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Introduction

In the near future, food production and global food security will rely strongly on production
from the Global South, particularly from less developed, low-medium income countries
(LMICs). The so called “social license” to farm is becoming more challenging in developed
countries given stricter environmental regulations, negative consumer perception, and land use
competition (Place, 2024).

This scenario applies for a range of food products, but especially for livestock ruminant
production which depends on grasslands and shared grazing areas as a critical source of animal
feed. Trends have already been seen in statistics of flocks and herds from several developed
areas where sheep, goat, and cattle populations have been in decline (Place, 2024), whilst in
other areas of the globe livestock populations have grown significantly over the last decades
(Turk, 2016). Examples include countries like Brazil, Ethiopia, India, Mongolia, and Pakistan
(FAOSTAT, 2025).

Ruminant livestock production in most LIMCs suffer from the lack of supply chain
infrastructure, making commercialisation and access to inputs very difficult and many times
impractical for farmers. The lack of infrastructure also denies opportunity for development of
supporting genetic improvement and breeding programs (Kosgey and Okeyo, 2007).
Struggling to operate without coordination and support, the main consequence is the chronic
persistence of low productivity levels, affecting not only the economics of small-scale farming
and the livelihoods of rural communities, but also the environmental impact that livestock
production has in these areas.

Genetic improvement has great potential to contribute to efficient, economically viable, and
environmentally friendly smallholder systems. This study explores opportunities to implement
adaptative, functioning, and inclusive breeding programs in small-scale household and
commercial systems. The infrastructure assumes these programs can be largely supported by
the principles of community-based breeding programs (CBBPs, Mueller et al., 2015), thus
differing from traditional genetic improvement initiatives, currently modelled on state-of-the-
art research programs targeting step changes that might be more suitable for highly developed
industries (Amer et al., 2025). The main differences refer to the approaches applied to identify
top individuals, their multiplication, and distribution of improved germplasm. CBBPs tend to
be implemented communally from the definition of breeding objectives to active involvement
in decision-making, while sharing infrastructure and access to top genetics, which are mostly
selected from within the target population.

We present partial results from the characterisation of locally adapted breeds across several
countries over the past decade, highlighting the critical role of data in shaping breeding policies
that enhance productivity in less developed regions and secure better livelihoods for these
communities, while contributing to future global food supplies.
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Material & Methods

This session briefly describes an overview of the conditions and methodology to which
consultative approaches across various livestock-based farming systems in multiple countries
have been applied to. Participating communities drive many details of successfully operated
programs, including collectively defining goals and outcomes, data recording practices, and
internal decision-making and control. These are very important factors when establishing
effective breeding programs to support smallholder systems.

Production systems. There is a range of farming systems supporting smallholders’ livestock-
based food production. We focus on two specific common scenarios that drive decision-making
on-farm (or household) and market supply. The first is the small-scale household system, which
tends to focus on locally adapted breeds, where herds and flocks graze communally in open
areas, and households own a relatively small number of animals (5 — 50 heads) that constitute
a source of food and income. The second is the small-scale commercial system which often
comprises various breeds, including crossbreeding as a common practice, where flocks and
herds tend to be larger (50 — 500 heads). An additional level of feed supplements and animal
health inputs is available, and the livestock is mainly a source of income.

Recording data, gathering and creating information. In CBBPs, and small-scale systems in
general, data recording requirements include active participation of enumerators (e.g. pashu
sakis in India) to support owners to measure performance, such as liveweights, and ensure that
mating, birth, mortality, and sales records are accurate. Researchers from local national
agricultural research systems (NARS) are also critical to support both owners and enumerators
to execute specific trait recording (e.g. faecal egg count and methane emissions), breeding
events (e.g. ultrasound pregnancy diagnosis and artificial insemination), and to run genetic
evaluations to identify superior breeding individuals for the communities involved (Mamiru et
al., 2025). The overall program coordination involves international research organisations and
funding bodies. The tasks involved have been facilitated by tools and technology that
complement the traditional paper recording process still used at the household level. The DTreo
platform (www.dtreo.i0) has been used to encourage and streamline performance recording in
CBBPs and across LMCs’ initiatives. The tool enables consistency and data integrity, creating
actionable information, supporting owners, and connecting stakeholders.

Performance measures. An example set of results is presented to illustrate the power of a
sound process to transform data collection into information. Performance records are presented
for total numbers of animals recorded, known recorded dams and sires, animals with weight
records, number of lambs/kids born, and birth interval. An example of a growth curve
developed using machine learning methods is presented. The model helps interpret longitudinal
growth data at both the population and individual animal levels. Isolation Forest (Liu et al.,
2008) and Random Forest regression (Breiman, 2001) were used to predict body weight over
time using age alongside key variables, including village, sex, birth type, castration status, litter
size at weighing, and seasonal conditions. Growth curves were predicted using a Gompertz
function, thus characterizing individual growth trajectories and forward prediction beyond
observed records. This approach allows routinely collected performance data to be transformed
into insights that support improved on-farm decision-making and population-level evaluation.

