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Abstract: Genetic selection is a cornerstone of animal breeding, 

playing a vital role in enhancing livestock productivity, health, and 

sustainability. This review critically examines the evolution of 

selection methodologies in farm animals, with a primary focus on the 

quantitative impacts of modern genomic and biotechnological tools. 

It traces the transition from traditional phenotypic approaches and 

Best Linear Unbiased Prediction (BLUP) to the widespread 

implementation of Genomic Selection (GS). The review synthesizes 

key research findings that demonstrate quantifiable improvements, 

such as the doubling of genetic gain for milk yield in dairy cattle 

following the adoption of GS. Furthermore, it delves into the 

application of genome-editing technologies like CRISPR/Cas9, 

highlighting specific improvements like the development of PRRS-

resistant pigs and heat-tolerant slick cattle, which have recently 

received regulatory approval for commercialization. It also explores 

the absorption of Artificial Intelligence (AI) and machine learning 

for analyzing complex datasets and enhancing prediction accuracy. 

It is also explored, showcasing their potential to revolutionize 

breeding decisions. While celebrating these advancements, the 

review addresses the concomitant ethical, regulatory, and economic 

challenges that require careful navigation by both scientists and 

policymakers. By providing a comprehensive overview supported by 

recent and impactful examples, it emphasizes the necessity of 

integrating advanced genetic technologies to build more efficient, 

resilient, and sustainable livestock production systems for the future. 
Keywords: Genetic Selection; Livestock Improvement; Phenotypic 

Selection; Genome Editing; CRISPR/Cas9; Artificial Intelligence 

 

1 Introduction   

The global population is projected to reach nearly 10 billion by 2050, posing an 

unprecedented challenge to global food security. To meet the rising demand, especially 

for high-quality animal protein, agricultural production systems must become 

significantly more efficient and sustainable (FAO, 2017). Consequently, improving 

farm animal productivity has always been a main goal in agriculture. The reason is clear: 

the demand for food from animals keeps increasing around the world. Among the 

different ways that scientists and breeders tried to deal with this, genetic selection 

became one of the strongest and most reliable methods (Nicholas, 1987). The sustained 
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impact of this approach is well-documented, with genetic improvement now accounting 

for a majority of the annual gains in performance for many livestock species (Hill, 2014; 

Hayes et al., 2016). Using this tool in combination with planned mating has made it 

possible to improve traits of great practical importance. Examples include faster growth, 

increased milk production, more efficient feed utilization, and enhanced disease 

resistance (Meuwissen et al., 2001; Al-Gebouri and Eidan, 2024). Collectively, 

improvements in these traits are crucial for increasing the overall resource efficiency 

and sustainability of livestock farming systems (Clark & Tilman, 2017). 

In the early years of livestock breeding, decisions were simple and mostly based on 

what could be seen. This was phenotypic selection, and it was supported by pedigree 

records. The approach worked, but not perfectly. Progress was real but slow, and the 

results were often mixed because the environment had a strong effect on what was 

observed (Nicholas, 1987). Later, quantitative genetics brought a major change. The 

Best Linear Unbiased Prediction (BLUP) method was introduced, and this made it 

possible to calculate breeding values in a way that was much more accurate and fairer 

(Henderson, 1975). 

The arrival of genomic selection (GS) was another turning point. Instead of waiting 

years for animals to show their performance, breeders could use genome-wide DNA 

markers to predict their genetic value early in life (Meuwissen et al., 2001; Eidan and 

Khudhir, 2023). This will save both time and money, and it increases the rate of genetic 

gain. Furthermore, new genome-editing tools such as CRISPR/Cas9 opened 

opportunities to directly edit genes that control important traits. This step made the 

process more precise and offered possibilities that were not available before (Van 

Eenennaam, 2019). 

Looking to the future, combining genomic selection with big data, machine 

learning, and precision breeding may make production systems more efficient and 

better able to cope with climate challenges. Still, there are big questions. These include 

ethics, public opinion, laws and regulations, and also whether these technologies will 

be available for farmers in developing countries (Van Eenennaam, 2019). 

