parity = 1; failed = 0 26 546 11 257 29.48 6 774 2 041 22.25 

STAY6 Stayability as a sixth parity = 1; failed = 0 25 372 8 838 23.14 6 550 1 467 16.00 

STAY7 Stayability as a seventh parity = 1; failed = 0 24 429 6 890 18.04 6 381 1 042 11.36 

STAY8 Stayability as a eight parity = 1; failed = 0 23 657 5 314 13.91 6 245 717 7.82 

Abbreviations: N = Total number of cows, including both those that survived and were culled.
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3.2.2 Fertility and conformation traits 

Data on fertility traits were extracted from records of cows from the STAY dataset. Fertility traits 

considered were first calving interval (FCI, days) and age at first calving (AFC, days) and were 

treated as continuous responses. Values of FCI averaged 405.7 days ( 60.87 SD) and 401.50 ( 60.05 

SD) for Limousine and Charolais, respectively. Values of AFC averaged 1 026 days with a SD of 

143.69 and 1,026 days with a SD of 157.62 for Limousine and Charolais, respectively. 

Conformation type traits in the two breeds are routinely measured once in the lifetime, typically 

around weaning and yearling (between 6 and 15 months of age). Conformation traits were evaluated 

for each animal by trained classifiers between 1990 and 2023 and were obtained by visual scores. 

Muscularity refers to the muscle development of the animal across several reference sites, including 

the shoulder, loin, rump, and hindquarter (Boligon et al., 2011). In this study we focused on eight 

traits related to conformation and muscularity traits. These traits assess muscular development, 

specifically the musculature of the thigh and back, as well as skeletal development, which measures 

proportionality. Additionally, traits like rump length and overall size capture general body 

development. Traits were assessed using scores ranging from one to ten, with ten representing the 

highest expression of the trait and one indicating the lowest expression. Conformation traits 

considered were: wither width, convexity and length of rump, length of dorsolumbar line, rear and 

back width, pelvic length, and development. The final dataset consisted of 32 119 and 7 537 measured 

cows for Limousine and Charolais, respectively. The number of records, the mean, and the definition 

per each conformation trait are reported in Supplementary Table S3.2. 

 

3.2.3 Pedigree and genotypes 

The raw pedigree files included 147 801 and 526 887 animals. For subsequent analyses, animals 

were traced back 8 generations for Charolais and 6 generations for Limousine, resulting in 13 222 

and 35 418 animals, respectively.  

In total, 276 and 71 animals were genotyped with a panel of 119 854 SNPs (GeneSeek GGP Bovine 

150K; Illumina Inc., San Diego, California, USA) for Limousine and Charolais, respectively. 3 745, 

and 1 047 individuals were genotyped with a panel of 28 299 SNPs (GeneSeek GGP Bovine LD v3; 

Illumina Inc., San Diego, California, USA) for Limousine and Charolais, respectively. All SNPs were 

mapped according to ARS-UCD1.2 genome assembly (Rosen et al., 2020). After the mapping, 118 

135 markers for GeneSeek GGP Bovine 150K and 27 654 markers for GeneSeek GGP Bovine LD 

v3 were considered. The two panels shared 13 984 SNPs. Animals genotyped with GeneSeek GGP 

Bovine LD v3 were imputed to GeneSeek GGP Bovine 150K, leveraging the common set of 13 984 
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SNPs shared between the two panels as a basis for alignment and enhancement. Subsequently, the 13 

670 non-overlapping SNPs were imputed, and the resulting genotypes were integrated with the 

previously imputed set of 118 135 SNPs. This process led to a total of 131 805 imputed SNPs by the 

conclusion of the last step. FImpute v.3 (Sargolzaei et al., 2014) was utilized with default parameters 

for genotype imputation. The genotype imputation was performed separately for each breed, with 

genotypes for the Charolais and Limousine breeds being imputed independently. 

Quality control (QC) and genotype data filtering were performed using PLINK v1.9 (Chang et al., 

2015). Autosomal SNPs and individuals with more than 10% missing values, minor allele frequencies 

(MAF) lower than 1%, and a call rate lower than 90% were excluded during QC. After QC, 116 221 

SNPs and 3 960 animals remained for Limousine, while 116 704 SNPs and 990 animals remained for 

Charolais. Table 3.2 summarizes the number of genotyped animals per category, including females 

with phenotype, sires, and dams. 

 

Table 3.2 Number of genotyped animals for Charolaise and Limousine considering animals with phenotype, 

sires, and dams. 

Breed GeneSeek GGP Bovine LD v3 GeneSeek GGP Bovine 150K Total 

 Female with phenotype Sires Dams Female with phenotype Sires Dams  

Charolais 504 274 182 10 52 6 1 028 

Limousine 2 233 906 651 256 106 56 4 054 

Abbreviations:  Female with phenotype = are those individuals showing a phenotypic record in the dataset. 

They may appear as dams or other individuals; Sire = male without phenotype are those individuals not 

showing a phenotypic record in the dataset, but they appear as sires of individuals with phenotypes; Female = 

dame without phenotype are those individuals not showing a phenotypic record in the dataset, but they appear 

as dams of individuals with phenotypes. 

 

3.2.4 Model computation and analysis 

Univariate models. In our analysis, an underlying continuous variable termed liability was derived 

from the data based on the following assumption: 

y = 0, if  λ ≤  τ and y = 1, if  λ >  τ 

where y represents the linear observation (0/1), λ denotes the liability, and τ stands for the specified 

threshold. Each observation of y assumes a value of 1 (indicating success in herd until the subsequent 

parity) when the liability surpasses τ, and 0 (reflecting failure in the herd on the subsequent parity) 

otherwise. The liability is assumed to follow a normal distribution with mean μ and covariance matrix 

𝐑 = 𝐈σλ
2, where σλ

2 denotes the variance of the scale. Given that the mean and variance of the liability 
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are non-identifiable, we set this parameter to σe
2 = 1 and τ = 0. Consequently, there is no necessity 

for sampling the threshold value. 

Stayability were analysed fitting a univariate threshold and Gaussian-linear animal model. Genetic 

parameters were estimated for STAY2 to STAY8 using the following models: 

MODEL 1:  y =  𝐗𝛃 + 𝐙𝐩p + 𝐙𝐚a + e 

MODEL 2:  λ =  𝐗𝛃 + 𝐙𝐩p + 𝐙𝐚a + e 

where y is the linear vector of STAY traits (0/1) and λ the unobserved liability for threshold models; 

β was the vector associated to fixed effects of the year of calving (34 and 48 levels for Charolais and 

Limousine, respectively); p was the vector associated to the random effect of herd; a was the vector 

for the animal additive genetic effect; e was the vector associated to the random residual error; and 

𝐗, 𝐙𝐩, 𝐙𝐚, were the incidence matrices related to fixed, random, and additive genetic effect of the 

animal, respectively. The solutions for additive genetic effects were assumed as a ~ N(0, 𝐇σ𝑎
2), 

where H is the relationship matrix and σa
2 the additive genetic variance and the residual error values 

were assumed as e ~ N(0, 𝐈σ𝑒
2) where I is the identity matrix and σe

2 is their variance.  

The SNPs information among animals was included in the form of genomic relationships matrix. 

Therefore, the H matrix was constructed by combining the pedigree relationship matrix (A) and a 

SNP derived genomic relationship matrix (G) (Legarra et al., 2014) and was estimated through 

ssGBLUP as described by Aguilar et al. 2010. The G matrix was built using the second method 

proposed by VanRaden (2008). 

Multivariate models. Multivariate models enable the simultaneous analysis of several STAY traits 

as correlated traits and can be utilized for STAY to specific endpoints or within time intervals. Genetic 

correlations between the traits were estimated by using bivariate threshold models as follows: 

MODEL 3:  [
λ1

λ2
] = [

𝐗𝟏

0

0

𝐗𝟐
] [

β1

β2
] + [

𝐙𝐩𝟏

0

0

𝐙𝐩𝟐
] [

p1

p2
] + [

𝐙𝐚𝟏

0

0

𝐙𝐚𝟐
] [

a1

a2
] + [

e1

e2
] 

where λ1 the unobserved liability for STAY observations (STAY2, ..., STAY8), and λ2 was the 

unobserved liability for STAY23 until STAY78; fixed and random effects were the same as in the 

univariate analyses (model 1 and 2). Additionally, a bivariate model was applied also for fertility 

traits, and FCI, and AFC were treated as continuous variables using the same fixed and random effect. 

Censored records were treated as missing and not included in the analyses. In particular, the calving 

season for STAY23 refers to the period when a cow gives birth, marking the beginning of its second 

calving. This is the time frame during which the cow gives birth to its second calf and transitions into 

its third parity. As reported by Hardie et al. (2021) bivariate models were used to address possible 

selection bias on STAY23, as only cows that survived to their second parity had data for the STAY2 

trait. Including STAY2 along with STAY23 in the analysis, it was possible to consider traits from all 
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cows in the herd that fit the criteria reducing any bias that might occur using a non-random selection 

of cows that reached their third parity. 

Genetic correlations among conformation and STAY traits were estimated with the following 

bivariate threshold model: 

MODEL 4:  [
λ

y
] = [

𝐗𝟏

0

0

𝐗𝟐
] [

β1

β2
] + [

𝐙𝐩𝟏

0

0

𝐙𝐩𝟐
] [

p1

p2
] + [

𝐙𝐰𝟏

0

0

𝐙𝐰𝟐
] [

0

w2
] + [

𝐙𝐚𝟏

0

0

𝐙𝐚𝟐
] [

a1

a2
] + [

e1

e2
] 

where λ the unobserved liability for STAY observations (STAY2, ..., STAY8), and y was the linear 

vector of the conformation trait; β1 and β2 were the vectors associated to fixed effects of the year of 

calving and age of the cow at the evaluation; p1 and p2 were the vectors associated to the random 

effect of herd; w2 is the vector associated to the random effect of the code of the trained classifiers; 

a1 and a2 were the vectors for the animal additive genetic effect; e was the vector associated to the 

random residual error; and 𝐗, 𝐙𝐰, 𝐙𝐚, were the incidence matrix related to fixed, random, and additive 

genetic effect of the animal, respectively. The random effect of the trained classifiers correlates and 

covaries only with the conformation traits, as only these traits are assessed by the classifiers. 

In particular, the assumptions regarding the (co)variance structure in the bivariate models of 

additive genetics, the random effect of herd and trained classifiers, and residual effects were estimated 

using the following matrix notations: 

𝐆 = |
σa1

2

σa2a1

σa1a2

σa2
2 | ; 𝐏 = |

σp1
2

σp2p1

σp1p2

σp2
2 | ;𝐖 = |

0

0

0

σw2
2 | ; 𝐑 = |

σe1
2

0

0

σe2
2 | 

Where G, was the matrix of additive genetic (co)variances σa1
2 , σa1a2, σa2

2  of traits one and two, 𝐏, 

and 𝐖 were matrices of (co)variances of random effects σp1
2 , σp1p2, σp2

2  and σw2
2 , respectively, of 

traits one and two, and R was the matrix of residual (co)variances σe1
2 , σe2

2  of traits one and two. 

 

3.2.5 Genetic parameters 

The (co)variance components were estimated using the Gibbs sampling algorithm implemented in 

the BLUPF90 family software (Aguilar et al., 2018). Threshold models were run using 

THRGIBBS1F90, and Gaussian-linear models were run using GIBBS3F90 programs. All analyses 

were run for 100 000 cycles with a burn-in of 50 000 samples and every 10th sample being stored, 

for a total of 5 000 samples used for subsequent inference. Convergence was assessed by visual 

inspection of trace plots and throughout Geweke’s test using the package ‘coda’ (Plummer et al., 

2006). 

Heritability (h2), herd effect (𝐡𝐢), and intra-herd heritability (𝐡𝐈𝐇
𝟐 ) were expressed as follows: 

h2 =
σa

2

σa
2 + σp

2 + σe
2
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hi =
σp

2

σa
2 + σp

2 + σe
2
 

hIH
2 =

σa
2

σa
2 + σe

2
 

where σa
2, σp

2 , and σe
2, are the variance components related to additive genetic effect, random effect 

of the herd, and random residual error. Lower and upper limits of the 95% highest posterior 

probability distributions and the means for heritabilities were estimated from the Gibbs samples. 

Confidence intervals and posterior means were used as estimates and its attached standard error. 

The study compared univariate analyses, incorporating both threshold and Gaussian-linear models, 

to examine the genetic relationship among STAY traits. To assess the possibility of re-ranking among 

genotyped sires, Spearman’s rank correlations were estimated. Specifically, ssGEBV from univariate 

models for STAY2 through STAY8 were compared for both Charolais and Limousine breeds. 

Additionally, the study evaluated ssGEBVs for genotyped sires to verify their average genetic 

superiority and to determine whether any loss in expected progeny differences would occur if 

selection were based on STAY traits. For example, a reduction in the average genetic superiorities in 

STAY2 would be expected if the selection was based on STAY8. 

The genetic correlation among traits in bivariate models was obtained as follows: 

rgen =
σa,xz

√σa,x
2 × σa,z

2
 

Where σa,xz is the genetic covariance between the two considered traits in the bivariate analysis, and 

σa,x
2  and σa,z

2  are the additive genetic variances, respectively.  

 

3.3 Results and discussion 

Linear mixed models provide enhanced flexibility for modelling binary traits, even when the 

assumptions are violated. This preference is attributed to several factors, including the flexibility of 

linear mixed models in handling various types of data. They can handle both continuous and 

categorical predictors, making them suitable for a wide range of analyses. Furthermore, their ease of 

interpretation through understandable coefficients for fixed effects and their efficiency in providing 

unbiased estimates of parameters even when data violate assumptions (Breslow and Clayton, 1993). 

Despite this, both threshold and linear mixed models’ approaches were assessed in this study to gain 

comprehensive insights into STAY traits in two different beef cattle breeds. 

 

3.3.1 Incidence of survival 
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Table 3.1 shows the incidence of survival of STAY2 until STAY8 in the Limousine and Charolais. 

The cull rate of primiparous cows between the first and second STAY was 33% and 40% for 

Limousine and Charolais, respectively. The cull rate until STAY8 was 86% and 92% for Limousine 

and Charolaise, respectively. Culled animals were higher in early STAY than those between later 

STAY and relatively similar among breeds. On average, survival between parities was 6-7% lower 

in Charolais compared to Limousine.  

The elevated culling rate observed in early STAY can be attributed to several factors. Firstly, 

primiparous cows often encounter reproductive challenges, such as calving difficulties or postpartum 

complications, which can lead to their removal from the herd. Additionally, some cows may exhibit 

inadequate maternal instincts or abilities, resulting in lower calf survival rates and subsequent culling. 

Furthermore, heifers that fail to initiate a first parity may be sold for meat purposes. Genetic selection 

also plays a role, as genetically superior females are retained in the herd, leading to the culling of less 

desirable individuals. These reproductive challenges, maternal abilities, and genetic selection 

pressures collectively contribute to the higher culling rate observed during early calving. 

Martinez et al. (2005) investigated STAY traits from calving 2 to 6 in Hereford cows, while Silva et 

al. (2018) compared the same traits in Guzerá, Nelore, and Tabapuã cattle. Both studies found similar 

culling rates for early calving, consistent with the present study's findings. 

 

3.3.2 Heritability 

Estimates of heritability and their relative SE for STAY using threshold and Gaussian-linear 

ssGBLUP models are summarized in Figure 3.1. Generally, the heritability estimates using the 

Gaussian-linear model were low, ranging from 0.13 ± 0.01 for STAY2 to 0.11 ± 0.01 for STAY8 in 

Limousine cattle and from 0.14 ± 0.03 for STAY2 to 0.11 ± 0.02 for STAY8 in Charolais cattle. In 

contrast, heritability values were moderate when using the threshold model, ranging from 0.21 ± 0.02 

for STAY2 to 0.14 ± 0.06 for STAY8 in Limousine and from 0.24 ± 0.04 for STAY2 to 0.19 ± 0.04 

for STAY8 in Charolais. When considering the Gaussian-linear model, the trends for heritability were 

similar between the two breeds. However, the threshold model showed a slightly different trend in 

Limousine cattle, decreasing heritability with increasing parities. 

Estimates of heritability using the Gaussian-linear model in our study are consistent with those 

obtained using linear random regression models for STAY in late calvings (0.12) (Jamrozik et al., 

2013). Still, they are lower than the estimates for STAY in early calvings (0.38) reported for Canadian 

Simmental cattle (Jamrozik et al., 2013). For Guzerá, Nelore, and Tabapuã cattle, Silva et al. (2018) 

used a linear random regression model and, when transforming the heritabilities to the underlying 

normal scale, found estimates for the first calving number similar to our results but lower estimates 
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for later calving numbers. In Hereford cattle, Martinez et al. (2005) used linear binomial models and 

found heritability estimates ranging from 0.18 ± 0.09 to 0.25 ± 0.07 for STAY to consecutive calving. 

These results were generally higher compared to our study.  

Estimates of heritability using the threshold model in our study were, on average, slightly lower 

than the heritability estimate for STAY to consecutive calvings (0.24) on the underlying liability scale 

in Simmental cattle (Jamrozik et al., 2013). Santana et al. (2012) reported a heritability of 0.11 using 

a threshold model in Nelore cattle, which is similar to our estimates for STAY2 and STAY3 in 

Charolais and STAY7 in Limousine cattle. Our estimates were generally lower than the heritability 

values (0.25, 0.22, and 0.28) for STAY at specific ages in Nelore cattle provided by Van Melis et al. 

(2007). Martinez et al. (2005) used a threshold model in Hereford cattle and found heritability 

estimates from 0.29 ± 0.10 to 0.39 ± 0.11 for STAY to consecutive calving, the results from our study 

were generally lower in comparison. 

In our analysis, as shown in Figure 3.1, we found that the heritability estimates obtained through 

a Gaussian-linear model were lower than those obtained through the threshold model, as also reported 

by Martinez et al. (2005). These moderate estimates of heritability for STAY imply the potential for 

a response to selection and genetic improvement through genetic selection. These findings underscore 

the utility of utilizing STAY as a selection criterion to enhance dam fertility. Supplementary Table 

S3.3 reported the numerical values of heritabilities with their respective HPDI. In addition, variance 

components and the corresponding HPDI considering threshold and Gaussian-linear model were 

reported in Supplementary Table S3.4. 
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Figure 3.1 Heritability estimates with the relative SE across stay-ability (STAY) traits for Limousine and 

Charolais using a single-step GBLUP approach considering STAY (Gaussian-linear model) and liability of 

STAY (threshold model), respectively. 

 

3.3.3 Intra-herd heritability and herd effect 

In genetic analyses, estimation of herd effect and intra-herd heritability help to understand the 

balance between genetic and environmental influences within herd. Similar values between intra-herd 

heritability and overall heritability suggest that the herd genetic variability and environmental 

conditions are representative of the studied population. Conversely, large differences indicate 

significant environmental impacts, which could mask genetic variation. Higher herd effect estimates 

imply substantial environmental influence, with high variability in management practices, nutrition, 

and health care. This variability can slow genetic progress for the analysed trait. 

Estimates of the herd effect and relative SE are reported in Supplementary Figure S3.1. Estimates 

were moderate for both Charolais and Limousine breeds. Using the Gaussian-linear model, herd effect 

values ranged from 0.25 ± 0.01 for STAY2 to 0.15 ± 0.01 for STAY8 in Limousine and from 0.20 ± 

0.02 for STAY2 to 0.12 ± 0.01 for STAY8 in Charolais. Using the threshold model, herd effect values 



76 
 

ranged from 0.34 ± 0.01 for STAY2 to 0.56 ± 0.09 for STAY8 in Limousine and from 0.30 ± 0.03 

for STAY2 to 0.45 ± 0.04 for STAY8 in Charolais. 

While intra-herd heritability focuses on genetic variation within a herd, the herd effect considers 

the impact of environmental factors common to all animals within the same group. These 

environmental factors include management practices, feeding regimes, housing conditions, disease 

exposure, and social interactions. The herd effect can significantly influence the observed phenotypic 

variation of traits within a herd, independent of genetic differences among individuals. 

As reported Supplementary Figure 3.1, both models for both breeds exhibited an opposite trend: 

increasing for the Gaussian-linear model and decreasing for the threshold model. For both analyses, 

Limousine showed, on average, slightly higher values than Charolais of herd effect with significative 

differences in STAY2 using the Gaussian-linear model and STAY7 using the threshold model. The 

observed differences in herd effect estimates between the Charolais and Limousine breeds for STAY 

may be attributed to several factors. Genetic differences between the breeds could influence their 

respective responses to herd environments, with varying levels of resilience or susceptibility to 

environmental factors affecting longevity. Additionally, distinct management practices specific to 

herds, like feeding, housing, and herd management, could impact the two breeds differently. 

Environmental adaptability may also play a role, as one breed might be better suited to certain 

conditions or practices, thereby explaining the higher herd effect values observed in Limousine. 

Estimates of intra-herd heritability were summarized in Supplementary Figure S3.2, showing 

lower to moderate estimations for Charolais and Limousine. Using the Gaussian-linear model, values 

ranged from 0.18 ± 0.02 for STAY2 to 0.13 ± 0.01 for STAY8 considering Limousine and 0.17 ± 

0.03 for STAY2 to 0.12 ± 0.02 for STAY8 considering Charolais. Using the threshold model, intra-

herd heritability showed values ranged from 0.32 ± 0.03 for STAY2 to 0.33 ± 0.04 for STAY8 and 

ranged from 0.30 ± 0.05 for STAY2 and 0.34 ± 0.06 for STAY8 for Limousine and Charolais, 

respectively. Intra-herd heritability refers to the proportion of the phenotypic variance of a trait 

attributable to genetic differences among individuals within a specific group or herd. The fraction of 

observed trait variability within a given population could be attributed to genetic variation among 

individuals within that population, excluding the effect of common environments shared by animals 

within the same group. Thus, intra-herd heritability provides an estimate of the heritability of a trait 

within a specific selection unit, such as a herd. In this study, the intra-herd heritability values were, 

on average, similar to the heritability, suggesting that the genetic potential for the trait within the herd 

is consistent with the population. 

As reported in Supplementary Figure S3.2, both models for both breeds exhibited a trend 

comparable to that of heritabilities described in the previous section, with higher values detected 

using the threshold model. For both analyses, Limousine showed slightly higher average values 
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compared to Charolais, with significant differences in STAY3, STAY4, and STAY5 using both 

Gaussian-linear and threshold models. Only for STAY7 did Charolais show significantly higher 

values compared to Limousine. 

These differences between the two breeds may arise due to various factors. If one breed exhibits 

greater genetic variability for functional longevity compared to the other, a higher degree of intra-

herd heritability may be observed in that breed. Disparities in rearing environments, management 

practices, and selection procedures between the two breeds might impact STAY and the estimation 

of intra-herd heritability. Differences in climate and nutrition could influence animal survival and 

fertility, thus affecting the estimation of trait intra-herd heritability. Additionally, if one breed is more 

susceptible to genetic-environmental interactions affecting functional longevity, a reduction in intra-

herd heritability may be observed in that breed compared to the other. Numerical values for intra-

herd heritabilities and herd effect with their respective HPDI are reported in Supplementary Table 

3.3.  

 

3.3.4 Re-ranking among genotyped sires  

We investigated whether different models (threshold versus Gaussian-linear) would significantly 

re-rank genotyped sires, potentially impacting selection decisions based on ssGEBV for functional 

longevity. Only genotyped sires were considered for both Charolais and Limousine cattle.  

Analysing regression coefficients and Spearman correlations with STAY2 as the predictor for sires 

ssGEBVs of STAY3 and STAY8 allow us to verify whether there would be loss in terms of expected 

progeny difference re-ranking of sires across different calvings if sire selection were based on early 

or late longevity. A reduction in the average genetic superiorities for sires in STAY2 would be 

expected if the selection were based on the more distant calving event, for example, STAY8. For the 

Limousine breed, the regression coefficients between STAY2 and STAY3 were 0.80 for the threshold 

model and 0.74 for the Gaussian-linear model, while between STAY2 and STAY8, the coefficients 

were 0.34 and 0.33, respectively. Similarly, for the Charolais breed, the regression coefficients 

between STAY2 and STAY3 were 0.86 for the threshold model and 0.83 for the Gaussian-linear 

model, and between STAY2 and STAY8, the coefficients were 0.21 and 0.32, respectively. In 

addition, to understand the extent of re-ranking between STAY2 with early (STAY3) and late 

(STAY8) calvings were analysed the top 100 sires based on their genomic values. By tracking their 

positions for STAY3 and STAY8, the changes in rankings were calculated, and the average re-

ranking was determined. The average accuracy for sires in the Charolais breed was 0.24, 0.16, and 

0.15 for STAY2, STAY3, and STAY8, respectively, using a Gaussian-linear model, and 0.45, 0.36, 

and 0.27 for STAY2, STAY3, and STAY8, respectively, using a threshold model. For the Limousine 
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breed, the average accuracy for sires was 0.33, 0.29, and 0.22 for STAY2, STAY3, and STAY8, 

respectively, with a Gaussian-linear model, and 0.53, 0.51, and 0.39 for STAY2, STAY3, and 

STAY8, respectively, with a threshold model. 

In both the Limousine and Charolais breeds, analyses using both Gaussian-linear and threshold 

models exhibited similar patterns (Figure 3.2), with a reduction in the regression coefficient between 

STAY2 and STAY8. Additionally, Spearman correlations among genotyped sires were assessed. For 

the Limousine breed, strong correlations between STAY2 and STAY3 were observed, with values of 

0.70 for both the threshold and Gaussian-linear models. In contrast, the Charolais breed displayed 

moderate correlations, with values of 0.57 and 0.58 for the threshold and Gaussian-linear models, 

respectively. Lower correlations were found for both breeds when comparing STAY2 with STAY8. 

Specifically, Spearman’s rank correlations were 0.24 and 0.20 for the Limousine breed using the 

threshold and Gaussian-linear models, respectively. For the Charolais breed, these values were 0.12 

and 0.10 using the threshold and Gaussian-linear models, respectively. 

The average re-ranking of sires between STAY2 and subsequent calvings revealed similar trends. 

In the Charolais breed, the average re-ranking was 26 positions for early (STAY3) and 32 for late 

(STAY8) calvings. For the Limousine breed, the average re-ranking was 21 positions for early 

(STAY3) and 31 for late (STAY8) calvings. These trends remained consistent across both models. 

Considering the regression coefficients from Figure 3.2 and the values from Spearman correlations 

among STAY traits, it appears that sires may be re-ranked across different parities, with more 

substantial re-ranking observed in more distant calvings. This potential re-ranking could lead to 

varying genetic gains. These findings suggest that STAY traits for different calvings represent distinct 

traits from a genomic perspective. Sires with high genomic values for STAY based on early calving 

may not necessarily maintain their performance in later calvings. 

The reduction in the regression coefficient for STAY2 vs. STAY8 implies that selecting sires 

based on STAY8 might result in smaller improvements in STAY2 compared to selecting STAY3. 

This indicates that selecting sires for longevity would primarily result in genetic gains for STAY up 

to the second calving. The observed average re-ranking for Charolais and Limousine beef cattle 

among the top 100 sires indicates variability in sire performance between early and late calvings. This 

variability has significant implications for breeding strategies. Breeders should consider the potential 

for re-ranking when selecting sires based on early calving performance to ensure sustained genetic 

improvement across multiple calvings.  

While assessments of STAY2 may be more predictive of early calving (STAY3), the relationship 

between STAY2 and STAY8 is lower, suggesting a weaker relationship between early and late STAY 

(Figure 3.2). More precisely, selecting sires based on STAY8 may result in smaller improvements in 

STAY2 than selecting sires based on STAY3. In this context, re-ranking sires based on STAY8 may 
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prioritize those with consistently high longevity over the long term. Identifying sires with consistently 

high genomic values for STAY across both early and late calving emphasizes the importance of 

selecting sires based on their capacity to maintain superior STAY performance over time. This could 

contribute to the continual enhancement of functional longevity traits within the herd. 

Jamrozik et al. (2013) reported a decreased genetic and phenotypic correlation among different 

STAY to calving in Canadian Simmental cattle. Authors found positive values, and the magnitude of 

correlations decreased with the increasing distance between parities, confirming that more distance 

STAY were not the same traits. In Nelore cattle, some authors analysed the regressions coefficient of 

the sires EBV for STAY at 5 and 6 years of age on the sires EBV for STAY at 7 years of age. They 

verified a reduction in the average genetic superiorities and expected progeny difference in STAY at 

7 years of age if the selection was based on STAY at 5 and 6 years of age (Van Melis et al., 2007).  

One of the objectives of this study was to test the potential of Gaussian-linear models to be used 

in place of threshold-liability models, for the genetic evaluation of functional longevity. While a 

threshold model is theoretically the optimal choice for the analysis of these groups of traits, the 

Gaussian model is considered more straightforward because it requires less computational effort and 

is easier to interpret. The results indicate that when genetic parameter estimates and sire rankings are 

similar between the two approaches, the Gaussian model may be preferable due to its simplicity and 

fewer assumptions. Therefore, if both models yield comparable results, selecting the simpler model 

is often advantageous. However, the final choice depends on specific analytical requirements and the 

context of application, with the threshold model remaining a valid option when it better captures the 

discrete nature of the trait. 
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3.3.5 Genetic correlation  

Genetic correlations were positive for all STAY traits for Charolais and Limousine breeds, ranging 

from moderate to high depending on the trait (Figure 3.3). Specifically, the correlations between 

STAY2 and STAY3 were 0.48 for Limousine and 0.23 for Charolais. For STAY3 and STAY4, the 

correlations were 0.75 for Limousine and 0.63 for Charolais. Between STAY4 and STAY5, the 

correlations were 0.56 for Limousine and 0.49 for Charolais. For STAY5 and STAY6, the 

correlations were 0.56 for Limousine and 0.37 for Charolais. The correlations between STAY6 and 

STAY7 were 0.39 for Limousine and 0.70 for Charolais. Finally, the correlations between STAY7 

and STAY8 were 0.57 for Limousine and 0.68 for Charolais. 

These solid and positive genetic correlations indicate a consistent genetic basis for these traits 

across different parities. A study on Holstein cows in US organic farms also reported strong and 

positive genetic correlations among STAY traits, yielding similar results to those in our study (Hardie 

et al., 2021). 

Two fertility traits, AFC and FCI, were considered, and their genetic correlations with STAY, 

along with relative SE, are displayed in Figure 3.3. On average, these correlations were negative. For 

Limousine, AFC showed genetic correlations ranging from -0.07 for STAY2 to -0.26 for STAY8, 

with an increase in the negative correlation for later calvings. For FCI, moderate negative correlations 

were observed with STAY, with values ranging from -0.43 to -0.53 across different calvings. For 

Charolais, the genetic correlations for fertility traits were similar to those reported for Limousine. 

Age at first calving exhibited a similar trend, with an increasing negative genetic correlation across 

parities, except for STAY2, STAY3, and STAY4, where the correlations were not significantly 

different from zero. First calving interval showed strong and stable negative genetic correlations with 

STAY, ranging from -0.65 for STAY2 to -0.63 for STAY8. 

Given the definition of STAY, negative correlations between STAY and AFC and FCI were 

expected. Animals that begin breeding earlier and have shorter intervals between calvings are more 

likely to achieve longevity. Buzanskas et al. (2010) analyzed the genetic association between STAY 

and reproductive traits in Canchim beef cattle (Charolais x Zebu) and found a negative genetic 

correlation of -0.63 ± 0.20 with AFC. Similarly, a study on the genetic association of reproductive 

traits with longevity in Nellore cattle reported negative genetic correlations with STAY (Rizzo et al., 

2015). Fertility traits such as AFC and FCI provide potential indirect indicators that could be used in 

early selection for longevity in cattle breeding programs. 
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Figure 3.3 Genetic correlation between stay-ability (STAY) traits (STAY2 until STAY8) with fertility traits 

(FCI: first calving interval; AFC: age first calving) and animals remained in the herd from one parity to the 

next (STAY23 until STAY78), for Charolais and Limousine, respectively. 

 

Figure 3.4 illustrates the genetic correlations between eight conformation traits and STAY traits 

for Limousine and Charolais. The analysis reveals notable differences between the two breeds in how 

these traits relate to cattle longevity from a genetic standpoint. For the Limousine breed, all 

correlations were positive and significantly different from zero. Mainly, traits such as pelvic length, 

dorsolumbar line length, development, and back width exhibited moderate genetic correlations with 

STAY traits, averaging above 0.20. This indicates that these specific conformation traits are likely to 

enhance the longevity of Limousine cattle due to their genetic influence. 

In contrast, for the Charolais breed, many traits were essentially uncorrelated. This lack of 

significant correlation could be due to the fewer observations available for Charolais compared to 

Limousine cattle. Despite this, some conformation traits, such as pelvic length, dorsolumbar line 

length, and development, did show positive and significant correlations, mirroring the trends observed 

in Limousines. However, an exception was noted for rump convexity, which showed negative genetic 
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correlations with STAY traits, suggesting that this particular trait may adversely affect the functional 

longevity of Charolais cattle. The observed differences in the relationship between longevity and 

conformation traits between Limousine and Charolais breeds could stem from various factors, 

including differences in herd sizes and genetic backgrounds. This variability highlights the 

importance of breed-specific strategies when selecting traits to improve cattle longevity. 

Similarly to our results, many studies in the literature reported a positive genetic correlation 

between longevity and conformation linear type traits. Del Schneider et al. (2003) reported a strong 

relationship between feet and leg traits and functional herd life in Quebec Holsteins. The authors also 

noted a positive correlation between stature, size, and longevity, indicating that taller and larger cows 

have a better chance of survival. Additionally, Imbayarwo-Chikosi et al. (2018) and Sewalem et al. 

