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Abstract
Lozano-Jaramillo, M. (2019). Predicting breed by environment interaction using
ecological modelling. PhD thesis, Wageningen University, the Netherlands.

Animal production plays an important socio-economic role in developing countries.
Livestock largely contribute to the local food production, and they represent a
source of income for many smallholder farmers. Smallholder production systems
are characterized by low producing indigenous breeds. To enhance food security,
several breeding projects have introduced commercial breeds as an alternative to
help smallholder farmers to increase the food supply. As a common practice in
animal breeding, commercial breeds are introduced from a nucleus to different
locations. However, no knowledge on the new environmental conditions in the
new tropical environment are taken into account. The aim of this thesis was to
understand how the environment plays a role in shaping the variation in breed
performance across different agro-ecologies. To achieve this, | used different
approaches than what it is commonly used in animal breeding, to understand the
environmental variation. | use Geographic Information Systems (GIS) along with
different models used in ecology to predict the performance of genotypes in
changing environments. Results highlight the importance of acknowledging the
environment being composed of many variables that have continuous variation
when designing breeding programs or testing schemes. | recommend the
application of these models to livestock to make predictions on how productivity
traits respond as a function of the environment.






Contents

Chapter 1

Chapter 2

Chapter 3

Chapter 4

Chapter 5

Chapter 6

Abstract

General introduction

Optimizing design to estimate genetic correlations between
environments with common environmental effects

Use of geographic information system tools to predict animal
breed suitability for different agro-ecological zones

Using phenotypic distribution models to predict livestock
performance

Predicting breed performance across countries

General discussion

Summary

Curriculum vitae

Training and supervision plan

Acknowledgements

23

45

63

91

111
127
133
139

143






Chapter 1

General introduction






1 General introduction

1.1 Genotype by environment interaction

The aim in animal breeding is to select and breed animals that will perform
efficiently in future production settings. How well these animals perform depends
on the genotype and the production environments where they are kept. Genotype
by environment interaction (G x E) occurs when genotypes respond differently to
changes in the environment. The presence of G x E can be determined by
estimating the genetic correlation (7;) between the measurements for a given trait
in two environments. Selective breeding requires several conditions such as large
populations, accurate pedigree and production recording, as well as a reduction of
the environmental variation. Conditions that make breeding programs challenging
to accomplish in developing countries (Besbes, 2009; Dana et al 2010). A way to
overcome these obstacles is by developing the breeding program on a station or
other controlled system. Then a new problem arises; the overall management
conditions between on station and on farm are different, which may leadtoa G x E
(Lwelamira, 2012). It is important to determine the magnitude of the G x E if there
is a significant re-ranking in the performance of a breed between the two
environments, and to establish if different breeding programs are needed to
account for this (Falconer, 1952; Mulder and Bijma, 2005).

When evaluating the presence of G x E, the environment is normally represented as
different geographical locations or management systems or a combination of both.
Generally, no information on the specific environmental factors that define the
variability between the different locations is acknowledged. In some cases, when
commercial breeds are exposed to tropical conditions, a decrease in productivity is
observed as a result of the differences between the central breeding station and
the smallholder farm, but there is no knowledge of what environmental factors are
causing this change in performance. To establish which breeds should be used to
increase local meat and egg production, there should be a better understanding of
how the different environmental characteristics play a role in the growth and
survival of these breeds. Having this knowledge can shed light on how the breeds
will locally adapt to harsh environments, and may allow the optimization of
livestock production by finding breeds that can withstand specific, or a wide range
of environmental settings.

1.2 Distribution modelling

A main focus in ecology has been to understand the relationship between a species
and its environment. In other words, to explain patterns of animal and plant
distributions as a result of climate and other environmental factors. Geographic
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1 General introduction

information systems (GIS) are computer-based tools that have become of
importance in ecological research as they support in handling, collecting, and
analyzing geographic or spatial data (Guisan and Zimmermann, 2000). The
application of GIS tools has increased over the years, not only in ecology, but also
in other disciplines such as conservation, geography and environmental science.
However, in livestock research, the use of these tools is still limited (Joost et al.,
2010).

Predictive habitat distribution models are GIS-based tools that use location data
(e.g geo-references) and relate these observations to environmental variables to
make predictions of potential geographic ranges (Guisan and Zimmermann, 2000;
Anderson et al., 2002). To elucidate these relationships between environmental
variables, ecologists often use regression analyses. However, because the
ecological data is complex, showing non-linear relationships, or spatial or temporal
correlations, different modelling approaches have been used to address these
issues (Maloney et al.,, 2012). Machine learning algorithms have been used to
improve the prediction accuracy of the ecological models. Maximum entropy
algorithm, implemented by Maxent (Phillips et al., 2006), is one of the most
commonly used tools in ecology that relates environmental data and occurrence
locations to establish the probability of potential geographical suitability (Phillips
and Dudik, 2008). It is commonly used because the algorithm uses presence-only
data, performs variable selection to avoid overfitting, and it has been shown to
have more predictive power than other algorithms, particularly for small data sets
(Elith et al., 2006).

A different approach that has been recently introduced, are models that correlate
phenotypes to environmental variables to map the phenotypes within the species
distribution. These phenotypic distribution models can capture the response of a
phenotypic trait as a function of the environmental conditions. Different
algorithms, such as gradient boosting, have shown to improve the prediction
accuracy of these ecological models over using standard regression models
(Maloney et al., 2012). They have been applied in studies relating phenotypic and
environmental variation in wild species. In a species of stream fish, these models
were used to predict future phenotypes as a result of future changes in stream flow
rates (Michel et al., 2017). A different study used the phenotypic distribution
models to predict the changes in phenotypes of a dominant prairie grass as a
response to different climate change scenarios (Smith et al., 2017). These models
have not yet been applied in livestock research.

12



1 General introduction

The use of GIS tools, and ecological models can therefore be an innovative tool to
apply to livestock. These models can be used to explain differences or similarities in
productivity between breeds. They can also be used to make predictions of which
areas can be suitable to introduce a breed. Most importantly, they can be used in
properly characterizing the environment when evaluating the existence of a
mismatch in performance in different environments.

Glossary

Geographic information systems (GIS)
Computer system for gathering, managing, analyzing, and/or presenting
geographic or spatial data.

Gradient boosting

Machine learning technique for regression fitting that produces a prediction
model from an initial estimation of a function that fits the data poorly. The fit is
improved in each successive iteration.

Maxent

Machine learning algorithm that uses presence-only data to relate the location
records of a species and the environmental characteristics to establish a
probability of potential suitability.

Phenotypic distribution models
Use associations between phenotypic traits and environmental variables to map
the phenotypic traits of populations within that species’ distribution.

Predictive habitat distribution models

Use information on the current environmental characteristics for a species under
a particular set of location records, to generate predictions of areas of potential
habitat suitability for the species.

1.3 Breeding for different agro-ecologies

In natural populations, animals are exposed to natural conditions that can have an
effect on how their phenotypes are expressed. When a population is distributed
across different environments, individuals are exposed to different selective
pressures (Sexton et al., 2009). This will promote local adaptation in different
populations, such that individuals will exhibit better performance in their native
environment relative to others (Joshi et al., 2001). In livestock, adaptation to the
environment can be critical, especially in developing countries. The most
productive animals must be identified for breeding purposes, as the sign that they
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1 General introduction

are locally adapted is reflected in their performance. Failure to adapt can lead to
loss in productivity, disease, and in extreme cases to death.