Because of all these points, this review focuses on the story of genetic selection in 

farm animals. It highlights where the field started, the main achievements, the new 

technologies that are changing it, and the opportunities and problems that need to be 

considered in the future (Fig. 1).  
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Fig. 1. Evolution of Genetic Selection in Livestock. 

2 Traditional Genetic Selection  

The concept of improving farm animals through breeding started long before DNA 

was discovered. Animal owners simply looked at the animals and chose the ones with 

the best traits. They wanted bigger size, more milk, stronger body, or better fertility. By 

letting these animals reproduce, they managed to pass on the good qualities to the next 

generations (Nicholas, 1987). This method is known as phenotypic selection. It was 

reasonably effective when the traits were easy to measure and strongly inherited, but it 

was less reliable for other traits. 

In the early 1900s, the situation began to change. The principles of Mendel and the 

rise of statistical genetics gave breeders better tools. They could now measure 

heritability and predict the amount of progress. This advancement led to the 

development of selection indexes. These indexes used information from several traits 

at once, which made decisions more balanced (Falconer & Mackay, 1996). 

A real turning point was the development of Best Linear Unbiased Prediction, or 

BLUP. This method separated the genetic signal from the noise of the environment. It 

gave more accurate breeding values, which was a big improvement (Henderson, 1975). 

BLUP quickly became the standard, especially in dairy cattle. It improved milk yield, 

fertility, and also how long animals stayed productive. 

Nevertheless, traditional selection methods had several limitations. Progress was 

slow, as breeders often had to wait years to observe results. In addition, these methods 

were ineffective for traits with low heritability, such as fertility and disease resistance, 

which are strongly influenced by environmental factors (Hill, 2010). Because of these 

problems, researchers started to look for new methods. This search led to molecular 

tools and genomic technologies, which opened the door to a new phase in animal 

breeding. 
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2.1 Phenotypic selection in early livestock  

Phenotypic selection, in the simplest sense, refers to choosing animals for breeding 

because of the way they look or how they perform. Farmers would often select the 

bigger cow, the faster-growing calf, or the one that gave more milk, without having any 

genetic data or fancy records in hand (Bourdon, 2000). Basically, if an animal looked 

good and worked well, it was considered a good parent. 

The challenge is that appearance can be misleading. For example, a calf may grow 

quickly due to better nutrition rather than superior genetics. Moreover, traits such as 

fertility or lifespan, which manifest later in life or are strongly influenced by 

environmental factors, were particularly difficult to improve using this method alone 

(Falconer & Mackay, 1996). Even with all these challenges, phenotypic selection 

formed the early stages of animal breeding. It gave us the traditional breeds and set the 

first standards for what people wanted in livestock. Interestingly, it’s still around today. 

In places where advanced tools like genomics are too expensive or unavailable, farmers 

still rely on it (Van Eenennaam, 2018). At the end of the day, even the most advanced 

technologies build on the same old idea: pick the animals that seem to do best, and hope 

the next generation carries those traits forward (Fig. 2). 

 

Fig. 2. Cycle of Phenotypic Selection. 

2.2 Selection indexes in genetic  

Back in the early 1900s, breeders started experimenting with what we now call the 

selection index. The idea was quite practical: rather than picking animals for just one 

feature, like milk yield, they looked at a mix of traits and combined them into a single 

score (Hazel, 1943). In everyday practice, that meant a cow wasn’t judged only on how 
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much milk she gave but also on things like fertility, fat levels in the milk, or udder 

health. 

Think of it like this: each trait is given a certain weight, depending on how 

important it is, how strongly it’s inherited, and how it ties to other traits. Add them 

together and you get one number. That number makes comparisons easier. A cow with 

only average milk yield but excellent fertility and healthy udders could still rank higher 

than one that produces more milk but struggle to reproduce (Nicholas, 1987). 

Over time, as farm records and pedigrees got better, indexes became more accurate 

and ended up forming the base of many national breeding programs. Even today, they 

haven’t disappeared. Instead, modern genomic data are often plugged straight into 

index systems, which makes them sharper but still grounded in the same old idea 

(VanRaden, 2008) (Fig. 3). 