(2004) analysed various traits, including body height, chest width, loin strength, rump angle, rump 

width, foot angle, bone quality, rear leg, and conformation, exhibited positive genetic correlations 

with longevity. In Chianina cattle, a study on phenotypic correlation revealed a consistent trend 

showing increased longevity in cows with greater muscle development across all muscularity traits. 

More specifically, Chianina cows with a long body and a deep and broad chest had a higher 

probability of survival; this suggests that cows exhibiting higher muscle development are more likely 

to remain in the herd (Forabosco et al., 2004). Similar to our findings for Charolais, which revealed 

negative genetic correlations with rump convexity, Buenger et al. (2001) observed a decrease in 

functional herd life for cows exhibiting highly ascending rumps. In contrast to our results, a study 

conducted in the Pirenaica beef breed emphasized a negative correlation between longevity and 

conformation, probably because individuals with higher muscularity could present calving difficulties 

(Varona et al., 2012).   
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Figure 3.4 Genetic correlation between stay-ability (STAY) traits (STAY2 until STAY8) and ten 

conformation traits for Charolais and Limousine, respectively. 

 

3.4 Conclusion 

Longevity traits exhibited low to moderate heritability estimates using Gaussian-linear and 

threshold models. These heritability estimates for STAY suggest the potential for genetic 

improvement through selection. The moderate intra-herd heritability and herd effect estimation 

provide insights into the genetic and environmental factors influencing longevity within a herd. This 

knowledge enables breeders to enhance herd productivity and longevity through targeted breeding 

strategies. The regression coefficients, Spearman correlations, and average sire re-ranking observed 

in this study indicate significant re-ranking of sires between early and late calvings. Consequently, 
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breeding strategies should account for these differences to ensure the selection of sires that maintain 

superior longevity traits across multiple calvings. 

The strong positive genetic correlations for STAY across parities suggest that selecting for 

longevity traits can be effective in improving average herd longevity. However, the negative 

associations between STAY and fertility traits, such as age at first calving and first calving interval, 

can provide as indirect indicators to select cows with greater potential for early longevity selection. 

Cows that begin breeding earlier and have shorter calving intervals have a higher probability of 

remaining in the herd. For Limousine cattle, the positive correlations between conformation traits and 

functional longevity suggest that animals with higher conformation scores may have greater 

longevity, which can enhance herd productivity.  

Overall, these results suggest that making selection decisions based on animal conformation could 

increase cows' robustness and resilience, thereby enhancing herd survival. Moreover, these findings 

emphasizing the selection for longevity could optimize productivity and sustainability in beef cattle 

farming. Further studies and continued investigation into the genomic background of these traits 

could improve cattle longevity and identify potential genomic regions associated with genes affecting 

STAY in Limousine and Charolais breeds. 
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3.12 Supplementary Material 

3.12.1 Supplementary Table 

Supplementary Table S3.1 Total number of cows used in the analyses and the percentage of censored data 

for each stayability (STAY) record, categorized by the number of records for Limousine and Charolais breeds. 

Trait Definition Limousine Charolais 

  
 

N Censored (%) N Censored (%) 

STAY1 Stayability as a first parity = 1; failed = 0 38 188 0 9 174 0 

STAY2 Stayability as a second parity = 1; failed = 0 33 209 13.04 8 071 12.02 

STAY3 Stayability as a third parity = 1; failed = 0 30 105 21.17 7 519 18.04 

STAY4 Stayability as a fourth parity = 1; failed = 0 27 978 26.74 7 078 22.85 

STAY5 Stayability as a fifth parity = 1; failed = 0 26 546 30.49 6 774 26.16 

STAY6 Stayability as a sixth parity = 1; failed = 0 25 372 33.56 6 550 28.60 

STAY7 Stayability as a seventh parity = 1; failed = 0 24 429 36.03 6 381 30.45 

STAY8 Stayability as a eight parity = 1; failed = 0 23 657 38.05 6 245 31.93 

Abbreviations: STAY = Continuity in herd until the subsequent parity (Success = 1; Failure = 0); N = Total 

number of cows, including both those that survived and were culled (used in the genetic analyses), excluding 

censored data (which were treated as missing in the model)  
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Supplementary Table S3.2 Number of total conformation traits considered with the relative definition and related score for Limousine and Charolais.  

Trait Definition N Mean ± SD 

  Limousine Charolais Limousine Charolais 

Wither width It is defined by the distance between the scapulae 32 119 7 537 5.86 ± 1.03 5.91 ± 0.92 

Rump convexity 
It is observed from the side, along with the width of the rear, and gives an idea of the development 

of the most valuable muscles of the thigh 

32 119 7 537 6.04 ± 1.03 5.84 ± 1.07 

Rump length 
It is observed from the side and gives an idea of the length of the most valuable muscles of the 

thigh 

32 119 7 537 5.82 ± 0.98 5.66 ± 1.01 

Dorsolumbar 

line length 

It measures the distance between the withers and the tip of the hips; in practice, it is measured by 

observing the distance between the front and rear legs, taking into account the development of the 

animal 

32 119 7 537 6.51 ± 0.88 6.54 ± 0.84 

Rear width It is defined by the width of the thigh muscle, evaluated at mid-height 32 119 7 537 6.09 ± 1.04 6.10 ± 1.01 

Back width It defines the importance of the muscle just behind the scapulae 32 119 7 537 5.59 ± 1.12 5.50 ± 1.11 

Pelvic length It defines the length between the hips and the ischium and must be proportionate to the loin length 32 119 7 537 5.99 ± 0.89 6.01 ± 0.90 

Development It is defined by the size of the animal, which can be appreciated based on the height at the withers 32 119 7 537 6.05 ± 1.01 6.10 ± 0.93 

Abbreviations: N = Total number of cows per each of the conformation traits considered from STAY2
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Supplementary Table S3.3 Estimates of heritability, intra-herd heritability, and herd effect for stay-ability (STAY) traits for Limousine and Charolais using a single step GBLUP approach considering stayability (Gaussian-linear model) and 

liability of stayability (threshold model). Values within parentheses represent Highest Posterior Density Interval (HPDI). 

Trait Limousine  Charolais 

 Gaussian-linear model Threshold model  Gaussian-linear model Threshold model 

 h2 hIH
2  hi h2 hIH

2  hi  h2 hIH
2  hi h2 hIH

2  hi 

STAY2 0.13 (0.11; 0.16) 0.18 (0.15; 0.21) 0.25 (0.23; 0.27) 0.21 (0.17; 0.24) 0.32 (0.26; 0.38) 0.34 (0.31; 0.37)  0.14 (0.10; 0.18) 0.17 (0.11; 0.22) 0.20 (0.16; 0.23) 0.21 (0.14; 0.27) 0.30 (0.20; 0.40) 0.30 (0.25; 0.36) 

STAY3 0.12 (0.10; 0.14) 0.16 (0.13; 0.19) 0.24 (0.22; 0.26) 0.18 (0.15; 0.21) 0.30 (0.25; 0.35) 0.39 (0.36; 0.42)  0.08 (0.04; 0.13) 0.11 (0.06; 0.15) 0.23 (0.19; 0.26) 0.11 (0.06; 0.17) 0.19 (0.11; 0.26) 0.40 (0.34; 0.44) 

STAY4 0.13 (0.10; 0.15) 0.17 (0.13; 0.19) 0.22 (0.20; 0.24) 0.19 (0.16; 0.22) 0.34 (0.29; 0.38) 0.43 (0.40; 0.46)  0.09 (0.04; 0.11) 0.11 (0.06; 0.15) 0.20 (0.17; 0.24) 0.11 (0.05; 0.15) 0.20 (0.13; 0.28) 0.40 (0.34; 0.45) 

STAY5 0.13 (0.11; 0.15) 0.16 (0.13; 0.18) 0.20 (0.18; 0.21) 0.18 (0.15; 0.21) 0.33 (0.26; 0.39) 0.45 (0.41; 0.48)  0.11 (0.06; 0.13) 0.13 (0.09; 0.18) 0.20 (0.17; 0.24) 0.16 (0.10; 0.21) 0.27 (0.18; 0.36) 0.43 (0.36; 0.49) 

STAY6 0.11 (0.09; 0.13) 0.13 (0.11; 0.15) 0.17 (0.15; 0.19) 0.16 (0.12; 0.19) 0.30 (0.26; 0.35) 0.45 (0.41; 0.49)  0.11 (0.07; 0.15) 0.14 (0.09; 0.18) 0.17 (0.15; 0.21) 0.17 (0.11; 0.23) 0.31 (0.22; 0.41) 0.45 (0.38; 0.53) 

STAY7 0.10 (0.08; 0.12) 0.12 (0.10; 0.14) 0.16 (0.14; 0.17) 0.10 (0.08; 0.13) 0.23 (0.19; 0.28) 0.51 (0.45; 0.56)  0.13 (0.08; 0.16) 0.15 (0.11; 0.19) 0.14 (0.11; 0.17) 0.24 (0.17; 0.31) 0.40 (0.30; 0.50) 0.41 (0.33; 0.49) 

STAY8 0.11 (0.10; 0.13) 0.13 (0.11; 0.15) 0.15 (0.13; 0.16) 0.14 (0.02; 0.20) 0.33 (0.26; 0.41) 0.56 (0.43; 0.91)  0.11 (0.07; 0.14) 0.12 (0.08; 0.16) 0.12 (0.10; 0.15) 0.19 (0.10; 0.26) 0.34 (0.18; 0.44) 0.45 (0.36; 0.54) 

Abbreviations: h2 = heritability; hIH
2 = intra-herd heritability; hi= herd effect; STAY2 = stayability to parity 2; STAY3 = stayability to parity 3; STAY4 = stayability to parity 4; STAY5 = stayability to parity 5; STAY6 = stayability to parity 

6; STAY7 = stayability to parity 7; STAY8 = stayability to parity 8. 
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Supplementary Table S3.4 Estimates of variance components for STAY traits Limousine and Charolais using a single step GBLUP approach considering 

stayability (Gaussian-linear model) and liability of stayability (threshold model). Values within parentheses represent Highest Posterior Density Interval (HPDI). 

Trait Limousine  Charolais 

 Gaussian-linear model Threshold model  Gaussian-linear model Threshold model 

 σa
2 σh

2 σa
2 σh

2  σa
2 σh

2 σa
2 σh

2 

STAY2 16.21 (13.40; 19.39) 30.20 (27.07; 32.96) 0.46 (0.35; 0.56) 0.76 (0.66; 0.86)  19.56 (14.19; 25.11) 28.06 (22.260 34.21) 0.43 (0.23; 0.61) 0.63 (0.48; 0.81) 

STAY3 17.69 (14.33; 21.13) 35.42 (31.88; 38.97) 0.43 (0.35; 0.52) 0.93 (0.80; 1.04)  13.05 (6.91; 19.89) 35.63 (29.30; 42.88) 0.24 (0.11; 0.38) 0.82 (0.65; 1.01) 

STAY4 18.81 (15.74; 22.62) 32.16 (28.97; 35.24) 0.49 (0.37; 0.60) 1.11 (0.96; 1.23)  10.89 (5.92; 16.51) 28.96 (23.80; 35.18) 0.22 (0.09; 0.34) 0.81 (0.63; 1.04) 

STAY5 17.53 (14.59; 20.47) 27.12 (24.47; 29.92) 0.50 (0.39; 0.61) 1.22 (1.05; 1.42)  11.80 (7.21; 15.78) 24.32 (19.57; 29.20) 0.33 (0.16; 0.48) 1.01 (0.75; 1.27) 

STAY6 13.54 (11.25; 15.87) 21.34 (18.99; 23.59) 0.41 (0.31; 0.51) 1.14 (0.97; 1.23)  10.97 (7.23; 14.69) 17.37 (13.95; 21.13) 0.42 (0.22; 0.63) 1.17 (0.85; 1.54) 

STAY7 11.14 (9.24; 13.25) 16.91 (14.99; 18.93) 0.25 (0.19; 0.32) 1.24 (0.99; 1.50)  9.29 (6.30; 12.70) 10.96 (8.71; 13.50) 0.63 (0.35; 0.97) 1.15 (0.81; 1.6) 

STAY8 10.61 (8.92; 12.17) 13.63 (12.21; 15.12) 0.45 (0.29; 0.62) 2.98 (0.76; 10.75)  5.92 (3.78; 8.20) 7.09 (5.48; 8.70) 0.45 (0.24; 0.66) 1.20 (0.78; 1.64) 

Abbreviations: σa
2 = additive genetic variance; σh

2= herd variance; STAY2 = stayability to parity 2; STAY3 = stayability to parity 3; STAY4 = stayability to parity 

4; STAY5 = stayability to parity 5; STAY6 = stayability to parity 6; STAY7 = stayability to parity 7; STAY8 = stayability to parity 8.
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3.13.2 Supplementary Figure 

Supplementary Figure S3.1 Trends of herd effect with the relative SE for stay-ability (STAY) traits (STAY2 

until STAY8) for Limousine and Charolais using a single step GBLUP approach considering STAY (Gaussian-

linear model) and liability of STAY (threshold model), respectively. 
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Supplementary Figure S3.2 Trends of intra-herd heritability with the relative SE for stay-ability (STAY) 

traits (STAY2 until STAY8) for Limousine and Charolais using a single step GBLUP approach considering 

STAY (Gaussian-linear model) and liability of STAY (threshold model), respectively. 
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Abstract 

Background: Improving female efficiency and resilience is a priority for beef cattle systems, 

where reproductive failure and early culling significantly affect sustainability and profitability. 

Longevity, fertility, and conformation traits provide complementary indicators of female 

performance, but their complex genetic architecture has limited progress in selection. This study 

aimed to investigate the genetic basis of these traits in the Italian Limousine population using a single-

step genome-wide association, which integrates pedigree, phenotypic, and genomic information. 

Results: The final dataset included 38,188 cows for longevity, 38,188 for fertility traits (age at 

first calving and first calving interval), and 32,316 for conformation traits, with 2,489 genotyped 

females entering the analyses. Heritability estimates were moderate for conformation (0.19–0.23) and 

for longevity at early parities (up to 0.21), lower for later parities (0.10–0.14), and moderate to low 

for fertility (0.18 for age at first calving, 0.14 for first calving interval). The single-step genome-wide 

association identified several genomic regions explaining more than 1% of the additive variance, a 

subset of which was validated by a bootstrapping test. Key candidate genes overlap among different 

traits included KHDRBS2 (longevity and conformation), CPEB4 (longevity, fertility, and 

conformation), TOX (longevity, age at first calving, and structural traits), and the LAP3–NCAPG–

LCORL cluster (longevity and fertility). Functional annotation of overlapping quantitative trait loci 

highlighted pathways related to reproduction, health, and carcass quality, supporting pleiotropic 

effects across traits. 

Conclusions: This study provides new insights into the genetic architecture of longevity, fertility, 

and conformation in Limousine cattle. The identification of pleiotropic loci and shared genomic 

regions supports the development of multi-trait genomic selection strategies. Targeting early 

expressed indicators such as age at first calving, longevity at early parities, and conformation could 

accelerate genetic progress, reduce replacement costs, and enhance the sustainability, resilience, and 

profitability of beef production systems. 

Keywords: Longevity, fertility, animal conformation, genome-wide association study, beef cattle, 

pleiotropy 

 

4.1 Background  

Reproductive efficiency is a key driver of productivity and profitability in beef cattle systems, as 

it directly influences the number of animals available for both selection and harvest (Silva et al., 

2024). One of the major economic challenges in these systems is the cost of raising replacement 

heifers, which can significantly impact overall profitability (Callegaro et al., 2024). Therefore, this 
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aspect makes the reduction of involuntary culling one of the main priorities for sustainable herd 

management. In this context, longevity traits such as stayability (STAY) represent key breeding 

objectives. Animals with higher genetic merit for STAY contribute to reduce culling and turnover 

rates, lower replacement costs, and improved herd efficiency and profitability across multiple 

generations (Rizzo et al., 2015; Callegaro et al., 2024).  

In parallel, fertility traits are essential for maintaining optimal reproductive performance and are 

genetically correlated with longevity, making them valuable indirect indicators for selecting cows 

with improved reproductive lifespan (Hu et al., 2021). Improving fertility not only increases 

reproductive efficiency but also extends herd longevity by reducing the risk of early culling due to 

reproductive failure. Finally, conformation traits, which reflect an animal's structural depth and 

physical development, could influence health, adaptability, and resilience. Traits such as pelvic 

dimensions, rump structure, and overall body proportionality affect calving ease, maternal capacity, 

mobility, and resilience to management and environmental stressors. These functional aspects of 

conformation ultimately influence survival rates and lifetime productivity, making them relevant 

indicators of both biological fitness and economic performance (Callegaro et al., 2024).  

In Italy, selection programs for the Limousine breed have traditionally emphasized growth and 

muscular development traits, reflecting market demand for carcass quality. More recently, breeding 

goals have expanded to include functional traits such as fertility and longevity, driven by the need to 

enhance the sustainability, resilience, and profitability of beef cattle systems. This shift highlights the 

importance of investigating the genetic basis of reproductive performance, longevity, and 

conformation, specifically in the Limousine population. 

 The Limousine is a cosmopolitan beef cattle breed originally developed in France and exported 

worldwide. It is typically raised either as a purebred or as a terminal sire in local dairy crossbreeding 

systems (Bouquet et al., 2011). In Italy, the breed has a strong presence throughout the country, with 

higher concentrations in Central and Southern regions. According to the national herd book managed 

by the National Italian Association of Limousine and Charolais Breeders, approximately 100 000 

animals are registered in Italy, including about 46 123 cows and 10 614 heifers, distributed across 2 

558 officially recognized herds (https://www.anacli.it/libro-genealogico/razze/charolaise-limousine). 

Taken together, longevity, fertility, and conformation traits provide complementary perspectives 

on female efficiency. Their integration into genomic studies offers an opportunity to improve the 

sustainability, resilience, and economic performance of beef cattle systems. Additionally, joint 

investigation of these traits is therefore crucial to understanding the biological mechanisms 

underlying productivity and to assessing more effective breeding strategies. Genetic improvement for 

complex traits such as STAY and fertility remains challenging due to their low to moderate 

https://www.anacli.it/libro-genealogico/razze/charolaise-limousine


100 
 

heritability, late expression or sex limitation, as in the case of STAY, and the considerable influence 

of environmental and management factors (Jamrozik et al., 2013; Callegaro et al., 2024). Moreover, 

these traits often involve complex genetic architectures that further complicate selection.  

Genome-wide association studies (GWAS) have been widely applied over the past two decades 

to identify quantitative trait loci (QTL) associated with economically important traits in cattle (Raven 

et al., 2014; Chen et al., 2022). Traditionally, these studies have focused on cosmopolitan dairy 

breeds, where the availability of large, genotyped populations facilitated the detection of genomic 

regions influencing complex traits. More recently, the increasing availability of genotypic data 

collected directly from female cattle has opened new opportunities for GWAS, particularly for traits 

with low heritability or those that are difficult to measure both in dairy and beef cattle (Speidel et al., 

2018; Pedrosa et al., 2023; Bernini et al., 2024; Silva et al., 2024) such as reproductive performance, 

longevity, and functional traits. GWAS approaches typically require large numbers of genotyped 

animals, which are not always available in beef cattle populations where genotyping is still 

expanding. In parallel, new approaches have led to the development the single-step GWAS 

(ssGWAS) integrates pedigree, phenotypic, and genomic information within a single analytical 

framework (Wang et al., 2012). This approach has been widely applied in GWAS studies across 

livestock populations (Wang et al., 2012; Tiezzi et al., 2015; Aguilar et al., 2019; Silva et al., 2024).  

Only a limited number of GWAS have previously been conducted to investigate the genetic basis 

of stayability in cattle, including general STAY (Engle et al., 2018, Teixeira et al., 2017) and calving-

specific measures of STAY (Silva et al., 2024). Similarly, fertility traits have been explored in beef 

cattle through GWAS to identify genomic regions affecting reproductive performance (Keogh et al., 

2021; Stegemiller et al., 2021) while conformation traits have been investigated as indicators of 

functionality and fitness (Yu et al., 2023; Colombi et al., 2024; Doyle et al., 2020a).  

The aim of this study was to perform a ssGWAS analysis in Limousine cattle to identify genomic 

regions and candidate pathways associated with longevity, fertility, and conformation traits expressed 

throughout the productive lifespan of females. By leveraging integrated pedigree, phenotypic, and 

genomic data, the study seeks to provide new insights into the genetic architecture of these complex 

traits. The objective of this study was to identify genomic regions and genes shared across traits to 

uncover potential pleiotropic effects or biological mechanisms influencing multiple aspects of female 

efficiency and productivity. Achieving this goal may ultimately support the development of more 

efficient and targeted genomic selection strategies in beef cattle breeding. 

 

4.2 Materials and methods 
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The data used in this study were obtained from the official database of the National Italian 

Association of Limousine and Charolais Breeders (ANACLI). As the study relied exclusively on pre-

existing records, approval from an Animal Care and Use Committee was not required. Phenotypic, 

pedigree, and genomic information were retrieved from this association database. 

 

4.2.1 Phenotypic database 

Stayability and fertility traits. STAY was used as an indicator of female longevity and was 

evaluated from the second to the eighth calving to capture both early and late stages of reproductive 

life. STAY was defined as the probability of a cow remaining in the herd and producing up to a given 

parity, following the definition given by Hudson and Van Vleck. (Hudson and Van Vleck, 1981). For 

each parity, STAY was treated as a binary trait, where a value of “1” indicated that the cow had a 

calving record for that parity (i.e., survived to that parity), and “0” indicated no calving record (i.e., 

left the herd or failure). The initial dataset available comprised 460 731 calving records from 107 792 

cows born between 1977 and 2023, coming from 3 228 registered herds. Fertility traits were extracted 

from cows included in the STAY dataset. The traits analysed were age at first calving (AFC, in days), 

and first calving interval (FCI, in days, defined as the number of days between the first and second 

calving), both treated as continuous variables. Mean values for FCI and AFC were 405.7 ± 60.87 days 

and 1 026 ± 143.69 days, respectively. 

Data editing for STAY and fertility traits followed the procedure described in Callegaro et al. 

(2024). STAY was defined as a binary trait indicating whether a cow survived up to a given parity, 

conditional on calving in the previous one. Seven cumulative traits were derived (STAY2–STAY8), 

corresponding to survival from the second through the eighth calving. Data editing retained only cows 

with age at first calving between 700 and 1 400 days, and calving intervals within 290–550 days. 

Twin parities were treated as single events. Records with incomplete calving histories at the time of 

data extraction were classified as censored and treated as missing, while cows with no sire or dam 

information were removed. The final dataset included 38 188 cows, daughters of 4 900 sires, and 

raised in 2 121 herds. Additionally, descriptive statistics and rate of survival for each of the STAY 

are described in Callegaro et al. (2024), and reported in Table S4.1 in the Additional file 1.   

Conformation-type traits. Conformation traits were assessed once in the lifetime of each animal, 

between 6 and 15 months of age, around either weaning or yearling. Evaluations were performed 

between 1990 and 2023 by trained classifiers using a standardized visual scoring system based on the 

ANACLI Technical Standards for the Limousine breed (ANACLI; 

https://www.anacli.it/public/NormeTecniche2015.pdf). Each trait was scored on a scale from 1 to 10, 

with 10 representing the highest expression and 1 the lowest. In this study, we focused on eight 

https://www.anacli.it/public/NormeTecniche2015.pdf
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conformation traits related to muscularity and skeletal structure, especially those associated with the 

posterior region of the animal, which are economically relevant and included in national selection 

indices. The traits evaluated were wither width, rump convexity, rump length, dorsolumbar length, 

rear width, back width, pelvic length, and overall development. These traits assess muscular 

development, skeletal conformation, and body proportionality. Additionally, traits like rump length 

and overall size capture general body development. The final dataset included 32 316 measured cows. 

Detailed trait definitions, measurement protocols, and descriptive statistics are provided in Callegaro 

et al. 2024 and in Supplementary Table S4.2 (Additional File 1), which follows the ANACLI 

technical standards. Descriptive statistics for the Limousine population indicated moderate variation: 

wither width (5.86 ± 1.03), rump convexity (6.04 ± 1.03), rump length (5.82 ± 0.98), dorsolumbar 

line length (6.51 ± 0.88), rear width (6.09 ± 1.04), back width (5.59 ± 1.12), pelvic length (5.99 ± 

0.89), and overall development (6.05 ± 1.01). 

 

4.2.2 Pedigree and genotypic data 

The initial pedigree dataset for the Limousine breed included records for 526 887 animals, 

comprising 15 025 sires and 123 701 dams. Pedigree records were traced back 6 generations to 

include all animals relevant for the subsequent ssGWAS. For these analyses, genotypic information 

was available for 4 054 Limousine animals, comprising 2 489 females with phenotypic records, 1 012 

sires, and 707 dams without their own phenotypes. 

At the population level, a set of 8 903 Limousine animals had been genotyped and was used for 

the imputation. Among these, 421 sires were genotyped with the GeneSeek GGP Bovine 150K panel 

(119 854 SNPs), while 8 482 animals were genotyped with the GeneSeek GGP Bovine LD v3 panel 

(28 299 SNPs), sharing 13 984 common SNPs. To increase marker density and harmonize datasets, 

all genotypes were imputed to the 150K panel using a multi-step pipeline. LD v3 genotypes were first 

imputed to the 150K panel, and then an additional 13 670 unique SNPs were integrated, resulting in 

a final dataset of 131 805 SNPs. Imputation was performed with FImpute v.3 using default parameters 

(Sargolzaei et al., 2014). Full details of the imputation strategy and pipeline are provided in Callegaro 

et al. (2024). Briefly, imputation accuracy was high, with a squared correlation (R²) of 0.99 between 

observed and imputed allele frequencies. 94–98% of SNPs exhibiting a minor allele frequency 

(MAF) above than 0.05. Standard quality control metrics were applied, including removal of SNPs 

with MAF <0.01 and individuals with major genotype errors (>1% change). Masked-marker 

validation, removing a random subset of SNPs and then re-imputed using the same pipeline, 

confirmed consistent results (see Additional file 1, Table S4.3). 
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Additional quality control steps were applied to the imputed dataset. Individuals with a call rate 

<0.90, SNPs with MAF <0.05%, and a call rate <0.90 were removed. After these filtering procedures, 

117 207 SNPs were retained for follow-up statistical and genome-wide association analyses.  

 

4.2.3 Statistical analysis  

The following statistical model was applied to fertility traits (AFC and FCI, modelled as a 

Gaussian trait) and to STAY (as a binary trait): 

λ or y =  𝐗𝛃 + 𝐙𝐩p + 𝐙𝐚a + e,  

where y represents the vector reporting the fertility phenotypes (AFC and FCI) and λ the unobserved 

liability for threshold models applied to STAY; β is the vector of fixed effects, specifically the year 

of calving (48 levels); p is the vector of the random effect of herd; a is the vector for the animal 

additive genetic effect; e is the vector containing the residual error. For conformation traits, the same 

model structure was used, with the addition of a fixed effect accounting for the classifier’s code (i.e., 

the trainer evaluating the animals). 

In both models, 𝐗, 𝐙𝐩, 𝐙𝐚, are the incidence matrix related to fixed, random, and additive genetic 

effects, respectively. The additive genetic effect was assumed to follow a normal distribution 

a ~ 𝑁(0,𝐇σ𝑎
2), where H was the relationship matrix and σa

2 was the additive genetic variance. The 

herd effect was assumed to follow 𝐩 ∼ 𝑁(0, 𝐈𝜎h
2), where I was an identity matrix and σh

2 was the herd 

variance. Residuals were assumed to follow e ~ 𝑁(0, 𝐈σ𝑒
2), where I was the identity matrix and σe

2 

was the residual variance.  

Variance components and heritabilities were obtained through Gibbs Sampling using the software 

GIBBS3F90 and THRGIBBSF90 (Aguilar et al., 2018) for linear and threshold models, respectively. 

SNP effects were estimated using postGSF90 (Aguilar et al., 2014). A total of 100 000 iterations were 

performed, with the first 50 000 discarded as burn-in and a thinning interval of 10 retained samples. 

Variance components were estimated using single-trait animal models. Convergence was assessed by 

visual inspection of trace plots and Geweke’s test. 

 

4.2.4 Single-step genome-wide association study  

The GWAS was performed using the single-step genomic BLUP approach (Aguilar et al., 2010) 

(Christensen and Lund, 2010). The H matrix combines the pedigree relationship matrix (A) and the 

genomic relationship matrix (G) (Legarra et al., 2009). The G matrix was computed using the second 

method of VanRaden (2008) in which marker contributions are weighted by their expected variance: 

G = ZDZ′ 
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where Z was the centered genotype matrix (i.e., genotypes corrected for allele frequency), and D was 

a diagonal matrix with elements 𝐃ii = 1/m[2pi(1 − pi)], representing the inverse of the expected 

marker variance, pi is the allele frequency for the ith SNP. The inverse of the H matrix (H⁻¹) was 

incorporated into the mixed model equations to solve the single-step genomic BLUP. 

After obtaining genomic estimated breeding values (GEBV, â) for genotyped animals, SNP effects 

were back-solved using postGSF90, following the procedure in Wang et al. (2012). The SNP effect 

vector u was derived from: 

var [
â

u
] = [

𝐙𝐃𝐙′ 𝐙𝐃′

𝐃𝐙′ 𝐃
]σu

2  

Individual marker effects were obtained by solving: 

u =  𝐃𝐙′𝐆−1 â 

where u  was the vector with SNP effects, Z was a matrix with genotypes corrected by allele 

frequency, D was a diagonal matrix containing the weights for each SNP marker, G was the genomic 

relationship matrix, and â was the vector of GEBV for genotyped animals. 

A two-step reweighting procedure was applied to better capture the variance explained by each 

SNP. In the first step, marker variances were estimated using 2pi(1 − pi)u
2, where p is the frequency 

of one of the 2 alleles. In the second iteration, a new weighted G matrix was constructed using the 

realized variances derived from the first round. This updated D matrix replaced expected variances 

with the observed SNP-specific variances. SNP effects were then re-estimated using the updated G 

matrix. 

To identify genomic regions contributing significantly to trait variation, a 20-SNP moving window 

approach was applied to the estimated SNP effects across the genome. For downstream analysis, only 

windows explaining more than 1% of the total genetic variance were retained for gene annotation and 

QTL mapping. This method accounts for the fact that adjacent SNPs in strong linkage disequilibrium 

(LD) may jointly mark the same QTL. Sliding windows help to reduce statistical noise and to improve 

the detection of meaningful signals (Sun et al., 2011). Although Beissinger et al. (2015) suggested 

that 5- to 10-SNP windows may offer a favourable trade-off between power and false discovery rate, 

a 20-SNP window was adopted here to improve robustness across LD block sizes. 

 

4.2.5 Significance threshold estimation via bootstrapping and candidate gene identification 

Genomic windows explaining more than 1% of the total additive genetic variance were retained 

and tested for significance using a non-parametric bootstrap procedure with 100 replicates, following 

the strategy outlined by Howard et al. (2015) and Bergamaschi et al. (2020). To account for 

differences in SNP contributions across bootstrap replicates, we re-ran the single-step GWAS in a 
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two-step procedure in which SNPs with null effects were replaced and marker weights were updated 

accordingly. For each replicate, the SNP effects in the candidate windows were replaced with values 

randomly sampled from the distribution of non-significant SNPs, based on their overall mean and 

standard deviation. These adjusted effect estimates were used to recalculate altered GEBV and 

corresponding sliding window variances, simulating a null distribution under no association. 

Although the software provides p-value for individual SNP effects, the bootstrap was implemented 

to derive empirical significance thresholds for the variance explained by 20-SNP sliding windows, 

which lack a direct p-value and require an approach more appropriate for polygenic traits. 

For each window, a p-value was calculated as the proportion of bootstrap replicates in which the 

variance explained under the null distribution exceeded that of the observed data. Genomic windows 

that both surpassed the 1% variance threshold and were significant in the bootstrap analysis (p < 0.05) 

were retained for downstream functional annotation and visualization via Manhattan plots. Using the 

start and end coordinates of each window (Additional file 2, 3, and 4 for STAY, fertility, and 

conformation traits, respectively), gene annotations were retrieved from the Ensembl genome 

browser (Flicek et al., 2012) implemented via the biomaRt R package (http://www.bioconductor. 

org), using the Bos taurus ARS-UCD1.2 genome assembly as reference (Rosen et al., 2020).  

QTL overlapping with the genomic windows identified by the ssGWAS were retrieved from the 

Animal QTL Database (https://www.animalgenome.org/cgi-bin/QTLdb/index), aligned to the ARS-

UCD1.2 bovine genome assembly (version 1.2). Each QTL was assigned to one of six functional 

categories based on the associated trait description provided in the database: reproduction, milk, meat 

and carcass, production, health, and exterior. Trait to category assignment was performed by 

matching keywords and trait classifications in QTLdb. This approach allowed for functional 

summarization of thousands of QTLs and facilitated interpretation of biological relevance. For each 

trait, the proportion (in percentage) of QTLs in each functional category among all QTLs overlapping 

significant genomic windows was calculated, while the full list of individual QTLs identified for each 

trait (longevity, fertility, and conformation) and the relative abundance were provided in Additional 

file 1 (Figure S4.1 – S4.17). 

 

4.3 Results  

4.3.1 Genetic variation across traits 

Estimates of variance components and heritability, along with their 95% highest posterior density 

intervals, are presented in Table 4.1.  
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Heritability estimates for conformation traits were moderate (0.19–0.23), consistent with their 

polygenic nature and shared biological basis in body structure and muscularity. The highest value 

was observed for development (0.23 ± 0.01), followed by rear width and pelvic length (0.22 ± 0.01), 

whereas rump convexity, rump length, and back width showed slightly lower values (~0.19 ± 0.01). 