1.4 Poultry production in Africa

Poultry has been domesticated for thousands of years, and has been present in
Africa for centuries. Archaeological and ethnographic evidence suggests that
chickens were introduced in Africa in numerous waves coming from the
Mediterranean, the Red Sea and the Indian Ocean, and were then dispersed via
alternative routes in the Sahara, the Horn of Africa and central and West Africa
(Lyimo et al., 2014). Keeping poultry for meat and egg production has played an
important socio-economic role in developing countries (Alders and Pym, 2009;
Mtileni et al., 2009; Moges et al., 2010). In these countries, village chickens are not
only seen as a source of animal protein and income, but they are also part of
various religious and cultural traditions (Swatson et al., 2001; McAinsh et al., 2004;
Muchadeyi et al., 2004; Muchadeyi et al., 2007; Alders and Pym, 2009; Mtileni et
al., 2009; Moges et al., 2010).

Currently, more than 80% of the chickens raised in Africa are indigenous, and over
60% of the African rural and peri-urban families keep a flock of free range chickens
in a scavenging system (Gueye, 2000; Moges et al., 2010; Pym, 2010a; Mpenda et
al., 2018). Even though most poultry production in developing countries is largely
focused on scavenging systems, there is another production system, high input,
that focuses on using commercial breeds. The proportion of chickens belonging to
these two groups can vary among countries, however in low-income countries
there are more chickens from indigenous breeds than commercial breeds (Pym et
al.,, 2006; Pym, 2010b). The distinction between these two production systems
mainly lies in their management. Generally, introduced commercial breeds cannot
perform at their full potential under scavenging systems, therefore they are kept
under better confinement and feeding conditions. Smallholders keep their flocks of
indigenous poultry in limited housing and precarious scavenging feeding conditions
(Pym, 20104, b).

Between traditional and commercial management systems, feeding resources are
an important distinction. The traditional systems rely on scavenging systems,
where poultry forages for water, house wastes, insects, snails, and earthworms;
resources that are highly dependent on the local environment and season. On the
other hand, commercial flocks are fed with on-farm mixing of complete rations of
available feed ingredients, dilutions of commercial feeds, and concentrated
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1 General introduction

mixtures of local ingredients with whole grains (Pym, 2010a; Ravindran, 2010).
These different management and environmental conditions can expose breeds to
different selective pressures (Siegel and Dunnington, 1997; Rauw et al., 1998).
Studies under controlled experimental conditions have reported that temperature,
humidity, and light exposure are some environmental factors that have an effect on
chicken growth (Barott and Pringle, 1947; Adams et al., 1962; Smith et al., 1962;
Manser, 1996; Cooper and Washburn, 1998). Generally, studies that investigate the
challenges of village production systems, focus on providing detailed evaluations of
the poultry performance within country, and present possible solutions and
strategies that might lead to alleviating food security, such as designing breeding
programs to improve local breeds (Dessie et al., 2000; Mtileni et al., 2009; Moges
et al,, 2010; Wondmeneh et al., 2014).

As the challenge is to increase food production, different strategies have been
employed to improve chicken performance. Some strategies implemented in the
past have been to control Newcastle disease by the use of a thermo-stable vaccine
(Alders and Spradbrow, 2001), weaning chicks earlier to reduce brooding period
(Dessie et al., 2003), and the exploitation of the genetic diversity of the local breeds
(Wondmeneh, 2015). Other strategies to improve chicken production in the tropics
have used crossbreeding schemes (Magothe et al., 2012), or the introduction of
commercial breeds (Ngeno, 2015). A successful example of the latter can be seen in
Uganda. Here, after the introduction of a commercial chicken breed into
scavenging conditions of rural smallholder households, the introduced chickens
grew faster and to higher weights than the indigenous chickens (Sharma et al.,
2015).

Some other attempts to introduce commercial breeds have been favorable is some
areas (e.g. highlands), but in warmer climates and in peri-urban production systems
most attempts have failed due to the non-adaptability of the breeds, and the lack
of sustainable strategies for a long-term breeding program (Philipsson et al., 2011).
The problems in these cases were two-fold: first, little to no consideration was
given to the environmental conditions that may affect breed adaptation, and
second, there has been a lack of continuity and strategies to develop sustainable
breeding programs.

African Chicken Genetic Gains (ACGG)
The African Chicken Genetic Gains (ACGG) is a project that aims to enhance the
livelihoods of farmers in different African countries. On this continent, in the
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1 General introduction

majority of countries, smallholder farmers produce meat and eggs for home
consumption or for local markets as a source of income. The project aimed at
supporting poverty reduction, enhancing food security, and empowering women
farmers, by increasing the chicken productivity in the rural households. The
targeted countries were Ethiopia, Nigeria and Tanzania (Figure 1.1). The ACGG
initiative made available different commercial breeds of chicken to farmers taking
into account their preferences. In addition to the preferences of the farmers,
breeds were also chosen on their potential to withstand low-input systems in
tropical conditions. Introduced chickens were tested on farm in different agro-
ecologies, where the farmers kept the commercial breeds under the same
management and free-range conditions as their own indigenous chickens. The aim
was to build a platform for tropically adapted and farmer preferred chickens, and
set up a long-term sustainable and productive chicken genetic gains program in
each country.

5 Regions
63 Total villages

Nigeria
1393 Total households
5 Subnational zones Bk h hoid
60 Total villages w25 Birds pechausato
2520 Total households 1 >
~25 Birds per household AN
5 Subnational zones
80 Total villages
3200 Total households
~25 Birds per household

Figure 1.1 ACGG sampling scheme in Ethiopia, Nigeria and Tanzania. Darker colors indicate
higher elevations.

1.5 Aim and outline of the thesis

The aim of this thesis was to understand how the environment plays a role in
shaping differences in breed performance across different agro-ecological zones,
and what this means for genetic improvement of chickens. To achieve this aim
three objectives were targeted (Figure 1.2). The first objective was to use a
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1 General introduction

classical breeders approach to address the interaction of genetics with the
environment by estimating the genetic correlation in two different environments.
The second objective was to develop a methodology that predicts breed suitability
for specific environmental conditions. A third objective was to develop a
methodology to predict breed phenotypic performance as a response to
environmental factors.

( Objective 2 )
Develop a methodology
based on GIS tools and
s \ predictive habitat —
Objective 1 distribution models to [ Objective3 )
Use a classic approach to predict breed-specific Use ecological modelling
estimate the genetic environmental suitability to evaluate the response
correlation in two \ Chapter 3 y of breed productivity as a
different environments function of
environmental conditions
Chapter 2
\. J \ Chapterdand5 J

(

General discussion

How to combine the classical
approach in animal breeding
to estimate genotype by
environment interaction, with
ecological approaches to
explain phenotypic variation

Chapter 6

- J

Figure 1.2 Thesis outline

To estimate the genetic correlation between traits in different environments,
experimental designs need to acknowledge the mating design, and possible
presence of common environmental effects. Therefore, in chapter 2, the optimal
mating design for the estimation of the genetic correlation between environments
in the presence of common environmental effects was investigated. This was
approached by stochastic simulation.

Environments are dynamic, and this is not acknowledged in animal breeding

approaches to explain differences in breed performance. In ecology, it is common
to build models that explicitly take into account the environmental variability.

17



1 General introduction

Therefore, in chapter 3, the aim was to develop a methodology using Geographic
Information Systems (GIS) tools and predictive habitat distribution models to
predict the potentially suitable range in different agro-ecological zones for different
chicken breeds. In chapter 4, the response of productivity traits was evaluated as a
function of the environment for different chicken breeds. The aim was to use
phenotypic distribution models, developed for application in ecology, to establish
the association between performance data and different environmental
parameters. In chapter 5, the phenotypic distribution models from in chapter 4
were used to evaluate if the performance of chicken breeds across different
environments in one country can be used to predict the performance of the same
breeds in different countries under different environmental conditions.