 

Fig. 3. Selection Index in Animal Breeding. 

2.3 Best Linear Unbiased Prediction (BLUP) 

The introduction of Best Linear Unbiased Prediction (BLUP) was a turning point 

in animal breeding. Developed in the mid-20th century, it offered breeders a stronger 

statistical tool to estimate breeding values with much greater accuracy (Henderson, 

1975). The key idea behind BLUP is separating what comes from genes and what 

results from the environment, which makes the estimates closer to the animal’s real 

genetic potential. 

What sets BLUP apart is how it brings several factors together. It can adjust for 

fixed effects such as herd, year, or management practices while also considering 

random effects like genetic variation within a population. Pedigree information is part 

of the model as well, so even animals that are still young or have not yet shown a trait 

can be evaluated using family data (Mrode, 2014). This way, decisions become more 

reliable and genetic progress happens faster across generations. 

Because of these strengths, BLUP was quickly adopted in national genetic 

evaluation programs, especially for dairy and beef cattle. It had a significant practical 

impact. There was a noticeable and significant economic return from these statistical 
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advances, as evidenced by the U.S. dairy industry's extensive use of BLUP based 

animal models, which helped to rushing the average annual genetic gain for milk yield 

to over 100 kg per cow by the late 20th century (Shook, 2006). Its ability to process 

large and complex datasets made it ideal for modern breeding. Rather than being 

replaced, it evolved further. Today it forms the basis of genomic BLUP (GBLUP), 

where pedigree-based predictions are enhanced with genomic data for even sharper 

evaluations (VanRaden, 2008) (Fig. 4). 

 

Fig. 4. BLUP Impact on Animal Breeding. 

3 Genomic selection and modern  

Over the past two decades, the process of genetic selection in farm animals has 

progressed into a new stage characterized by rapid technological growth and the 

application of molecular techniques. At the center of this is genomic selection (GS), a 

method that applies dense genome wide marker data to estimate an animal’s genetic 

potential with greater accuracy and at an earlier age (Meuwissen et al., 2001). Unlike 

conventional selection strategies that rely on visible traits and pedigree details, GS uses 

DNA information to calculate breeding values, improving efficiency and shortening the 

generation interval. 

In dairy cattle, GS has become a core element of breeding programs. Through the 

use of thousands of single nucleotide polymorphisms (SNPs) spread across the genome, 

young calves can be evaluated shortly after birth, even in the absence of performance 

records (Hayes et al., 2009). This advancement has delivered faster genetic progress, 

higher prediction accuracy, and significant economic gains for the dairy industry 

worldwide (Pryce & Daetwyler, 2012). 

Another important approach to support genetic selection is marker assisted 

selection (MAS). MAS focuses on specific genes or genomic regions linked to traits of 

interest such growth rate, carcass quality, or resistance to disease. It has proven 

effective in animals with long generation intervals, including cattle and sheep, where 

early selection is valuable (Dekkers, 2004). 

In addition, the emergence of genome editing technologies, particularly 

CRISPR/Cas9, has introduced new possibilities for targeted genetic changes (Van 

Eenennaam, 2019). For example, pigs edited with this technique have been produced 

with resistance to PRRS (Porcine Reproductive and Respiratory Syndrome), showing 
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how such methods can address major issues in animal health and welfare (Whitworth 

et al., 2016). 

Moreover, the combination of big data, bioinformatics, and machine learning is 

transferring the ability to analyze large datasets involving genomic, phenotypic, and 

environmental factors. These tools enable precision breeding by supporting real-time 

decision-making and revealing new associations between traits (Wray et al., 2019). 

However, these developments have improved both accuracy and efficiency of 

genetic selection, they also present challenges such as high implementation costs, the 

requirements for technical skills, and ongoing ethical debates surrounding genetic 

modification and data controls. 