For longevity, from the second to the eighth calving (STAY2–STAY8), heritability declined with 

parity. STAY2 had the highest value (0.21 ± 0.02), followed by STAY3 (0.18 ± 0.02) and STAY4 

(0.19 ± 0.03), while later parities such as STAY7 (0.10 ± 0.03) and STAY8 (0.14 ± 0.03) displayed 

the lowest estimates. This decline suggests stronger genetic determinism for early survival, with 

environmental and management factors becoming increasingly influential at later stages. Fertility 

traits showed moderate heritability for AFC (0.18 ± 0.01) but lower for FCI (0.14 ± 0.01), likely 

reflecting the greater sensitivity of the latter to environmental factors such as nutrition, health, and 

herd management. 

Additive genetic variances (σa
2) mirrored heritability patterns: 0.15–0.21 for conformation traits, 

0.25–0.50 for STAY, and higher scale-dependent values for fertility (388.08 for AFC; 368.62 for 

FCI, both expressed in days). Notably, herd variance (σh
2) expressed on the liability scale for STAY, 

tended to increase with parity and peaked at 2.98 in STAY8. This value indicates a substantial 

contribution of between-herd differences to longevity in older cows compared with earlier parities. 

Although genetic correlations were not re-estimated in the present analysis, these traits were 

already evaluated in our previous study, which used the same dataset structure, the same animals, and 

the same trait definitions (Callegaro et al., 2024). In that work, AFC showed genetic correlations with 

STAY ranging from −0.07 (STAY2) to −0.26 (STAY8), while FCI exhibited moderate negative 

correlations (−0.43 to −0.53). Conversely, all conformation traits demonstrated positive and 

significant correlations with longevity, particularly pelvic length, dorsolumbar line length, 

development, and back width, with estimates exceeding 0.20. These established relationships provide 

quantitative support for interpreting shared genomic regions as putative pleiotropic signals. 
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Table 4.1. Variance components and heritability estimate for studied traits in Limousine cattle. 

Trait σa
2 σh

2 σe
2 h2 

Stayability     

STAY2 0.46 (0.35; 0.56) 0.76 (0.66; 0.86) 1.01 (0.97; 1.03) 0.21 (0.17; 0.24) 

STAY3 0.43 (0.35; 0.52) 0.93 (0.80; 1.04) 1.00 (0.96; 1.03) 0.18 (0.15; 0.21) 

STAY4 0.49 (0.37; 0.60) 1.11 (0.96; 1.23) 1.01 (0.97; 1.04) 0.19 (0.16; 0.22) 

STAY5 0.50 (0.39; 0.61) 1.22 (1.05; 1.42) 1.00 (0.96; 1.04) 0.18 (0.15; 0.21) 

STAY6 0.41 (0.31; 0.51) 1.14 (0.97; 1.23) 1.02 (0.99; 1.04) 0.16 (0.12; 0.19) 

STAY7 0.25 (0.19; 0.32) 1.24 (0.99; 1.50) 1.00 (0.95; 1.06) 0.10 (0.08; 0.13) 

STAY8 0.45 (0.29; 0.62) 2.98 (0.76; 10.75) 0.99 (0.93; 1.07) 0.14 (0.02; 0.20) 

Fertility     

AFC 388.08 (327,60; 435,00) 510.26 (466.00; 556.50) 1274.94 (1232.00; 1320.00) 0.18 (0.16; 0.20) 

FCI 368.62 (273.00; 453.20) 538.19 (472.00; 614.80) 865.88 (777.00; 956.00) 0.14 (0.07; 0.20) 

Conformation     

Wither width 0.18 (0.16; 0.20) 0.21 (0.19; 0.23) 0.48 (0.47; 0.50) 0.21 (0.18; 0.23) 

Rump convexity 0.17 (0.15; 0.19) 0.22 (0.20; 0.24) 0.51 (0.50; 0.53) 0.19 (0.17; 0.21) 

Rump length 0.16 (0.14; 0.18) 0.19 (0.17; 0.21) 0.48 (0.47; 0.50) 0.19 (0.17; 0.21) 

Dorsolumbar line length 0.15 (0.13; 0.16) 0.16 (0.14; 0.18) 0.40 (0.39; 0.41) 0.21 (0.18; 0.23) 

Rear width 0.20 (0.17; 0.22) 0.23 (0.20; 0.25) 0.48 (0.46; 0.50) 0.22 (0.19; 0.24) 

Back width 0.18 (0.16; 0.20) 0.24 (0.22; 0.27) 0.51 (0.50; 0.53) 0.19 (0.17; 0.21) 

Pelvic length 0.16 (0.14; 0.17) 0.17 (0.15; 0.19) 0.39 (0.38; 0.41) 0.22 (0.19; 0.24) 

Development 0.21 (0.19; 0.23) 0.17 (0.16; 0.19) 0.51 (0.49; 0.53) 0.23 (0.21; 0.25) 

The 95% highest posterior density (HPD) intervals are reported in brackets. Abbreviations: σa
2

 = additive genetic variance; σh
2

 = herd variance; σe
2

 = residual 

variance; h2 = heritability; STAY2 = stayability2; STAY3 = stayability3, STAY4 = stayability4; STAY5 = stayability5; STAY6 = stayability6; STAY7 = 

stayability7; STAY8 = stayability8; AFC = age at first calving; FCI = first calving interval.
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4.3.2 Genome-wide association results 

The association analysis identified multiple genomic regions associated with longevity, fertility, 

and conformation traits (Figures 4.1–4.3; Additional file 1, Table S4.4). Manhattan plots show the 

proportion of additive genetic variance explained by 20-SNP sliding windows across the genome 

(Figures 1–3). Windows highlighted in red represent those that both exceeded the 1% variance 

threshold and achieved statistical significance after bootstrap test (p < 0.05). Only windows that 

remained statistically significant after bootstrapping were used for downstream functional annotation. 

Table S4.4 reports the number of windows exceeding 1% variance, total genome coverage by the top 

windows, and chromosomal locations. 

For longevity traits, multiple regions showed consistent signals, including a dense cluster on 

chromosome 3 (52.26–52.27 Mb) for STAY2 (peak = 1.72%) and chromosome 14 (25.17–25.27 Mb) 

across STAY2, STAY3, and STAY7. STAY3 associations were detected on chromosomes 6, 14, 17, 

and 23, particularly chromosome 17 (1.38–2.04 Mb, peak = 1.97%) and chromosome 23 (0.39–1.36 

Mb, multiple windows > 1.5%). STAY4 was associated with three distinct regions on chromosomes 

6 (37.31–37.35 Mb), 8 (45.76–46.34 Mb), and 20 (5.86–5.92 Mb). STAY5 and STAY6 displayed 

strong overlapping peaks on chromosome 23 (1.01–1.80 Mb, peaks = 2.76% and 3.98%, 

respectively), while later parities (STAY7 and STAY8) and STAY6 shared a genomic region on 

chromosome 9 (93.28–94.00 Mb, highest peak = 4.07%). Later parity shared additional signals on 

chromosomes 3 (76.15–76.57 Mb). Other significant regions occurred on chromosomes 10, 20, and 

23, highlighting both parity-specific and pleiotropic genomic influences. 

For fertility traits, a cluster on chromosome 20 (5.85–5.96 Mb, peak = 3.49%) was strongly 

associated with AFC, overlapping with longevity regions (STAY4), with additional associations 

detected on chromosomes 2, 7, 12, and 14. FCI presented a broader distribution, with the top signal 

on chromosome 3 (52.63–52.73 Mb, > 2%), and additional extended clusters on chromosomes 6 

(37.15–37.40 Mb, peak = 1.52%) and 8 (45.74–46.36 Mb, > 1.5%). Other significant regions were 

detected on chromosomes 14 and 24, reflecting the multifactorial genetic basis of fertility traits. 

For conformation traits, rear width and back width both showed overlapping association signals 

on chromosome 23 (0.23–1.89 Mb, peaks of 2.76% and 1.78%, respectively), with additional 

associations on chromosomes 7, 5, and 24. Dorsolumbar line length was primarily associated with a 

peak on chromosome 23 (0.89–1.93 Mb, 2.63%), with further contributions from regions on 

chromosomes 2, 4, 14, and 17. Pelvic length showed notable signals on chromosome 9 (93.37–93.94 

Mb, 2.75%) and chromosome 23 (0.68–1.41 Mb, 2.24%). Wither width was associated with a region 

on chromosome 20 (5.40–5.96 Mb, 1.85%), with other peaks on chromosomes 5 and 24. 
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Regions on chromosomes 20 (36.37–36.45 Mb) and 8 (5.40–5.52 Mb) contributed to variation in 

rump convexity, explaining up to 2.28% of the additive genetic variance. Variation in rump length 

was influenced by regions on chromosomes 4 (48.15–48.70 Mb), 12 (42.78–43.61 Mb), and 23 (0.97–

1.37 Mb), with peak effects of up to 1.50%. Developmental variation was mainly associated with 

regions on chromosomes 7 (22.54–22.64 Mb) and 14 (24.77–24.81 Mb), with additional contributions 

from chromosomes 17, 20, and 23. Collectively, these significant regions highlight shared genetic 

components affecting conformation, fertility, and longevity traits. 

Additional files 2, 3, and 4 provide detailed lists of significant windows with p < 0.05 for longevity, 

fertility, and conformation traits, respectively, including variance explained, physical positions, and 

chromosomes. 
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Figure 4.1 Title: Genetic variance explained by 20-SNP windows for stayability traits in Limousine cattle. 

Legend: Manhattan plot showing the proportion of additive genetic variance explained by consecutive 20-SNP 

moving windows for stayability (STAY) traits in Limousine cattle. Each point represents the percentage of 

genetic variance explained by a window across the genome. 

 

 

 

Figure 4.2 Title: Genetic variance explained by 20-SNP windows for fertility traits in Limousine cattle. 
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Legend: Manhattan plot showing the proportion of additive genetic variance explained by consecutive 20-SNP 

moving windows for fertility traits in Limousine cattle. Traits include age at first calving (AFC) and first 

calving interval (FCI). 

 

 

 

Figure 4.3 Title: Genetic variance explained by 20-SNP windows for conformation traits in Limousine cattle. 

Legend: Manhattan plot showing the proportion of additive genetic variance explained by consecutive 20-SNP 

moving windows for conformation traits in Limousine cattle. 

 

4.3.3 Genes and QTLs identified  

The most informative genomic windows from the ssGWAS revealed several annotated candidate 

genes associated with longevity, fertility (Table 4.2), and conformation traits (Table 4.3) in Limousine 

cattle. For each trait, the proportion of QTLs in each functional category (reproduction, milk, meat 
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and carcass, health, production, and exterior) among all overlapping significant windows was 

calculated (Figures 4.4 and 4.5; detailed counts in Figures 4.1S–4.17S). 

Longevity traits. Across parities, several loci recurred consistently, suggesting pleiotropic effects 

among multiple STAY traits. Notably, KHDRBS2 (KH RNA Binding Domain Containing Signal 

Transduction, BTA23) was detected from STAY3 to STAY8, TOX (thymocyte selection-related 

HMG box protein, BTA14) in STAY2, STAY3, STAY7, and CPEB4 (Cytoplasmic polyadenylation 

element binding protein 4, BTA20) was linked to STAY4 and STAY8. ARID1B (AT-rich Interaction 

Domain 1B) and TMEM242 (Transmembrane Protein 242) on BTA9 were also recurrent in later 

parities (STAY6 and STAY8). The LAP3–NCAPG–LCORL cluster (Leucine Aminopeptidase 3, non-

SMC condensin I complex subunit G, and Ligand Dependent Nuclear Receptor Corepressor Like, 

respectively) on BTA6 for STAY4 was also linked to fertility. Trait-specific signals for longevity 

traits were specifically reported in Table 2.  Functional enrichment of longevity QTLs was dominated 

by reproduction (28–43%) and health (12–40%) categories, while milk- and exterior-related QTLs 

showed moderate contributions and increased influence in later parities. Across all STAY traits, 

different pleiotropic regions were identified with recurrent genes, supporting both parity-specific and 

shared genetic effects (see Additional file 1, Table S4.5). 

Fertility traits. AFC variability was primarily associated with a region on BTA20 harboring 

CPEB4 and C20H5orf47 (Chromosome 20 Open Reading Frame 47), with additional signals detected 

on BTA2 and BTA7 (Table 2). Importantly, two genes showed shared effects between fertility and 

longevity, specifically TOX and CPEB4, both recurrent across AFC and multiple STAY traits. FCI 

also overlapped with longevity, involving LAP3–NCAPG–LCORL and BARHL2 (BarH-like 

Homeobox 2). Across fertility traits, no genes were shared exclusively between AFC and FCI; 

different genes displayed pleiotropic effects between fertility and conformation, namely CSF2 

(Colony Stimulating Factor 2), IL3 (Interleukin 3), ACSL6 (Acyl-CoA Synthetase Long-Chain 

Family Member 6), and C20H5orf47. Trait-specific associations for AFC and FCI are reported in 

Table 2. The functional distribution of fertility QTLs (Figure 4) reveals that QTLs for AFC were 

enriched for meat and carcass (34.6%), milk (24.5%), and reproduction (22.6%) functions, reflecting 

contributions from both developmental and reproductive pathways. In contrast, QTLs for FCI were 

dominated by health (40.7%) and production (39.4%) categories. 

Conformation-type traits. Several loci displayed pleiotropic effects across multiple conformation 

traits, most notably KHDRBS2 on BTA23, detected in six traits, and CPEB4 on BTA20, shared among 

four traits. Additional recurrent genes included TOX and ARID1B, both also overlapping with 

longevity, and CSF2 together with C20H5orf47, which were shared between conformation and 

fertility. Several loci displayed pleiotropic effects across conformation traits (trait-specific 
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associations), including genes also shared with fertility. In particular, CSF2, IL3, ACSL6, and 

C20H5orf47 were detected in both conformation and AFC, while KHDRBS2, CPEB4, TOX, and 

ARID1B overlapped with longevity.  Functionally, conformation QTLs (Figure 5) displayed distinct 

enrichment patterns across traits. Traits such as dorsolumbar line length and pelvic length were 

dominated by milk (26–38%) and reproduction (25–31%), whereas development and rump convexity 

showed higher proportions of meat-and-carcass (36–40%) and production categories, highlighting 

both structural and adaptive relevance.
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Table 4.2 Candidate genomic regions and genes for stayability and fertility traits in Limousine cattle. 

Trait Chr Start, bp Stop, bp Genes 

Stayability     

STAY2 3 52253335 52531871 ZNF644, BARHL2 

 14 24664833 25258596 CYP7A1, SDCBP, NSMAF, TOX 

STAY3 6 35690805 36198478 TIGD2, FAM13A, HERC3 

 14 24946881 25258596 TOX 

 17 1510061 1847108 TLL1 

 23 268730 961248 KHDRBS2 

STAY4 6 37117688 37557145 LAP3, MED28, FAM184B, DCAF16, NCAPG, LCORL 

 8 45449963 46053422 ENTREP1, APBA1, PTAR1, CFAP95 

 20 5606065 5720066 CPEB4, C20H5orf47 

 20 5750345 5930098 NSG2 

 23 268730 961248 KHDRBS2 

STAY5 23 268730 961248 KHDRBS2 

STAY6 9 93404799 93843981 ARID1B 

 23 268730 961248 KHDRBS2 

STAY7 9 93404799 93967554 ARID1B, TMEM242 

 14 24946881 25258596 TOX 

 23 268730 961248 KHDRBS2 

STAY8 9 73010914 73549046 HBS1L, MYB, AHI1 

 9 93404799 93967554 ARID1B, TMEM242 

 10 45661323 46512870 CSNK1G1, PPIB, SNX22, SNX1, CIAO2A, DAPK2, HERC1, FBXL22, USP3 

 20 5606065 5678507 CPEB4 



115 
 

 23 268730 961248 KHDRBS2 

Fertility     

AFC 2 8777042 9020446 TFPI, CALCRL 

 7 22398938 22820845 CSF2, IL3, ACSL6, MEIKIN, FNIP1 

 12 78857762 79290585 TPP2, METTL21C, TEX30, POGLUT2, BIVM, ERCC5, SLC10A2 

 14 24587176 25258596 UBXN2B, CYP7A1, SDCBP, NSMAF, TOX 

 20 5606065 5720066 CPEB4, C20H5orf47 

 20 5750345 5930098 NSG2 

FCI 3 52531871 52537696 BARHL2 

 6 37117688 37557145 LAP3, MED28, FAM184B, DCAF16, NCAPG, LCORL 

 8 45449963 46053422 ENTREP1, APBA1, PTAR1, CFAP95 

 14 30827097 31488376 MYBL1, VCPIP1, SGK3, MCMDC2, TCF24, PPP1R42, COPS5, CSPP1, ARFGEF1 

 24 25777696 26136865 DSG1, DSC2, DSC3 

Abbreviations: Chr = chromosomes; STAY2 = stayability2; STAY3 = stayability3; STAY4 = stayability4; STAY5 = stayability5; STAY6 = stayability6; STAY7 

= stayability7; STAY8 = stayability8; AFC = age at first calving; FCI = first calving interval. 
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Table 4.3 Candidate genomic regions and genes for conformation traits in Limousine cattle. 

Trait Chr Start, bp Stop, bp Genes 

Conformation     

Rump convexity 6 36052150 36672487 HERC3, PYURF, HERC5, HERC6, PPM1K, ABCG2, PKD2 

 20 5606065 5678507 CPEB4 

Rump length 3 52531871 52537696 BARHL2 

 4 47988419 48589336 PIK3CG, PRKAR2B, HBP1, COG5, GPR22, DUS4L 

 20 5606065 5678507 CPEB4 

 23 268730 961248 KHDRBS2 

Dorsolumbar line length 2 115737770 116276540 SLC19A3, SCYGR6, SCYGR8, CCL20, DAW1, SPHKAP 

 4 47988419 48736608 PIK3CG, PRKAR2B, HBP1, COG5, GPR22, DUS4L, BCAP29, SLC26A4 

 14 24946881 25258596 TOX 

 17 1510061 1847108 TLL1 

 23 268730 961248 KHDRBS2 

Pelvic length 3 51979806 52348830 HFM1, ZNF644 

 9 93404799 93967554 ARID1B, TMEM242 

 18 65078931 65569228 ZSCAN4, ZNF814, ZNF135, ZNF329, ZNF274 

 23 268730 961248 KHDRBS2 

Development 7 22395790 22820845 CSF2, IL3, ACSL6, MEIKIN, FNIP1 

 14 24587176 25258596 UBXN2B, CYP7A1, SDCBP, NSMAF, TOX 

 17 1510061 1847108 TLL1 

 20 71144803 71674393 TERT, SLC6A18, SLC6A19, SLC12A7, NKD2, TRIP13, BRD9, TPPP, CEP72, 

SLC9A3, EXOC3 

 23 268730 961248 KHDRBS2 
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Wither width 5 105402375 105786234 GALNT8, NDUFA9, AKAP3, DYRK4, RAD51AP1, FERRY3, FGF6, FGF23, 

TIGAR, CCND2 

 20 5606065 5720066 CPEB4, C20H5orf47 

 20 5750345 5930098 NSG2 

Rear width 7 22087256 22683900 SLC22A4, P4HA2, PDLIM4, CSF2, IL3, ACSL6, MEIKIN 

 20 5606065 5720066 CPEB4, C20H5orf47 

 20 5750345 5930098 NSG2 

 23 268730 961248 KHDRBS2 

Back width 5 105402375 105786234 GALNT8, NDUFA9, AKAP3, DYRK4, RAD51AP1, FERRY3, FGF6, FGF23, 

TIGAR, CCND2 

 7 22398938 22683900 CSF2, IL3, ACSL6, MEIKIN 

 23 268730 961248 KHDRBS2 

Abbreviations: Chr = chromosomes.
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Figure 4.4 Title: Functional classification of QTLs for stayability and fertility traits. 

Legend: Distribution of quantitative trait loci (QTLs) identified by ssGWAS across six biological functional 

categories for stayability (STAY) and fertility traits in Limousine cattle. QTLs were grouped into reproduction, 

milk, meat and carcass, health, production, and exterior traits. The figure shows the relative abundance 

(percentage) of genetic variants associated with each functional class. 
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Figure 4.5 Title: Functional classification of QTLs for conformation traits. Legend: Distribution of 

quantitative trait loci (QTLs) identified by ssGWAS across six biological functional categories for 

conformation traits in Limousine cattle. QTLs were grouped into reproduction, milk, meat and carcass, health, 

production, and exterior traits. The figure shows the relative abundance (percentage) of genetic variants 

associated with each functional class. 

 

4.3.4 Genes and QTL overlaps 

Several key genes demonstrated pleiotropic effects, linking multiple traits and calvings. Notably, 

KHDRBS2 and CPEB4 were recurrent across both longevity and conformation traits, while TOX 

connected longevity, fertility, and structural traits. Shared loci between longevity and fertility 

included LAP3, LCORL, and BARHL2, indicating overlapping genetic control. These recurrent 
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signals suggest that certain genomic regions contribute simultaneously to multiple aspects of female 

efficiency, including reproductive performance, structural development, and survival across parities. 

A graphical summary or table highlighting these overlaps could further aid interpretation and 

discussion of pleiotropic effects. A comprehensive overview of gene-trait overlaps is provided in 

detail in Additional file 1, Table S4.5, and Figure 4.6. 

 

 

Figure 4.6 Title: Gene–trait overlaps for longevity, fertility, and conformation traits in Limousine cattle. 

Legend: Chord diagram showing pleiotropic genes identified by ssGWAS that are shared across longevity, 

fertility, and conformation traits in Limousine cattle. Coloured links represent overlaps between functional 

categories. 

 

4.4 Discussion 

4.4.1 Genetic variation across traits 

Heritability estimates for conformation traits in this study were broadly consistent with those 

reported by Doyle et al. (2018) across multiple beef breeds, including Angus, Charolais, Hereford, 
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Limousine, and Simmental. That study evaluated muscularity, skeletal development, and functional 

traits, with our estimates for muscular traits and pelvic length closely matching those for Limousine 

and Simmental. We found slightly lower values for some traits compared with Charolais, whereas 

Angus and Hereford generally showed lower heritabilities in Doyle et al. (2018), underlying potential 

breed-specific differences in genetic variation. Pelvic length showed consistent heritability across 

breeds, reinforcing its stability regardless of population differences. 

For longevity, threshold model estimates for STAY were slightly lower than those reported in 

previous studies. Jamrozik et al. (2013) found a heritability of 0.24 for consecutive calvings in 

Simmental, while Martinez et al. (2005) reported 0.29 ± 0.10 to 0.39 ± 0.11 in Hereford across 

calvings. Such discrepancies may reflect differences in breed genetics, management practices, or data 

structure. 

For fertility traits, heritability of AFC (0.18) aligned closely with the 0.17 reported for Holstein 

Friesian cattle by Berry et al. (2014), who also observed mean estimates of 0.09 ± 0.04 across beef 

and dairy breeds and even lower values for calving interval (0.03). These results confirm the strong 

environmental influence and multifactorial nature of fertility traits. In a previous study the Italian 

Limousine population, a higher heritability of 0.24 was reported (De Rezende et al., 2020b). 

Moreover, when genotype-by-environment interaction was modeled using a random regression 

approach, heritability values ranged from 0.02 to 0.15 along an environmental gradient (De Rezende 

et al., 2020a), further highlighting the sensitivity of AFC to environmental variability. 

Variation in herd and residual variance components across conformation, longevity, and fertility 

likely reflect differences in culling decisions, herd management, and local production strategies. 

Several conformation traits are functionally linked to reproductive efficiency and longevity 

(Callegaro et al., 2024), and their moderate heritabilities suggest that selection for improved structural 

traits could yield indirect benefits for early survival and reproductive performance. For fertility traits, 

the greater residual variance reflects their sensitivity to non-genetic factors such as nutrition, housing, 

health management, and social stress. 

Overall, the moderate heritability estimates observed for conformation, AFC, and early STAY 

indicate promising potential for genetic improvement through selection, supporting the use of STAY 

as a possible indicator for enhancing both longevity and fertility. Conversely, the lower heritabilities 

observed for late STAY and fertility traits highlight their susceptibility to environmental variation, 

underscoring the importance of integrated genetic and management strategies.  

 

4.4.2 Genome-wide association results 
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This GWAS provided novel insights into the complex genetic architecture underlying longevity, 

fertility, and conformation traits in Limousine cattle. The widespread distribution of significant 

windows across multiple chromosomes supports a moderately polygenic model, where numerous loci 

with small to medium effects contribute to phenotypic variability. 

For longevity (STAY2 to STAY8), the detection of both persistent and parity-specific regions 

suggests that different biological mechanisms might influence survival at distinct stages of a cow’s 

productive life. A prominent cluster on chromosome 23 (0.23–1.89 Mb) was consistently associated 

with survival from early to late parities (STAY3–STAY8), while chromosome 9 (93.28–94.00 Mb) 

was specifically linked to later parities (STAY7 and STAY8). Recurrence of chromosome 14 signals 

in both early (STAY2, STAY3) and late (STAY7) parities indicates potential long-term genetic 

effects. The persistence of these regions suggests pleiotropic effects on adaptive and reproductive 

functions, possibly through pathways related to resilience and sustained productivity. Similar findings 

have been reported in other beef breeds, with overlapping genomic regions on chromosomes 6, 9, 20, 

and 23 associated with longevity (Teixeira et al., 2017; Speidel et al., 2018: Silva et al., 2024). 

For fertility, AFC showed a major QTL on chromosome 20 (5.85–5.96 Mb), overlapping with a 

longevity region (STAY4) and potentially influencing reproductive maturity. These results align with 

previous associations between BTA20 and fertility traits such as days open, calving ease, and non-

return rate in Holstein cattle and may reflect effects on puberty onset and first ovulation (Chen et al., 

2022). In contrast, FCI showed a broader distribution of signals on chromosomes 3, 6, 8, 14, and 24, 

supporting a combination of shared and trait-specific genetic regulation. 

Conformation traits exhibited polygenic architecture, with several chromosomes harboring 

moderate to high-effect regions. Chromosome 23 (0.27-0.96 Mb) emerged as a major region of 

interest, with overlapping associations for dorsolumbar line length, rump length, rear width, back 

width, pelvic length, and development. This consistent signal suggests the presence of a key genomic 

region potentially involved in skeletal and muscular development, with implications for both animal 

structure and functional traits like calving ease and animal longevity. Chromosome 20 harbored 

distinct loci for wither width and rump convexity, although at distinct physical locations (5.60–5.72 

Mb and 5.75-5.93 Mb). Other traits, including rump length and development, showed more dispersed 

signals, consistent with their polygenic basis. These patterns agree with Doyle et al. (2020a) who 

reported extensive breed- and trait-specific QTL for muscularity across beef cattle populations, 

including key loci for wither width on chromosome 20 (5.40–5.96 Mb) and for traits on chromosome 

23 (~0.23–1.93 Mb). Particularly, the major pleiotropic MSTN locus found by Doyle et al. (2020a) 

on chromosome 2 highlighted in Charolais and Limousine was not among the leading signals in our 

study, reflecting possible differences in trait definitions, statistical thresholds, or population structure. 
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Overall, these results highlight biologically relevant genomic regions that appear to influence 

reproductive lifespan and efficiency, robustness, and structural soundness. Additionally, overlap 

among conformation, longevity, and fertility suggests possible pleiotropy or tight linkage of genes 

affecting structural and functional performance. The identification of overlapping regions among 

different traits suggests opportunities for multi-trait genomic selection strategies aimed at 

simultaneously improving reproductive efficiency, functional conformation, and cow longevity in 

beef breeding programs.  

 

4.4.3 Genes and QTLs identified  

Stayability traits. The recurrent detection of KHDRBS2 on BTA23 across almost all stayability 

traits (STAY3–STAY8) suggests a pleiotropic role in longevity. Previous studies in cattle reported 

associations with AFC (Colombian cattle breeds), pregnancy status (Brahman cows), economic and 

reproduction (Xiangxi cattle), supporting its involvement in reproductive performance and long-term 

productivity (De León et al., 2019; Reverter et al., 2016; Luo et al., 2022). In goats, KHDRBS2 has 

been shown to influence fertility and fecundity traits, further supporting its involvement in 

reproductive success (Guo et al., 2018; Islam et al., 2020). Another recurrent region (BTA9: 93.40–

93.96 Mb) harbored ARID1B and TMEM242 (late-parity STAY6–STAY8), with ARID1B’s known 

role in chromatin remodeling, cell cycle regulation, and tissue maintenance (Sim et al., 2015; 2014), 

supporting its potential impact on reproductive organ integrity and longevity. 

The TOX on BTA14 (STAY2, STAY3, STAY7) encodes a transcription factor involved in cell 

cycle control and genomic stability (Han et al., 2022). De Camargo et al. (2015) detected four 

polymorphisms in the TOX gene associated with reproductive traits in Nellore heifers, specifically 

affecting early pregnancy probability, days to first calving, and AFC. Furthermore, Fortes et al. (2011) 

identified TOX and NCOA2 as transcription factors active in the hypothalamus of Brahman cattle. 

These results suggested a key role of TOX in pubertal development through the regulation of genes 

that influence puberty onset. CPEB4 (BTA20: 5.61–5.68 Mb), linked to STAY4 and STAY8, in a 

study on dairy heifers, appears among the genes linked to fertility and health in livestock, with 

significant roles in other mammals for the regulation of reproductive processes and longevity at the 

cellular level (Marrella et al., 2024). In addition, it was associated with growth traits in red Angus 

cattle and conception rate in Holstein heifers (Smith et al., 2022; Kiser et al., 2019). 

Parity-specific loci support the contribution of distinct biological mechanisms at different stages 

of productive life. These include ZNF644 (BTA3) for STAY2, potentially involved in epigenetic 

control (Bian et al., 2015). The LAP3–NCAPG–LCORL cluster (STAY4), previously associated with 

growth, stature, birth weight, and carcass weight on bovine (Majeres et al., 2024; Bouwman et al., 
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2018; Smith et al., 2022; Keogh et al., 2021). In addition, Doyle et al. (2020b) found that NCAPG 

and LCORL genes were also associated with all skeletal traits in the Limousine population. A study 

on Piedmontese cattle breeds found that LAP3–NCAPG–LCORL affected direct calving ease 

(Bongiorni et al., 2012). To further confirm the results, additional SNPs within these genes were 

genotyped and analyzed for association with direct calving ease, confirming the initial findings and 

highlighting LAP3 as the most probable gene involved. HERC1, FBXL22, DAPK2 (BTA10: 45.66-

46.51) and TIGD2, FAM13A, HERC3 (BTA6: 35.89-36.20) for STAY3 and STAY8, respectively. 

Specifically, TIGD2 on East Adriatic sheep breeds was identified as a candidate in disease resistance 

and adaptation, and in cattle was associated with resistance to disease and bacterial infection (Lukic 

et al., 2023; Ghoreishifar et al., 2020), which can impact livestock longevity through resilience.  

Overall, the QTL landscape confirms that longevity in Limousine cattle is governed primarily by 

reproduction- and health-related pathways, with increasing contributions from structural traits in later 

parities. The strong and consistent presence of reproduction-related QTLs across all parities 

highlights the central role of fertility in sustaining a long productive life. This pattern reflects the 

progressive relevance of fertility efficiency, disease resistance, and conformation and robustness for 

maintaining cows in the herd over time. 

Fertility traits. Multiple shared loci connect fertility with both longevity and conformation. For 

AFC, the BTA20 region containing CPEB4, NSG2, and C20H5orf47 showed overlaps with STAY 

traits, consistent with the regulatory function of CPEB4 in oocyte maturation and meiotic progression 

(Walker et al., 2022; Uzbekova et al., 2008). The TOX locus, shared between AFC and several STAY 

traits, supports its role in the timing of sexual maturity onset and earlier pubertal development, 

allowing heifers to lower AFC, thereby improving lifetime reproductive potential. AFC-specific 

associations on BTA7 included CSF2 and IL3, which regulate early embryonic development and 

ovarian microenvironment (Amaral et al., 2022; Warma et al., 2020), and were also shared with 

conformation traits, suggesting pleiotropic effects linking reproductive regulation and structural 

development. 

Considering FCI, overlapping regions included BARHL2 (BTA3) and the LAP3–NCAPG–LCORL 

cluster (BTA6), supporting shared influences on growth, calving performance, and reproductive 

recovery across parities. The involvement of these growth-related genes in both longevity and fertility 

points to pleiotropy, suggesting that skeletal development may influence reproductive performance 

through their effects on calving difficulty and subsequent recovery. The trait-specific FCI region on 

BTA14 (30.83-31.49 Mb) harbored MYBL1 and CSPP1. The first gene is a regulator of meiotic genes 

that are involved in multiple processes in spermatocytes and may be the candidate regulator for 

pachytene spermatocyte genes dysregulated in cattle (Bolcun-Filas et al., 2011; Zhang et al., 2023). 
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The second gene was found to be related to conception and pregnancy rate and productive life in 

Holstein cows (Cochran et al., 2013), candidate genes for longevity (Liu et al., 2021), and in five 

Swedish breeds was associated with reproduction (Ghoreishifar et al., 2020).  

The contrasting QTL distributions for AFC and FCI reinforce their distinct genetic architecture. 

AFC was characterized by meat, milk, and reproduction-related QTLs, suggesting that growth and 

developmental pathways influence maturation and reproductive onset. In contrast, FCI showed strong 

enrichment for health and production QTLs, highlighting the role of metabolic resilience and 

environmental sensitivity in sustaining fertility across calvings. 