In the general discussion in chapter 6, | present the main contributions of this
thesis in understanding how breeds respond differently to different environmental
conditions. | make the connection between the classical approach in animal
breeding of estimating genotype by environment interaction, and the use of
ecological modelling to understand how the environment plays a role in shaping
phenotypic variation. Integrating both approaches can lead to the development of
tailor-made breeding programs that connect the genetic response in different
environments to environmental variation. | discuss how the knowledge from this
thesis can be implemented to improve decisions about where to introduce a breed,
and to help farmers decide on which breed to choose for their own environment. |
discuss why ecological modelling should be extended to different research areas in
livestock.
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Abstract

When genotypes respond differently to changes in the environment this is defined
as genotype by environment interaction (G x E). Breeding programs for different
species aim to improve performance by testing members of full- and half-sib
families in different environments. The presence of common environmental effects
within families generates covariance between siblings, and these effects should be
taken into account when estimating a genetic correlation. Therefore an optimal
design should be established to accurately estimate the genetic correlation
between environments. We used stochastic simulation to find the optimal
population structure to accurately estimate genetic correlations between
environments using a combination of full-sib and half-sib groups with different
levels of common environmental effects. Results showed that ignoring common
environmental effects when they are present in the population will lead to an
upwards bias in the estimated genetic correlation of on average 0.3. When no
common environmental effects are present in the population and the mating ratio
is one female per male, the lowest standard error (SE) of the estimated genetic
correlation was observed with 10 offspring per sire per environment. When
common environmental effects are present in the population and are included in
the model, the lowest SE is obtained with a higher number of females per sire
(minimum of 5), and with a minimum number of offspring per environment of 10.
Studies that aim to estimate the magnitude of G x E should acknowledge the
presence of common environmental effects, and choose the mating ratio
accordingly.



2 Optimizing designs to estimate G x E

2.1 Introduction

The purpose of animal breeding programs is to select and breed animals that will
produce more efficiently under future production settings. How well these animals
perform depends on both their genotype and the production environments where
they are selected and later kept (Falconer, 1952; Falconer and Mackay, 1996b).
Ranking of animals may differ between environments as a result of genotype by
environment interaction (G x E) (Falconer and Mackay, 1996a). The presence of G x
E can be determined by estimating the genetic correlation (r;) between the
environments, using measurements of related individuals for a given trait in two
environments (Falconer, 1952). Having unbiased and accurate estimates of the
genetic correlation is important when predicting the response in another
environment than the one where the selection took place, and when optimizing
genetic improvement programs in terms of collecting phenotypic and genotypic
information in production environments (Mulder and Bijma, 2005; Mulder, 2016).

Genetic correlations can be estimated based on records of relatives in two
environments. Similarities between related individuals can be due to heritable
genetic effects, but also due to common environmental effects. Estimating the
correlation can be done from data collected in breeding programs (Falconer, 1952),
from specifically designed experiments, or a combination of both (Sae-Lim et al.,
2016). Estimating genetic correlations between environments based on full and
half sibs in different environments is common in pigs, poultry, and fish, while in
cattle estimation of genetic correlations between environments is almost entirely
based on half-sibs. Full-sib or half-sib animals are initially kept together as e.g. litter
groups (pigs), hatched chicks in pens (chickens), or as large groups of fry in tanks or
cages (fish) until the age of weaning or individual tagging, which leads to common
environmental effects. To get an accurate and unbiased estimate of the genetic
correlation, this common environmental effect should be taken into account.

Predicting the standard error (SE) of the genetic correlation has been studied for
many years. Robertson (1959) presented a theoretical basis for predicting the
standard error (SE) of the genetic correlation for specific types of relatives (i.e.
either only full-sibs (FS) or only half-sibs (HS)) in the absence of common
environmental effects. Sae-Lim et al (2010) studied the standard error of the
estimated genetic correlation for a specific combination of a full-sib half-sib design
in which one male was mated to two different females and common environmental
effects were not accounted for. Omitting the common environmental effects (c?)
can lead to severely biased estimates of the genetic parameters (Clément et al.,
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2001), and therefore accounting for these effects is of importance when estimating
genetic correlations. Bijma and Bastiaansen (2014) presented a formula for the
standard error of genetic correlation estimates taking common environmental
effects into account, but their work was developed for a purebred-crossbred
scenario, thereby limiting the family design to only half-sib groups.

Knowledge on the optimal full-sib-half-sib structure to minimize bias and standard
error of the estimates of the genetic correlation between performance in different
environments is currently lacking for situations where common environmental
effects are present. The main objective of this study was therefore, to identify
optimal mating designs for the estimation of genetic correlation between
environments in the presence of common environmental effects. To achieve this,
we used stochastic simulations to compare scenarios where the ratio of FS and HS
relationships, as well as the mating ratio was varied.

2.2 Materials and methods

Experimental populations were created by stochastic simulations in R software
version 3.2.2 (R Development Core Team, 2016) running in RStudio version 1.0.153
(RStudio Team, 2015). The genetic correlation between environments was
estimated using an animal model implemented in ASReml (Gilmour et al., 2014).
Simulation was performed with and without the presence of common
environmental effects for each full-sib family, and estimation was performed with
and without accounting for common environmental effects, resulting in a 2x2
design of presence or absence of common environmental effects.

2.2.1 Populations

The testing structure was based on a split-family design, where the generated FS
offspring were divided equally over two environments, had trait records, and only
their parents contributed to the one generation pedigree. Sae-Lim et al. (2010)
suggested that to obtain an unbiased estimate of the genetic correlation, a fixed
population size should be equal to 2000 individuals per environment. To compare
scenarios with equal requirements for phenotyping efforts, all our designs had a
constant population size of 2000 individuals per environment. The trait heritability
(h?) was 0.3 in each environment, and the genetic correlation (;) between
environments was set equal to 0.5. The investigated variables were the number of
sires (20 to 1000), number of dams per sire (1,5, or 10), and the resulting number
of offspring per dam was adjusted to keep the total population size constant. All
scenarios were simulated with and without common environmental effects and all
datasets were analyzed with a model accounting for or ignoring the common
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environmental effects. The value c? is the variance of the common environmental
effect (02) as a proportion of the total phenotypic variance. The simulated values
for c? were 0, 0.05, and 0.1 (Table 2.1).

2.2.2 Breeding values and phenotypes

True breeding values of parents for two environments were drawn from a bivariate
normal distribution with means of zero, variances equal to the additive genetic
variance (N(0,03)), and a genetic correlation of 0.5 between the two environments.
The phenotypic variance (03) was set to 1. The correlation between common
environmental effects for the two environments was set to 1. For each full-sib
group, the common environmental effect was equal for all individuals. The
common environmental effects for each FS group were simulated by drawing
values from a standard normal distribution with mean of zero, and the common
environmental effect variance (N(0, 02)).

True breeding values for each individual offspring for each environment were
simulated as:

TBV, = 0.5(TBV,, + TBV;) + ms,

where TBV,, and TBV; are the true breeding values previously assigned to the male
and female parents respectively, and ms is the Mendelian sampling term. The
Mendelian sampling term was drawn from a normal distribution with mean of zero,
and a variance equal to half the additive genetic variance (N(0, 0.503%)). Offspring
phenotypes were obtained by adding their true breeding value, common
environmental effect, and a simulated environmental effect sampled from a normal
distribution N(0, (1 — 03 — 62)). Simulations experiments were replicated 500
times.
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2.2.3 Estimation of genetic parameters

The genetic correlation was estimated from the simulated data using two different
models, one accounting for the presence of common environmental effects and
another ignoring these effects. The models were fitted as follows:

B i | g 8 e R B (2.1
wl=lo ollil+ o 2)G+ el (2.2)

where y; and y, are vectors with the phenotypes measured in environment 1 and
2, x4 and X, are the incidence vectors relating the traits to the mean in
environment 1 (i) or environment 2 (W,), Z; and Z, are the incidence matrices
relating the phenotypes to the random additive genetic effect in environments 1
(a;) and 2 (ay), W; and W, are the incidence matrices relating the phenotypes per
sire offspring to the common environmental effect (c), and e; and e, are the
vectors containing the random residual effects. The residual covariance was fixed
at zero, because each animal is performing in only one environment.