3.1 Genomic selection  

Genomic selection (GS) is one of the major advances in animal breeding because 

it makes it possible to estimate breeding values using many molecular markers spread 

across the genome (Meuwissen, Hayes, & Goddard, 2001). Unlike older methods that 

depend on pedigree records or physical traits, GS uses genomic information directly, 

which improves accuracy and allows selection at a younger age. This speeds up genetic 

improvement (VanRaden, 2008). The method has been especially important in dairy 

cattle, where genomic data have led to stronger selection and shorter generation 

intervals (Wiggans, VanRaden, & Cooper, 2011). The results of implementing GS in 

the dairy industry were noticeable. A landmark study on the U.S. Holstein population 

by García-Ruiz et al. (2016) reported that after the adoption of genomics, the annual 

rate of genetic gain for milk yield more than doubled. Concurrently, the generation 

interval for sires of sons was nearly halved. This unprecedented acceleration of genetic 

progress, especially for historically difficult-to-improve traits like daughter pregnancy 

rate, characterizes one of the most significant achievements in the history of animal 

breeding. Beyond the dairy industry, the use of GS has expanded significantly into 

swine and poultry breeding. For example, in pigs, genomic selection has been shown 

to enhance the rate of genetic gain by approximately 9–56% in dam lines and 3.5–27% 

in sire lines, depending on the reference population size and selection strategy. These 

enhancements are seriously evident for complex traits such as feed efficiency, disease 

resistance, and reproductive performance (Sharif-Islam et al.,2024). Besides, the field 

is advancing over standard SNP chips towards using whole-genome sequence (WGS) 

data. while arithmetic intensive, WGS-based prediction models have the potential to 

reap the effects of unique genetic variants and costive mutations directly, with studies 

showing they can improve prediction accuracy by an additional 5–9% for specific traits 

compared to standard SNP panels (Al Kalaldeh et al., 2019). The idea behind GS is to 

use statistical models that link single nucleotide polymorphisms (SNPs) with traits of 

economic or biological value. In this way, genomic estimated breeding values (GEBVs) 

can be predicted even for young animals without phenotypic records (Habier, et al., 

2007). This is useful for traits with low heritability, such as fertility and disease 

resistance, which were hard to improve with traditional selection (Goddard & Hayes, 

2009). GS also helps in cases where collecting phenotypic data is costly or takes too 

much time. 

Recent improvements in sequencing and bioinformatics have made GS more 

practical, even for small populations or breeding programs in developing nations 

(García-Ruiz et al., 2016). Still, there are challenges, such as the cost of genotyping, 

the need for large reference populations, and the difficulty of modeling complex gene 

https://doi.org/10.64636/ar.22


107  Boktar et al./ Animal reports, 2025, 1 (2): 100- 117 
 https://doi.org/10.64636/ar.22   

 

 

interaction. Even so, GS has changed the way animal breeding is done and has become 

a key approach in genetic improvement programs around the world. 

3.2 Marker-assisted selection (MAS)  

Marker-assisted selection (MAS) is a molecular breeding approach that utilizes 

genetic markers closely linked to genes of interest to assist in the selection process. 

Unlike traditional selection methods that depend primarily on observable traits 

(phenotypes), MAS enables breeders to make decisions based on genotypic information, 

particularly for traits that are difficult, expensive, or time consuming to measure 

(Dekkers, 2004). This approach is especially valuable for improving traits with low 

heritability, such as disease resistance, fertility, and meat quality (Andersson & Georges, 

2004). A classic success story for MAS is the control of scrapie in sheep. By identifying 

genetic markers for the PRNP gene associated with resistance, national breeding 

programs in countries like the United Kingdom and France successfully selected for 

resistant animals. This strategy led to a dramatic reduction in the prevalence of the 

disease, providing an example of how MAS can be used effectively to manage a major 

health issue in a livestock population (Agrimi et al., 2003). MAS relies on the 

identification of quantitative trait loci (QTL) or specific genes associated with 

economical important traits.  Reliable markers are identified; they can be used to select 

animals carrying favorable alleles even before the traits are expressed, thereby 

accelerating genetic gain and increasing selection efficiency (Collard & Mackill, 2008). 