Conformation-type traits. KHDRBS2 reappeared as a candidate for six traits (rump length, 

dorsolumbar line length, pelvic length, rear width, back width, and development), suggesting 

pleiotropic links between reproductive fitness and skeletal-muscular development. Its role in 

reproduction and longevity suggests it may influence body conformation features, like pelvic 

structure and rump morphology, that are critical for calving ease and maternal capacity. The BTA9 

region containing ARID1B, shared with late parity stayability, was associated with pelvic length, 

supporting a role in tissue integrity and skeletal development. In this study, CPEB4, a gene also 

identified in association with fertility and longevity, emerged as a positional candidate for several 

conformation traits (wither width, rear width, rump length, and rump convexity). Its role in 

reproductive processes and rump morphology highlights a functional link between fertility and body 

conformation, with clear implications for productive lifespan in Limousine cattle. C20H5orf47 was 

linked in beef cattle to rear and wither widths and has been associated with carcass merit traits 

(average backfat thickness) (Li et al., 2022), reinforcing the economic relevance of this locus. Another 

key gene, TOX, shared across stayability, AFC, and conformation (dorsolumbar line length, 

development), further supports coordinated regulation of structural growth and reproductive 

maturation, consistent with its reported effects on body weight (Calderón-Chagoya et al., 2023). 

Importantly, CSF2, IL3, and ACSL6, previously associated with AFC, were also detected in rear 

width, back width, and development, demonstrating pleiotropic links between immune regulation, 

ovarian function, and skeletal traits. In another studies, ACSL6, was associated with meat color in 

Nellore cattle (Marín-Garzón et al., 2021) weaning weight in sheep (Khazaei-Koohpar et al., 2024), 

dry matter intake, and mid-test body weight in Angus cattle (Saatchi et al., 2014). 

Trait-specific regions, such as the BTA14 locus (GALNT8, FGF6, FGF23, TIGAR, CCND2) 

affecting wither width, align with previous associations with conformation in Brazilian Holstein cattle 

(Silva et al., 2024) and on different cattle breeds on body size, stature, and body conformation 

(Ghoreishifar et al., 2020; Fang et al., 2020). Another study suggested that FGF6 has a possible effect 

on muscle mass in the carcass in young Charolais bull calves (Bernard et al., 2009) and for traits 
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underlying feed efficiency in Holstein cows (Hardie et al., 2017). The BTA6 cluster (PYURF, 

HERC5, HERC6, PPM1K, ABCG2, PKD2) found in rump convexity contains genes previously linked 

to carcass quality and primal cuts in Nellore bulls and Hanwoo Cattle, respectively (Arikawa et al., 

2024; Naserkheil et al., 2021). These findings highlight the importance of trait-specific genomic 

regions where conformation traits relate to meat yield and quality, suggesting that selection for 

conformation could also impact production efficiency, carcass merit, and overall economic value in 

beef cattle. 

The distribution of QTLs across conformation traits reveals a complex genetic basis and supports 

their role as integrators of multiple biological functions. Milk- and reproduction-related QTLs in 

pelvic and rump regions underline their importance for calving ease and maternal capacity efficiency, 

while meat- and carcass-related QTLs in development highlight links with muscle mass and 

productivity. Health-related QTLs in wither width point to skeletal robustness and metabolic stability. 

Together, these patterns emphasize that conformation traits represent valuable targets for improving 

structural soundness, functionality, and long-term productive efficiency in beef cattle. 

 

4.5 Conclusions 

This study provides new insights into the genetic architecture of longevity, fertility, and 

conformation traits in Limousine cattle using ssGWAS. Heritability estimates confirmed moderate 

genetic control for conformation, age at first calving, and early stayability, highlighting the feasibility 

of genetic improvement through selection on early expressed traits, complemented by management 

strategies to support performance in later parities. 

The identification of shared genomic regions and pleiotropic loci indicates that fertility, skeletal 

development, conformation, and productive lifespan are genetically interconnected. From a practical 

perspective and breeding strategies, targeting early indicators of performance, such as age at first 

calving, early stayability, and conformation traits, combined with effective management, could 

accelerate genetic progress, reduce replacement costs, and enhance both the efficiency and 

sustainability of beef cattle systems. Overall, these findings support the implementation of multi-trait 

genomic selection strategies that may simultaneously improve female productivity while maintaining 

balance among fitness, functionality, and structural soundness. 

 

4.6 List of abbreviations 

GWAS: Genome-wide association studies  

QTL: quantitative trait loci  
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ssGWAS: single-step GWAS  

STAY: stayability  

ANACLI:  National Italian Association of Limousine and Charolais Breeders  

AFC: age at first calving  

FCI:  first calving interval  

MAF: minor allele frequency  

GEBV: genomic estimated breeding values  

LD: linkage disequilibrium 
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4.15 Supplementary Information 

4.15.1 Additional file 1 

Table S4.1 Number of cows and survival incidence by stayability records in Limousine cattle. 

Trait Definition Limousine 

  N N of cow 

survived 

Incidence (survival 

%) 

STAY1 Stayability as a first parity = 1; failed = 0 38,188 38,188 100.00 

STAY2 Stayability as a second parity = 1; failed = 0 33,209 25,526 66.84 

STAY3 Stayability as a third parity = 1; failed = 0 30,105 18,764 49.14 

STAY4 Stayability as a fourth parity = 1; failed = 0 27,978 14,381 37.66 

STAY5 Stayability as a fifth parity = 1; failed = 0 26,546 11,257 29.48 

STAY6 Stayability as a sixth parity = 1; failed = 0 25,372 8,838 23.14 

STAY7 Stayability as a seventh parity = 1; failed = 0 24,429 6,890 18.04 

STAY8 Stayability as a eight parity = 1; failed = 0 23,657 5,314 13.91 

Abbreviations: N = Total number of cows, including both those that survived and were culled 
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Table S4.2 Number of total conformational traits considered with the relative definition and related score. 

Trait Definition N Mean ± SD 

Wither width It is defined by the distance between the scapulae 32 316 5.86 ± 1.03 

Rump convexity 
It is observed from the side, along with the width of the rear, and gives an idea of the development of the 

most valuable muscles of the thigh 

32 316 6.04 ± 1.03  

Rump length It is observed from the side and gives an idea of the length of the most valuable muscles of the thigh 32 316 5.82 ± 0.98 

Dorsolumbar line length 
It measures the distance between the withers and the tip of the hips; in practice, it is measured by 

observing the distance between the front and rear legs, taking into account the development of the animal 

32 316 6.51 ± 0.88 

Rear width It is defined by the width of the thigh muscle, evaluated at mid-height 32 316 6.09 ± 1.04 

Back width It defines the importance of the muscle just behind the scapulae 32 316 5.59 ± 1.12 

Pelvic length It defines the length between the hips and the ischium and must be proportionate to the loin length 32 316 5.99 ± 0.89 

Development It is defined by the size of the animal, which can be appreciated based on the height at the withers 32 316 6.05 ± 1.01 

N = Total number of cows per each of the morpho traits considered from STAY2 

 

Table S4.3 Comparison of imputation accuracy between full imputation and masked-marker validation. 

Quality metrics Imputation (Full) Imputation with Masked Markers 

Square correlation (r²) 0.99 0.98 

Mendelian Errors (%) 0.42 % 0.75 % 

SNP Retention (%) 98% successfully imputed 98% successfully imputed 
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Table S4.4 Top genomic windows explaining variance > 1% for longevity, fertility, and conformation traits. 

Trait N % on the variance covered in the whole genome by the top 

windows 

Chr 

Stayability    

STAY2 31 4.00% 3, 14, 24 

STAY3 41 4.50% 6, 14, 17, 23 

STAY4 28 3.70% 6, 8, 20, 23 

STAY5 32 3.70% 23 

STAY6 51 7.00% 9, 23 

STAY7 44 4.20% 3, 9, 14, 23 

STAY8 54 7.00% 3, 9, 10, 20, 23 

Fertility    

AFC 47 4.60% 2, 7, 12, 14, 20 

FCI 63 6.40% 3, 6, 8, 14, 24 

Conformation    

Wither width 28 4.60% 5, 20, 24 

Rump convexity 34 3.60% 6, 20 

Rump length 37 3.00% 3, 4, 12, 20, 23 

Dorsolumbar line length 46 6.20% 2, 4, 14, 17, 23 

Rear width 61 9.00% 7, 20, 23 

Back width 61 7.00% 5, 7, 23, 24 

Pelvic length 61 8.00% 3, 9, 18, 23 

Development 15 2.00% 7, 14, 17, 20, 23 
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Table S4.5 Gene-trait overlaps for longevity, fertility, and conformation in Limousine cattle. 

Gene 
 

Traits 
 

Chr STAY2 STAY3 STAY4 STAY5 STAY6 STAY7 STAY8 AFC FCI Conformation 

KHDRBS2 23 - ✓ ✓ ✓ ✓ ✓ ✓ - - rump length, dorsolumbar line, pelvic length, rear 

width, back width, development 

ARID1B 9 - - - - ✓ - ✓ - - pelvic length 

TMEM242 9 - - - - ✓ - ✓ - - - 

TOX 14 ✓ ✓ - - - ✓ - ✓ - dorsolumbar line length 

CPEB4 20 - - ✓ - - - ✓ ✓ - rump convexity, rump length, rear width, wither 

width 

LAP3–NCAPG–LCORL 6 - - ✓ - - - - - ✓ - 

BARHL2 3 ✓ - - - - - - - ✓ - 

CSF2 7 - - - - - - - ✓ - rear width, back width, development 

IL3 7 - - - - - - - ✓ - rear width, back width, and development 

ACSL6 7 - - - - - - - ✓ - rear width, back width, and development 

C20H5orf47 20 - - - - - - - ✓ - rear width, wither width 
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Figure S4.1 – S4.17 Detailed counts and individual quantitative traits loci (QTLs) for all traits. 
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4.15.2 Additional file 2 (.csv format) 

Title: Top 20-SNP sliding windows explaining the largest proportion of genetic variance (>1%) for stayability 

(STAY2-8). Legend: The table includes trait name, chromosome (chr), percentage of variance explained, SNP 

range (start and stop), and physical position of each window (start and stop). Only windows explaining >1% 

variance and showing significant p-values after bootstrap validation are reported.  

Additional file 2.csv

 

 

4.15.3 Additional file 3 (.csv format) 

Title: Top 20-SNP sliding windows explaining the largest proportion of genetic variance (>1%) for fertility 

traits. Legend: The table includes trait name, chromosome (chr), percentage of variance explained, SNP range 

(start and stop), and physical position of each window (start and stop). Only windows explaining >1% variance 

and showing significant p-values after bootstrap validation are reported. 

Additional file 3.csv
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4.15.4 Additional file 4 (.csv format) 

Title: Top 20-SNP sliding windows explaining the largest proportion of genetic variance (>1%) for 

conformation traits. Legend: The table includes trait name, chromosome (chr), percentage of variance 

explained, SNP range (start and stop), and physical position of each window (start and stop). Only windows 

explaining >1% variance and showing significant p-values after bootstrap validation are reported. 

Additional file 4.csv
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Abstract  

The Italian Limousine cattle population, with approximately 100 000 registered animals in the 

national herd book, plays a crucial role in the country’s national beef industry, being one of the most 

widely spread breeds in Italy. Maintaining genetic diversity is essential to prevent the negative 

consequences of inbreeding, which can reduce animal performance for economically important traits 

such as growth, fertility, and longevity. Traditional pedigree-based inbreeding estimates have been 

previously used, but genomic tools offer the possibility of greater precision. This study evaluated the 

effects of inbreeding and inbreeding depression on key performance traits in Limousine cattle, 

considering both pedigree- and genomic-based inbreeding coefficients. Phenotypic comparisons 

between animals with low and high inbreeding levels revealed a negative effect of inbreeding on 

growth traits, including birth weight, weaning weight, yearling weight, and average daily gain. These 

effects were observed regardless of the inbreeding estimation method. Fertility traits were largely 

unaffected, except for age at first calving, which increased with higher inbreeding. Longevity, 

measured by the probability of survival across parities, was significantly reduced in inbred animals. 

Genomic inbreeding showed a greater impact on animals’ fertility and longevity. Notably, when 

separating recent and ancient genomic inbreeding, the former had a more pronounced effect on 

growth traits. Similarly, recent inbreeding primarily impacted animal longevity. Genomic inbreeding 

coefficients provided more granular insights into inbreeding depression, allowing for a better 

identification of individuals at higher risk of performance reduction. The results highlight the 

detrimental effects of inbreeding on growth, fertility, and longevity in Limousine cattle, which could 

have implications for herd productivity and genetic diversity. The study underscores the importance 

of genomic tools to monitor and manage inbreeding levels. Implementing strategies to control 

inbreeding accumulation is vital for maintaining genetic variability and ensuring the long-term 

sustainability of beef cattle populations. 

Keywords: genetic diversity, homozygosity, reproductive performance, fitness-related traits, 

genomic evaluation 

 

Implications 

Maintaining genetic diversity is essential for sustainable beef production. This study assessed how 

inbreeding affects growth, fertility, and longevity in Limousine beef cattle using pedigree and 

genomic data. Results showed that inbreeding, particularly recent genomic inbreeding, reduces 

growth performance, delays reproductive maturity, and shortens herd life. These findings are 

important for breeders and industry stakeholders, as they highlight the need for managing genetic 
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diversity. Using genomic inbreeding measures, breeders can make informed mating decisions to 

avoid closely related pairings, reduce inbreeding depression, and preserve herd productivity. Strategic 

genetic management is essential to safeguard the long-term cattle sustainability. 

 

5.1 Introduction 

Limousine is a cosmopolitan beef cattle breed originating from France and has been extensively 

exported worldwide. In Italy, the Limousine population is widely distributed across the country, with 

approximately 100 000 animals raised on more than 2 500 farms. The breed is continuously 

expanding in population size and is now one of the most important beef breeds reared in Italy (Fabbri 

et al., 2024), playing a key role in the national beef industry being the fourth bovine population in the 

country (Sistema Informativo Veterinario, https://www.vetinfo.it/j6_statistiche/index.html#/). As 

selective breeding becomes more widespread to enhance herd productivity, there is a growing concern 

about the potential negative impact of inbreeding. Therefore, monitoring and analyzing the genetic 

diversity of the Italian Limousine population is crucial in understanding its genetic background, 

managing inbreeding-related risks, improving productivity and profitability, and ensuring sustainable 

breeding practices for the future. 

The inbreeding coefficient is a key indicator to assess genetic diversity and evaluate the potential 

impact of inbreeding depression on economically important traits in livestock populations. It can 

quantify the probability that an individual carries allele that are identical by descent relative to a base 

population where all alleles are assumed to be unrelated (Wright, 1922). Alternatively, it can be 

defined as the correlation between homologous alleles resulting from the mating of related individuals 

(Wright, 1922). Both the inbreeding and relatedness coefficients play a crucial role in breeding 

programs, as they facilitate the characterization and efficient management of mating strategies within 

a population. 

Inbreeding within cattle populations poses significant challenges to the breeding industry, as it can 

lead to a loss of genetic diversity, changes in effective population size and structure, and increased 

genetic drift. Specifically, increasing inbreeding is generally associated with a reduction in effective 

population size, as it reflects a decrease in the number of breeding individuals contributing genetically 

to the next generation (Lozada-Soto et al., 2022). These factors undermine the efficiency and long-

term sustainability of breeding programs (Meuwissen et al., 2020; Curik et al., 2014; Charlesworth 

and Willis, 2009). As inbreeding accumulates, the mean phenotypic value of selected traits may shift 

in a negative direction due to inbreeding depression, which directly impacts herd profitability and 

productivity (Hill and Mackay, 2004; Hedrick and Garcia-Dorado, 2016). These phenotypic changes 

are primarily driven by the accumulation of deleterious homozygous variants at key loci. This 

https://www.vetinfo.it/j6_statistiche/index.html#/
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accumulation, in turn, leads to a decline in the population mean when heterozygotes deviate from the 

average value of two homozygotes (Doekes et al., 2021). For breeders, these challenges require close 

monitoring and careful management to balance genetic diversity with the selection of desirable traits, 

ensuring the long-term success of breeding programs (Mota et al., 2024). 

Pedigree-based inbreeding coefficients (FPED) are widely used in breeding programs to monitor 

inbreeding levels, assess inbreeding depression, and guide mating strategies. These coefficients 

estimate the probability of alleles being identical by descent based on pedigree records. However, the 

accuracy depends on the completeness and depth of pedigree data, which can be diminished by 

unknown parentage or recording errors. Additionally, pedigree-based estimates do not account for 

Mendelian sampling variation and may underestimate inbreeding levels depending on the number of 

generations considered (Meuwissen et al., 2020). With the adoption of genomic selection in livestock 

breeding, genomic data enhances breeding value prediction and accelerates genetic progress by 

reducing generation intervals (Meuwissen et al., 2016). The availability of single-nucleotide 

polymorphism (SNP) data enables direct estimation of inbreeding, providing a more precise 

assessment than pedigree-based methods (Meuwissen et al., 2001; Maltecca et al., 2020). SNP-based 

measures capture homozygosity more effectively, account for Mendelian sampling variation, and 

distinguish individuals with similar recorded ancestry (Doekes et al., 2021; Keller et al., 2011). 

Moreover, they allow inbreeding estimation in populations with incomplete or missing pedigree 

records. Depending on population structure and study objectives, genomic approaches based on 

marker- or segment-based inbreeding can be used to assess inbreeding depression. 

Inbreeding and inbreeding depression have been widely studied, though most genomic-based 

analyses have focused on dairy cattle. The slower adoption of genomic selection in beef cattle, in 

contrast to dairy, can be attributed to industry-specific challenges, such as difficulties in phenotype 

collection for selection candidates, the prevalence of sex-limited traits, and the common use of 

crossbreeding (Meuwissen et al., 2016). Nevertheless, genomic selection is becoming increasingly 

prevalent in beef cattle. For instance, routine genomic evaluations have been implemented in the 

American Angus breed since 2009 (Lozada-Soto et al., 2021). While genomic selection enhances 

breeding programs, it also raises concerns about the accumulation of inbreeding over generations. 

Genomic prediction can control generational inbreeding rates by accounting for Mendelian sampling 

through SNP data, but it also reduces generation intervals, leading to an increase in the annual rate of 

inbreeding (Daetwyler et al., 2007). In fact, yearly and generational rates of pedigree and genomic 

inbreeding have increased in almost all dairy cattle breeds (Doekes et al., 2019; Lozada-Soto et al., 

2022; Doublet et al., 2019). 
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Furthermore, the impact of inbreeding varies, and not all forms necessarily result in inbreeding 

depression. The timing of inbreeding plays a crucial role, as ancient inbreeding potentially undergoes 

multiple generations of purging selection, which helps eliminate harmful alleles. In this context, 

inbreeding can be classified according to age, allowing for a comparative assessment of the effects 

of recent versus old inbreeding on inbreeding depression. For example, in Canadian Holsteins, 

authors found that recent inbreeding is more deleterious for milk production, reproduction, and 

health-related traits (Makanjuola et al., 2020). A study investigating inbreeding depression in U.S. 

dairy cattle reported that recent inbreeding measured through both pedigree and genomic was 

associated with a higher risk of reproductive diseases, especially metritis (Lozada-Soto et al., 2024). 

In contrast, ancient inbreeding either had no effect or reduced the probability of reproductive 

disease(s). Similarly, in beef cattle, Lozada-Soto al. (2021) reported that recent genomic inbreeding 

was more harmful to growth compared to ancient inbreeding. 

Production, longevity, and fertility are key traits influencing the efficiency and profitability of beef 

cattle systems. These traits directly influence herd productivity, replacement, and costs. Longevity 

and survival contribute to the economic sustainability of beef herds by reducing the need for frequent 

replacements and improving overall farm efficiency. Fertility, in particular, plays a crucial role in 

herd sustainability, as it directly impacts reproductive performance and provides potential indirect 

indicators for early selection of longevity in breeding programs (Callegaro et al., 2024). However, 

inbreeding can negatively affect production, fertility, and longevity traits by prolonging calving 

intervals, delaying puberty, and ultimately reducing reproductive efficiency and lifetime productivity. 

Understanding these associations is essential for optimizing genetic diversity, refining selection 

strategies, and ensuring herd sustainability. Few studies in beef cattle have confirmed the detrimental 

effects of increased inbreeding on productive and reproductive performance (Mota et al., 2024; 

Lozada-Soto et al., 2021; Pereira et al., 2016; Sumreddee et al., 2019; Santana et al., 2010). The 

objectives of our study were to (1) characterize the Italian Limousine population in terms of pedigree 

and genomic inbreeding levels; (2) Evaluate the impact of inbreeding on growth, fertility, and 

longevity traits in Limousine beef cattle by comparing phenotypic performance across varying 

inbreeding levels; (3) differentiate the effects of recent and ancient inbreeding, quantifying their 

respective contributions in Limousine population. 

 

5.2 Material and methods 

5.2.1 Animals and data 
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All data for this study were provided by the National Italian Association of Limousine and 

Charolais Breeders. The raw pedigree file for the Limousine breed included 526 887 animals, 

comprising 15 025 sires and 123 701 dams. Pedigree statistics, such as the number of complete 

generations (NCG), complete generation equivalents (CGE), and pedigree completeness index 

(PCI), were calculated using the optiSel R package (Wellmann, 2019). The mean NCG was 2.03, 

with a maximum of 6. The CGE represents the sum of (
1

2
)
𝑛

known ancestors for every individual, 

where n is the number of generations separating the individual from a given ancestor. This metric 

quantifies pedigree depth by summing the contributions of known ancestors. The PCI algorithm, as 

defined by MacCluer et al. (1983), is the harmonic mean of the pedigree completeness of an 

individual’s parents and reflects the percentage of known ancestors over multiple generations. These 

pedigree metrics were used to filter individuals based on pedigree completeness to minimize potential 

biases in estimating inbreeding coefficients. Animals with NCG <= 3, CGE <= 5, and a PCI lower 

than 0.90 when considering four generations were excluded from further analysis. Although a higher 

threshold of filtering for CGE is commonly used in literature, our pedigree depth was lower with a 

maximum CGE of 8.02. Using a stricter threshold would have excluded a large portion of the animals. 

In addition, was considered a PCI lower than 0.90 that takes four generations into account, as this 

approach is consistent with previous studies (Lozada-Soto et al., 2021) and allows for a balance 

between completeness and sample size. After applying these criteria, 109 241 animals met the 

pedigree completeness thresholds and were retained for the study. The final pedigree dataset had an 

average NCG of 3.54 complete generations, an average CGE of 5.57 equivalent generations, and an 

average PCI of 0.97. The final average values for CGE and NCG reflect a common scenario in beef 

cattle populations, which often present less complete pedigree records compared to dairy breeds 

(Gutiérrez et al., 2003; Nyman et al., 2022). 

Before the statistical analysis, genotyped individuals were imputed with a multi-step pipeline. A 

total of 421 sires, used as reference population, were genotyped using a panel of 119 854 SNPs 

(GeneSeek GGP Bovine 150K; Illumina Inc., San Diego, CA), while 8 482 individuals were 

genotyped with a panel of 28 299 SNPs (GeneSeek GGP Bovine LD v3; Illumina Inc.). The two 

panels had 13 984 SNPs in common. In the first step, individuals genotyped with the GeneSeek GGP 

Bovine LD v3 panel were imputed to the GeneSeek GGP Bovine 150K panel, leveraging the common 

set of 13 984 SNPs shared between the two panels. In the second step, an additional 13 670 

nonoverlapping SNPs present on the GeneSeek GGP Bovine LD v3 panel were also imputed and 

integrated with the initial imputed set of 119 854 SNPs.  This resulted in a total of 131 805 SNPs. 

Genotype imputation was carried out using FImpute v.3 with default parameters (Sargolzaei et al., 

2014). The quality metrics of the imputation showed a high squared correlation (r²) between allele 
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frequencies across panels with a value of 0.99, indicating higher accuracy between imputed and true 

genotypes. After imputation, the Mendelian error rate increased slightly to 0.42%, and 98% of SNPs 

were retained after quality control filtering. The minor allele frequency remained stable, with 94–

98% of SNPs exhibiting a minor allele frequency below 0.05. For subsequent animal analyses, SNPs 

with minor allele frequency of 0.05 and individuals with the largest genotype changes (> 1%) were 

removed to ensure data consistency. To further assess the accuracy of imputation, a validation step 

was performed. Specifically, a subset of genotyped markers was randomly masked and subsequently 

re-imputed using the same pipeline. The results of this masked-marker imputation, including quality 

metrics, are presented in the Supplementary Table S5.1. 

For these analyses, quality control procedures were implemented to ensure data reliability. 

Individuals with a call rate below 90% and SNPs with a minor allele frequency below 0.05 and a call 

rate below 90% were removed. Additionally, SNPs located on non-autosomal chromosomes (e.g., 

sex chromosomes) were excluded. Following these filtering steps, the final dataset comprised 8 198 

genotyped individuals and 116 124 SNP markers. Quality control was performed using preGSf90 

software (Aguilar et al., 2014). The main regression analyses were conducted using imputed genotype 

data. To assess the consistency of the results, the same regression analyses were performed using 

SNP data from the low-density panel (GeneSeek GGP Bovine LD v3 array). This allowed for a direct 

comparison between the estimated low-density genotypes and the imputed data, indicating that 

imputation had minimal impact on the findings of the investigation. To maintain a fair comparison, 

the same 8 482 animals were included in both analyses. 

 

5.2.2 Animals’ traits 

Growth traits. The traits analyzed in this study were birth weight (BiW, kg), weaning weight 

(WW, kg), yearling weight (YW, kg), and average daily gain (ADG, g/d). BiW was recorded within 

a range of 30–50 kg, while WW and YW were measured at ages between 170–250 and 290–440 days, 

respectively, in the Limousine population. These traits were selected due to their economic 

importance and their role in evaluating growth performance in beef cattle. Data were collected from 

animals born between 1991 and 2024, raised in herds distributed across the national territory. 

Contemporary groups were defined by combining herd information and birth year, and contemporary 

groups with fewer than five animals were removed. Additionally, phenotypic records outside the 

range of mean ±3.5 SD were excluded. After editing, the final dataset consisted of 47 598 records for 

ADG, 72 282 for BiW, 21 928 for WW, and 14 595 for YW. Only animals with known sire and dam 

were retained. Descriptive statistics, including the number of animals, mean values, median, SD, farm 
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ID, number of sires and dams for each growth trait, and the number of genotyped animals, are 

presented in Table 5.1. 

Stayability and fertility traits. Stayability (STAY) is a key trait influencing farm profitability, 

reflecting herd efficiency and costs. It is defined as the probability of a cow remaining in the herd and 

producing until a specified age, provided that animals have the opportunity to reach that age. STAY 

is commonly expressed as a binary trait (1 = success, 0 = failure), based on the presence or absence 

of a calving record for each parity (Hudson and Van Vleck, 1981). In this study, STAY was assessed 

from the second to the fourth calving, with fourth cumulative binary traits assigned per cow (STAY2, 

STAY3, STAY4). Data editing retained only cows with age at first calving (AFC) between 700 and 

1 400 days. Calving intervals outside the range of 290–550 days were excluded, and twin parities 

were considered as a single calving event. Records were censored if the last recorded calving occurred 

within 550 days of data extraction, as subsequent calvings could not be confirmed. Censored records 

were treated as missing data in the model. 

Data on fertility traits were extracted from records of cows from the STAY dataset. Fertility traits 

considered were first calving interval (FCI, days) and AFC (days) and were treated as continuous 

responses. Values of FCI averaged 405.7 d (± 60.87 SD) and values of AFC averaged 1 026 d (± 

143.69 SD), respectively. A summary of fertility traits is presented in Table 5.1. The number of cows 

and incidence of survival according to the number of records for each STAY are reported in Table 

5.2. Data processing and editing for STAY and fertility traits followed the procedures described in 

Callegaro et al. (2024). In addition, descriptive statistics and incidence of survival rates for each 

STAY trait are comprehensively reported in Callegaro et al. (2024). 
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Table 5.1 Descriptive statistics and number of genotyped Limousine cattle for growth and fertility traits. 

Descriptive statistics 

 Traits Number of animals with records mean SD Herd Sires Dams Genotyped 

Growth traits1        

ADG, kg/d 47 598 1.00 0.27 1 975 3 552 21 503 5 321 

WW, kg 21 928 254.20 46.23 1 617 2 823 13 589 2 490 

YW, kg 14 595 335.40 62.28 1 553 2 571 10 504 1 891 

BiW, kg 72 282 38.08 3.65 2 199 4 231 29 880 5 931 

Fertility traits2        

AFC, days 38 188 1,026 143.79 2 471 6 194 28 482 2 298 

FCI, days 25 526 405.70 60.87 2 042 4 958 19 887 1 880 

Abbreviations: ADG = average daily gain; WW = weaning weight; YW = yearling weight; BiW = birth weight; AFC = age at first calving; FCI = first calving 

interval. 

 

Table 5.2 Number of Limousine cows-and incidence of survival across parities for stayability (STAY). 

Trait Definition N N of cows 

survived 

Incidence (survival %) 

STAY1 Stayability as a first parity = 1; failed = 0 38 188 38 188 100.00 

STAY2 Stayability as a second parity = 1; failed = 0 33 209 25 526 66.84 

STAY3 Stayability as a third parity = 1; failed = 0 30 105 18 764 49.14 

STAY4 Stayability as a fourth parity = 1; failed = 0 27 978 14 381 37.66 

The total number of genotyped cows for STAY analyses was 2 062. 

Abbreviations: STAY = Continuity in herd until the subsequent parity (Success = 1; Failure = 0); N = Total number of cows, including both those that survived 

and were culled.
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5.2.3 Estimation of Inbreeding Measures 

Different approaches were employed to assess the accumulation of inbreeding and its effect on 

production in the Italian Limousine population over time. These included inbreeding coefficients 

derived from pedigree data as well as genomic estimates, specifically those based on the genomic 

relationship matrix (GRM) using marker-by-marker (FGRM) and runs of homozygosity (ROH) 

calculated with segment-based approaches (FROH). Genomic-based inbreeding measures were 

calculated using imputed SNPs. 

Pedigree inbreeding measure. The FPED was estimated using the INBUPGF90 program v1.47 from 

the BLUPF90 family (Aguilar and Misztal, 2008). This method uses a recursive algorithm and iterates 

to convergence based on minimal changes in inbreeding values across rounds. FPED were estimated 

using the method proposed by Meuwissen and Luo (1992). The pedigree dataset used for these 

computations included 109 241 Limousine animals that met completeness criteria, as described in the 

previous animals and data section, to ensure accurate inbreeding estimates. 

Genomic-based inbreeding measures. The first estimator of genomic-based inbreeding (FGRM) was 

calculated using the diagonal elements of GRM computed following VanRaden's first method 

(VanRaden, 2008):  

GRM =
ZZ′

∑ 2pj(1 − pj)
m
j=1

, (1) 

where Z = X − 2pj, X is the n × m matrix of the genotypes coded as the number of the second allele, 

n is the number of genotyped animals, m is the number of markers, and pj is the frequency of the 

second allele at locus j. The denominator represents the scaling factor. The FGRM for individual i was 

taken as diag(Gii) – 1, where G is the SNP-derived GRM. BLUPF90 family programs (Aguilar et al., 

2019) were used for the calculations of GRM.  

The minor allele frequency of the markers used in GRM estimation does not accurately represent 

that of the base population due to the limited sample size in this study. Consequently, genomic 

inbreeding coefficients were computed under the assumption of a fixed allele frequency of 0.50. 

Several studies (VanRaden et al., 2011; Bjelland et al., 2013; Forni et al., 2011) have demonstrated 

that fixing allele frequencies at 0.50 enhances the concordance between FGRM and pedigree- or ROH-

based inbreeding estimates, and that was the reason beyond our choice. Additionally, fixing allele 

frequencies at 0.50 helps center SNP values in the GRM constructions, mitigating biases from rare 

alleles or unrepresentative sample frequencies. Rare alleles (close to 0 or 1) can disproportionately 

influence relationship estimates, potentially biasing the computation of genomic relationships and 

inbreeding coefficients.  
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Autozygosity across chromosomal regions was assessed through ROH, which were then used to 

obtain the proportion of the genome residing in ROH (FROH). To detect ROH segments from SNP 

data, the R package detectRUNS v. 0.9.5 was employed (Biscarini et al., 2018), implementing a 

sliding window method to prevent overestimation of shorter ROH segments (Purcell et al., 2007). 

The parameters used for ROH detection were as follows: (1) a minimum of 20 SNPs in a window (--

homozyg-window-snp), (2) a minimum SNP density of 1 SNP per 1 000 kb (--homozyg-density), (3) 

a maximum gap of 1 megabases (Mb) between consecutive homozygous SNPs (--homozyg-gap), (4) 

a minimum base pair length of 1 000 kb (--homozyg-kb), and (5) a maximum of 2 opposite 

homozygous genotype allowed within the window (--homozyg-window-het). 

The proportion of the autosomal genome covered by ROH is calculated as: 

 FROH =
LROHi

LGenome
, (2) 

where LROHi is the length of the ith ROH segment identified for each animal (in base pairs) and 

LGenome is the total length of the autosomes covered by the markers. This formula is used to calculate 

the inbreeding coefficient based on ROH (FROH). The length of an ROH segment provides insight 

into the age of inbreeding, with shorter segments generally indicating more ancient inbreeding. 

However, the exact length of an ROH segment originating from a specific generation can vary. To 

account for this, FROH was also estimated across four ROH length categories: 1–2 Mb (FROH1−2), 2-4 

Mb (FROH2−4), 4-8 Mb (FROH4−8), and > 8 Mb (FROH>8), following criteria used in previous studies 

(Mota et al., 2024; Lozada-Soto et al., 2021). 