2.2.4 Summarizing simulation output

The estimates and standard errors were obtained as reported by ASReml version
4.1 software (Gilmour et al., 2014) for each of the genetic parameters h?, h3, Ty, A
Replicates with estimates of 1, in the -1 to 1 range, that had converged, and where
the variance-covariance matrices were positive definite were kept for further
analysis (Table S2.1).

2.2.5 Accuracy of genetic correlation estimates

The accuracy of the estimated genetic correlation was obtained by 1) the standard
deviation across estimates from different simulation replicates and 2) the average
of the standard errors reported by ASReml. For some scenarios, the standard errors
of the genetic correlation were compared to deterministic predictions. First, for
scenarios with only full-sibs, or only half sibs the SE was predicted by Robertson’s
equation (1959):
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[1+nt(1- @2)]2 + 17

SE(@) ~ (N _ 1)let2

(2.3)

Where N is the number of sire families, n is the number of offspring per
environment and t is the intra-class correlation (e.g. for half-sibs, t = 0.25h?), and
Ty
with only half-sibs the SE was predicted using the equation from Bijma and

Bastiaansen (2014):

is the known genetic correlation between environments. Second, for scenarios

1 05 , 05 2 2 2, a4
—— +(At+—g+—F ———S——)15+ T,
2,2 % 4 2 2)'gT g
~ Px“P Px™ P pPx” P
SE(f) ~ Y o Y (2.4)

Where N is the number of sire families, p,?and py2 are the reliabilities of
estimated breeding values in each environment, and 7, is the true genetic
correlation between environments.

2.3 Results

2.3.1 Standard error of estimated ry with c2= 0

The average standard errors as reported by ASReml were not different from the
standard deviation estimated over replicates. Therefore, we only reported the
latter. The SE of the 7; for the scenarios where equations from Robertson (1959)
and Bijma and Bastiaansen (2014) could be applied (i.e. only FS or only HS), did not
differ from SE obtained by the simulations (see Table S2.2 for the SEs). Only results
from simulations are reported here. In the absence of common environmental
effects, the smallest standard error was obtained with full-sib groups only, where
the minimum standard error for our population size of 2000 per environment
(0.097) was found for 10 offspring per sire per environment (Figure 2.1). With half-
sib groups only, the minimum standard error (0.144) was obtained with 20
offspring per sire per environment (Figure 2.1).
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Figure 2.1 Standard error of the estimated genetic correlation for simulated scenarios for
only half-sibs and only full-sibs for a population size of 2000 individuals per environment and
no common environmental effects (c2).

In the absence of common environmental effects, having a FS-HS structure gave
higher SE of the 7; than having only FS, but lower SE than having only HS (Figure 2.1
and Figure 2.2a). With 10 offspring per sire per environment, the SE of the
7y increased from 0.097 in a 1:1 mating ratio (Figure 2.1) to 0.100, 0.114, and 0.128
for a 1:2, 1:5, and 1:10 ratio respectively (Figure 2.2a). When the number of
offspring per sire per environment increased, and consequently the number of sires
decreased, the SE increases rapidly with a 1:1 mating ratio (Figure 2.1) but much
slower with more than one female per male (Figure 2.2a). When the number of
offspring per sire per environment was equal or greater than 40, the SE for a full-
sib family design was larger than the SE for all the other mating ratios (Figure 2.2a).
In summary, in the absence of common environmental effects, a 1:1 mating ratio

with 10 offspring per sire per environment will result in the smallest SE.
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Figure 2.2 Standard error of the estimated genetic correlation for different simulated
scenarios using the correct model for three mating ratios for a population size of 2000
individuals per environment, and three levels of common environmental effects (c2). In
panel a) ¢2=0 and no common environmental effects included in the model, in panel b)
¢2=0.05 and the common environmental effects are included in the model, and in panel c)
¢2=0.1 and the common environmental effects are included in the model.

2.3.2 Standard error of estimated ry with ¢2> 0

In the presence of ¢ in the population, and when accounting for ¢ in the model,
the smallest SE of the 7; for all mating ratios was found when the number of
offspring per sire per environment was equal to 20 (Figure 2.2b and Figure 2.2c).
The lowest SE of the 7; was reached when the mating ratio was 1:10 with 20
offspring per sire per environment, which resulted in each offspring having 1 full-
sib and 18 half-sibs in the same environment (SE=0.131; Figure 2.2b and 2.2c; Table
2.1). When ¢ was present, and included in the model, the SEs of the 7, increased
for all scenarios, compared to the scenarios when ¢ was not present and not
included in the model (Figure 2.2). When the number of offspring per sire per
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environment increased, the standard error for the 1:2 mating ratio became
extremely large. However, when there were more females mated per male, the
standard error of the rAg also increased when the number of offspring per sire per
environment increased, but at a much lower rate (Figure 2.2). In the presence of ¢,
10 females mated per male with 20 offspring per sire per environment resulted in
the smallest SE.

1:10 mating ratio
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Figure 2.3 Distribution of the estimated genetic correlation for 1:10 mating ratio for a
population size of 2000 individuals per environment when a) c?=0 and b) ¢?=0.05 and
common environmental effects are included in the model. When ¢) ¢?=0 and d) ¢?=0.05 and
common environmental effects are not included in the model. The dashed line indicates the
simulated value of the genetic correlation (r;=0.5).

2.3.3 Estimates of r; and c? from the correct model

In the absence of ¢? and without the common environmental effect in the model,
the 7; were unbiased (Figure 2.3c). When 2> 0, and the common environmental
effect was included in the model, the 7, were also unbiased (Figure 2.3b). This
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pattern was the same for all different mating ratios and levels of ¢ tested. We only
show the results for the 1:10 mating ratio. The estimates of c? themselves were
also unbiased when common environmental effects were present in the population
and included in the model (Figure 2.4b).

1:10 mating ratio
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Figure 2.4 Distribution of the estimated common environmental effect for 1:10 mating ratio
for a population size of 2000 individuals per environment when a) c?=0 and when b)
¢%=0.05. The dashed line indicates the simulated value of the common environmental effect
¢?=0.0, and ¢?=0.05 respectively.

2.3.4 Estimates of rjand c? from the incorrect model

In the absence of ¢, and with the common environmental effects present in the
model there was a downward bias of the 7; of on average 0.1 (Figure 2.3a). On the
other hand, estimates of genetic correlations showed a upward bias of on average
0.3 when common environmental effects were present in the population, but not
included in the model (Figure 2.3d). This pattern was the same for all different
mating ratios and levels of ¢? tested. We only show the results for the 1:10 mating
ratio. The bias in 7; increased when ¢ was not included in the model, while present
in the population. The estimates of c?were biased upward by on average 0.02 when
the common environmental effects were not present in the population and
included in the model (Figure 2.4a).

2.4 Discussion

The aim of this study was to identify the optimal mating design to estimate the
genetic correlation between environments in the presence of common
environmental effects and different full-sib and half-sib ratios. Estimates of genetic
correlations of traits between different environments are of crucial importance for
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the design and optimization of breeding programs. Neglecting the existence of a G
x E interaction will lead to reduced response to selection (Mulder and Bijma, 2005;
Dominik and Kinghorn, 2008). For accurate estimates, experimental designs should
be optimized. In many situations the populations used to collect data can be
designed to a certain degree.