This is useful in early selection of young animals and for traits with late expression or 

those that require animals sacrifice for measurements, such as carcass quality. Despite 

its potential, the implementation of MAS in livestock has faced challenges, such as the 

limited availability of robust for many traits and the costs of genotyping. However, as 

genotyping becomes more affordable and accurate, MAS is used in combination with 

genomic selection to improve the power of genetic improvement programs (Hayes et 

al., 2006) (Fig. 5). 

 

Fig. 5. Marker-Assisted Selection Process. (This image was generated by the author 

using napkin ai). 
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4 Gene editing, AI, and sustainable selection 

As the demand for animal products grows and issues such as climate change, food 

security, and animal welfare become more urgent, the future of genetic selection in farm 

animals is expected to be more advanced and carefully designed. A key direction is the 

use of gene editing tools like CRISPR/Cas9 in breeding programs. Traditional selection 

that depends on natural genetic variation, gene editing makes it possible to add or 

remove specific mutations with high accuracy (Van Eenennaam, 2019). This can help 

improve traits as disease resistance, heat tolerance, feed efficiency, and meat quality, 

leading to major changes in livestock genetics within only a few generations (Whitelaw 

& Lillico, 2022). 

One example is the development of heat-tolerant dairy cattle through targeted edits, 

which could help keep production stable under rising global temperatures (Cuellar et 

al., 2024). In pigs and poultry, gene knockout approaches are also being used to 

improve resistance to diseases, which reduces antibiotic use and supports animal 

welfare (Whitelaw et al., 2016). 

Besides gene editing, artificial intelligence (AI) and machine learning are 

becoming important tools in breeding. They can handle large genomic, phenotypic, and 

environmental datasets to detect complex trait interactions and improve selection 

decisions (Chafai et al., 2023). When combined with precision livestock farming, 

including sensor-based monitoring, AI allows real-time breeding decisions, especially 

in large herds (Si, Q., 2024). 

Another important future goal is sustainable breeding, which focuses on balancing 

productivity with environmental and social needs. Programs now aim to lower methane 

emissions, improve feed conversion, and increase animal resilience, helping ensure that 

breeding progress supports sustainability (Boichard & Brochard, 2012). Concomitantly, 

genomic tools are being used to protect local and indigenous breeds, which hold 

valuable genetic diversity and adaptation traits. 

Still, these future steps face challenges. Ethical concerns about gene editing, 

differences in regulations across countries, public opinion on genetically modified 

animals, and unequal access to advanced breeding tools between developed and 

developing regions remain major barriers (Van Eenennaam, 2019; Wolt et al., 2015).  

The future of genetic selection is moving toward greater precision, faster progress, and 

stronger focus on sustainability. To reach its full potential, investment in research, 

infrastructure, and public awareness will be crucial. 
4.1 CRISPR/Cas9 technology  

CRISPR/Cas9 is now considered one of the most important tools in gene editing, 

with a major impact on animal breeding and genetics. This system makes it possible to 

change DNA in a way that is relatively low cost. By directly adding, deleting, or 

modifying genes, it provides a powerful way to improve traits in farm animals (Jinek 

et al., 2012). For example, CRISPR/Cas9 has been used to improve growth, feed 

efficiency, and resistance to diseases in livestock (Tan et al., 2016). 

A well-known application is the creation of pigs resistant to porcine reproductive 

and respiratory syndrome virus (PRRSV) by knocking out the CD163 gene, which the 

virus needs to enter the cells (Whitworth et al., 2016). In cattle, gene edits have also 

been applied to produce naturally hornless animals, which avoids the need for 

dehorning and improves animal welfare (Carlson et al., 2016). 
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 Also, A noticeable recent application focuses on climate resilience. Researchers 

have successfully used CRISPR to introduce a specific mutation in the PMEL17 gene 

in cattle, resulting in a short, sleek hair coat known as the slick phenotype. This single 

edit has been proven to enhance heat tolerance, reducing core body temperature in hot 

climates and thereby preventing a drop in milk production and fertility (Osei-

Amponsah et al., 2019). This work has moved over the research phase, with the U.S. 