 

5.2.4 Inbreeding depression for growth, fertility, and longevity traits  

The impact of inbreeding on fertility, longevity, and growth traits was assessed separately for each 

trait using the different inbreeding coefficients described. Inbreeding depression was estimated by 

regressing phenotypic values on inbreeding coefficients and calculated as the effect of a 1% increase 

in pedigree and genomic inbreeding coefficients on the mean of the phenotype measured. Considering 

pedigree measure, inbreeding depression results were analyzed using FPED estimates from two 

datasets: a full-dataset including all animals with phenotype information, and a reduced-dataset 

limited to genotyped animals. This approach allows for consistency checks, ensuring that restricting 

the analysis to genotyped animals does not significantly alter the results. Comparing pedigree-based 

estimates between the full and genotyped datasets can reveal the impact of pedigree completeness. 

Additionally, stronger inbreeding depression effects observed with genomic measures would suggest 

that this better capture recent or cryptic inbreeding. 
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 In addition, to assess the expected phenotypic differences between animals with varying levels of 

inbreeding, we estimated predictions for growth and fertility traits using a Gaussian-linear model, 

while for STAY, predicted probabilities were obtained using a threshold-liability model. This 

approach allowed for a comparison between animals with high and low inbreeding levels, providing 

a more direct insight into the effects of inbreeding on growth, fertility, and functional longevity. 

Additionally, to quantify realized phenotypic depression in the Limousine population, we calculated 

the projected losses in growth traits (ADG, BiW, WW, YW), fertility (AFC), and STAY. These losses 

were estimated by comparing animals in the 10th percentile (low inbreeding) and 90th percentile 

(high inbreeding) for both pedigree- and genomic-based inbreeding coefficients. The difference 

between these groups was also computed to quantify the magnitude of inbreeding depression across 

these traits. Only traits showing statistically significant inbreeding depression were considered for 

the estimation of the expected phenotypic differences. 

Since ROH detection is influenced by SNP density (Ferenčaković et al., 2013; Villanueva et al., 

2021), analyses were conducted using genotypes from imputed data. In addition, analyses with a low-

density panel were performed to evaluate whether the patterns observed in the imputed data panel 

were consistent with those obtained using a low-density dataset. To assess the effect of SNP density 

on ROH estimation and validate our findings, the same analyses were conducted in both imputed and 

non-imputed data. Results from low-density genotypes were compared to those from the imputed 

ones to determine whether inbreeding depression patterns remained consistent. The results from these 

two scenarios were similar, and therefore, low-density data will be presented in the supplementary 

material. 

 

5.2.5 Genetic analyses 

For growth traits the model was defined as follows: 

𝐲 = 𝛽
0
+  𝐗𝐛 + 𝛽1𝐹 +  𝐙𝐚 + 𝐖𝐩 + 𝐞, (3) 

where y was the vector of phenotypic values of ADG, BiW, WW and YW; 𝛽0 is the intercept;  b is 

the vector of fixed effects of the sex, age of animals, and age of dam; F is a vector of inbreeding 

coefficients for FPED, FGRM, or FROH; β1 is the linear regression coefficient for the regression 

coefficient, a is the vector of the random additive genetic effect, following a ∼ 𝑁(0, 𝐀𝜎𝑎
2), where A 

is the numerator relationship matrix; p is the vector of the random effect of the contemporary group 

(herd-year), following p ∼ 𝑁(0, 𝐈𝜎p
2), where I is an identity matrix; e is the random residual, 

following 𝐞 ∼ 𝑁(0, 𝐈𝜎𝑒
2); and X, Z, and W are the incidence matrices for the fixed and random effect. 
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When BiW and WW were modeled in model 3 the maternal permanent environment effect was added, 

following mpe ∼ 𝑁(0, 𝐈𝜎mpe
2 ).  

Fertility traits and STAY were analyzed fitting a univariate linear and threshold animal model. 

The fixed effects considered were the same: 

y =  𝛽
0
+  𝐗b + 𝛽1𝐹 + 𝐙a + 𝐖p + 𝐞, (4) 

λ = 𝛽
0
+  𝐗b + 𝛽1𝐹 + 𝐙a + 𝐖p + 𝐞, (5) 

where y is the linear vector of fertility traits (AFC, FCI) while λ represents the unobserved liability 

for threshold models for STAY traits; 𝛽0 is the intercept;  b is the vector associated with the fixed 

effects of year of calving (48 levels); β1 is the linear regression coefficient for the inbreeding 

coefficient; a is the vector of animal additive genetic effects following a ∼ 𝑁(0, 𝐀𝜎𝑎
2), where A is 

the numerator relationship matrix; p is the vector associated to the random effect of herd, following 

p ∼ 𝑁(0, 𝐈𝜎p
2), where I is an identity matrix; e is the vector associated with the random residual error 

following e ∼ 𝑁(0, 𝐈𝜎𝑒
2); and X, Z, and W are incidence matrices for the fixed and random effects.  

The variance components for STAY traits were fixed at values estimated from the single-step 

GBLUP assessed in the previous work in STAY on Limousine and Charolais beef cattle (Callegaro 

et al., 2024). For the growth and fertility traits, the variance components from models 3 and 4 are 

shown in Supplementary Table S5.2. The (co)variance components were estimated using the Gibbs 

sampling algorithm implemented in the BLUPF90 family software (Aguilar et al., 2019). 

Convergence was assessed by visual inspection of trace plots and throughout Geweke’s test using the 

package coda (Plummer et al., 2006) in R. Models where STAY traits were the response variable 

were run using the THRGIBBS1F90 program, and those in which the response variable was a growth 

and fertility trait were run using the GIBBS3F90 program. All analyses were run for 100 000 cycles 

with a burn-in of 50 000 samples, and every 10th sample was stored for a total of 5 000 samples used 

for subsequent inference.  

Best Linear Unbiased Estimates of the intercept and inbreeding slopes were used to estimate 

predictions for growth and fertility traits and predicted probabilities for STAY on the liability scale 

values across different inbreeding levels. Our predicted values were obtained from the regression 

equations using the solutions for the fixed effects obtained at each round of iterations to the 

phenotypic means. For STAY, predictions on the liability scale were converted to the probability 

scale by applying the inverse probit transformation (with the pnorm function in R), using the formula: 

𝑃𝑖 = 𝛷(𝑝𝑖), (6) were 𝛷 is the standard cumulative distribution function and 𝑝𝑖 is the 𝑖𝑡ℎ predicted 

value of STAY on the liability scale. These predictions allowed us to assess the impact of inbreeding 

on trait values, providing insights into inbreeding depression across different levels of inbreeding. 
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5.3 Results 

5.3.1 Inbreeding coefficients  

The mean FPED in the Limousine population was 1.99% (SD = 5.68%). Genomic inbreeding, 

estimated as FGRM averaged 0.01 (SD = 0.03), while the mean of FROH was 0.19 (SD = 0.02), 

indicating a higher proportion of autozygosity captured by ROH. The mean partial inbreeding 

coefficients derived from ROH segments were 0.045 (SD = 0.029) for FROH1−2, 0.029 (SD = 0.028) 

for FROH2−4, 0.018 (SD = 0.028) for FROH4−8, and 0.021 (SD = 0.034) for FROH>8. These values reflect 

the contribution of ROH segments of different lengths to the overall inbreeding estimates. The mean 

CGE and NCG for the Limousine breed were 5.60 and 3.70, respectively. Furthermore, all animals 

included in the analyses had a PCI exceeding 90%, ensuring high data accuracy. The distributions of 

pedigree and genomic inbreeding coefficients are shown in Supplementary Fig. S5.1. Over time, FPED 

exhibited an increasing trend from the first to the last birth year considered. In contrast, genomic 

inbreeding measures (FGRM and FROH) remained relatively stable throughout the study period. 

Suggesting that genomic diversity may have remained relatively stable over time, possibly due to low 

selective pressure. Additionally, FGRM reflects the average genomic similarity across individuals and 

depends on allele frequencies and population structure, whereas FROH captures the proportion of the 

genome in homozygous segments and is more sensitive to recent inbreeding. These differences may 

explain why their temporal trends sometimes are not fully aligned. Annual trends for each inbreeding 

measure are presented in Supplementary Fig. S5.2. 

Pearson’s correlation coefficients among all inbreeding measures are visualized in a heatmap 

(Figure 5.1). FPED showed moderate to strong correlations with both FGRM and FROH, with values 

ranging from 0.69 to 0.71. The highest correlation with FPED was observed for FGRM and FROH4–8 

(0.71), whereas the correlation between FPED and FROH was slightly lower (0.69). Correlations 

between FPED and short-segment FROH estimates (FROH1–2 and FROH2–4) were also high (0.70), with 

values remaining stable across increasing segment lengths. Genomic inbreeding measures (FGRM and 

FROH) showed consistently high correlations. Specifically, the correlation between FROH and FGRM 

was 0.89, confirming the strong agreement between these two genomic inbreeding estimators. 

Correlations between FGRM and different ROH segment classes ranged from 0.85 to 0.89, with a slight 

decline as segment length increased. This expected trend reflects the fact that shorter ROH segments 

capture more ancient inbreeding, whereas longer segments indicate more recent inbreeding events. 

While FGRM correlates strongly with ROH-based measures, it captures homozygosity without 

explicitly distinguishing between recent and ancient inbreeding. Likewise, correlations among 

different FROH segments remained consistently high (0.95–0.99), with the strongest correlations 
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generally observed between segments of similar lengths, particularly between adjacent categories 

such as FROH1–2 and FROH2–4. 

The distribution of ROH across 100 randomly selected animals revealed distinct patterns 

corresponding to different inbreeding timeframes (Figure 5.2a). While the accumulation of 

inbreeding persists across generations, ancient inbreeding segments have fragmented into shorter 

lengths over time. In our case, short ROH segments (1–2 Mb, 2–4 Mb) made up the largest proportion 

of the genome, suggesting that inbreeding accumulation has not accelerated dramatically in the last 

generations. In contrast, longer ROH segments (4–8 Mb, >8 Mb), associated with more recent 

inbreeding, accounted for a smaller proportion. Figure 5.2b shows the distribution of ROH across 

chromosomes, further confirming that short ROH segments (1–2 Mb, 2–4 Mb) are more frequent, 

indicating a higher prevalence of ancient inbreeding events. Regression analyses comparing genome-

based inbreeding coefficients derived from imputed and non-imputed (low-density panel) data are 

presented in Supplementary Fig. S5.3. The estimated regression coefficients for FGRM and FROH from 

imputed data against their counterparts from the low-density panel ranged from 0.93 to 0.96 for FGRM 

and FROH, respectively, showing a high degree of concordance.  

 

Figure 5.1 Pearson correlations between inbreeding measures in Limousine cattle. The plot shows the strength 

and direction of the correlation between inbreeding measures with darker colors indicate a stronger correlation 

(FPED = total pedigree inbreeding; FGRM = relationship matrix derived inbreeding; FROH = runs of homozygosity 

calculated with segment-based approaches; ROH of different length classes 1–2, 2–4, 4–8, and >8 Mb). 
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Figure 5.2 Runs of homozygosity (ROH) distribution and coverage in Limousine cattle. (a) Proportion of the 

genome covered by ROH of different length classes (1–2, 2–4, 4–8, >8 Mb) in 100 randomly sampled 

individuals. (b) Frequency distribution of the number of ROH per chromosome in different length classes 

(FROH = runs of homozygosity calculated with segment-based approaches). 

 

5.3.2 Pedigree and genomic inbreeding depression  

We quantified the effect of pedigree and genomic inbreeding on four growth traits (BiW, WW, 

YW, and ADG) in the Italian Limousine population. Furthermore, we estimated inbreeding 

depression for fertility and survival traits to provide a more comprehensive assessment of its impact. 

Fertility traits included AFC and FCI, while longevity was evaluated using STAY, specifically the 

probability of cows surviving from second to fourth parity (STAY2, STAY3, and STAY4). 

Inbreeding depression was estimated for all inbreeding measures, with effects expressed by a 1% 

increase in FPED, FGRM, and FROH in phenotypic units. The results are summarized in Table 5.3.  

Across all measurements, inbreeding had a negative effect on growth performance, fertility, and 

longevity, though the magnitude of the effect varied depending on the inbreeding metric used. This 

variation was expected given the differences in mean inbreeding values among methods. Table 5.3 

also reports FPED-based inbreeding depression estimates for both the full-dataset and the reduced-

dataset. Comparing these estimates ensures that restricting the analysis to genotyped animals does 

not significantly alter the results. Additionally, this comparison allows for evaluating whether 

genomic inbreeding measures capture greater variance in inbreeding depression effects than pedigree-

based measures.  
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Inbreeding depression negatively affected all growth traits (BiW, WW, YW, and ADG) in the 

breed, although the magnitude varied depending on the inbreeding measure (Table 5.3). A 1% 

increase in FPED reduced BiW by 0.016 kg in the full-dataset and by 0.06 kg when considering only 

genotyped animals. Similarly, BiW decreased by 0.07 kg for FGRM and 0.05 kg for FROH. For WW, 

the reduction ranged from −0.25 kg (FPED) to −0.93 kg (FGRM), with FROH showing an intermediate 

effect (−0.41 kg). A similar trend was observed for YW, with reductions between −0.19 kg (FPED, 

full-dataset) and −1.16 kg (FGRM), although the only significant estimate was for FPED in the full-

dataset, other estimates were not significantly different from zero. Finally, ADG decreased by −1.20 

g/d for FPED (full-dataset), −4.03 g/d for FPED (reduced-dataset), −3.19 g/d for FGRM, and −1.56 g/d 

for FROH. Overall, genomic-based inbreeding measures predicted a greater reduction in growth 

performance with increasing inbreeding. Moreover, the non-random subset of genotyped animals and 

the imputation process, may have contributed to a slight inflation of genomic estimates. 

The effects of pedigree-based and genomic inbreeding on female fertility and longevity traits are 

presented in Table 5.3. For fertility traits, no significant inbreeding depression was detected for FCI, 

with none of the four regression coefficients differing significantly from zero. In contrast, for AFC, 

an increase in inbreeding levels was associated with a delay in the onset of reproduction. This was 

evident from the positive regression coefficients for AFC, indicating that inbred animals took longer 

to conceive. Specifically, a 1% increase in inbreeding resulted in an increase in days to pregnancy of 

0.57 days for FPED, 2.51 days for FGRM, and 1.30 days for FROH. However, when FPED was estimated 

using only genotyped animals, the effect was not significant. Notably, genomic inbreeding measures 

showed a greater impact on inbreeding depression for AFC than pedigree-based estimates.  

For longevity, analyzed using a threshold model, an increase in inbreeding level had a notable 

impact on STAY traits, specifically on the probability of a cow remaining in the herd for subsequent 

parities. Given that longevity is a key factor for farm profitability, estimating inbreeding depression 

for this trait is essential for developing effective breeding strategies. A 1% increase in FPED was 

reported in Table 5.3 and resulted in a decrease in STAY liability for all the traits, indicating a 

reduction in the probability of survival of the cow at the next parity. When considering FPED for the 

reduced-dataset, a significant effect was observed only for STAY2, with an estimate of −0.032. For 

both genomic inbreeding measures, the probability of cows failing to remain in the herd for the next 

parity increased more markedly compared to pedigree-based estimates. The effects of inbreeding 

depression per 1% increase in genomic inbreeding measures using the low-density panel are presented 

in Supplementary Table S5.3. The inbreeding depression estimates for FGRM and FROH from non-

imputed data were consistent with those obtained in Table 5.3 using the imputed panel. 
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Table 5.3 Inbreeding depression estimates for growth, fertility. and stayability traits in Limousine cattle, expressed as change in the phenotype per 1% increase in 

inbreeding level. 

Trait FPED full-dataset FPED reduced-dataset FGRM FROH 

 Slope (β) 95% HPDI Slope (β) 95% HPDI Slope (β) 95% HPDI Slope (β) 95% HPDI 

Growth traits         

ADG, g/d -1.20 (-1.65; -0.75) -4.03 (-7.31; -0.76) -3.19 (-5.55; -0.83) -1.56 (-2.98; -0.13) 

WW, kg -0.25 (-0.34; -0.17) -0.92 (-1.57; -0.27) -0.93 (-1.77; -0.09) -0.41 (-0.69; -0.13) 

YW, kg -0.19 (-0.32; -0.06) -0.65 (-1.77; 0.48) -1.16 (-2.50; 0.17) -0.27 (-1.10; 0.57) 

BiW, kg -0.016 (-0.021; -0.012) -0.06 (-0.10; -0.02) -0.07 (-0.13; -0.02) -0.05 (-0.08; -0.02) 

Fertility traits         

AFC, days 0.57 (0.22; 0.93) -0.07 (-1.73; 1.60) 2.51 (1.19; 3.83) 1.30 (0.30; 2.20) 

FCI, days 0.15 (-0.08; 0.39) 0.45 (-0.46; 1.36) 0.16 (-1.48; 1.80) 0.05 (-0.91; 1.01) 

Stayability traits         

STAY2 -0.015 (-0.020; -0.010) -0.032 (-0.053; -0.012) -0.070 (-0.110; -0.024) -0.043 (-0.068; -0.018) 

STAY3 -0.014 (-0.019; -0.010) -0.016 (-0.041; 0.008) -0.056 (-0.088; -0.024) -0.025 (-0.052; 0.003) 

STAY4 -0.011 (-0.015; -0.007) 0.000 (-0.036; 0.038) -0.063 (-0.104; -0.023) -0.025 (-0.054; 0.004) 

Abbreviations: FPED = total pedigree inbreeding; FGRM = relationship matrix derived inbreeding; FROH = runs of homozygosity calculated with segment-based 

approaches; HPDI = high posterior density interval; ADG = average daily gain; WW = weaning weight; YW = yearling weight; BiW = birth weight; AFC = age at 

first calving; STAY2 = stayability2; STAY3, stayability3; STAY4 staybility4. 
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5.3.3 Phenotypic depression differences between high and low inbreeding groups 

To visualize the realized phenotypic depression in the studied population, we estimated the 

projected loss in growth traits for animals with low and high levels of pedigree and genomic 

inbreeding. To ensure direct and easy readability of results, inbreeding coefficients were scaled to 

pedigree inbreeding (%) to allow for direct comparison between pedigree and genomic inbreeding 

(FGRM and FROH) in the same figures (Figure 5.3 and Figure 5.4). Using predictions, we modeled the 

expected values of growth traits across different levels of pedigree and genomic inbreeding (Figure 

5.3). For the ADG, predicted values showed a sharp decline as inbreeding levels increased. A similar 

trend was evident for WW and YW, with higher inbreeding levels leading to substantial reductions 

in body weight. In contrast, BiW also declined with increasing inbreeding, though the reduction was 

less pronounced compared to other growth traits. 

We also evaluated the projected impact of inbreeding on fertility and longevity traits, using the 

same approach. For AFC, we applied predictions, whereas for STAY, a threshold trait, probability 

marginal predictions were used (Figure 5.4a and Figure 5.4b, respectively). An increase in inbreeding 

was associated with a clear increase in the predicted AFC, indicating a negative effect on fertility. 

The strongest inbreeding depression effects on AFC were observed for genomic inbreeding measures, 

with calving age increasing from approximately 1 022 to 1 065 days for FGRM and from 1 022 to 1 

060 days for FROH. FPED (reduced-dataset) displayed no effect, while FPED (full-dataset) exhibited the 

mildest increase in AFC. These results suggest that genomic measures more accurately capture the 

adverse effects of inbreeding on fertility. For STAY, increasing inbreeding led to a consistent decline 

in the probability of survival to subsequent parities, confirming inbreeding depression in longevity. 

The reduction in STAY was most pronounced for FGRM and FROH, followed by FPED (reduced-

dataset), while the least severe decline was observed for FPED (full-dataset). Specifically, for FGRM, 

the probability of survival decreased from 0.98 to 0.80 for STAY2, from 0.92 to 0.72 for STAY3, 

and from 0.84 to 0.52 for STAY4. Similarly, for FROH, survival probability declined from 0.98 to 0.77 

for STAY2, from 0.92 to 0.76 for STAY3, and from 0.84 to 0.61 for STAY4. 

To further investigate phenotypic depression, we compared growth traits between animals with 

low (10th percentile) and high (90th percentile) inbreeding levels (Table 5.4). Inbreeding had the 

greatest impact on WW, YW, and ADG, while BiW was the least affected. WW declined by up to 

9.25 kg (FPED, reduced-dataset), YW by 6.64 kg (FPED, reduced-dataset), and ADG by 43.44 g/d 

(FPED, reduced-dataset). The other most pronounced reductions were observed for genomic 

inbreeding measures, with FGRM decreasing WW by 3.91 kg, YW by 5.18 kg, and ADG by 13.82 g/d. 

In contrast, BiW showed a modest decline, with reductions of less than 0.4 kg across all inbreeding 

metrics. 
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Similarly, the projected impact of inbreeding on fertility and longevity traits was assessed by 

comparing lowly (10th percentile) and highly (90th percentile) inbred animals (Table 5.4). For AFC, 

inbreeding increased the trait values, particularly for genomic measures, rising from 1 021 to 1 031 

days (FGRM) and from 1 021 to 1 030 days (FROH). In terms of STAY, survival probabilities showed 

a decline across all inbreeding metrics, with the strongest effects for genomic inbreeding. For STAY2, 

the probability dropped from 0.98 to 0.95 (FGRM, FROH), while STAY3 declined from 0.93 to 0.88 

(FGRM) and from 0.93 to 0.89 (FROH). The most substantial reduction was observed for STAY4, where 

survival probability decreased from 0.85 to 0.77 (FGRM) and from 0.84 to 0.79 (FROH). Overall, the 

strongest inbreeding depression effects were observed when inbreeding was measured using FGRM 

and FROH, particularly for fertility and longevity traits. 

 

 

Figure 5.3 Expected phenotypic comparisons for growth traits between Limousine cattle with higher and lower 

inbreeding levels (gaussian prediction) (FPED = total pedigree inbreeding; FGRM = relationship matrix derived 

inbreeding; FROH = runs of homozygosity calculated with segment-based approaches). 
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Table 5.4 Projected phenotypic depression in growth, fertility, and stayability traits for low (10th percentile) and high (90th percentile) inbreeding levels in Limousine cattle. 

Trait FPED full-dataset FPED reduced-dataset FGRM FROH 

 Low High Difference 

(95% HPDI) 

Low High Difference 

(95% HPDI) 

Low High Difference 

(95% HPDI) 

Low High Difference 

(95% HPDI) 

Growth traits             

ADG, g/d 
962.33 943.13 19.02 to 19.37 984.05 940.61 41.00 to 45.88 994.53 980.71 12.94 to 14.69 993.79 982.75 10.34 to 11.74 

WW, kg 260.10 256.00 4.04 to 4.15 275.95 266.70 8.48 to 10.03 273.25 269.34 3.55 to 4.27 281.87 279.03 2.57 to 3.10 

YW, kg 330.85 327.47 3.33 to 3.43 364.98 358.34 6.00 to 7.30 368.52 363.34 4.60 to 5.75 371.78 370.77 0.90 to 1.11 

BiW, kg 38.91 38.64 0.267 to 0.271 39.11 38.45 0.62 to 0.69 37.77 37.45 0.30 to 0.34 39.43 39.08 0.33 to 0.38 

Fertility traits             

AFC, days 1 035 1 039 -3.97 to -3.86 1 024 1 023 0.35 to 0.40 1 021 1 031 -11.43 to -9.38 1 021 1 030 -9.81 to -8.08 

Stayability traits             

STAY2 0.79 0.76 0.031 to 0.035 0.97 0.95 0.020 to 0.023 0.98 0.95 0.0234 to 0.0246 0.98 0.95 0.0286 to 0.0290 

STAY3 0.56 0.52 0.038 to 0.042 0.92 0.90 0.021 to 0.025 0.93 0.88 0.0433 to 0.0436 0.93 0.89 0.0334 to 0.0338 

STAY4 0.38 0.35 0.027 to 0.030 0.83 0.82 0.001 to 0.005 0.85 0.77 0.0765 to 0.0771 0.84 0.79 0.0545 to 0.0551 

Abbreviations: FPED = total pedigree inbreeding; FGRM = relationship matrix derived inbreeding; FROH = runs of homozygosity calculated with segment-based approaches; HPDI = high posterior density interval; ADG = average daily gain; 

WW = weaning weight; YW = yearling weight; BiW = birth weight; AFC = age at first calving; STAY2 = stayability2; STAY3, stayability3; STAY4 staybility
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5.3.4 Impact of recent and ancient inbreeding 

We evaluated the effects of recent and ancient genomic inbreeding on growth and longevity traits. 

As expected, recent inbreeding had a stronger and more detrimental impact on studied traits compared 

to ancient inbreeding. The inbreeding depression estimated from homozygous segments was greater 

for longer segments (FROH4−8 and FROH>8), which indicates more recent inbreeding, compared to 

shorter segments (FROH1−2 and FROH2−4), which reflect more ancient inbreeding. The effects of a 1% 

increase in recent and ancient genomic inbreeding depression on growth and STAY traits are shown 

in Figure 5.5a and Figure 5.5b, respectively. The figures also display the highest posterior density 

intervals, which indicate the statistical significance of inbreeding depression estimates.  

For growth traits, both recent and ancient inbreeding were significantly associated with phenotypic 

reductions in BiW, WW, and YW, while no significant effects were observed for ADG. Specifically, 

a 1% increase in recent inbreeding (FROH4−8 and FROH>8) reduced BiW by 0.055 kg and 0.070 kg, 

respectively, whereas an equivalent increase in ancient inbreeding (FROH1−2 and FROH2−4) led to 

reductions of 0.045 kg and 0.048 kg, respectively. For both WW and YW, inbreeding depression was 

more pronounced for recent inbreeding than for ancient inbreeding. A 1% increase in FROH>8 reduced 

WW by 0.90 kg and YW by 0.93 kg, while the effect of ancient inbreeding (FROH1−2) was smaller, 

with reductions of 0.53 kg for WW and 0.36 kg for YW. Notably, FROH1−2 had no significant effect 

on YW.  

For fertility traits, including AFC and FCI, no significant associations were detected for either 

recent or ancient inbreeding. These results are therefore not displayed in Figure 5.5. Regarding 

longevity, recent inbreeding significantly reduced the probability of survival to the next parity for all 

STAY traits. A 1% increase in inbreeding decreased the probability of survival by 0.054 for STAY2, 

0.047 for STAY3, and 0.064 for STAY4 for recent inbreeding (FROH>8). In contrast, an increase in 

ancient inbreeding (FROH1−2 and FROH2−4) had a smaller effect, reducing the probability of survival by 

0.035 and 0.034 for STAY2 and by 0.025 for STAY4, while no significant effect was observed for 

STAY3. These results confirm the greater negative impact of recent inbreeding on longevity traits in 

Limousine cattle, with the strongest and cumulative effects observed in later parities. 

Additional analyses using low-density SNP panel data are reported in Supplementary Fig. S5.4. 

To further illustrate the phenotypic consequences of recent and ancient inbreeding, we estimated the 

projected losses in growth and STAY traits for animals with high versus low genomic inbreeding 

levels. These predictions over the inbreeding levels are shown in Figure 5.6a for growth traits and 

Figure 5.6b for STAY traits. The results confirm that phenotypic losses were more pronounced in 

animals with high levels of recent inbreeding (FROH4−8 and FROH>8) than in those with high levels of 

ancient inbreeding (FROH1−2 and FROH2−4). 
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Figure 5.5 The effects of 1% increase in recent and ancient genomic inbreeding based on runs of homozygosity 

calculated with segment-based approaches (FROH) on (a) growth and (b) stayability traits in Limousine cattle. 

The range of highest posterior density interval (HPDI) is shown  
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Figure 5.6 Projected phenotypic losses due to recent and ancient genomic inbreeding based on runs of 

homozygosity calculated with segment-based approaches (FROH) in Limousine cattle. (a) Growth traits 

(gaussian predictions). (b) Stayability traits (probability predictions). 
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5.4 Discussion 

5.4.1 Inbreeding coefficients  

In general, the mean FPED observed in this study was slightly lower than values reported by Mota 

et al. (2024) in Nellore cattle and by Pereira et al. (2016) for Zebu breeds. The mean FPED was also 

slightly lower than the value reported for American Angus cattle under genomic selection (Lozada-

Soto et al., 2021). However, it aligned closely with findings from Santana et al. (2010), Peripolli et 

al. (2018) and Mulim et al. (2025), that reported values below 2%. Notably, the FPED in our study was 

substantially lower than that reported for Line 1 Hereford cattle (29.2%) (Sumreddee et al., 2019) and 

Japanese black cattle (9.3%) (Nishio et al., 2023). It is not unexpected that pedigree inbreeding levels 

are higher in Line 1 Herefords compared to the Italian Limousine, given that the former have been 

maintained as a closed breeding line for over 85 years, originating from just two closely related bulls 

(paternal half-brothers) and 50 foundation cows (Sumreddee et al., 2019). The descriptive statistics 

for CGE and NCG further support the pedigree depth and completeness in our dataset, ensuring 

reliable estimates of inbreeding depression. However, partial incompleteness of pedigree information 

may have led to some underestimation of FPED. When using genomic inbreeding measures, the mean 

FGRM in our population was very similar to values reported in Nellore and Brazilian Angus cattle 

(Mota et al., 2024; Mulim et al., 2025). The mean FROH in our study was comparable to that estimated 

in American Angus cattle (Lozada-Soto et al., 2021) but higher than those observed in Nellore, 

Japanese black, and Brazilian Angus cattle (Mota et al., 2024; Nishio et al., 2023; Mulim et al., 2025). 

Although FROH estimated in the Hereford cattle was higher (23%) (Sumreddee et al., 2019). 

Correlations between FPED and genomic inbreeding measures (FGRM, FROH) have been widely 

studied in different species. Specifically, some research found FPED-FGRM correlations ranging from 

0.33 to 0.64, which were slightly lower than those reported in our study. Conversely, many other 

studies found FPED-FROH correlations in the range 0.64–0.71, consistent with our findings. These 

studies were assessed across multiple beef and dairy cattle populations (Lozada-Soto et al., 2021; 

Doekes et al., 2019; Sumreddee et al., 2019; Nishio et al., 2023; Martikainen et al., 2017). Zhang et 

al. (2015) also documented correlations of 0.47 to 0.82 between FPED and FROH in three dairy cattle 

breeds. In general, the observed correlations align with literature, with variation influenced by 

pedigree quality and ROH length. Pedigree depth and ROH segment length are key factors affecting 

FPED-FROH correlations, which tend to increase with deeper pedigree records (Sumreddee et al., 2019; 

M. Ferenčaković et al., 2013). Additionally, VanRaden et al. (2011) found that fixing minor allele 

frequency at 0.50 improved FGRM-FPED correlations. 
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Our findings for genomic inbreeding measures align with previous studies, where strong 

correlations between FGRM and FROH (0.81–0.97) have been reported in beef and dairy cattle (Lozada-

Soto et al., 2021; Doekes et al., 2019; Bjelland et al., 2013; Forutan et al., 2018). However, lower 

correlations (0.62–0.66) were observed in Holstein and Jersey cattle (Pryce et al., 2014), likely due 

to differences in population structure and breeding history. Overall, our results are consistent with the 

literature, which reports moderate to high correlations between FGRM and FROH in both beef and dairy 

cattle populations, as mentioned before. Contrary to our results, Mulim et al. (2025) reported negative 

correlations among FGRM and FROH measures. This discrepancy may be explained by methodological 

aspects of FGRM estimation, which relies on allele frequencies. When these frequencies diverge from 

those of the founder population, the estimation of inbreeding may become biased (Nishio et al., 2023). 

Such discrepancies are more likely to emerge at genomic level, where allele frequency changes can 

be more pronounced, leading to reduced or even negative correlations between inbreeding 

coefficients (Villanueva et al., 2021; Mulim et al., 2022). Finally, as expected, FROH classes 

representing recent inbreeding showed stronger correlations with each other than with those reflecting 

ancient inbreeding, and vice versa, a trend also observed in American Angus and Nellore cattle (Mota 

et al., 2024; Lozada-Soto et al., 2021).  

Considering FROH and the trend observed in the distribution of ROH segments (Figure 5.2), both 

within and across chromosomes, aligns with expectations that recombination progressively breaks 

down long homozygous segments over generations. The observed inter-individual variability 

suggests differences in inbreeding history within the population. The higher contribution of short 

ROH segments supports the hypothesis that inbreeding has accumulated over multiple ancestral 

generations rather than from recent mating of close relatives. The inter-chromosomal variability 

suggests that different chromosomes have experienced varying inbreeding histories. The higher 

prevalence of short ROH segments across chromosomes further supports the hypothesis that 

inbreeding has accumulated over multiple ancestral generations, rather than being a result of recent 

close relative matings. 

 

5.4.2 Pedigree and genomic inbreeding depression  

The use of genomic measures of autozygosity as an estimator of inbreeding has gained significant 

interest in livestock genetics. However, research on inbreeding depression based on genomic 

inbreeding coefficients remains limited, mainly due to the limited availability of genotyped animals 

across various species. This knowledge gap is particularly evident in beef cattle, since most studies 

on inbreeding effects have focused on dairy breeds (Bjelland et al., 2013).  
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In our study, the depressive effects of inbreeding were more pronounced for WW and YW 

compared to BiW. Similar trends were observed in American Angus cattle, where both pedigree-

based and genomic-based inbreeding led to decreased growth from birth to post-weaning (Lozada-

Soto et al., 2021). While some studies on Hereford and Angus reported no significant FPED effects on 

BiW (Sumreddee et al., 2019; Davis and Simmen, 2010), they did detect depressive effects on WW 

and other post-weaning traits, consistent with our findings. In American Angus, inbreeding 

depression was greater than in our study, with reductions of 0.03 kg in BiW (for both males and 

females) and 0.47 kg in WW for females and 0.50 kg for males (Lozada-Soto et al., 2021). Other 

studies in beef cattle suggest that a 1% increase in FPED reduces BiW by 0.02–0.06 kg and WW by 

0.19–0.44 kg (Carolino and Gama, 2008; Carrillo and Siewerdt, 2010a). In Hereford, although no 

significant effects were found for BiW or WW, YW decreased by 1.06 kg per 1% FPED increase, a 

larger effect than in our study (Sumreddee et al., 2019). This study also reported a significant 

reduction in ADG (0.006 kg/d), similar to what was reported in our results.  