Some studies can, or have to use field data to estimate genetic correlations
(Mulder et al., 2004; Haile-Mariam et al., 2015; Sevillano et al., 2016; Godinho et
al., 2018), but other studies use experimental designs under specific population
structures to estimate the magnitude of G x E (Lwelamira, 2012; Dottavio et al.,
2019; Lillehammer et al., 2019). As common environmental effects generate
similarities between individuals, these effects should be taken into account when
designing the best population structure to estimate the genetic correlations
(Winkelman and Peterson, 1994). Here we show the importance of choosing the
experimental design and taking common environmental effects into account. Not
accounting for these effects will lead to biased estimates of the genetic correlation
and common environmental effects will increase the standard error of genetic
correlations.

2.4.1 Levels of c2

Siblings often share a common environment during the early rearing stage,
increasing the phenotypic covariance between relatives. In livestock, some studies
have reported high levels of ¢? ranging from 0.06 to 0.5. For example in several pig
breeds, the proportion of variance due to common environmental effects has been
reported to be around 0.34 for intramuscular fat, between 0.06-0.53 for fat
composition in Iberian pig lines (Ibafiez-Escriche et al., 2016), and between 0.22-
0.26 for days to 100kg (Li and Kennedy, 1994). For catfish body weight, estimates
reported range between 0.06-0.33 (Tran, 2016). For Venda chicken body weight,
common environmental effects for weight at hatching and weight at 4 weeks were
reported to be 0.39 and 0.18 respectively (Norris and Ngambi, 2006). Here we
show that the higher the level of c?, the greater the bias of the estimated genetic
correlation when not including common environmental effects in the model.
Therefore, the high levels of c? in these studies highlight the relevance to take
common environmental effects into account in the model and to optimize the
design for estimating genetic correlations.
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2.4.2 Optimizing mating designs

When the number of animals to be phenotyped is fixed, the standard error of the
estimated genetic correlation can still be influenced by the mating design. In animal
breeding programs, nested designs are traditionally used, where one male is mated
to a different number of females. Bijma and Bastiaansen (2014) predicted the SE of
the estimated genetic correlation for mating ratios that are typically used for four
species under different levels of ¢. Comparing mating ratios of 1:2 for tilapia, 1:7
for laying hens, 1:10 for pigs, and 1:12 for broilers, they report the highest standard
error of the estimated genetic correlation for a 1:2 design such as used in Nile
tilapia. Increasing the number of females per male was found to lower the SE of the
Ty. This is in agreement with our study, where we show that having a higher
number of females per male will give more accurate estimates of the genetic
correlation regardless of the level of ¢?. Even though having more than 10 females
per male may give even smaller SE of the 7; this will reduce the number of males
used considerably, which is typically not desired in breeding programs for reasons
of genetic diversity, when the experiment is part of a breeding program.

With a given population size of e.g. 2000 individuals per environment, having a
higher number of females per male reduces the number of full-sibs (offspring per
dam) per environment, but keeps the number of half-sibs (offspring per sire) per
environment the same. Distinguishing common environmental effects from genetic
effects requires that related individuals exist in different environments, and that
there is variation in the degree of relatedness between individuals that share the
particular common environment (Kruuk and Hadfield, 2007). To minimize bias in
the estimates of the genetic correlation, having more dams per sire should be
implemented.

In cases when the number of sire offspring per environment increases, the number
of parents linking this offspring to each environment decreases. Therefore, when
the number of offspring per sire is larger than 40, the number of females per sire
should be increased to be at least 5. With common environmental effects present
in the population, the optimum number of offspring per sire per environment is
equal to 20, decreasing the number of sires accordingly. Having more dams per sire
will then be needed to compensate for the low number of sires.

In accordance with Robertson (1959), in the absence of common environmental
effects, the 1:1 mating ratio gives the lowest SEs for the estimated genetic
correlation. However, to benefit from using a 1:1 mating ratio, there has to be
certainty about the absence of common environmental effects, so that there is no
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bias on the estimated genetic correlation. Under this mating ratio, the variance
between full-sibs is half of the additive genetic variance plus the variance due to
common environmental effects. Ignoring the common environmental effects will
therefore overestimate the additive genetic variance by two times the common
environmental effect variance (Kruuk and Hadfield, 2007). On the other hand, using
only half-sibs, gives the highest SEs for the estimated genetic correlation. It should
be noted that the SEs of the estimated genetic correlation obtained from the Bijma
and Bastiaansen (2014) formula are slightly lower for all the different population
structures compared to the SEs obtained by the simulations and by Robertson
(1959) formula. The formula by Bijma and Bastiaansen (2014), was derived under
some assumptions, and therefore can be interpreted, as the authors suggest, as a
lower bound of the SE of the 7 for only half-sib relationships.

Nested designs, with a 1:2 mating ratio, are commonly seen in for instance Nile
tilapia breeding programs. These designs are applied because full-sibs need to be
reared separately until tagging before they are transferred to communal growth
environment. However, family production in some fish breeding programs relies on
natural mating and families are kept separate for a long period, making it likely that
common environmental effects are introduced (Winkelman and Peterson, 1994;
Trong et al., 2013). Two dams per sire is the minimum design to allow estimation of
c?. However, different G x E studies have shown difficulties when trying to estimate
genetic parameters while including common environmental effects in the model.
They attribute this problem to the low number of dams mated to each sire (1:2 or
1:3 mating ratio), and to a fixed effect such as spawning date being confounded
with the ¢? (Trong et al., 2013; Omasaki et al., 2016). Nonetheless, other studies
have estimated significant levels of common environmental effects present for
different tilapia species (Thodesen et al., 2013; Thoa et al., 2015). Using a 1:2
mating design in Red Tilapia, estimates for ¢? ranging from 0.23-0.59 were found in
fish kept in ponds, and estimates between 0.1-0.31 were found in fish kept in cages
(Nguyen, Azhar and Thoa, 2017). These significant levels of ¢? and the fact that
different studies had trouble in estimating c? highlight the importance of
optimizing designs to estimate both ¢? and r,.

2.4.3 Impact of biased rg estimates

Biased genetic parameter estimates will lead to an erroneous conclusion about the
genetic values of individuals for the different environments, to over- or
underestimating the importance of G x E, and possibly suboptimal designed
breeding programs. Biased genetic correlation estimates can also lead to erroneous
conclusions about the genetic improvement in breeding programs (Dominik and

37



2 Optimizing designs to estimate G x E

Kinghorn, 2008; Chu et al., 2018). Overestimated genetic correlations would result
from wrongly ignoring the presence of ¢2, and could lead to the conclusion that G x
E is absent, when in fact it exists. These biased estimates of genetic correlations
may cause the decision to have a single breeding program to serve the different
environments, while the optimal decision would be to have multiple separate
breeding programs (Mulder et al., 2006b).

Taking common environmental effects into account is not systematically done
when evaluating a genotype by environment interaction, as they can be difficult to
estimate (Kolstad et al., 2006; Omasaki et al., 2016). Here we show the importance
of estimating these effects, as they also have an influence on the bias and accuracy
of estimating genetic parameters. In cases where there is an uncertainty about the
presence of common environmental effects in the population, but the effects are
included in the model while being equal to zero, there is a slight downward bias of
the estimated genetic correlation. Therefore a proper experimental design should
be implemented to estimate the common environmental effects accurately and the
effect should be included in the model if present in the population.