Results & Discussion

The work presented in this paper explores locally adapted genetic resources by applying
principles of performance recording of critical traits, including those that might become
important metrics for assessment of sustainability in the near future, e.g. methane emissions. It
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proposes the use of phenotypes collected within the context of smallholder and commercial
small-scale systems, underpinning operational efficiencies and processes to generate on the
ground outcomes. Eventually, phenotypes will be coupled with molecular technologies, such
as genomic selection and whole genome sequencing, to unravel design issues (parentage errors,
major gene effects, unplanned inbreeding), based on genotyping of target populations.
Phenotypes are also critical for the development of prediction models able to combine
unstructured scattered performance records, with incomplete shallow pedigree records, and
genotypes of influential individuals. These developments will help to create practical solutions
on sire rotations, pedigree building, and mating design for instance, targeting more genetic
gains with a lower cost. But they will require coordination and investment in research initiatives
tailored to these small-scale systems to deliver long-term value through genetic gain.

Summary of data records. Recorded metrics are important to support decision-making,
definition of policy, and research priorities. Table 1, as an example, summarizes a count of
individual records that enable a range of decisions at the household level, from matings to
flock/herd replacement and sales, ideally informed by the data collected by the community.

Table 1. Summary of data recorded from CBBPs in DTreo, examples from different LMICs.

House-  Animals  Recorded Recorded Weight Lambs / Birth

Country holds recorded! dams sires records  kids born interval?
B. Faso 261 1,356 175 1 1,442 278 360
Ethiopia 8,045 155,506 30,867 2,906 226,191 72,076 301
India 6,671 15,526 3,222 91 36,082 7,368 303
Mali 201 2,395 760 1 2,127 1,709 369
Pakistan 257 2,018 561 0 0 915 365
Tanzania 106 3,487 553 21 2,618 944 344
Tunisia 19 831 77 0 0 92 -
Uganda 20 1,171 0 0 748 0 -

!Animals tagged and individually identified with information on their owners, location, and breed.’Median days.

Performance-based breed definition. An example of characterisation of locally adapted
breeds based on their performance, expressed as growth curves at a population (a) and
liveweight target predictions at an individual level (b), is presented in Fig. 1.
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Figure 1. Growth patterns (a) and prediction of liveweights (b) of local goat breeds in India.

Unstructured scattered data, fit into evaluations using artificial intelligence and machine
learning models, is used to identify patterns and enable smart exploration of data and the
creation of useful information. These steps are critical when facing recording challenges typical
of small-scale systems where scenarios of abundance of records (e.g. within a specific age
range) contrast directly with situations of absolute lack of data and information on fixed effects
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(e.g. mating group or management). The aim is to create simple real time decision-making
solutions in support of local farmers, whilst avoiding at all costs making the technology harmful
to the practicality of the solutions to communities.

This approach creates opportunity for improvements in data collection processes, especially
around routine recording and data integrity, with evidence of adjustments required in feeding,
health, or management practices based on the pattern of the curves. Through this collaborative
approach, and the delegation of key decisions to the communities, the use of information has
been proven effective and impactful in CBBPs across LMICs, despite the challenges involved.

Research priorities. A strategic rethink around the research priorities of well-funded programs
to characterise and predict performance and genetic merit of breeding livestock is of critical
importance to create impact. A shift in funding priorities is needed to establish infrastructure,
provide technical support and develop practical tools to streamline recording practices
complementary to current small-scale farming practices. It is also required to ensure
coordination of long-term sustainability of development programs that support smallholders
effectively. Focus on simplicity is needed, particularly to ensure solutions are easy to apply and
deliver long-term value to everyday life of communities. Solutions must strengthen
communities, instead of weakening the importance of information or creating distractions by
focusing on collection of data and implementing technologies that are not important or feasible
for these systems. This is imperative because even resourceful countries such as Brazil and
South Africa, with examples of advanced breeding programs, struggle to implement efficient
systems for ruminants in small-scale due to the lack of specific infrastructure and coordination.

Conclusion

Data and information are of critical importance to support the establishment of effective
smallholder production systems. Genetic improvement is a key component of such systems,
and the implementation of the required infrastructure is cost-effective but requires investment.
A shift in priority is required, compared to current focus in well-established programs of
developed countries. The number of records and performance metrics presented in this study
demonstrate the importance of supporting breeding policies underpinning an increase in
productivity levels of less developed regions of the world, thus contributing to ensure the future
of global food production.
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