Food and Drug Administration (FDA) making a low-risk determination in 2022 for the 

marketing of products from gene-edited slick cattle, paving the way for 

commercialization. Similarly, in early 2024, the FDA approved PRRS-resistant pigs 

developed by Genus PLC for human consumption, marking a critical regulatory 

milestone for the commercial adoption of gene-edited livestock (FDA, 2024). These 

examples represent tangible successes where genome editing has solved long-standing 

industry challenges, moving from theoretical potential to market-ready application. 

Unlike traditional selection or marker-assisted breeding, CRISPR makes it possible 

to introduce useful genetic changes in a much shorter time, without waiting for many 

generations. Still, there are challenges, such as the risk of off-target edits, strict 

regulations, and ethical debates that must be resolved before large-scale use (Van 

Eenennaam, 2017). Even so, CRISPR/Cas9 is seen as a key tool for speeding up genetic 

progress, improving sustainability, and supporting better welfare in livestock 

production. 

4.2 Gene knockout strategies in farm animals  

Gene knockout refers to switching off or removing certain genes in order to 

understand their role or to improve traits in animals. In livestock breeding, this approach 

has been used to remove unwanted characteristics and to add advantages such as 

stronger disease resistance, better meat quality, or higher reproductive efficiency 

(Niemann & Kues, 2007). 

Different tools are available for gene knockout, including zinc-finger nucleases 

(ZFNs), transcription activator-like effector nucleases (TALENs), and, more recently, 

CRISPR/Cas9. Among these, CRISPR has become the most widely used because it is 

easier to apply, more efficient, and less costly (Doudna & Charpentier, 2014). For 

instance, when the myostatin (MSTN) gene is knocked out in cattle or pigs, the animals 

develop more muscle, which increases lean meat production (Cyranoski, 2015). 

This strategy can also help with animal welfare. An example is editing out the 

genes that cause horn growth in cattle, which avoids the painful process of dehorning. 

Similarly, fertility-related genes in males can be targeted to produce sterile animals, 

which can help manage populations or limit the spread of disease (Lillico et al., 2013). 

Even though gene knockout has many benefits, it still carries risks. Unexpected 

effects may appear, and strict regulations exist to make sure the methods are safe for 

both animals and consumers. Because of this, careful evaluation is always needed 

before using it on a wide scale (Fig. 6). 
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Fig. 6. CRISPR/Cas Technology, Gene Knockout Strategies, and AI Machine Learning. 

4.3 Artificial intelligence and machine learning in animal breeding  

Artificial Intelligence (AI) and Machine Learning (ML) are bringing major 

changes to animal breeding by making it possible to analyze large and complex datasets. 

These tools help in evaluating genetics, predicting traits, and improving breeding 

programs (González-Recio et al., 2014). 

With methods such as random forests, support vector machines, and deep learning, 

ML can combine genomic, phenotypic, and environmental data at the same time. This 

gives more accurate predictions of breeding values than traditional statistical models 

like BLUP, especially for traits controlled by many genes and influenced by the 

environment (Meuwissen et al., 2016). For example, ML has been successfully applied 

to predict resistance to diseases, milk production, and reproductive performance (Pérez-

Enciso & Zingaretti, 2019). 

AI is also being used in precision livestock farming, where data from sensors, 

cameras, and wearable devices provide real-time information to guide breeding choices, 

monitor health, and boost farm efficiency. When combined with genomic selection, AI 

can speed up genetic progress and support more sustainable livestock systems (Brito et 

al., 2020). 