Robertson (1959) presented a formula to predict the standard error of the genetic
correlation for restricted family groups, either only full-sibs or only half-sibs in the
absence of common environmental effects. Later on, Bijma and Bastiaansen (2014)
presented a formula to estimate the standard error of the genetic correlation
accounting for common environmental effects, but restricted the family design to
only-half sib group. In animal breeding it is common to estimate the genetic
correlation between environments for a combination of full-sibs and half-sibs
separated in two environments. With these family designs the presence of
common environmental effects is very likely. Therefore, the previous theoretical
bases should be considered with some caveats, as they do not resemble the actual
genetic improvement programs. This study, acknowledges the combination of full-
sibs and half-sibs groups and the presence of common environmental effects for
the estimation of the standard error of the genetic correlation. This will allow for
animal breeders to decide on the appropriate population structure needed to
achieve unbiased estimates under more realistic scenarios.

This simulation study focused on finding the optimal population design to minimize
the standard error of the genetic correlation in the presence of common
environmental effects. The constant population size of 2000 individuals per
environments allowed us to make comparisons across different mating ratios. We
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show that mating structures with more than 2 females per male should be used to
better disentangle the common environmental effects from the genetic effects,
thereby obtaining a lower SE of the estimated genetic correlation. Only when there
is certainty about the absence of common environmental effects in the population,
a single female per male will give the lowest SE and an unbiased estimate of the
genetic correlation.
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4.6 Supplementary information
Table $4.1 Number of iterations that converged for all the simulated scenarios.
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Table S4.2 Standard errors of the estimated genetic correlation for the scenarios based on
theory and simulations for only full-sibs or only half-sibs for a population size of 2000
individuals per environment and no common environmental effects (c?).

Sire offspring per environment
Scenario 2 4 8 10 20 40 80
0.10 0.10 0.13

Robertson (FS) 0.14 0.114 4 3 0.11 1 0.17

0.13 0.09 009 010 0.12 0.16
Simulation (FS) 9 0.105 9 7 5 7 8

0.25 0.16 015 0.14 0.15 0.18
Robertson (HS) 7 0.197 2 5 6 7 8
Bijma & Bastiaansen 0.23 0.15 014 014 0.15 0.18
(HS) 9 0.185 3 7 1 3 7

0.34 0.16 015 0.14 0.15 0.18
Simulation (HS) 3 0.204 1 5 4 6 6
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Abstract

Predicting breed specific environmental suitability has been problematic in
livestock production. Native breeds have low productivity but are thought to be
more robust to perform under local conditions than exotic breeds. Attempts to
introduce genetically improved exotic breeds are generally unsuccessful, mainly
due to the antagonistic environmental conditions. Knowledge of the environmental
conditions that are shaping the breed would be needed to determine its suitability
to different locations. Here, we present a methodology to predict the suitability of
breeds for different agro-ecological zones using Geographic Information Systems
(GIS) tools and predictive habitat distribution models. This methodology was tested
on the current distribution of two introduced chicken breeds in Ethiopia: the
Koekoek, originally from South Africa, and the Fayoumi, originally from Egypt.
Cross-validation results show this methodology to be effective in predicting breed
suitability for specific environmental conditions. Furthermore, the model predicts
suitable areas of the country where the breeds could be introduced. The specific
climatic parameters that explained the potential distribution of each of the breeds
were similar to the environment from which the breeds originated. This novel
methodology finds application in livestock programs, allowing for a more informed
decision when designing breeding programs and introduction programs, and
increases our understanding of the role of the environment in livestock
productivity.



3 Predicting breed suitability

3.1 Introduction

Indigenous breeds are exposed to natural selection processes that allow them to
acquire qualities that make them better suited to their environment. Native breeds
have been described to be locally adapted to specific environmental conditions, as
well as tolerant to different parasites and diseases (Solti et al., 2000; Kohler-
Rollefson et al., 2009; Mirkena et al., 2010). Exotic breeds show an advantage in
production over the indigenous breeds as they have been selected for high
productivity for many generations. For this reason, many introduction programs
aim to increase local egg and meat productivity in chicken, to increase wool yield in
sheep, meat quality in cattle and in goats, as well as milk yield in cows. However,
most programs were not successful, mainly because of the non-adaptability of the
exotic breeds to the challenging tropical environments (Kosgey et al., 2006;
Mirkena et al., 2010; Wurzinger et al., 2011; Haftu Kebede Sebho, 2016). What is
needed are methods to predict which areas are suitable, in terms of environmental
conditions, for the introduction of different breeds. Such methodology would make
introduction programs and design of breeding programs more efficient.

Predictive habitat distribution models are Geographic Information Systems (GIS)-
based tools that use the current climatic conditions of a species to make
predictions of the potential distribution of the species (Pearson and Dawson, 2003;
Hijmans and Graham, 2006; Soberén and Nakamura, 2009). These tools explain
naturally occurring plant and animal distribution patterns, or assess the impact of
climate change on their distributions. These models may be useful as a new tool to
predict whether the introduction of a specific livestock breed has the potential to
be successful, based on local climatic conditions. In livestock research, GIS tools
have been used to map suitable territories for land use (Malafant, 1998; Kalivas
and Apostolopoulos, 2005), to view patterns of disease transmission (Cringoli et al.,
2007), and to establish conservation priorities (Bertaglia et al., 2007). However,
these tools have not been used to predict suitable areas for particular livestock
breeds. Neither have they been used to understand the environmental factors that
may influence changes in productivity between environments.

Here we present a methodology that uses GIS tools to develop predictive habitat
distribution models that can be used to predict the suitability of a breed for a
particular region based on climatic information. The methodology was tested on
two introduced poultry breeds in Ethiopia. Ethiopia was considered suitable for
testing the methodology because it is an ecologically diverse country with a broad
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3 Predicting breed suitability

range of contrasting agro-ecologies defined by altitude, temperature and rainfall
(Mengistu, 2003). The methodology was used to (1) make predictions on the
potential suitable habitat range for each breed, (2) indicate which bio-climatic and
land cover variables explain the differences between the areas predicted to be
suitable for the different breeds, and (3) establish a ranking of the suitability of the
two available breeds for each region. This novel methodology finds application in
livestock programs, allowing a more informed decision making for the design of
breeding programs and introduction programs, and increases our understanding of
the role of the environment in livestock productivity.

3.2 Materials and methods

Using distribution models and GIS tools we developed a methodology and applied
it to predict areas of potential suitability for two different livestock breeds. To
validate the methodology we chose two different chicken breeds that are currently
kept in Ethiopia. The development of the methodology involved building
distribution models based on climate for each breed. Validation was done by cross
validation to determine if the model could differentiate areas where the breeds are
kept from areas where the breed is not present.

3.2.1 Distribution model building

To build the distribution models, we used the maximum entropy algorithm
implemented by Maxent (Phillips et al., 2006). Maxent is one of the most
commonly used tools in ecology to predict species distributions. It has been shown
to have greater predictive power than other tools, particularly for small data sets
(Elith et al., 2006). Maxent is a machine learning algorithm that uses presence-only
data to relate the environmental variables and occurrence points to establish a
probability of potential geographic suitability (Phillips et al., 2006; Phillips and
Dudik, 2008). The output, is the probability of suitability for all map positions that
can be represented as a heat map.

3.2.2 Environmental data

Ethiopia was chosen because it is a diverse country divided in nine regional states
(Figure 3.1a) and five agro-ecological zones based on rainfall and elevation, the
latter being a determinant for agricultural land use due to its influence on
temperature (Mengistu, 2003; Table 1; Deressa et al., 2010). Additionally, to better
characterize the country’s temperature and moisture regimes, a system of zonation
was developed generating 18 major zones (Deressa et al., 2010; Fig. 3.1b).
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Figure 3.1 Map of Ethiopia showing (a) its nine regional states, and (b) the 18 major agro
ecological zones based on temperature and precipitation. Dots on the maps indicate the
localities from each of the breeds that were used to build the models.