Although genomic inbreeding research in growth traits is limited, studies in beef populations such 

as Hereford, American Angus, and Nellore have reported inbreeding depression. In Herefords, a 1% 

increase in FGRM was associated with a 0.53 kg decrease in WW, which is smaller than the effect 

observed in our study. For YW, the depression of −0.92 kg is similar to our findings. However, while 

a depressive effect was observed for YW using FGRM, no significant depression was detected for FROH 

in the studied population. In contrast to our results, no depressive effects were found on BiW due to 

FGRM or FROH, nor any effect on WW due to FROH. Regarding ADG, reductions similar to our findings 

were reported in Herefords, with values ranging from −0.003 to −0.006 kg/d for both FGRM and FROH 

(Sumreddee et al., 2019). In American Angus, Lozada-Soto et al. (2021) found depressive effects of 

genomic inbreeding on growth, with BiW decreasing by 0.04–0.05 kg in both males and females. For 

WW, authors observed smaller decreases (0.61 kg in males and 0.59 kg in females) per 1% increase 

in FGRM, but similar depression was observed with FROH. Finally, Garcia-Baccino et al. (2020), using 

homozygous SNPs (FHOM) as a measure related to FGRM, found a similar depressive effect of 

inbreeding on growth, reporting a decrease of 0.05 kg for BiW and 1.02 kg for WW. 

Inbreeding depression for reproductive traits in both beef and dairy cattle has been well 

documented. However, contrary to our results, studies on Japanese Black cattle have reported no 

significant inbreeding depression, either using pedigree or genomic measures, for AFC (Nishio et al., 

2023). Similarly, in Hereford cattle, no inbreeding depression for AFC was detected (Sumreddee et 

al., 2019). Conversely, studies in Alentejana cattle and Zebu, using pedigree and genomic inbreeding 

measures, have shown an increase in AFC, calving intervals, and days open (Pereira et al., 2016; 

Carolino and Gama, 2008). In comparison, in our results, genome-based inbreeding coefficients 
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tended to yield larger estimates of inbreeding depression for fertility traits than pedigree-based 

measures. This discrepancy may be attributed to several factors, such as errors in pedigree records, 

pedigree depth, expected versus actual identical by descent, and number of records. Previous studies 

in dairy and beef cattle (Pryce et al., 2014; Nishio et al., 2023) suggested that FPED might 

underestimate the inbreeding depression for female fertility traits 

Few studies have evaluated the impact of inbreeding on longevity and survival in beef cattle. A 

study on Alentejana cattle found that increased inbreeding levels were associated with reduced 

longevity (Carolino and Gama, 2008). Similarly, a meta-analysis by Doekes et al. (2021), reviewing 

154 studies across multiple livestock species, reported that a 1% increase in inbreeding led to an 

average reduction of 0.13% in trait mean values, including survival-related traits. This analysis also 

highlighted that genomic inbreeding measures were more effective in detecting inbreeding depression 

than pedigree-based estimates. Thompson et al. (2000) in dairy cattle found an increase in the level 

of inbreeding associated with a decrease in survival and concluded that survival and production 

represent a major challenge to the genetic programs of the US dairy industry. Additionally, a study 

on dairy cattle found that inbreeding had a statistically significant association with functional 

longevity (Sewalem et al., 2006). Our results, which highlight the detrimental effect of inbreeding 

depression on STAY traits, are consistent with those findings, as genomic inbreeding measures were 

more effective in detecting inbreeding depression in the Limousine population. 

Inbreeding depression had a more harmful effect on fertility and longevity traits. Differences 

observed in pedigree-based estimates between the full and the reduced-dataset may reflect the 

influence of pedigree completeness. Meanwhile, stronger genomic inbreeding depression effects 

suggest that genomic measures offer a more accurate representation of inbreeding depression. Indeed, 

inbreeding depression is population-specific (Howard et al., 2017), and its extent varies depending 

on factors such as population structure, the method used to estimate inbreeding and inbreeding 

depression, allele frequencies, the strength of directional selection, and the marker panel density 

(Sumreddee et al., 2019; Reverter et al., 2017).  

Our findings on inbreeding depression derived from imputed genotypes and the low-density panel 

align with Reverter et al. (2017), who consistently observed a negative impact of both marker- and 

segment-based genomic inbreeding on body weight in tropical cattle across marker panels of varying 

densities. This suggests that even with a lower-density marker panel, genomic inbreeding remains a 

reliable predictor of inbreeding depression in this context. 

 

5.4.3 Phenotypic depression differences between high and low inbreeding groups 
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Our results indicate a clear phenotypic depression in growth traits associated with increased 

inbreeding. Across all inbreeding measures, animals in the high inbreeding group exhibited lower 

predicted performance compared to those in the low inbreeding group, confirming the detrimental 

effects of increased homozygosity on production and reproductive traits. Among growth traits, the 

most pronounced effects were observed for ADG, WW, and YW, while BiW showed a milder decline. 

The strong depressive effect was found on ADG and the associated reductions in WW and YW, likely 

stemming from a loss of heterozygosity at loci controlling postnatal growth. In contrast, BiW was 

less affected, possibly due to its lower environmental sensitivity compared to postnatal growth stages. 

BiW is strongly influenced by maternal effects (Carrillo and Siewerdt, 2010a), which may buffer the 

impact of inbreeding depression. This is consistent with findings in American Angus cattle, where 

post-weaning traits exhibited greater phenotypic depression than BiW (Lozada-Soto et al., 2021). 

Similarly, our analysis of fertility and longevity traits reveals clear phenotypic depression 

associated with increased inbreeding levels. Inbreeding was linked to delayed sexual maturity, as 

indicated by the increase in AFC among the group of highly inbred animals. This delay in first 

calving, often leading to prolonged calving intervals, increases the risk of involuntary culling, 

negatively impacting reproductive efficiency (Parland et al., 2007). The strongest inbreeding 

depression effects were observed for genomic inbreeding measures (FGRM and FROH), which showed 

the highest increase in AFC. This may reflect the ability of genomic metrics to better capture the 

realized homozygosity at deleterious loci compared to pedigree-based measures, particularly in 

populations with shallow pedigrees. However, it is important to consider that the estimation of 

inbreeding depression using genomic data in addition might be influenced by the non-random 

selection of genotyped animals and the imputation process. Although, several studies have 

highlighted the advantages of genomic-based measures in estimating inbreeding depression in respect 

to pedigree inbreeding (Keller et al., 2011; Howard et al., 2017). For longevity, increasing inbreeding 

levels were associated with reduced survival probability across parities, reinforcing the negative 

impact of inbreeding on long-term reproductive success. The decline in STAY was particularly 

evident for later parities (STAY3 and STAY4), suggesting the cumulative effect of inbreeding over 

time. The mildest reduction in survival probability was seen for FPED, indicating that pedigree-based 

inbreeding measures may underestimate the long-term consequences of inbreeding on longevity. This 

aligns with studies showing that inbreeding depression in longevity becomes more pronounced as 

animals age, likely due to the accumulation of deleterious alleles affecting survival and reproduction 

(Parland et al., 2007; Leroy, 2014). 

The difference between lowly and highly inbred animals was more evident when using genomic 

inbreeding measures (FGRM and FROH) compared to FPED. The stronger effects observed with genomic 
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inbreeding measures likely reflect their ability to capture actual homozygosity rather than relying on 

expected values from pedigree calculations (Nishio et al., 2023). Our findings indicate that the 

accumulation of pedigree and genomic inbreeding in the Italian Limousine population is detrimental 

to growth performance, particularly ADG, as well as fertility and longevity, with AFC and STAY 

being the most affected traits. Therefore, careful monitoring of genetic diversity and inbreeding levels 

in the Limousine breed is essential to mitigate these negative effects and ensure sustainable 

productivity. 

 

5.4.4 Impact of recent and ancient inbreeding 

As expected, our results confirm the largely unfavorable effects of recent inbreeding on animal 

weight, highlighting its substantial impact on performance. Previous studies in beef cattle have 

reported that recent inbreeding (estimated from pedigree, ROH, and HBD segments) has a greater 

negative effect on BiW, WW, and post-weaning gain than ancient inbreeding (Lozada-Soto et al., 

2021). Similarly, another study focusing on growth and carcass traits found that recent ROH-based 

inbreeding was more detrimental to beef cattle growth than ancient inbreeding (Mota et al., 2024). In 

dairy cattle, recent genomic inbreeding (measured through ROH and HBD) has also been shown to 

have stronger negative effects on production traits compared to ancient inbreeding (Doekes et al., 

2019; Makanjuola et al., 2020). In another study in the German Holstein, the authors found that, for 

productive traits, the unfavourable effect of a 1% increase in inbreeding was larger when inbreeding 

was estimated using short ROH compared to longer ROH segments (Mugambe et al., 2024). 

In our study, no significant effects of inbreeding were detected for fertility traits in the Italian 

Limousine population. This aligns with findings in American Angus cattle, where no significant 

effects of either recent or ancient inbreeding were observed for heifer pregnancy (Lozada-Soto et al., 

2021). In dairy cattle, studies have yielded mixed results: some found no significant effects of recent 

or ancient inbreeding on fertility traits (Doekes et al., 2019) while others reported that recent pedigree 

and genomic inbreeding were more detrimental to fertility than ancient inbreeding (Maltecca et al., 

2020; Makanjuola et al., 2020).  

The observed negative effects of inbreeding on longevity traits (STAY) in the Limousine 

population align with the documented detrimental impact of inbreeding depression. However, our 

study provides novel insights by distinguishing the effects of recent and ancient inbreeding on 

functional longevity in beef cattle. Our findings demonstrate that recent inbreeding had a significantly 

stronger negative impact on STAY traits than ancient inbreeding, suggesting that recent inbreeding 

may lead to the fixation of recessive deleterious alleles with stronger detrimental effects on survival 

and reproductive longevity. The absence of significant associations between ancient inbreeding and 
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STAY3 further supports this hypothesis, as purging mechanisms may have eliminated the most 

harmful alleles affecting survival beyond early parities. The stronger inbreeding depression observed 

in later parities (STAY4) suggests a cumulative effect, where increased homozygosity progressively 

reduces an animal’s ability to remain productive in the herd. This pattern is consistent with previous 

studies showing that inbreeding depression tends to intensify in traits related to fitness and survival 

over time (Parland et al., 2007). While no prior research has directly compared recent and ancient 

inbreeding for STAY traits, studies on inbreeding depression in fertility and survival traits in both 

beef and dairy cattle have consistently reported stronger effects of inbreeding on reproductive 

performance and longevity-related traits (Pryce et al., 2014). Given that STAY is influenced by both 

reproductive success and survival, it is reasonable to infer that recent inbreeding may reduce 

reproductive resilience, increasing the likelihood of early culling. 

The stronger detrimental effects of recent inbreeding compared to ancient inbreeding in this study 

underscore its significant impact on both reproductive and production traits in the Limousine breed. 

Our results align with previous findings in beef and dairy cattle, where recent inbreeding was found 

to have more severe consequences than ancient inbreeding across various traits (Mota et al., 2024; 

Lozada-Soto et al., 2021; Doekes et al., 2019; Makanjuola et al., 2020). The stronger detrimental 

effects of recent inbreeding can be attributed to the progressive elimination of harmful alleles over 

multiple generations. Both natural and artificial selection play a role in decreasing the prevalence of 

deleterious alleles in older generations (Leroy, 2014). Conversely, longer ROH segments, indicative 

of recent inbreeding, are more likely to carry recessive or harmful alleles due to fewer recombination 

events, thus amplifying their negative impact on phenotypic traits (Charlesworth and Willis, 2009). 

Our findings highlight the importance of distinguishing between recent and ancient inbreeding when 

monitoring inbreeding trends in beef cattle populations. 

 

5.5 Conclusions 

Our findings confirm that inbreeding has a negative impact on the traits studied, leading to reduced 

reproductive efficiency and decreased lifetime productivity. Both pedigree and genomic inbreeding 

depression for growth were observed, with the depressive effects on growth becoming more 

pronounced from birth to weaning and continuing through post-weaning weight and ADG. 

Furthermore, recent genomic inbreeding had a more detrimental effect on growth compared to 

inbreeding accumulated over more ancient periods. 

Inbreeding also reduced the probability of cows remaining in the herd for the next parity, as 

indicated by its impact on STAY. Fertility was similarly affected, with inbreeding depression 

particularly evident in the AFC. This reduction in longevity and survival negatively impacts herd 
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sustainability by increasing replacement rates and production costs. Our results suggest that 

inbreeding negatively influences functional longevity, likely due to the expression of deleterious 

recessive alleles affecting health and fertility. Moreover, recent genomic inbreeding was found to 

have a more harmful effect on longevity than inbreeding accumulated over more ancient periods. 

Therefore, genetic management strategies that control inbreeding levels, especially recent genomic 

inbreeding, are essential for maintaining longevity and reproductive efficiency in beef cattle 

populations. 

In addition to the potential loss of genetic diversity, inbreeding can reduce the mean fitness of 

individuals, exacerbating inbreeding depression. These findings underscore the need to manage 

genetic diversity and refine selection strategies to mitigate the negative effects of inbreeding, ensuring 

sustainable beef production. Specifically, genomic inbreeding coefficients may better reflect the 

depressing effects of realized inbreeding than pedigree-based methods. This allows breeders to 

implement more effective mating strategies and avoid pairing closely related animals, ultimately 

supporting sustainable breeding practices and the long-term productivity of livestock. 
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5.15 Supplementary Material 

5.15.1 Supplementary Table 

Supplementary Table S5.1 Comparison of imputation accuracy and quality metrics in Limousine cattle 

between full imputation and masked-marker validation approaches, including square correlation (r²), 

mendelian errors, and single-nucleotide polymorphism (SNP) retention rates. 

Quality metrics Imputation (Full) Imputation with Masked Markers 

Square correlation (r²) 0.99 0.98 

Mendelian Errors (%) 0.42 % 0.75 % 

SNP Retention (%) 98% successfully imputed 98% successfully imputed 
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Supplementary Table S5.2 Estimates of heritability and variance components for Limousine, considering growth and fertility traits, using a single trait model. 

Values within parentheses represent the highest posterior density interval (HPDI). 

Traits Heritability (h2) Variance components 

  σa
2 σhy

2  σmpe
2  σh

2 σe
2 

Growth traits1       

ADG, kg/d 0.10 (0.09; 0.10) 70.83 (66.65; 75.36) 248.90 (240.80; 256.90) - - 410.85 (406.80; 414.50) 

WW, kg 0.15 (0.14; 0.16) 210.13 (193.40; 224.20) 673.24 (648.10; 697.60) 14.18 (7.90; 20.21) - 487.57 (476.90; 497.90) 

YW, kg 0.17 (0.16; 0.18) 477.26 (439.70; 509.40) 1 513.44 (1 456.00; 1 566.00) - - 781.60 (756.40; 809.00) 

BiW, kg 0.11 (0.10; 0.12) 1.43 (1.37; 1.50) 5.29 (5.15; 5.43) 0.22 (0.19; 0.25) - 5.97 (5.92; 6.03) 

Fertility traits2       

AFC, days 0.18 (0.15; 0.20) 388.10 (327.60; 435.00) - - 510.26 (466.00; 556.50) 1 274.94 (1 232.00; 1 320.00) 

FCI, days 0.10 (0.07; 0.12) 368.62 (273.00; 453.20) - - 538.19 (472.00; 614.80) 2 865.88 (2 777.00; 2 956.00) 

Abbreviations: σa
2 = additive genetic variance; σhy

2  = herd- year variance; σmpe
2  = maternal permanent environmental variance; σh

2  = herd variance;  σe
2 = residual 

variance; ADG = average daily gain; WW = weaning weight; YW = yearling weight; BiW = birth weight; AFC = age at first calving; FCI = first calving interval. 
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Supplementary Table S5.3 Inbreeding depression in Limousine cattle, expressed as the change in growth, 

fertility, and stayability traits per 1% increase in inbreeding. Estimates from the low-density SNP panel are 

included for comparison with results from imputed data to show consistent patterns. 

Trait FGRM FROH 

 Slope (β) 95% HPDI Slope (β) 95% HPDI 

Growth traits1     

ADG, g/d -1.64 (-6.18; 2.88) -0.47 (-2.69; 1.74) 

WW, kg -1.02 (-1.90; -0.13) -0.26 (-0.69; 0.18) 

YW, kg -1.32 (-2.58; -0.07) -0.25 (-0.76; 0.26) 

BiW, kg -0.07 (-0.13; -0.02) -0.03 (-0.06; -0.01) 

Fertility traits2     

AFC, days 1.90 (0.08; 3.71) 1.01 (0.23; 1.79) 

FCI, days 0.09 (-1.95; 2.12) -0.06 (-0.88; 0.76) 

Stayability traits3     

STAY2 -0.11 (-0.16; -0.06) -0.04 (-0.06; -0.02) 

STAY3 -0.07 (-0.12; -0.03) -0.03 (-0.06; -0.01) 

STAY4 -0.09 (-0.14; -0.06) -0.04 (-0.07; -0.01) 

Abbreviations: FGRM = relationship matrix derived inbreeding; FROH = runs of homozygosity calculated with 

segment-based approaches; HPDI = high posterior density intervals; ADG = average daily gain; WW = 

weaning weight; YW = yearling weight; BiW = birth weight; AFC = age at first calving; FCI = first calving 

interval; STAY2 = stayability2; STAY3 = stayability3; STAY4 = staybility4
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5.15.2 Supplementary Figure 

Supplementary Figure S5.1 Distribution of pedigree and genomic inbreeding in Limousine cattle. Genomic inbreeding is based on the diagonal of the genomic 

relationship matrix, based on Runs of Homozygosity (ROH) and partial ROH inbreeding (FPED = total pedigree inbreeding; FGRM = relationship matrix derived 

inbreeding; FROH = runs of homozygosity calculated with segment-based approaches)
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Supplementary Figure S5.2 Mean pedigree and genomic inbreeding in Limousine cattle from animals born 

2000 to 2023. The inbreeding measures shown include pedigree inbreeding, genomic inbreeding, which is 

based on the diagonal of the genomic relationship matrix and Runs of Homozygosity (ROH). 
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Supplementary Figure S5.3 Estimated regression coefficients for genomic relationship matrix derived inbreeding (FGRM) and Runs of Homozygosity calculated 

with segment-based approaches (FROH) from imputed data against their counterparts from the low-density panel in Limousine cattle (FROH = runs of homozygosity 

calculated with segment-based approaches; FGRM = relationship matrix derived inbreeding).  
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Supplementary Figure S5.4 The effects of 1% increase in recent and ancient genomic inbreeding depression on growth and stayability traits in Limousine 

cattle, using low-density panel (FROH = runs of homozygosity calculated with segment-based approaches). 
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6. Evaluating genotype by environment interaction 

for growth traits in Limousine cattle 
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Abstract 

 Environmental conditions affect the growth and health of animals, making it crucial to quantify 

heat stress and the genetic basis of heat tolerance in animal breeding. The main objective of this study 

was to evaluate heat stress on beef cattle growth and investigate the genetic background of tolerance 

to harsh environmental conditions in the Italian Limousine beef cattle. Three growth traits were 

analysed: average daily gain (ADG), weaning weight (WW), and yearling weight (YW). Data were 

collected from animals raised between 1991 and 2022 and combined with 14 environmental 

covariates. Records for ADG, WW, and YW encompassed 108 205, 100 058, and 24 939 individuals, 

respectively, with 4 617, 4 670, and 2 048 genotyped individuals. Climatic variables were compared 

for inclusion in a linear mixed model using the Deviance Information Criterion. Multiple-trait models 

and genomic information incorporated environmental conditions with the largest impact on the 

studied traits Genotype by environment interaction (G × E) was detected in all the studied traits, 

showing substantial heterogeneity of the variance components across the different environments 

(Env). Heritability for WW remains constant among Env; instead, for ADG and YW decreased under 

uncomfortable environmental conditions. YW showed the lowest genetic correlation (0.28) between 

divergent conditions (Env 2 and Env 5,) for ADG and WW correlations dropped below 0.50 among 

Env. The values of genetic correlations indicate that growth traits are moderately to strongly affected 

by G × E. Eigenvalue decomposition of the additive genetic (co)variance matrix for ADG, WW, and 

YW indicated that three components accounted for over 0.80 of the proportion of the variance 

explained, suggesting different animal performances across Env. Spearman rank correlations showed 

potential re-ranking of genotyped sires, because ADG, WW, and YW showed correlations between 

Env below 0.80. The accuracy of single-step genomic EBV was higher compared to EBV for al traits. 

Overall, the result confirms the existence of G × E for growth traits in the Italian Limousine 

population. Including G × E in the model allows for more environment-aware predictions, helping 

breeders understand how different genetic bases respond to varying conditions. Genomic predictions 

incorporating G × E could accelerate genetic gains and improve response to selection for heat 

tolerance.  

Keywords: growth, animal resilience, heat stress, multiple trait model, beef breed 

 

Highlights 

• Investigation of the genetic control of heat tolerance in Limousine cattle. 

• Variance components for growth traits vary across environments. 

• Spearman correlations confirmed possible sires re-ranking in different environment. 

https://www.sciencedirect.com/topics/agricultural-and-biological-sciences/critical-thermal-maximum
https://www.sciencedirect.com/topics/agricultural-and-biological-sciences/growth-traits
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• Highlights the need for selecting animals that thrive under specific conditions. 

• Results guide breeding resilient cattle, enhancing productivity in climate change. 

 

Implications  

This study investigated the genotype by environment interaction of three production traits (average 

daily gain, weaning weight, and yearling weight) in the Italian Limousine population. We found that 

growth is moderately to strongly determined by the genotype by environment interaction. Our 

findings show that growth performance varies significantly across environments, underscoring the 

importance of selecting animals that cope with specific conditions. These results can guide breeding 

programs to develop more resilient cattle, improving productivity and animal welfare in the context 

of climate change. 

 

6.1 Introduction 

Heat stress has been reported as a cause of decreased performance in livestock, resulting in 

significant economic losses and reduced animal health and welfare. Physiology, health, and 

metabolism could be severely damaged by increased temperatures (Nardone et al., 2010). For 

example, St.-Pierre et al. (2003) estimated $360 million in annual losses due to heat stress in the US 

beef sector. One effective strategy to overcome this problem is to select animals that are less sensitive 

to environmental stress and more adapted to harsh conditions (Renaudeau et al., 2012). The genetic 

control on tolerance to heat stress is attributable to the genotype by environment interaction (G × E) 

(Tiezzi and Maltecca, 2022). Therefore, genetic evaluation of G × E is constantly increasing in the 

livestock sector, especially for economically important traits.  

Genotype by environment interaction imply that different genotypes may respond differently to 

environmental changes, affecting performance across different environments. Research on cattle and 

pigs has shown that the genetic component of heat stress is negatively correlated with production 

performance (Zumbach et al., 2008b; Biffani et al., 2016; Bradford et al., 2016). Additionally, studies 

have also demonstrated the existence of G × E for reproduction traits, showing a negative association 

between the genetic component of heat stress and the reproductive performances (Ravagnolo and 

Misztal, 2002a; Bernabucci et al., 2014; Tiezzi et al., 2020; Chen et al., 2021).  

Quantifying the magnitude of G × E is a significant challenge. Therefore, developing strategies 

and tools to enhance the efficiency and sustainability of beef production is necessary to understand 

specific sector problems and the genetic background of sensitivity to environmental variation. One 

complication in modelling heat stress in beef cattle is that only the weight of animals at particular 

https://www.sciencedirect.com/topics/agricultural-and-biological-sciences/climate-change
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growth stages is often available. Another complication is compensatory growth, where animals can 

recover weight lost due to previous stress periods caused by heat stress (Beccari et al., 1983; Mader 

and Davis, 2004; Santana et al., 2016). One way to address these issues is to assume that heat load 

accumulates over the animals' lifetime or until a certain weight. 

Generally, genetic analyses of heat stress in pigs (Zumbach et al., 2008a,b; Fragomeni et al., 

2016a) and beef cattle (Bradford et al., 2015; Santana et al., 2016) are based on heat load function for 

live or carcass weight in growing/finishing animals. In selection, the presence of G × E is explored 

using multi-trait models (MT) or reaction norm models (Tiezzi and Maltecca, 2022). In the MT 

model, a trait measured in multiple environments is considered a different trait in each environment. 

Consequently, the animal's breeding values the environmental conditions, reflecting the 

heterogeneous impact of the genetic background across different environments. Environmental 

conditions must be treated as categorical variables so that the MT provides a breeding value estimate 

for each environment. This approach is called a multi-environment trial, where a set of genotypes or 

families are raised in several environments (Isik et al., 2017). Proper analyses of multi-environment 

trial can determine which animals perform better in a specific environment and understand the 

relationship among environments in terms of G × E patterns. Genetic correlations between 

environments lower than 0.80 have been proposed in animal breeding as evidence of G × E 

interactions (Hayes et al., 2016). Moreover, correlations below 0.70 suggest considerable reranking 

of selection candidates, confirming G × E (Mulder and Bijma, 2007). For this reason, it is 

recommended to assess separate breeding programs and consider the effect of the environment on the 

genetic or genomic model.  

In cattle breeding programs in Italy, routine genetic evaluations do not account for G × E. This 

justifies a study to identify genetically superior individuals for tolerance to heat stress in the 

Limousine population, a French beef breed typically used in local or dairy crossbreeding systems or 

as a pure breed (Bouquet et al., 2011). It is widely raised in the Mediterranean, with a relevant 

presence in Italy. However, this population is distributed across the entire national territory, 

predominating in Central and Southern Italy. The diversity of Italian territory led to different farm 

management and environmental conditions, affecting the animals and exposing them to varying 

humidity and temperature levels. Consequently, animals’ performance can be negatively affected. 

Understanding the extent of environmental variability in Italy is crucial. Animals can experience 

significant heat stress, especially during the summer months. In many regions, cattle may face over 

50 days of high temperatures (CNR-ISAC, http://www.isac.cnr.it), leading to heat stress.  

This context underscores the importance of considering G × E interactions in breeding programs, 

as it could significantly influence animal performance and welfare, guiding breeders towards G × E-
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aware breeding values. Therefore, the objectives of this study were: (a) to identify the environmental 

parameter with the most substantial impact on growth; (b) to estimate the impact of heat stress on 

genetic parameters; (c) to compare pedigree-BLUP and Single-Step genomic BLUP for the genetic 

evaluations for heat tolerance using a multiple-trait approach. The study was conducted on the Italian 

Limousine beef cattle population. 

 

6.2 Material and methods 

6.2.1 Animal data 

Data were obtained from a pre-existing database; therefore, Animal Care and Use Committee 

approval was unnecessary. The National Italian Association of Limousine and Charolais Breeders 

provided phenotypic, pedigree, and genomic information. Records were collected on animals born 

between 1991 and 2022 and raised in herds in the national territory. The traits analysed were weaning 

weight (WW, kg), yearling weight (YW, kg), and average daily gain (ADG, g/d). Firstly, WW was 

measured considering a range of 170-250 days of age and YW at 290-440 days of age in the 

Limousine population. For each animal, ADG was calculated as the difference between two weights 

ranging from 30 days (minimum) to 150 days (maximum). 

ADG, WW, and YW records of contemporary groups with less than five individuals were excluded 

from the dataset for data editing, with groups defined by concatenating the herd and the animal’s birth 

year. Moreover, phenotypic records outside the interval of the mean +/-3.5 standard deviation units. 

After editing, the final database included 108 205, 100 058, and 24 939 animals for ADG, WW, and 

YW, respectively. For the subsequent analyses, the age of animals was grouped into two classes using 

the median (118, 205, and 323 days of age for ADG, WW, and YW, respectively). The age of the 

dam at calving was divided into five classes using the first four quintiles as discriminants to create a 

balanced number of observations in each class. Dividing the age of animals into two classes using the 

median reduces variability from individual age differences, which is useful where there is significant 

variation in age-related growth traits. It is also less sensitive to outliers, producing more robust and 

reliable results. Moreover, including fixed effects for age classes in our model can help control for 

age-related variation in weight. 

We considered only animals with known sires and dams to analyse all the investigated traits. 

Finally, general information and descriptive statistics used in this study from the three final datasets 

were summarised in Table 6.1. In addition, Figure 6.1 illustrates the distribution of animals and herds 

for ADG, WW, and YW across the 20 Italian regions. Supplementary Table S6.1 provides the 
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percentage distribution of herds and the number of animals for these growth traits in the seven most 

representative Italian regions. 

 

Table 6.1 Descriptive statistics of traits, number of farms, contemporary groups (CG), sires, dams, and effects 

for cattle under study. 

Traits Descriptive statistics  

  N. of records  N. of animal with 

records 

mean SD N. of Farm N. of CG N. sires N. dams 

                

ADG 108 205 108 205 1.04 0.28 829 5 712 3 783 39 014 

WW 100 058 100 058 247.9 46.54 838 6 102 4 019 40 548 

YW 24 939 24 939 354.5 65.61 550 2 030 2 162 16 090 

Abbreviations:  ADG = average daily gain; WW = weaning weight; YW = yearling weight. 

 

 

Figure 6.1 Frequency of cattle and herds across Italian regions for average daily gain (ADG, kg/d), weaning 

weight (WW, kg), and yearling weight (YW, kg). 



206 
 

6.2.2 Meteorological data and environmental descriptors 

Several previous studies have used weather stations; however, data from meteorological stations 

could be limited for a specific time because the complete information is not always accessible. The 

National Aeronautics and Space Administration (NASA/POWER, https://power.larc.nasa.gov) 

provides a surrogate to the meteorological stations where weather data are obtained from satellite 

observations (Van Wart et al., 2015). Rockett et al. (2023) compared weather parameters and 

temperature humidity index (THI) values collected from weather stations against NASA/POWER 

estimates. The study showed that climatic data from the stations were highly correlated (with a 

Pearson correlation larger than 0.80) with data from NASA POWER; therefore, weather station data 

could be replaced. 

Herds’ positions were matched with their corresponding latitude and longitude coordinates to 

obtain data from NASA POWER. Meteorological data including average daily temperature (Temp, 

°C), relative humidity (RH, %), and the dew point (DP, °C Td) were downloaded. Subsequently, the 

average THI (National Oceanic and Atmospheric Administration, 1976) was calculated as: 

THI = (1.8 × Temp + 32) − (0.55 − 0.0055 × RH) × (1.8 × Temp − 26) 

Where Temp is the temperature in degrees Celsius, and RH is the relative humidity, expressed in 

percentage. Heat stress in animals was further characterised by calculating the heat load, which is the 

cumulative THI units above a certain threshold (70 or 75) over a specified period (Zumbach et al., 

2008a; Santana et al., 2015; Bradford et al., 2016). This was applied to datasets ADG, WW, and YW. 

The heat load function was defined as follows: 

heat load 70 = max (0,∑THI − 70) 

heat load 75 = max (0,∑THI − 75) 

THI was the accumulated THI for the animals on the days leading up to the weight measurement date 

or between the two dates for ADG. When THI was below the threshold, the model assumed that heat 

stress does not impact animal growth, and heat load was assigned to a value of 0. Conversely, when 

the average daily THI exceeds the threshold (either 70 or 75), heat load is assigned a positive value, 

reflecting the degree of heat stress experienced by the animals. 

A range of 30 days before the weight data for WW was chosen based on Bradford et al. (2016). 

Instead, we reduce YW from 150 to 30 days because Bradford et al. (2016) found that cattle may 

have recovered to heat stress during the 150 days, resulting in no detectable G × E intersection. For 

ADG, a period of 30-150 days was chosen, assuming that in this gap, environmental parameters may 

negatively affect the growth of animals. Therefore, averaged weather data for the three analysed traits 

were calculated into these periods. This range was chosen based on the period during which 

https://power.larc.nasa.gov/
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significant weight gain occurs, reflecting the average environmental conditions affecting the cattle. 

This interval was also selected to assess the impact of heat stress on growth as reported in the literature 

these time frames are crucial for cattle accumulating stress due to environmental factors. Including 

this range for ADG was intentional to capture the impact of environmental stressors on cattle growth 

during these critical periods. Additionally, the mean values at the first and third quartile were 

considered because NASA POWER provides daily averages, not hourly values. Using only minimum 

and maximum would underestimate the effect of extreme conditions on the animals. Finally, 14 

variables describing climatic conditions were obtained, as detailed in Supplementary Table S6.2. 

 

6.2.3 Heat stress analysis model  

The 14 environmental variables were categorised into 5 classes (Supplementary Table S6.2) to 

define ‘environmental conditions’ (Env). By grouping animals based on these classes, it is possible 

to evaluate the impact of different levels of environmental stress on growth traits (ADG, WW, and 

YW). The five classes of the Env were created using the first four quintiles as discriminants, allowing 

a balanced number of observations per each Env category. For each environmental variable, the 5 

classes represent the different levels of environmental stress. Animals were grouped according to the 

environmental conditions at their respective locations. The 5 Env were defined as follows: Env 1 

(extremely uncomfortable), Env 2 (moderately comfortable), Env 3 (comfortable), Env 4 (moderately 

uncomfortable), and Env 5 (extremely uncomfortable), respectively. An exception was for RH, where 

the 5 classes were defined differently: Env 1 (comfortable), Env 2 (moderately comfortable), Env 3 

(moderately uncomfortable), Env 4 (uncomfortable), and Env (5 extremely uncomfortable), 

respectively. For heat load, the classes were treated differently: Env 1 (comfortable, with all heat load 

values equal to 0), and from env 2 until env 5, the classes were divided incrementally based on the 

heat accumulated by the animals.  