Recent studies have supplied quantitative proof of their superiority for specific 

traits. For example, a latest study examining reproductive traits in pigs found that a 

machine learning model (Random Forest) improved predictive accuracy by 4–6% 

compared to the traditional GBLUP model (Wang et al., 2025). The advantage of ML 

models lies in their ability to capture complex, non-linear, and epistatic interactions 

between genes that linear models like GBLUP often miss. This enhanced accuracy is 

particularly valuable for predicting novel phenotypes derived from high-output sensor 

data in precision livestock farming, such as activity levels or rumination time, which 

are often powerful predictors of health and welfare (Morota et al., 2018). Still, some 

challenges exist, such as ensuring reliable data, understanding how algorithms make 

decisions, and managing high computing costs. For this reason, close collaboration 

between breeders, computer experts, and geneticists is needed to take full advantage of 

AI and ML in animal breeding (Fig. 7). 

https://doi.org/10.64636/ar.22


111  Boktar et al./ Animal reports, 2025, 1 (2): 100- 117 
 https://doi.org/10.64636/ar.22   

 

 

 

Fig. 7. From MAS to Gene Editing and AI for Sustainable Selection.  

5 Challenges and ethical considerations  

Although genetic selection has achieved remarkable progress, its use in livestock 

still faces many technical, economic, ethical, and legal challenges. 

A central issue is the ethical concern surrounding gene editing. While tools like 

CRISPR allow accurate genetic changes, they also raise doubts about animal well-being, 

natural balance, and possible side effects. For example, selecting for faster growth or 

larger muscle size may unintentionally cause health or behavioral problems (Shapiro, 

2018). Many consumers remain cautious about food from genetically modified animals 

due to safety, environmental, and tampering with nature concerns (Frewer et al., 2013). 

Differences in regulation also play a role. Countries such as the USA and Brazil 

apply more flexible rules for gene edited animals, while the European Union enforces 

stricter regulations, treating them (Waltz, 2022). These differences restrict trade, slow 

down innovation, and complicate the marketing of such livestock. 

From a practical point of view, modern genetic technologies demand costly 

infrastructure, skilled experts, and reliable data systems. This is especially difficult for 

developing countries, where limited access to these resources slows adoption (Marshall 

et al., 2019). As a result, the gap between advanced breeding systems and traditional 

ones may increase. 

Loss of genetic diversity is another concern. Intense focus on a few traits in 

commercial breeds reduces variation and raises inbreeding risks, which may limit 

adaptability in the future (FAO, 2015). Preserving native breeds and setting balanced 

goals is therefore crucial. 
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Finally, as breeding programs become increasingly data-driven, questions of 

ownership and fair access to genomic information are growing. Smallholder farmers, 

in particular, may not benefit equally from these advances (Burrow et al., 2021).  

In conclusion, genetic selection holds enormous promise, but its future depends on 

transparent regulations, equal access to technology, and careful attention to ethics and 

animal welfare (Fig. 8). 

 

Fig. 8. Sustainable Livestock Production via Genetics. 

6 Conclusion 

Genetic selection has evolved remarkably from simple phenotypic observations to 

complex genomic and biotechnological tools. Historically, breeders relied on 

observable traits and pedigrees to make improvements in productivity, fertility, and 

disease resistance. The advent of genomic selection and gene-editing tools such as 

CRISPR has transformed livestock breeding into a highly precise and efficient 

discipline, capable of addressing both economic and environmental challenges. Today, 

genetic selection contributes significantly to enhanced productivity, reduced disease 

burden, and improved animal welfare, especially when combined with advanced 

reproductive technologies and data-driven decision-making. At the same time, the 

emergence of AI, machine learning, and real-time phenotyping tools promises to further 

accelerate genetic gains and optimize breeding programs. Looking to the future, genetic 

selection must prioritize sustainability and equity. This includes not only maximizing 

production efficiency but also preserving genetic diversity, adapting to climate change, 

and ensuring fair access to biotechnological advances across countries and farming 

systems. Policymakers, scientists, and stakeholders must work collaboratively to 

develop transparent regulatory frameworks, public communication strategies, and 

capacity-building programs that support ethical and responsible genetic progress. 

While challenges related to ethics, regulation, and social acceptance remain, the 

opportunities for transforming livestock production through genetics are unprecedented. 

By embracing innovation while addressing risks and public concerns, the future of 

animal breeding can be sustainable, resilient, and socially aligned with global food 

system goals. 
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