Table 3.1 Traditional agro-ecological zones in Ethiopia.

Zone Elevation (m) Mean Annual Average annual
precipitation (mm)  temperature (°C)

Bereha (dry-hot/desert) <500 <200 >27.5
Kola (sub-moist 500 - 1500 200 - 800 20.0-27.5
warm/lowlands)
Weinadega (dry- warm/mid 1500-2500 800 - 1200 17.0-20.0
highlands)
Dega (cold/highlands) 2500-3500 900-1200 11.5-17.0
Wourch (very cold or > 3500 900 - 2200 <115

alpine/upper highlands)
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Chickens are part of the Ethiopian village production systems, where they rely on
scavenging for survival. Food source is dependent on seasonality, which in
Ethiopian agricultural circumstances is strongly related to temperature and rainfall.
We chose the sets of environmental variables that would represent trends in
seasonality (temperature and precipitation); variables that would have an influence
on, or would reflect on the adaptability, hence the biology of the chickens. A total
of 21 variables available at a 1km by 1km resolution were collected from WorldClim
(Hijmans et al., 2005: http://www.worldclim.org/), and the Harmonized World Soil
Database v 1.2 (FAO/IIASA/ISRIC/ISSCAS/IRC, 2012: http://www.fao.org/soils-
portal/soil-survey/soil-maps-and-databases/harmonized-world-soil-database-
vl2/en/). The environmental data included 19 bioclimatic variables and an
elevation layer representing current climatic conditions. These 20 layers are
commonly used as indicators of annual trends in seasonality, temperature and
precipitation. In addition, a land cover layer, total cultivated land, was included as a
proxy to anthropogenic intervention and agricultural systems, as smallholders
occurrence and poultry density are closely linked in Ethiopia (Dessie, 2003;
Mwacharo et al., 2013).

These environmental variables can be correlated. However, to avoid overfitting we
used Maxent, which uses a regularization parameter to smoothen the model. It will
reduce the importance of variables in the model when they are either of low
predictive value or highly correlated to other variables (Phillips et al., 2006). Using
this regularization parameter has been shown to perform better than other
procedures that use other modelling methods to pre-select variables (Elith and
Leathwick, 2009; Elith et al., 2011).

3.2.3 Poultry production system in Ethiopia

Poultry production in Ethiopia is dominated by smallholder producers where nearly
all rural and peri-urban families keep a flock of free range chickens in a scavenging
system (Moges et al., 2010; Pym, 2010). Village production systems (also denoted
traditional or backyard) account for 97% of the poultry production in Ethiopia,
making the productivity highly dependent on the environment. In these systems
chickens rely almost entirely on scavenging for feed. The amount of nutrients
available depends on the region and season of the year. Between rainy seasons
feed is limited because the land where chickens usually scavenge is used to grow
crops. Attempts to improve the poultry sector in the country have been done
through the introduction of exotic chicken breeds, but with no emphasis on
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changing the husbandry practices. Therefore, exotic breeds are kept under the
same backyard conditions as the indigenous chickens (Habte et al., 2017).

3.2.4 Breeds and occurrence

Two exotic breeds were selected for this study based on prior knowledge about
their presence in smallholder farms in Ethiopia. The Fayoumi breed originates in
Egypt and is said to be adapted to hot and very dry areas in tropical and sub-
tropical conditions (Geleta et al., 2013). The Koekoek breed, developed in South
Africa, is popular among South African farmers, and said to be adapted to the local
conditions in South Africa (Grobbelaar et al., 2010). For Ethiopia, a total of 161
breed locations were used, 62 for the Fayoumi breed, and 99 for the Koekoek
breed (Figure 3.1b). These locations were obtained from the national research
institute that handles the poultry database in the country; the Ethiopian Institute of
Agricultural Research (EIAR).

3.2.5 Predicting breed occurrence

Using the environmental variables selected previously, for each breed
independently, we generated a map of the potential distribution given the current
climatic and land cover conditions. The range of the potential distributions of both
breeds was visualized and assessed in a heat map of the country. To distinguish
climatically suitable from unsuitable areas, we applied the “minimum training
presence” threshold rule which uses the least suitable training occurrence record
as the threshold (Pearson et al., 2007; Norris, 2014). Following the map generation,
we validated the model using the receiver operating characteristic (ROC) curve and
a binomial test of omission (known areas of presence predicted absent, Phillips et
al., 2006). The ROC analysis is a standard approach to test model performance by
evaluating the sensitivity (absence of omission error) and 1-specificity (commission
error). For each breed the environmental variables that had the highest predictive
contribution while building the model were identified.

3.2.6 Cross-validation

To determine if the model predictions could predict breed suitability, we first
divided the country in 1 x 1 decimal degree grids, which gave us a total of 110 cells.
The grid was applied to limit the effect of spatial clustering on the cross-validation.
For each breed independently, instead of removing points one by one, all the
localities within each cell where the breed was present were removed from the
training data set. This was done cell by cell for all of the cells that included the
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occurrence data. Once the occurrence points were removed from the cell, the
model was fitted to predict a probability of occurrence for that same cell.

For the cells where the breed was not present, a set of random locations were
defined as absent. This set of absent locations was created using ArcGIS v10.3.1
(ESRI, 2015). For each of these cells, the set of random localities were removed
from the training data set, and then the model was fitted to estimate the mean
predicted probability for each of the cells where the localities were removed. This
was done cell by cell for all of the cells with the absence localities. Similar validation
designs (variations on the k-fold cross-validation) are used for other approaches in
wildlife species to develop more rigorous habitat distribution models (Muscarella
et al., 2014).

To base our results on suitable environmental conditions where poultry exists in
Ethiopia, we first selected the cells with reported poultry density greater than 10
individuals per square kilometer (Robinson et al., 2014). Then from those cells we
selected the ones where each breed was present, hence 78 of the 110 total cells for
Fayoumi, and 76 cells of the total 110 cells for Koekoek were included, and the
predicted probabilities for the cells with occurrences and the cells with absences
were compared. The difference in probabilities between cells with occurrence and
with absence was visualized with a density plot; a t-test was applied to test
whether both groups were significantly different. An R-script implementing the
cross-validation is included.

3.2.7 Breed ranking

For each of the nine regional states in Ethiopia, we established the percentage of
area predicted as suitable. Using ArcGIS v10.3.1 (ESRI, 2015) we calculated the total
area per region, and the total area predicted as suitable for each of the breeds in
each region. Finally for each breed we ranked the five regions that had the highest
percentage of potential suitable area.

Data handling and Maxent algorithm (Phillips et al., 2006) which was implemented
using the dismo package (Hijmans et al., 2017) , were conducted with R version
3.2.2 (R Development Core Team, 2016) running on RStudio version 0.99.902
(RStudio Team, 2015).
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3.3 Results

3.3.1 Prediction and ranking of suitability for breeds

For both breeds, the model predicted that suitable environmental conditions exist
beyond the current distribution of the breed (Figure 3.2a, Figure 3.2b). The area
under the ROC curve for the model predicting the potential distributions of the
Fayoumi and Koekoek breeds was close to one (0.981 and 0.975 respectively),
indicating that the model performed well.
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Figure 3.2 Suitability predictions for (a) Koekoek, and (b) Fayoumi breeds in Ethiopia.
Predicted areas are shaded; darker colors denote areas of higher climatic suitability.
Observed localities used to build the model are shown in black dots. Ratio of suitability
between breeds (c). Purple color indicate higher predicted suitability for Fayoumi than for
Koekoek. Blue color indicate higher predicted suitability for Koekoek than for Fayoumi.