Because most of the analysed environmental variables were derived from Temp and DP, Env 1 

(extremely cold environment) and Env 5 (extremely hot environment) were both considered 

"extremely uncomfortable." Although cattle typically do not have problems with cold weather, 

extreme cold is still classified as uncomfortable due to its potential negative impact. Toghiani et al. 

(2020) found that cold stress as an environmental stressor could impact overall health and cattle 

productivity, in particular birth and weaning weight. The classification changes regarding to relative 

humidity, where the lowest values are the most comfortable. 

 

6.2.4 Detection of best environmental covariates  
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The effect of the environmental conditions on ADG, WW, and YW was assessed using the 

following linear mixed model (Model 1 to evaluate the response of growth to a specific environment: 

yijklm  =  μ + envi + sexj + agek + ageDl + envi ∗ sexj + envi ∗ agek + envi ∗ ageDl + agek

∗ ageDl + hym + eijklm  [1] 

Where yijklm was the measurements of ADG, WW, and YW, μ was the intercept of the model; envi 

was the fixed effect of the environmental covariates divided into 5 classes i; sexj was the fixed effect 

of the sex; agek was the fixed effect of the age of the animals, divided into 2 levels using median (for 

YW we correct the model using age as a linear covariate); ageD, was the fixed effect of age dam class 

(5 levels); hym was the random effect of the herd year; eijklm was the residual error. The model also 

included all the two-way interactions among the fixed effects. These analyses were implemented 

using the function lmer of package ‘lme4’ (Bates, 2010) of the R software (R Core Team, 2020), 

using a maximum-likelihood estimator (option REML=FALSE in lmer). The models were compared 

based on the Deviance Information Criterion, with smaller values indicating better model fit. 

 

6.2.5 Pedigree and genotypes 

The raw pedigree file included 493 125 animals across more than 10 generations. Therefore, 

animals were traced back to 7 generations, including 44 304, 48 231, and 33 478 animals for ADG, 

WW, and YW, respectively. 269, 265, and 139 animals were genotyped with GeneSeek GGP Bovine 

150K (HD, number of SNPs = 119 854) for ADG, WW, and YW, respectively. 4 348, 4 404, and 1 

909 animals were genotyped with GeneSeek GGP Bovine LD v3 (number of SNPs = 28,299) for 

ADG, WW, and YW, respectively. The two panels shared 14 079 SNPs. Due to the low number of 

genotyped animals in HD compared to LD, animals genotyped with GeneSeek GGP Bovine 150K 

were imputed to GeneSeek GGP Bovine LD starting from the 14,079 SNPs shared. FImpute v.3 

(Sargolzaei et al., 2014) was used with default parameters to impute genotypes. 

Quality control and data filtering of genotype data were performed with PLINK v1.9 (Chang et 

al., 2015). Therefore, in the quality control autosomal SNPs and individuals with less than 10% of 

missing values, minor allele frequency higher than 0.01 and a call rate higher than 90% were retained. 

Thus, 22 910, 22 903, and 22 921 SNPs for 4 617, 4 670, and 2 048 animals for ADG, WW, and YW, 

respectively, were included in the successive analyses. Table 6.2 summarises the number of genotyped 

animals per category, considering males and females with phenotype, sires, and dams. 
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Table 6.2 Number of genotyped cattle across the three studied traits, considering animals with phenotype, 

sires, and dams. 

Traits Male with phenotype Sires Female with phenotype Dams Total 

ADG 1 224 551 1 775 1 067 4 617 

WW 1 127 675 1 565 1 303 4 670 

YW 266 431 449 902 2 048 

Abbreviations: ADG = average daily gain; WW = weaning weight; YW = yearling weight; Males with 

phenotype = are those individuals showing a phenotypic record in the dataset. They may appear as sires or 

other individuals; Sires = are those individuals not showing a phenotypic record in the dataset, but they appear 

as sires of individuals with phenotypes; Female with phenotype = are those individuals showing a phenotypic 

record in the dataset. They may appear as dams or other individuals; Dames = are those individuals not showing 

a phenotypic record in the dataset, but they appear as dams of individuals with phenotypes. 

 

6.2.6 Model and analyses for variance components and breeding value estimates 

Univariate model. Separate univariate models were used to mimic the national Limousine 

evaluation for growth traits without including the G × E effect. The models were defined as follows 

(Model 2): 

yijklm  =  μ + sexi + agej + ageDk + al + cgm + eijklm  [2] 

were yijklm is the value of ADG, WW, and YW; sexi is the fixed effect of the sex; agej is the fixed 

effect of the age of the animals (continuous covariate or in classes); ageDk, is the fixed effect of age 

dam class (5 levels); al is the random additive direct genetic effect of the animal; cgm is the random 

effect of the contemporary groups; eijklm is the random residual error. In matrix notation, the univariate 

model was represented as follows: 

y = 𝐗β + 𝐙u + 𝐖m + e 

where y is the vector of phenotypic values of ADG, WW, and YW; β is the vector of solutions for 

fixed effects; u is the vector of solutions for the random genetic effect of the animal; m is vector of 

solutions for the random effect of contemporary groups; e is the random residual error; and X, Z, W 

are the incidence matrices associated with fixed, direct genetic, and random genetic effects, 

respectively. In all the subsequent analyses for WW, the maternal permanent environmental effect 

was not incorporated in the models. This choice is related to the dam frequency and limited repeated 

records per dam in the Italian Limousine population. Also, Santana et al. (2016) omitted the 

permanent maternal environmental effect for one breed because of the limited repeated records per 

dam. 
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Multiple traits model including genotype by environment interaction. An MT animal model was 

used to estimate variance components for growth traits in 5 different Env, selected based on lower 

Deviance Information Criterion values from model 1. Utilising the covariance among traits, this 

model can generate breeding values for all traits of individuals. Consequently, variance-covariance 

structures can be applied to model G x E interactions. Records were assigned to the corresponding 

Env class based on the environmental covariate involved (Table 6.3). Fixed and random effects were 

the same as in Model 2.  

 

Table 6.3 Distribution of cattle numbers for average daily gain, weaning weight, and yearling weight across 

Italy, divided into five different environments.  

Traits Covariate Interval Environment N 

        
 

ADG maxRH_CLASS [40.69 - 72.44] Env 1 21 778 

  maxRH_CLASS (72.44 - 79.12] Env 2 21 540 

  maxRH_CLASS (79.12 - 84.92] Env 3 21 619 

  maxRH_CLASS (84.92 - 89.94] Env 4 21 753 

  maxRH_CLASS (89.94 - 98.70] Env 5 21 515 

      
  

WW T_CLASS [-11.31 - 7.41] Env 1 19 999 

  T_CLASS (7.41 - 12.35] Env 2 20 024 

  T_CLASS (12.35 - 17.45] Env 3 20 021 

  T_CLASS (17.45 - 22.72] Env 4 20 002 

  T_CLASS (22.72 - 35.66] Env 5 20 012 
 

    
  

YW DP_CLASS [-8.65 - 3.88] Env 1 4 990 

  DP_CLASS (3.88 - 7.17] Env 2 4 985 

  DP_CLASS (7.17 - 10.25] Env 3 4 992 

  DP_CLASS (10.25 - 13.89] Env 4 4 984 

  DP_CLASS (13.59 - 23.15] Env 5 4 988 

Abbreviations: ADG = average daily gain; WW = weaning weight; YW = yearling weight; maxRH_CLASS = 

class of Maximum Relative Humidity; T_CLASS = class of Temperature; DP_CLASS = class of Dew Point.
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In matrix notation, the following general model was used in 5 Env analyses: 

[
 
 
 
 
y1

y2

y3

y4

y5]
 
 
 
 

=  

 
 
 
 
 
𝐗𝟏 0 0 0 0
0 𝐗𝟐 0 0 0
0 0 𝐗𝟑 0 0
0 0 0 𝐗𝟒 0
0 0 0 0 𝐗𝟓 

 
 
 
 

 

[
 
 
 
 
b1

b2

b3

b4

b5]
 
 
 
 

 + 

 
 
 
 
 
𝐙𝟏 0 0 0 0
0 𝐙𝟐 0 0 0
0 0 𝐙𝟑 0 0
0 0 0 𝐙𝟒 0
0 0 0 0 𝐙𝟓 

 
 
 
 

 

[
 
 
 
 
a1

a2

a3

a4

a5]
 
 
 
 

  +

 

 
 
 
 
 
𝐖𝟏 0 0 0 0
0 𝐖𝟐 0 0 0
0 0 𝐖𝟑 0 0
0 0 0 𝐖𝟒 0
0 0 0 0 𝐖𝟓 

 
 
 
 

 

[
 
 
 
 
m1

m2

m3

m4

m5]
 
 
 
 

 +  

[
 
 
 
 
e1

e2

e3

e4

e5]
 
 
 
 

    

where y1, y2, y3, y4, and y5 are trait records for genotypes in Env 1, 2, 3, 4, and 5, respectively, X1 to 

X5 are incidence matrices for fixed effect, Z1 to Z5 are the matrix of the additive genetic effect, W1 

to W5 are the incidence matrices of the random effect of contemporary groups. The vectors of the 

systematic effects are represented by b1 to b5, a1 to a5 are vectors of additive genetic effect, m1 to m5 

are vectors of the random effect of contemporary groups, and e1 to e5 are vectors of residual error. 

The assumptions regarding the (co)variance structure of random effects, and additive genetic effect 

in five Env are: 

[
 
 
 
 
a1

a2

a3

a4

a5]
 
 
 
 

 ∼  Ν

(

  
 

0,𝐀 ⊗

[
 
 
 
 
 
𝜎𝑎1

2 𝜎𝑎12 𝜎𝑎13 𝜎𝑎14 𝜎𝑎15

𝜎𝑎21 𝜎𝑎2
2 𝜎𝑎23 𝜎𝑎24 𝜎𝑎25

𝜎𝑎31 𝜎𝑎32 𝜎𝑎3
2 𝜎𝑎34 𝜎𝑎35

𝜎𝑎41 𝜎𝑎42 𝜎𝑎43 𝜎𝑎4
2 𝜎𝑎45

𝜎𝑎51 𝜎𝑎52 𝜎𝑎53 𝜎𝑎54 𝜎𝑎5
2 ]

 
 
 
 
 

)

  
 

  

[
 
 
 
 
m1

m2

m3

m4

m5]
 
 
 
 

 ∼  Ν

(

  
 

0, 𝐈 ⊗

[
 
 
 
 
 
σm1

2 σm12 σm13 σm14 σm15

σm21 σm2
2 σm23 σm24 σm25

σm31 σm32 σm3
2 σm34 σm35

σm41 σm42 σm43 σm4
2 σm45

σm51 σm52 σm53 σm54 σm5
2 ]

 
 
 
 
 

)

  
 

  

the random residuals (co)variance structure is: 

[
 
 
 
 
e1

e2

e3

e4

e5]
 
 
 
 

 ∼  Ν

(

  
 

0, 𝐈 ⊗

[
 
 
 
 
 
𝜎𝑒1

2 0 0 0 0

0 𝜎𝑒2
2 0 0 0

0 0 𝜎𝑒3
2 0 0

0 0 0 𝜎𝑒4
2 0

0 0 0 0 𝜎𝑒5
2 ]

 
 
 
 
 

)

  
 

  

where A is the matrix of additive genetic relationships among individuals in the pedigree, and I is the 

identity matrix. The residual covariance between the 5 Env is set to zero. 

Multiple traits genomic-based single-step model including genotype by environment interaction. 

The SNP information can be included as a genomic relationships matrix among animals to obtain 

genomic EBV. Also, the MT can be extended with the information derived from SNP. The genomic 
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approach combines matrix A (pedigree relationship matrix) with G (relationships matrix from SNP 

markers). Indeed, genomic EBV was estimated with single-step genomic BLUP (Aguilar et al., 2010), 

and the H matrix was composed by combining A with G (Legarra et al., 2014):  

𝐇−1 = 𝐀−1 + [
0 0
0 𝐆−1−𝐀22

−1] 

Where 𝐀−1 is the inverse of the numerator relationship matrix A, and 𝐀22
−1 is the inverse of the A 

matrix for the genotyped animals and 𝐆−1 represents the inverse of the SNP genomic relationship 

matrix, determined with the second method as in VanRaden (2008). 

Multiple traits model using permutation. An additional model was assessed to evaluate the 

effective presence of G × E on the studied traits. MT models using permuted Env assignments (MT 

with permutations) were implemented, where y is the observation for the YW of the animal assigned 

randomly in the 5 Env (permutations). The fixed and random effects were the same in Model 2. 

Random assignment of the trait of animals in different Env minimises the environmental effect. The 

MT with permutations model was implemented only for YW, the trait with fewer available records. 

Ten permutations were carried out, estimating variance components for each. 

 

6.2.6 Bayesian Inference, Model Comparison, and computation  

Variance components and genetic parameters were estimated with an animal model through the 

GIBBS3F90 program, implemented in the BLUPF90 family of programs (Misztal et al., 2014).  

Therefore, a Gibbs chain of 1 000 000 iterations has been set, plus a burn-in period of 500 000 

iterations and a sampling interval of 100 iterations. These constraints ensured model convergence for 

all traits analysed. Convergence of the parameters was confirmed by visual investigation of trace plots 

and throughout Geweke’s test using the package ‘coda’ (Plummer et al., 2006) of the R software (R 

Core Team, 2020). 

Heritability (h2) and herd-year effect (hi)  were defined as follows: 

h2 =
σa

2

σa
2 + σhy

2 + σe
2
 

hi =
σhy

2

σa
2 + σhy

2 + σe
2
 

where σa
2 is the estimate of additive genetic variance, σhy

2  is the estimate of herd-year effect variance, 

and σe
2 is the estimate of residual variance. The posterior mean and 95% empirical confidence 

intervals of the posterior distribution were used as the estimate and its attached error. Confidence 

intervals were calculated using the R software package ‘TeachingDemos’ (Snow, 2020). 
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The accuracy of EBV and single-step genomic EBV for the trait t take into consideration of the 

animal i was estimated as follows: 

Accit = √1 −
SEit

2

(1 + Fi)σat
2  

where SEit is the standard error of EBV and single-step genomic EBV for animal i in the 5 Env, Fi is 

the inbreeding coefficient, and finally σa
2 is the estimated variance of animal genetic additive effect 

(Aguilar et al., 2020). A cross-validation using Linear Regression was performed to evaluate the 

single-step genomic BLUP and BLUP models (Legarra and Reverter, 2015). The evaluation was 

conducted by truncating the data to four years prior, using the complete pedigree information. The 

EBVs and single-step genomic EBVs and their accuracies were obtained by truncating the data to 

four years prior and using the complete pedigree. For the comparison between single-step genomic 

BLUP and BLUP, bulls with at least five progenies today and zero progeny four years ago were 

selected. The linear regression statistics (bias, slope, and accuracy) were calculated to assess the 

performance of the models between the whole and truncated datasets. The number of bulls used for 

the comparison were 619, 704, and 213, for ADG, WW, and YW, respectively.  

To compute the genetic correlation between Env, the following equation was used for MT and 

single-step MT: 

rgen =
σa,xz

√σa,x
2 × σa,z

2
 

Where σa,xz is the genetic covariance between Env x and Env z, and σa,x
2  and σa,z

2  are the additive 

genetic variances. Genetic correlations were calculated among all the 5 Env. 

Spearman’s rank correlation was estimated between EBV and single-step genomic EBV across the 

five environmental conditions in the MT and single-step MT models to investigate a possible re-

ranking among genotyped sires. Additionally, G × E and possible re-ranking between sires were 

evaluated by comparing EBV and single-step genomic EBV from univariate analyses without 

environmental effect and MT analyses. This study also investigated the impact of G × E interactions 

on animal growth in the Limousine population using eigenvalue decomposition of the genetic 

(co)variance matrix (Meyer, 2009). Eigenvalues indicate the amount of variation accounted for by 

each principal component, with larger eigenvalues indicating that the corresponding principal 

component captures more substantial variation. In G × E analysis, larger eigenvalues indicate 

significant patterns of variation across Env. The eigen decomposition of the additive genetic 

(co)variance matrix from the MT model was used to calculate the effective dimensionality of the 

genetic variation across the Env. The additive genetic (co)variance matrix summarises the genetic 

variation within several Env and the (co)variance among Env. To confirm the presence of G × E in 
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growth traits, a comparison was made between the eigenvalue decomposition of additive genetic 

variance components from the MT and MT with permutations models for YW. The eigen-

decomposition was performed using the eigen function of the R software.  

 

6.3 Results  

6.3.1 Characterisations of climatic conditions and detection of environmental parameters with 

great impact on growth 

Average daily gain was 1.04 kg/d, WW was 247.9 kg, and YW was 354.5 kg. Standard deviation 

values were 0.28, 46.54, and 65.61 for ADG, WW, and YW, respectively. Environmental conditions 

were categorised into five environmental classes, with maximum RH class (%), average Temp class 

(°C), and average DP class (°C Td) provided the best model fit for ADG, WW, and YW, respectively. 

The Deviance Information Criterion values obtained for all the environmental covariates and traits 

assessed in Model 1 are provided in Supplementary Table S6.3. The distribution of the number of 

animals and environmental variables tested for ADG, WW, and YW in the five different Env are 

shown in Table 6.3. 

 

6.3.2 Variance components  

Estimates of variance components were obtained for all three traits with both MT and single-step 

MT. Heterogeneity in additive genetic variances (𝛔𝐚
𝟐) was observed across different environmental 

conditions (Table 6.4). For ADG, σa
2 estimates slightly decrease over maxRH levels, indicating lower 

magnitudes under extreme humidity conditions. The variance estimation for ADG was smaller when 

the conditions of RH were critical, and greater when the animals were exposed to the lowest RH 

levels (Table 6.4). Similar trends were observed for YW, with lower σa
2 estimates under stressful 

environmental conditions. (Table 6.4). Conversely, WW exhibited higher σa
2 estimates at extreme 

Temp. Detailed variance component estimates for ADG, WW, and YW across five environmental 

conditions are provided in Supplementary Table S3.4. Overall, the patterns and trends observed for 

variance components were consistent between MT and single-step MT analyses. 
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Table 6.4 Herd-year effect, heritability, and additive genetic variance of the three traits for Limousine cattle, obtained using a single trait, multiple trait, and single-step multiple trait models with environmental covariates having the lowest 

Deviance Information Criterion values, divided into five different environments. Values within parentheses represent Highest Posterior Density Interval (HPDI) 

Trait Single Trait BLUP Single Trait single-step genomic BLUP Environments MT single-step MT 

 
hi h2 σa

2 hi h2 σa
2  hi h2 σa

2 hi h2 σa
2 

ADG 0.35 (0.33; 0.36) 0.08 (0.07; 0.08) 0.006 (0.005; 0.006) 0.34 (0.33; 0.35) 0.08 (0.07; 0.08) 0.006 (0.005; 0.006) Env 1 0.47 (0.46; 0.48) 0.10 (0.08; 0.12) 0.008 (0.007; 0.010) 0.47 (0.45; 0.49) 0.10 (0.08; 0.12) 0.008 (0.007; 0.009) 

       
Env 2 0.47 (0.46; 0.48) 0.08 (0.06; 0.10) 0.006 (0.005; 0.008) 0.47 (0.45; 0.49) 0.08 (0.06; 0.10) 0.006 (0.005; 0.008) 

       
Env 3 0.47 (0.46; 0.48) 0.09 (0.07; 0.11) 0.007 (0.006; 0.009) 0.47 (0.45; 0.49) 0.09 (0.07; 0.11) 0.007 (0.006; 0.009) 

       
Env 4 0.46 (0.45; 0.47) 0.09 (0.07; 0.11) 0.007 (0.006; 0.009) 0.46 (0.44; 0.48) 0.10 (0.08; 0.12) 0.008 (0.006; 0.009) 

       
Env 5 0.44 (0.43; 0.45) 0.07 (0.05; 0.09) 0.005 (0.004; 0.006) 0.44 (0.41; 0.46) 0.08 (0.06; 0.09) 0.006 (0.004; 0.007) 

       
 

      

WW 0.45 (0.44; 0.46) 0.12 (0.11; 0.13) 203.15 (189.50; 219.10) 0.43 (0.41; 0.44) 0.12 (0.11; 0.13) 197.86 (183.90; 212.50) Env 1 0.48 (0.47; 0.49) 0.15 (0.13; 0.18) 249.94 (213.40; 282.70) 0.48 (0.46; 0.50) 0.15 (0.13; 0.17) 249.14 (217.90; 282.50) 

       
Env 2 0.52 (0.52; 0.53) 0.15 (0.13; 0.17) 260.47 (226.40; 294.70) 0.52 (0.50; 0.54) 0.15 (0.13; 0.18) 261.44 (226.70; 300.40) 

       
Env 3 0.53 (0.52; 0.54) 0.13 (0.11; 0.15) 222.49 (189.70; 255.60) 0.53 (0.51; 0.55) 0.13 (0.10; 0.15) 220.21 (185.10; 259.10) 

       
Env 4 0.54 (0.53; 0.55) 0.12 (0.10 0.14) 203.79 (176.40; 244.20) 0.54 (0.52; 0.56) 0.12 (0.10; 0.14) 201.80 (172.10; 237.70) 

       
Env 5 0.54 (0.53; 0.55) 0.14 (0.12; 0.16) 233.05 (200.60; 265.10) 0.54 (0.52; 0.56) 0.14 (0.11; 0.16) 228.10 (190.20; 258.10) 

       
 

      

YW 0.58 (0.56; 0.60) 0.10 (0.08; 0.12) 335.61 (276.50; 388.40) 0.58 (0.56; 0.59) 0.10 (0.08; 0.12) 331.70 (284.70; 389.90) Env 1 0.63 (0.612; 0.64) 0.09 (0.06; 0.11) 273.27 (191.10; 353.00) 0.62 (0.60; 0.65) 0.12 (0.09; 0.15) 362.15 (269.30; 472.90) 

       
Env 2 0.63 (0.62; 0.64) 0.15 (0.11; 0.19) 492.47 (362.80; 634.00) 0.63 (0.60; 0.66) 0.14 (0.10; 0.18) 453.30 (336.80; 578.30) 

       
Env 3 0.64 (0.63; 0.65) 0.14 (0.10; 0.17) 457.01 (320.60; 571.20) 0.64 (0.61; 0.67) 0.14 (0.10; 0.17) 469.17 (353.30; 605.20) 

       
Env 4 0.65 (0.63; 0.66) 0.14 (0.10; 0.19) 514.62 (385.20; 657.40) 0.64 (0.61; 0.67) 0.14 (0.10; 0.19) 509.13 (369.90; 628.40) 

       
Env 5 0.64 (0.63; 0.65) 0.13 (0.10; 0.16) 421.64 (309.10; 517.70) 0.65 (0.62; 0.68) 0.13 (0.10; 0.16) 423.15 (324.80; 531.60) 

Abbreviations: ADG = average daily gain; WW = weaning weight; YW = yearling weight; BLUP = best linear unbiased prediction; MT = multiple trait model; hi= herd-year effect; h2 = heritability; σa
2 = additive genetic variance. 
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6.3.3 Heritability and herd-year effect estimates  

Table 6.4 presents heritability estimates for ADG, WW, and YW under different Env using MT 

and single-step MT models, along with univariate analysis results. These heritabilities were obtained 

in the five environments through MT models. Only the univariate model, used to mimic the national 

Limousine evaluation for growth traits, does not include the G × E effect. Heritability generally 

decreases for ADG and YW when the environmental conditions become less favourable, while 

remaining relatively stable for WW. Specifically, ADG showed low to moderate heritability across 

all RH Envs (0.07 to 0.10), while WW exhibited moderate heritability through Temp Envs (0.12 to 

0.15), and YW showed low to moderate heritability across DP Envs (0.09 to 0.15). Lastly, univariate 

models showed heritability estimates of 0.08, 0.12,0.10 for ADG, WW, and YW, respectively. 

The heritability estimates for ADG showed the highest value in the most comfortable climatic 

conditions (0.09 to 0.10) and slightly decreased with increasing RH levels (Table 6.4). Afterwards, 

YW heritability decreased in extreme DP Env but remained stable in intermediate conditions. 

Meanwhile WW heritability estimates remained constant across Temp Env, with a lower increase at 

extreme temperatures. The estimates and trends for heritability for ADG, WW, and YW remained 

consistent between MT and single-step MT analyses.  

On the three traits, the herd-year effect (Table 6.4) was moderately low for ADG, modest for WW, 

and moderately high for YW in both univariate and MT analyses. Univariate models, on average, had 

a lower herd-year effect with estimates of 0.35, 0.45, and 0.58 for ADG, WW, and YW, respectively. 

Including environmental interaction for MT and single-step MT models, the herd-year effect 

increased, particularly for WW and YW, with the highest values observed in extreme conditions. 

Average daily gain exhibited a moderate herd-year effect (from 0.47 for Env 1 to 0.44 for Env 5), 

slightly decreasing over maxRH levels. A relatively higher herd-year effect was found for WW and 

YW. For WW, the herd-year effect increases over temperatures (0.48 Env1 to 0.54 Env 5). The 

highest herd-year effect was detected for YW, with values ranging between 0.62 and 0.65. For all 

three traits, MT and single-step MT models highlighted the same results.  
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6.3.4 Genetic correlations between environments and eigenvalue decompositions   

The genetic correlations of additive genetic effects across different Env for the three traits, are 

summarised in Figure 6.2.  

 

 

Figure 6.2 Genetic correlations between different traits for average daily gain (ADG, kg/d), weaning weight 

(WW, kg), and yearling weight (YW, kg) for Limousine cattle, using environmental covariates with lower 

Deviance Information Criterion values for multiple traits and single step multiple traits models, including 

genotype by environment interaction. Abbreviations: BLUP = best linear unbiased prediction; GBLUP = 

genomic best linear unbiased prediction. 

 

As expected, the genetic correlation decreased gradually across Env (1 to 5) for WW and YW, with 

a weaker correlation between more distant Env. These correlations generally decreased as the 

environmental conditions became more divergent. For ADG, the genetic correlations showed the 

opposite trend, increasing from Env 1 to 5. Significant G × E interaction was detected for ADG, WW, 

and YW in the Limousine population, with a lower genetic correlation of 0.50 between the five Env. 

The lowest genetic correlation (0.28 ± 0.13) was detected for YW between Env 2 and 5, while the 

highest (0.89 ± 0.03) was between Env 1 and 3 of DP, suggesting limited G × E effects. Genetic 

correlations for ADG ranged from 0.36 ± 0.09 to 0.68 ± 0.06 across maxRH Env, indicating a 

moderate to remarkable G × E effect. Low to moderate interaction for WW was across Temp Env, 

with genetic correlations from 0.48 ± 0.07 to 0.68 ± 0.05, indicating a moderate G × E effect. For 
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YW genetic correlations between DP Envs ranged from 0.28 ± 0.13 to 0.89 ± 0.03, suggesting a 

negligible to remarkable G × E effect. Genomic correlations for single-step MT showed similar 

patterns to those of MT analyses.  Figure 6.3 highlighted the presence of G × E on the three traits 

using eigenvalue decomposition of the additive genetic variance matrix. Each trait with 2 Env had an 

explained variance higher than 0.80, supporting G × E interactions. Supplementary Figure S6.1 

confirms G × E for YW by comparing eigenvalues from MT models with 5 Env, and 10 random 

permutations. The permutations revealed substantial differences in the proportion of variance 

explained with one Env, showing that almost all variance was explained by the additive genetic 

(co)variance matrix.  

 

 

Figure 6.3 Eigenvalue decomposition of the (co)variance structure of the additive genetic variance matrix in 

beef cattle for average daily gain (ADG, kg/d), weaning weight (WW, kg), and yearling weight (YW, kg) using 

multiple traits and single-step multiple models traits including genotype by environment (G × E) interaction 

between five different environments. Abbreviations: maxRH = Maximum Relative Humidity; Temp = 

Temperature; DP = Dew Point; BLUP = best linear unbiased prediction; GBLUP = genomic best linear 

unbiased prediction. 
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6.3.5 Sire re-ranking across environments  

The pattern of Spearman’s rank correlations between solutions and Env of the models are 

summarised as a heatmap in Figure 6.4. Rank correlations were calculated for genotyped sires using 

solutions from univariate, MT, and single-step MT models. Some combinations among Env for ADG, 

WW, and YW showed correlations lower than 0.80, indicating potential re-ranking of sires and G × 

E interactions among Env.  For ADG, rank correlations across Env of maxRH on the MT model 

indicated moderate to strong re-ranking of sires, with some correlation below 0.70. The highest 

correlation was 0.92 between Env 4 and Env 5, while the lowest was 0.66 between Env 1 and Env 2. 

A similar pattern was observed for ADG in the single-step MT model, with a rank correlation lower 

than 0.70 between Env 2 and Env 3.  

Similar rank correlations between MT and single-step MT models for WW were found across the 

5 Temp Env. The highest Spearman’s rank correlation was equal to 0.92 between Env 1 and Env 3, 

and the lowest was 0.76 between Env 2 and Env 5. This suggests re-ranking of sires EBV and single-

step genomic EBV could occur for WW under extreme Temp conditions. Strong rank correlations 

existed for YW across the closest DP Env for MT and single-step MT, with values ranging from 0.52 

to 0.91. However, reranking could also occur among distant Env, especially under extreme 

conditions. Daughters of the same sire passing from cold to hot weather have different performances 

and ranked differently across Env for YW. Overall, the comparison of Spearman’s rank correlations 

was moderate between the univariate and MT models using pedigree and single-step analyses. Re-

ranking of proven sires between models could occur for all growth traits, with the lowest correlations 

equal to 0.80, 0.82, and 0.80 for ADG, WW, and YW, respectively (Figure 6.4). 
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6.3.6 Comparison in accuracy of estimated breeding values and single-step genomic estimated 

breeding values for genotyped sires  

EBV's Accuracy values were estimated for univariate, MT, single-step univariate, and single-step 

MT models. For ADG, the average accuracy of single-step genomic EBV (0.38) was higher than that 

of the EBV (0.34) (Figure 3.5). Considering WW, the average accuracy of (0.46) increased compared 

to EBV (0.41) (Figure 3.5). Similarly, for YW the average accuracy values increased with the 

inclusion of genomic information (0.35 for single-step genomic EBV compared to 0.32 for EBV) 

(Figure 3.5). In univariate analyses, single-step genomic EBV consistently showed higher average 

accuracies than EBV across all three traits. However, the standard deviation was greater than the 

difference in accuracy between the single-step and pedigree univariate analyses, making these 

differences not relevant. 

For ADG, WW and YW, in the single-step MT analysis, single-step genomic EBV accuracies of 

the sires were slightly higher respect EBV accuracies across different Env (Figure 3.5). The 

accuracies increased on average by 0.02 to 0.04 points across Env. However, the standard deviation 

exceeded 0.1in all the Env, indicating that the differences in accuracy between single-step and 

pedigree models are not relevant. In all cases, including genomic information increased the sires’ 

accuracies, potentially improving the response to selection for specific trait/environment 

combinations. For instance, in low environments, the accuracy for ADG increased from 0.21 to 0.25 

(Env1) when using single-step genomic EBV compared to the univariate model. The accuracy of WW 

in intermediate environments increased from 0.29 to 0.33 (Env3). Similarly, for YW in extreme 

environments, the accuracy improved from 0.16 to 0.20 (Env5) with the inclusion of genomic 

information (Figure 6.5). The univariate model without the G × E effect showed larger accuracy 

compared to MT analyses. Results of linear regression cross-validation are summarized in the 

Supplementary Table S6.5. 
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Figure 6.5 Comparison of the accuracy of Limousine genotyped sires between univariate models without 

genotype by environment (G × E) interaction, multiple traits (MT), and single-step multiple traits models for 

average daily gain (ADG, kg/d), weaning weight (WW, kg), and yearling weight (YW, kg). Abbreviations: 

BLUP = best linear unbiased prediction; GBLUP = genomic best linear unbiased prediction. 
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6.4 Discussion 

Herds and animals included in this study were distributed around all the country, mostly in 7 

regions (Lombardy, Sicily, Emilia-Romagna, Sardinia, Tuscany, Veneto, and Lazio), accounting for 

approximately 83-84% of the herds and 87-88% of the animals. The Limousine breed was introduced 

in Italy in 1985, and since then, the number of animals and herds has been consistently increasing. 

Because climate change is expected to modify the production environments in a shorter time (IPCC, 

2007), understanding the genetic determination of heat tolerance in beef cattle is crucial. The main 

challenge in this study was identifying climatic parameters that significantly impact animal growth 

and quantifying G × E interactions on beef cattle. We explored G × E effects in the Limousine 

population using an MT model across 5 different environments, considering both pedigree (A), and 

genomic-pedigree (H) relationship matrices.  

 

6.4.1 Selection of environmental covariates 

For beef cattle, compensatory growth occurs after feed restriction or a physiologically stressed 

period and is generally expected to subsequently befall heat stress events (Mitlohner et al., 2001). 

Even though heat stress might temporarily reduce growth, cattle typically experience compensatory 

gain after heat stress subsides. In the beef sector heat stress could be confounded by seasonal changes 

since cattle graze outdoors (Paterson et al., 1995). Moreover, calculating proper heat stress and 

understanding which environmental covariates have a negative impact on growth is difficult. For 

these reasons, we included weaning and yearling weights because animals are exposed to a wide 

range of different climatic conditions during these periods. 

Because of the cumulative nature of WW and YW and the type of farm management, heat load 

functions are mostly used in beef cattle. This approach has also been applied to dairy cattle 

(Ravagnolo and Misztal, 2000; Aguilar et al., 2009; Carrara et al., 2021) and swine (Zumbach et al., 

2008a,b; Fragomeni et al., 2016a). Also, THI has been widely used in animal breeding, particularly 

for dairy cattle (Biffani et al., 2016; Nguyen et al., 2016; Ansari-Mahyari et al., 2019). Some studies 

have assessed different variables, such as temperature or humidity, to explore their impact on 

reproductive and productive traits in swine (Tiezzi et al., 2020; Usala et al., 2021; Freitas et al., 2021). 

For these reasons, one challenge was properly quantifying heat stress in beef cattle and identifying 

the meteorological parameters that most impact growth We evaluated 14 Env variables based on 

Temperature, RH, and DP to explore the impact of each of the evaluated traits. The most relevant 

environmental covariate for each trait was selected using Deviance Information Criterion applied to 

the baseline model (model 1). Lower values indicate a better fitting. 
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The selection of appropriate environmental parameters for assessing heat stress is crucial due to 

their significant physiological impacts on cattle. Elevated temperatures can cause thermal stress, 

leading to decreased feed intake, altered metabolism, and reduced growth rates. Chronic exposure to 

high temperatures can also impair immune function and increase disease susceptibility affecting 

overall health, reproduction, and productivity. Furthermore, cattle cannot lose heat efficiently through 

evaporation when RH is high because the air is almost saturated with water vapour. This inefficiency 

in heat loss occurs because high RH deters evaporative cooling through the skin (Baena et al., 2019). 

Combined with extreme temperatures, high RH can exacerbate heat stress in cattle, leading to further 

declines in performance and overall health (Baena et al., 2019). Understanding these physiological 

implications is essential for developing effective breeding and management strategies to improve 

cattle heat tolerance. By selecting more resilient animals for heat stress, the negative impacts of 

climate change on cattle productivity and welfare can be mitigated. 

 

6.4.2 Variance components estimation 

Generally, the values were similar between the BLUP and single-step genomic BLUP models, 

with a comparable pattern for variance components (Table 6.4). Moderate additive genetic estimates 

for ADG, WW, and YW suggest that heat stress will affect animal growth. A decrease in σa
2 was 

observed at extreme Env for ADG and YW, respectively, while σa
2 was low in most comfortable Env 

conditions for WW. In extreme environments, genetic variance is often observed to be lower due to 

stress effects, strong selective pressure, and G × E interaction. Also, fewer animals might perform 

well, leading to a reduced range of genetic variance. Under these conditions, the ability of individuals 

to express their genetic potential is diminished, leading to a reduction of genetic variance. 

These results indicate the potential for different selection responses for these traits depending on 

maxRH, Temp, and DP under which the animals are raised. Variance components estimate can be 

used to evaluate the presence of G × E interactions; a variability suggests that the same genotype may 

perform differently based on environmental conditions, highlighting the importance of considering G 

× E interactions in breeding programs to improve animal performance across diverse Env. Moderate 

estimates from this study indicate significant genetic variability for traits like ADG, WW, and YW. 

This variability means selective breeding could be effective, depending on the specific environmental 

conditions the animals were subjected to. 

 

6.4.3 Change in heritability and herd year effect across multi-environment analyses 
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Analyses using BLUP and single-step genomic BLUP showed similar heritability patterns. Across 

five different Env σa
2 varied, resulting in differences in heritability in the Limousine population (table 

6.4). The heritability estimates suggest varying degrees of genetic control on growth traits under 

different environmental conditions, particularly in heat tolerance. Heritability estimates for univariate 

analyses were generally lower than those Bradford et al. (2016) reported for WW and YW in Angus 

cattle. Cardoso et al. (2011) found similar heritability (0.08 to 0.23) when including Env effects in a 

two-step model for post-weaning weight standardised at 345 days in Hereford cattle. Wiliams et al. 

(2012) observed changes in heritability of WW (0.26 and 0.28) and post-weaning weight (0.26 and 

0.19) across different altitudes in Angus cattle using a multivariate analysis. Similarly, using a random 

regression model, Santana et al. (2016) and Bradford et al. (2016) reported higher heritability for WW 

across the Env gradient Oliveira et al. (2018) found higher heritability for YW compared to our study. 

For ADG in different Env of maxRH, Cardoso and Tempelman (2012) found that the heritability 

increased in more favourable conditions for postweaning weight gain in Angus cattle, consistent with 

our finding. Likewise, for YW in Angus cattle, authors noted a reduction in direct heritability as 

environmental stress increased, using a random regression model (Bradford et al., 2016). Pegolo et 

al. (2011) observed an increase of the heritability in Nellore cattle in more favourable Env for weight 

at 450 days. On the contrary, using a reaction norm model, Santana et al., (2013, 2016) reported that 

WW had higher direct heritability in more favourable conditions in tropical composite cattle, 

Brangus, and Nellore. The differences in our results compared to other studies may be attributed to 

several factors. These include variations in the models used for heritability estimation and GxE 

analysis, the distinct genetic backgrounds and adaptations of the cattle breeds studied, fluctuations in 

environmental conditions such as climate and management practices, and differences in the structure 

and quality of the datasets. These disparities underscore the importance of considering breed-specific 

and environment-specific contexts in genetic studies. 

  Animals with moderate additive genetic estimates for growth traits may exhibit different 

physiological responses to environmental stressors. Understanding these responses can help in 

managing animal welfare more effectively. For instance, animals that maintain better growth rates 

under heat stress might have different metabolic or hormonal profiles compared to those that do not 

(Mujumdar et al., 2020; Smith et al., 2022). The herd-year effect (Table 6.4) indicates that 

management practices moderately impact growth traits. A higher herd-year effect in Env with 

stressful conditions slow down genetic progress. This moderate herd effect also contributes to G × E 

interactions, reflecting varying management practices and environmental conditions across different 

herds and years. This the expression of genetic potential and hinders the identification of superior 

genotypes. 
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6.4.4 Genetic correlation, eigenvalues, and genotype by environment interactions throughout 

the environment 

Genetic correlations followed a similar pattern when using both MT and single-step MT models 

(Figure 6.2). A genetic correlation below 0.80 indicates evidence of G × E interactions. Genetic 

correlations did not decrease gradually across the 5 Env. In this study, the genetic correlation for the 

three traits reached values below 0.80, confirming the existence of G × E on Limousine growth traits 

under different environmental conditions. Using a MT approach, Carvalheiro et. al. (2019) observed 

G × E interactions for post-weaning weight gain, with a genetic correlation of 0.79 between harsh 

and favourable Env. Similar findings for WW were reported by Santana et al. (2016) in Brangus and 

Tropical Composite population, showing lower genetic correlations in extreme environments. 

Bradford et al. (2016) found genetic correlations below 0.50 for large heat load differences in Angus 

cattle, indicating that the Env gradient was not the same trait. Conversely, for YW no significant Env 

differences were found in the Angus population (Bradford et al., 2016). In swine, Zumbach et al. 

(2008) reported a genetic correlation of 0.42 for carcass weights between hot and cold months using 

two-trait analyses, and 0.02 when applying a random regression model for more distant heat load 

values. Usala et al. (2021) found a genetic correlation of 0.20 for average daily gain (ADG) between 

the 5th and 95th percentiles of relative humidity (RH).  

Eigenvalue decomposition of the genetic additive matrix confirmed G × E interactions in the 

Italian Limousine population (Figure 6.3). For maxRH, Temp, and DP the proportion of variance 

explained by the first three eigenvalues was 0.86, 0.87, and 0.93 in MT and 0.83, 0.87, and 0.91 in 

single-step MT for ADG, WW, and YW, respectively. The remaining two eigenvalues accounted for 

less than 0.20 of the variances explained by the Env. The first eigenvalue absorbed less than 70% of 

the total variance, and the sum with the second seldom reached 80%. Eigenvalue decomposition on 

the permuted data (MT with permutations) did not show any G × E (Supplementary Fig. S4.1), 

supporting the findings from the actual data. 

These estimates should interest breeders because the best-performing animals in one Env may not 

necessarily be the best in another, indicating different adaptability. These results could allow the 

development of targeted strategies to optimise animal performance and improve breeding and 

management strategies tailored to different environmental contexts. Thus, ADG, WW, and YW are 

moderately to largely affected by G × E, indicating that growth in the Limousine population in Italy 

varies across different Env of maxRH, Temp, and DP showing a potential G × E effect. Furthermore, 

we observed that the genetic correlations between the Env were often in different directions. This 

suggests varying relationships between average performance and environmental sensitivity of growth 

traits. Physiologically, this indicates that animals exhibiting high average performance might not 
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necessarily show high environmental resilience. Different genetic mechanisms may control 

performance and sensitivity to environmental changes, affecting how traits manifest under varying 

conditions. Understanding these genetic correlations is crucial to developing breeding strategies that 

enhance performance and adaptability to diverse Env. 

 

6.4.5 Reranking and identification of heat-tolerant sires 

Considering the limited number of genotyped sires, re-ranking using Spearman rank correlation is 

expected under different Env, particularly when comparing animals in optimal versus extreme 

conditions. Numerous studies have documented changes in sire re-ranking in dairy cattle (Bernabucci 

et al., 2014; Carrara et al., 2021) and beef cattle for WW (Bradford et al., 2016). However, Bradford 

et al., 2016 reported rank correlation greater than 0.80 for YW, suggesting a low re-ranking of sire 

across environmental conditions. In swine, a weak rank correlation (0.18 to 0.54) for carcass traits 

under high and low Env indicates a higher physiological response to heat stress than beef cattle 

(Zumbach et al., 2008b).  

In our study, many rank correlations for genotypes were below 0.80 between Env of maxRH, 

Temp, and DP. The findings proved that sire re-ranking across affects genetic gain. Environmental 

conditions influence an individual's breeding value, with sires excelling in favourable conditions 

potentially performing poorly and less resilient in extreme conditions. Selective breeding of sire that 

exhibit strong performance across diverse Env is expected to enhance overall productivity, health, 

and welfare, thereby increasing the profitability of cattle farms. Physiologically, sires that maintain 

high ranks in varying environmental conditions demonstrate resilience and adaptability, which are 

crucial for growth traits under environmental stressors. 

 

6.4.6 Comparison in accuracy of estimated breeding values and single-step genomic estimated 

breeding values for genotyped sires  

Genomic selection has better opportunities to exploit G × E interactions than traditional breeding 

by achieving high accuracy in unfavourable Env (Mulder, 2016). However, accuracies in extreme 

Env tend to be lower, and limited information is available for breeding value in these conditions 

(Mulder, 2016). Our study compared accuracies between single-step and pedigree-based analysis of 

genotyped sires across different Env. Results showed a slight improvement in accuracies for single-

step MT compared to MT models for ADG, WW, and YW (Figure 6.5). Nevertheless, for all the three 

traits, the standard deviation exceeded the differences in accuracies between single-step and pedigree 

models, indicating non-significant differences. In addition, when univariate pedigree BLUP and 
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single-step genomic BLUP were compared, accuracies increased with the inclusion of the H matrix. 

Conversely, single-step MT accuracies were lower compared to univariate pedigree BLUP without 

accounting for G × E. Accuracies using an H matrix were lower, probably because the number of 

genotyped animals was not large enough and using an MT approach, genotyped animals were 

distributed among the 5 Env. 

These findings suggest that genomic selection might accelerate genetic gain for heat tolerance. 

Single-step genomic BLUP improved response to selection across different environments more than 

pedigree analyses for growth traits. The results imply that as more animals are genotyped, the 

accuracies of single-step analyses for heat tolerance could further improve. Mulder (2016) highlights 

that genomic selection enhances resilience compared to traditional breeding schemes. This is 

emphasised when the reference population is representative of diverse environmental conditions.  

 

6.5 Conclusions 

 These findings provide the basis for the possible genetic or genomic selection development for 

heat tolerance in the Limousine cattle population. Heritability estimates demonstrate the tolerance to 

critical environmental conditions under genetic control. This suggests the feasibility of selecting 

individuals that are particularly tolerant to specific environmental and management conditions 

through direct genetic and genomic selection of growth traits. Furthermore, as evidence of G × E 

interactions, substantial heterogeneity was observed in the variance components for ADG, WW, and 

YW across different environmental conditions. A possible re-ranking in opposite Env of animals and 

sires was verified. Indeed, the best-performing genotypes in the less stressful Env may not excel under 

more challenging conditions These results underscore that selecting more tolerant animals can 

optimise the selection programs, showing that genomic selection could enhance the accuracy of 

breeding values across diverse Env. Despite these insights, further research is needed to better 

understand the genetic and genomic background of heat tolerance and the genetic mechanism of 

adaptability in beef cattle. This aspect could be explored by assessing future analyses by 

implementing a random regression model. When the number of environmental covariates exceeds 

one, multidimensional environmental data can be incorporated using Reproducing Kernel Hilbert 

Spaces regression. Exploring the relationship between genetics and environmental factors can provide 

relevant insights into heat tolerance and adaptability in beef cattle breeding programs. 
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6.13 Supplementary Material 

6.13.1 Supplementary Table 

Supplementary Table S6.1 Percentage (%) distribution of herd and numbers of Limousine cattle population for the three growth traits across the seven most 

representative Italian regions. 

Regions Location ADG WW YW 

    % of total herds % of total animals % of total herds % of total animals % of total herds % of total animals 

Lombardy North centre 5.10 20.10 4.90 18.40 5.10 18.90 

Sicily South 24.40 16.80 25.80 18.20 26.90 24.20 

Emilia- Romagna North centre 12.40 16.80 11.80 14.90 12.20 11.70 

Sardinia Southwest 19.90 12.15 19.00 12.20 19.10 12.10 

Tuscany Centre 8.20 11.50 8.30 12.50 8.00 9.70 

Veneto Northeast 6.60 6.00 6.80 5.40 7.10 6.50 

Lazio Centre 6.30 4.25 6.40 6.00 6.00 4.60 

  TOTAL % 82.90 87.60 83.00 87.60 84.40 87.70 

Abbreviations:  ADG = average daily gain; WW = weaning weight; YW = yearling weight. 
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Supplementary Table S6.2 Description of the environmental parameters analysed in this study for the evaluation of their impact on beef cattle. 

Environmental variables  Description 

Temperature (T, °C) average daily mean 

Relative Humidity (RH, %) average daily mean 

Dew Point (DP, °C Td) average daily mean 

Temperature Humidity Index (THI) average daily mean 

Heat load (HL) sum of the THI over the days prior weight date and between the two weights for ADG 

Minimum Temperature (minT, °C) average daily mean first quantile of the normal distribution 

Maximum Temperature (maxT, °C) average daily mean first quantile of the normal distribution 

Minimum Relative Humidity (minRH, %) average daily mean first quantile of the normal distribution 

Maximum Relative Humidity (maxRH, %) average daily mean first quantile of the normal distribution 

Minimum Dew Point (minDP, °C Td). average daily mean first quantile of the normal distribution 

Maximum Dew Point (maxDP, °C Td) average daily mean first quantile of the normal distribution 

Minimum Temperature Humidity Index (minTHI) average daily mean first quantile of the normal distribution 

Maximum Temperature Humidity Index (maxTHI) average daily mean first quantile of the normal distribution 

Class Temperature (T_CLASS, °C) five classes using the first four quartiles as breaking values of the benchmark variable 

Class Relative Humidity (RH_CLASS, %) five classes using the first four quartiles as breaking values of the benchmark variable 

Class Dew Point (DP_CLASS, °C Td) five classes using the first four quartiles as breaking values of the benchmark variable 

Class Temperature Humidity Index (THI_CLASS) five classes using the first four quartiles as breaking values of the benchmark variable 

Class Heat Load (HL_CLASS) five classes using the first four quartiles as breaking values of the benchmark variable 

Class Minimum Temperature (minT_CLASS, °C) five classes using the first four quartiles as breaking values of the benchmark variable 

Class Maximum Temperature (maxT_CLASS, °C) five classes using the first four quartiles as breaking values of the benchmark variable 

Class Minimum Relative Humidity (minRH_CLASS, %) five classes using the first four quartiles as breaking values of the benchmark variable 

Class Maximum Relative Humidity (maxRH, %) five classes using the first four quartiles as breaking values of the benchmark variable 
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Class Minimum Dew Point (minDP_CLASS, °C Td) five classes using the first four quartiles as breaking values of the benchmark variable 

Class Maximum Dew Point (maxDP_CLASS, °C Td) five classes using the first four quartiles as breaking values of the benchmark variable 

Class Minimum Temperature Humidity Index (minTHI_CLASS) five classes using the first four quartiles as breaking values of the benchmark variable 

Class Maximum Temperature Humidity Index (maxTHI_CLASS) five classes using the first four quartiles as breaking values of the benchmark variable 
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Supplementary Table S6.3 Deviance Information Criterion values for model 1, assessing the impact of 

different environmental covariates on beef cattle growth traits. 

Environmental Descriptors Time Period Values 

ADG      

Class Temperature (T_CLASS, °C) 0-150, d 1 487 358.0 

Class Relative Humidity (RH_CLASS, %) 0-150, d 1 487 305.0 

Class Dew Point (DP_CLASS, °C Td).  0-150, d 1 487 340.0 

Class Temperature Humidity Index (THI_CLASS) 0-150, d 1 487 361.0 

Class Heat Load > 70 (HL_CLASS_70) 0-150, d 1 487 405.0 

Class Heat Load > 75 (HL_CLASS_75) 0-150, d 1 487 361.0 

Class Minimum Temperature (minT_CLASS,°C) 0-150, d 1 487 340.0 

Class Maximum Temperature (maxT_CLASS,°C) 0-150, d 1 487 359.0 

Class Minimum Relative Humidity (minRH_CLASS, %) 0-150, d 1 487 304.0 

Class Maximum Relative Humidity (maxRH, CLASS %) 0-150, d 1 487 256.0 

Class Minimum Dew Point (minDP_CLASS, °C Td).  0-150, d 1 487 343.0 

Class Maximum Dew Point (maxDP_CLASS, °C Td).  0-150, d 1 487 349.0 

Class Minimum Temperature Humidity Index (minTHI_CLASS) 0-150, d 1 487 347.0 

Class Maximum Temperature Humidity Index (maxTHI_CLASS) 0-150, d 1 487 361.0 

WW     

Class Temperature (T_CLASS, °C) 30 d prior weight date 978 670.4 

Class Relative Humidity (RH_CLASS, %) 30 d prior weight date 978 724.6 

Class Dew Point (DP_CLASS, °C Td).  30 d prior weight date 978 737.1 

Class Temperature Humidity Index (THI_CLASS) 30 d prior weight date 978 671.2 

Class Heat Load > 70 (HL_CLASS_70) 30 d prior weight date 978 764.4 

Class Heat Load > 75 (HL_CLASS_75) 30 d prior weight date 978 798.2 

Class Minimum Temperature (minT_CLASS,°C) 30 d prior weight date 978 689.4 

Class Maximum Temperature (maxT_CLASS,°C) 30 d prior weight date 978 692.1 

Class Minimum Relative Humidity (minRH_CLASS, %) 30 d prior weight date 978 791.8 

Class Maximum Relative Humidity (maxRH, CLASS %) 30 d prior weight date 978 723.8 

Class Minimum Dew Point (minDP_CLASS, °C Td).  30 d prior weight date 978 736.0 

Class Maximum Dew Point (maxDP_CLASS, °C Td).  30 d prior weight date 978 756.9 

Class Minimum Temperature Humidity Index (minTHI_CLASS) 30 d prior weight date 978 696.3 

Class Maximum Temperature Humidity Index (maxTHI_CLASS) 30 d prior weight date 978 681.7 

YW     

Class Temperature (T_CLASS, °C) 30 d prior weight date 255 278.7 

Class Relative Humidity (RH_CLASS, %) 30 d prior weight date 255 282.7 

Class Dew Point (DP_CLASS, °C Td).  30 d prior weight date 255 242.9 
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Class Temperature Humidity Index (THI_CLASS) 30 d prior weight date 255 277.5 

Class Heat Load > 70 (HL_CLASS_70) 30 d prior weight date 255 296.2 

Class Heat Load > 75 (HL_CLASS_75) 30 d prior weight date 255 247.1 

Class Minimum Temperature (minT_CLASS, °C) 30 d prior weight date 255 281.5 

Class Maximum Temperature (maxT_CLASS, °C) 30 d prior weight date 255 246.6 

Class Minimum Relative Humidity (minRH_CLASS, %) 30 d prior weight date 255 255.2 

Class Maximum Relative Humidity (maxRH, CLASS %) 30 d prior weight date 255 274.7 

Class Minimum Dew Point (minDP_CLASS, °C Td).  30 d prior weight date 255 259.8 

Class Maximum Dew Point (maxDP_CLASS, °C Td).  30 d prior weight date 255 265.2 

Class Minimum Temperature Humidity Index (minTHI_CLASS) 30 d prior weight date 255 266.9 

Class Maximum Temperature Humidity Index (maxTHI_CLASS) 30 d prior weight date 255 258.9 

Abbreviations:  ADG = average daily gain; WW = weaning weight; YW = yearling weight. 
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Supplementary Table S6.4 Variance components of the three traits for cattle under study. considering single trait analyses (both BLUP and Single-step genomic BLUP), multiple trait, and single step multiple trait models. Environmental 

covariates with the lowest Deviance Information Criterion values are used, divided into five different environments. Values within parentheses represent the Highest Posterior Density Interval (HPDI). 

Trait Variance components Environment Variance components 
 

Single Trait BLUP 
 

Single Trait single-step genomic BLUP 
 

MT 
 

single-step MT 

 
σhy

2  

 

σe
2 

 

 
σhy

2  

 

σe
2 

 

 
σhy

2  

 

σe
2 

 

 
σhy

2  

 

σe
2 

 

ADG (kg/d) 0.026 (0.025; 0.028) 0.044 (0.044; 0.045) 
 

0.026 (0.025; 0.027) 0.044 (0.044; 0.045) Env 1 0.037 (0.036; 0.038) 0.034 (0.032; 0.035) 
 

0.037 (0.036; 0.040) 0.034 (0.032; 0.035) 
      

Env 2 0.036 (0.035; 0.037) 0.035 (0.034; 0.036) 
 

0.036 (0.033; 0.038) 0.035 (0.034; 0.036) 
      

Env 3 0.038 (0.037; 0.040) 0.035 (0.034; 0.036) 
 

0.038 (0.036; 0.041) 0.035 (0.034; 0.036) 
      

Env 4 0.037 (0.036; 0.038) 0.036 (0.034; 0.037) 
 

0.037 (0.034; 0.039) 0.035 (0.034; 0.037) 
      

Env 5 0.031 (0.030; 0.032) 0.035 (0.034; 0.036) 
 

0.031 (0.028; 0.033) 0.035 (0.033; 0.036) 
            

WW (kg/d) 699.99 (672.30; 735.20) 738.04 (726.80; 749.90) 
 

700.31 (669.80; 727.30) 742.45 (731.00; 754.30) Env 1 777.09 (757.30; 798.80) 587.92 (559.80; 616.40) 
 

778.13 (719.70; 836.10) 590.52 (566.40; 615.60) 
      

Env 2 888.65 (865.90; 910.20) 542.13 (514.20; 569.80) 
 

886.53 (832.10; 943.40) 542.97 (512.90; 570.40) 
      

Env 3 904.96 (883.70; 927.80) 581.70 (549.30; 605.10) 
 

907.97 (851.00; 972.20) 583.23 (553.60; 613.90) 
      

Env 4 888.10 (868.00; 911.40) 543.23 (515.70; 567.20) 
 

889.05 (832.30; 945.60) 546.37 (518.90; 573.90) 
      

Env 5 905.92 (885.40; 929.90) 529.07 (501.30; 556.50) 
 

909.09 (852.40; 964.80) 534.91 (503.80; 558.80) 
            

YW (kg/d) 1 901.14 (1 756.00; 2 029.00) 1 036.63 (993.30; 1 079.00) 
 

1 893.36 (1 751.00; 2 019.00) 1 050.45 (1 007.00; 1 094.00) Env 1 1 931.35 (1 884.00; 1984.00) 869.31 (791.70; 942.10) 
 

1 927.40 (1 731.00; 2148.00) 807.25 (719.80; 889.60) 
      

Env 2 2 043.49 (1 989.00; 2099.00) 695.90 (603.20; 816.30) 
 

2 034.68 (1 835.00; 2289.00) 732.43 (633.00; 816.60) 
      

Env 3 2 168.04 (2 105.00; 2221.00) 757.12 (651.00; 865.20) 
 

2 168.30 (1 925.00; 2402.00) 744.64 (636.70; 837.20) 
      

Env 4 2 371.29 (2 314.00; 2439.00) 763.75 (658.40; 886.80) 
 

2 290.93 (2 088.00; 2506.00) 779.38 (670.00; 880.30) 
      

Env 5 2 099.68 (2 046.00; 2159.00) 740.54 (657.10; 825.20) 
 

2 168.94 (1 972.00; 2412.00) 741.79 (651.00; 832.20) 

Abbreviations: ADG = average daily gain; WW = weaning weight; YW = yearling weight; BLUP = best linear unbiased prediction; σhy
2  = permanent environmental variance (herd-year); σe

2 = residual variance; MT = multiple trait model. 
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Supplementary Table S6.5 Linear regression statistics (bias, slope, and accuracy) for BLUP and Single-step genomic BLUP models for beef cattle, comparing 

their performance on the whole dataset with complete pedigree information and on a dataset truncated to four years prior.  

Trait Environment EBV 
 

Single-step genomic EBV 

  
Accuracy Bias  Slope   Accuracy Bias  Slope 

ADG (kg/d) Env1 0.80 -0.003 0.70 
 

0.84 -0.0007 0.70 

 
Env2 0.83 -0.003 0.79 

 
0.85 -0.0008 0.78 

 
Env3 0.82 -0.004 0.78 

 
0.84 -0.0008 0.77 

 
Env4 0.83 -0.005 0.76 

 
0.85 -0.003 0.76 

 
Env5 0.80 -0.004 0.75 

 
0.83 -0.001 0.75 

 
Univariate 0.81 0.007 0.79 

 
0.83 0.003 0.85 

         
WW (kg) Env1 0.83 -0.75 0.83 

 
0.84 -0.05 0.82 

 
Env2 0.79 0.45 0.77 

 
0.81 0.05 0.76 

 
Env3 0.85 -0.38 0.84 

 
0.85 -0.04 0.82 

 
Env4 0.82 -0.57 0.79 

 
0.81 -0.38 0.77 

 
Env5 0.83 -0.25 0.82 

 
0.83 -0.09 0.82 

 
Univariate 0.80 -2.70 1.15 

 
0.82 0.43 0.81 

         
YW (kg) Env1 0.94 -0.93 0.76 

 
0.88 -0.60 0.76 

 
Env2 0.89 -0.69 0.73 

 
0.87 -0.59 0.65 

 
Env3 0.92 -1.97 0.78 

 
0.93 -1.74 0.71 

 
Env4 0.90 -2.36 0.81 

 
0.89 -1.90 0.79 

 
Env5 0.91 -1.73 0.92 

 
0.90 -1.53 0.87 

 
Univariate 0.90 2.36 1.55 

 
0.90 -0.98 0.96 

Abbreviations: ADG = average daily gain; WW = weaning weight; YW = yearling weight; BLUP = best linear unbiased prediction; EBV = estimated breeding 

value
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6.13.2 Supplementary Figure 

Supplementary Figure S6.1 Comparison of eigenvalue decomposition of the G matrix of multiple trait model 

for yearling weight (YW, kg) across five environments of dew point (red) and ten permutations (dashed blue) 

in the Limousine population. Abbreviations: BLUP = best linear unbiased prediction. 
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7. General Conclusions and Implications 
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7.1 Conclusions 

This thesis provided an integrated evaluation of the genetic and genomic basis of sustainability 

and resilience in Italian beef cattle. Through complementary studies focused on functional longevity, 

fertility, growth, inbreeding, and genotype-by-environment interaction, the thesis demonstrated how 

quantitative and genomic approaches can be combined to enhance the efficiency, adaptability, and 

long-term viability of beef production systems. The overall findings contribute to a deeper 

understanding of how genetic variability highlights productivity, resilience, and sustainability in 

populations subjected to environmental and management constraints. 

The central aim of this research was to improve both the understanding and application of genomic 

methodologies in the evaluation of traits contributing to sustainable beef cattle breeding. Collectively, 

the studies highlight that achieving sustainability in beef production requires a multifaceted approach, 

one that integrates productivity with resilience, genetic diversity, and adaptability to changing 

environments. This thesis underscores that sustainability is not solely a matter of output efficiency 

but of balancing short-term performance gains with long-term population robustness. 

 

7.1.1 Integration of findings across studies. Across all analyses, a scenario emerged: genetic 

variation for resilience and efficiency-related traits exists and can be exploited through genomic 

evaluation. The combined use of quantitative and genomic models revealed that functional traits such 

as longevity and fertility, although complex and moderately heritable, are genetically structured and 

responsive to selection. Integrating these traits with morphological and performance information 

provides a broader perspective on animal robustness and lifetime productivity, enabling the 

identification of individuals capable of maintaining efficiency across diverse physiological and 

environmental conditions. 

The incorporation of genomic information also provided biological insight into the architecture of 

these traits. Genomic regions and candidate genes associated with immune response, metabolic 

balance, and reproductive physiology supported the polygenic nature of these traits. These results 

promote a more informed use of genomic data for selection strategies targeting functional and 

adaptive mechanisms. 

The analysis of genomic inbreeding and inbreeding depression emphasized the importance of 

maintaining genetics to achieve long-term sustainability. The observed negative effects of inbreeding 

on growth and fertility confirmed that selection must be accompanied by effective genetic 

management. Genomic inbreeding coefficients proved to be more sensitive than pedigree-based 

measures, reinforcing the need for continuous genomic monitoring in selection programs. Moreover, 

distinguishing between recent and ancient inbreeding provided valuable insights into the temporal 
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dynamics of genetic erosion, highlighting the necessity of controlling recent inbreeding to prevent 

immediate performance losses while ensuring long-term adaptability. 

In the context of early growth traits, such as weaning weight, the exclusion of maternal additive 

effects in some models, consistent with current national genetic evaluation schemes and driven by 

data structure limitations, should be acknowledged as a potential source of variance redistribution. 

Maternal genetic contributions may partly influence estimates of direct genetic effects, inbreeding 

depression, and genotype-by-environment interaction, suggesting that future evaluations could 

benefit from enhanced data recording, wider genotyping, and alternative model formulations that 

explicitly account for maternal effects. 

The evaluation of genotype-by-environment interaction further demonstrated that resilience to 

climatic stress could be estimated. Detecting genotypes that lost or maintain stable productivity under 

climatic stress conditions confirmed that environmental sensitivity varies across animals. 

Incorporating genotype-by-environment interaction into evaluations allows for the identification of 

both robust genotypes, suited to a range of environments, and specialized ones adapted to specific 

climatic conditions. This evaluation is an essential step toward climate-resilient breeding. 

 

7.1.2 Implications for sustainable breeding and livestock systems. The findings of this thesis 

emphasize that resilience and sustainability can be integrated into breeding programs by jointly 

considering functional, fertility, and adaptive traits. Genomic prediction enables more accurate 

estimation of breeding values even for traits of low heritability, supporting earlier and more reliable 

selection decisions. Including stayability and fertility traits in national selection indices can reduce 

replacement rates, enhance herd efficiency, and improve both economic and environmental 

sustainability. Furthermore, identifying genomic regions linked to productivity and resilience opens 

opportunities for genomic and marker-assisted selection to accelerate progress in these key traits. 

Sustainable breeding also requires active management of genetic diversity. Continuous monitoring 

of genomic inbreeding, together with the use of optimal contribution or genomic selection, can 

balance genetic gain with the preservation of variability. The inclusion of genotype-by-environment 

effects in national evaluations would further strengthen the robustness of selection, allowing the 

identification of animals that perform consistently across systems or exhibit specific adaptation to 

heat or extensive conditions. These strategies align with the broader objectives of sustainable 

livestock production, in which animal welfare, responsible environmental management, and 

economic viability are mutually dependent goals supported by genetic improvement. 
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7.1.3 Future perspectives. Future research should aim to refine the definition and measurement of 

resilience by integrating precision livestock data, such as sensor-derived information on behavior, 

activity, or thermal response, into genomic evaluations. Linking longitudinal phenotypic data with 

genomic information will improve the characterization of individual adaptive capacity and facilitate 

selection for robustness and recovery traits. Expanding genome-wide association analyses through 

functional genomics approaches, including transcriptomics, epigenetics, and metabolomics, will 

provide deeper insight into the biological pathways connecting genetic variation to phenotypic 

resilience. Furthermore, multi-breed and international collaborations could increase the accuracy of 

genomic predictions, promote the exchange of genetic material, and support the development of 

globally resilient beef populations. 

In summary, this thesis establishes a multidimensional framework for breeding resilient and 

sustainable beef cattle. By integrating quantitative genetics, genomics, and environmental 

information, it demonstrates that modern selection can simultaneously enhance productivity, animal 

welfare, and environmental efficiency. The approaches developed and validated in this work offer a 

solid scientific basis for advancing breeding programs that are not only economically viable but also 

ethically and ecologically sustainable in the context of future global challenges. 
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“It is not the strongest of the species that survives, nor the most intelligent, 

but the one most responsive to change.” 

Charles Darwin 

 

“Life is suffering. It’s hard. The world is cursed. 

But still, you find reasons to keep living.” 

 Hayao Miyazaki, Princess Mononoke 

 

As the bamboo bends with the wind yet never breaks, 

so must science adapt, evolve, and find strength through change. 