The percentage of area predicted as suitable for each of the nine regional states in
Ethiopia differed between breeds (Figure 3.2c). For the Fayoumi breed, the four
regional states with highest percentage of area predicted as suitable were Oromia,
Southern Nations Nationalities and People's Region (SNNPR), Amhara and Tigray
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(10.9%, 9.13%, 1.29% and 0.57% respectively; Table 3.2). For the Koekoek breed
the four regional states with highest percentage of area predicted as suitbable
were Amhara, Oromia, Southern Nations Nationalities and People's Region
(SNNPR), and Tigray (12.93%, 10.41%, 9.45% and 0.74% respectively; Table 3.2).

Table 3.2 Percentage of area predicted as suitable in the top four regions for each breed.

Percentage of area

Chicken breed Region . i
predicted as suitable

Ambhara 12.93

Koekoek Oromia 10.41
SNNPR 9.45

Tigray 0.74

Oromia 10.9

Fayoumi SNNPR 9.13
Ambhara 1.29

Tigray 0.57

3.3.2 Most important climatic conditions

Differences in habitat suitability were supported by differences in environmental
conditions. The variable explaining most of the variation in suitability for the
Fayoumi breed (43.7%; Table 3.2) was associated to total cultivated land. The next
two axes (jointly accounting for 26.3% of the environmental variation; Table 3.3)
were associated to precipitation. For the Koekoek breed, the variable explaining
most of the variation (PC1; 18.1%; Table 3.3) was the minimum temperature of the
coldest month, and the next two axes (jointly accounting for 21.6% of the variation.
Table 3.3) were associated to mean temperature of the warmest quarter, and the
range of mean monthly temperature.

Table 3.3 Selected environmental variables with their percent contributions to the
prediction for each breeds’ model using Maxent.

Chicken breed Environmental variable Percgnta_g ;
contribution
Minimum temperature of coldest month 18.1
Koekoek Mean temperature of warmest quarter 11.9
Mean diurnal range 9.7
Total cultivated land 43.7
Fayoumi Precipitation of driest quarter 16.9
Precipitation of coldest quarter 9.4

54



3 Predicting breed suitability

3.3.3 Cross-validation

For each of the breeds the mean predicted suitability for the occurrence cells was
greater than the mean predicted suitability for the absence cells (P < 0.05). For the
Koekoek breed, the mean predicted suitability for the cells with absences was
0.047, and for the cells with occurrences was 0.167. For the Fayoumi breed, the
mean predicted suitability for the absences was 0.036 and 0.249 for the
occurrences (Figure 3.3).
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Figure 3.3 Density plots showing the probability predicted as suitable for the cells where

the (a) Koekoek and (b) Fayoumi breeds occur (in light grey) and where they are absent
(dark grey).

3.4 Discussion

A variety of GIS-based tools have been applied in agriculture. In goats and sheep
they have been used to characterize their production system (Malafant, 1998), to
propose pasture areas in regions where land has been fragmented (Kalivas and
Apostolopoulos, 2005), and to analyze the spatial link between indigenous breeds
and areas of livestock usage (Bertaglia et al., 2007). In cattle, buffaloes and sheep,
GIS has been applied to see the spatial structure of animal populations, and to
evaluate the characteristics of disease transmission between farms (Cringoli et al.,
2007). In domestic fowl species, GIS was used to examine the extent of the
ecological tolerance of an ancestor bird species to evaluate the success of
domestication (Pitt et al., 2016). However, the use of habitat prediction models
based on climate and land cover, have not been applied to an animal-breeding
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context. Here we show how these tools that are widely applied in wild species to
cover diverse topics in biogeography, conservation and climate change, can be
applied to in livestock to predict breed specific environmental suitability.

Our results suggest that the two breeds that were tested occupy different climatic
environments; the Fayoumi breed is suitable for areas where there is a higher
percentage of land used in agriculture, and where there is higher precipitation,
whereas the Koekoek breed is suitable in colder environments with larger
temperature fluctuation. Even though in our dataset the breeds were kept in
overlapping areas of the country, they do not always occur together. The Koekoek
breed is kept in some localities with tepid to cool moist and sub-moist mid-
highlands. The Fayoumi breed is kept in tepid to cool humid mid-highlands, and hot
to warm moist lowlands. Temperature and rainfall were found to be the main
drivers of the differences in the potential distribution. These climatic parameters
are likely to affect livestock production and are highly distinctive between the agro
ecologies within our dataset.

The distribution models indicated that the suitable areas for both of the breeds
extend beyond their current boundaries, which suggests that there are more areas
of the country where the breeds could be suitable for poultry production. The
model was sensitive enough to distinguish between breeds. Areas that were
predicted as highly suitable differed between the breeds, were found to have
significant climatic differences. For the Koekoek breed, the model predicted higher
suitable cooler areas in the northern and southern parts of Ethiopia, while for the
Fayoumi breed, humid areas towards the center of the country were predicted as
highly suitable. Knowledge on the environmental conditions that can have an effect
on the breeds’ performance is of crucial importance when deciding where to
introduce them and where to maintain them.

Adaptability to different environments can be explained by looking at the breeds’
origin, where environmental and anthropogenic selective pressures have shaped
their adaptation to specific environments. The Fayoumi is a breed of Egyptian
origin (Hossaryl and Galal, 1994), while the Koekoek originated in South Africa
(Grobbelaar et al., 2010). A study that assessed the genetic diversity of chicken
populations in Africa, Asia and Europe revealed that the Fayoumi breed was
grouped with chickens from the Mediterranean, while the Koekoek shared a cluster
with eastern European breeds and broiler chickens (Lyimo et al., 2014). This genetic
origin suggests that breeds might respond distinctively in different agro-ecologies.
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Even though the origin of the breeds was not in Ethiopia, we interpreted its current
occupation area as a success in productivity and as evidence for suitability in the
current range. Therefore, the current area of occupation could be used to predict
suitability for other regions in the country where the breeds are not present.

This novel approach can find practical use in breeding programs, as it can be
applied at different scales for different livestock breeds. For region specific breeds,
such as the indigenous Horro chickens (Wondmeneh, 2015), or cosmopolitan
breeds, such as the Holstein Friesian cattle, these tools can be useful to predict
suitability to a given region, given the climatic variables. The approach can be used
when the interest is in designing a breeding plan, introducing a breed to a new
area, or when trying to understand differences in performance within the same
breed in different areas, or between breeds in the same area. To extend the use of
prediction models, further analysis can be explored by taking productivity data into
account. However, productivity data is difficult to obtain from smallholder farms.

Understanding the environmental requirements of different breeds is an important
tool to support higher productivity in particular regions (Arthur and Albers, 2003).
As regions can have different environmental conditions, it is imperative to
understand how livestock adapt to their environment, and which variables are
shaping the differences in performance between breeds.

Breeding programs in developing countries are often ineffective as a consequence
of the non-adaptability of the introduced breeds to the challenging environments
(Montaldo, 2001; Ojango and Pollott, 2002). More recently Ferreira et al. (2017)
and Rosé et al. (2017) showed that differences between temperate and tropical
climates can cause significant G x E which affects productivity. This breed-by-
environmental mismatch is usually estimated as genotype by environment
interaction (G x E), the genetic correlation for a given set of traits estimated in two
environments. Given the genetic correlation, our methodology can be used to
analyze these two environments and predict in which regions a breed will most
likely exhibit an environmental mismatch. By analogy it can also reveal potential
areas of successful introduction, contributing to a successful breeding program.

In conclusion, this work showed the utility of habitat distribution models applied to
a livestock research. This allows making predictions of breed specific suitability
taking into account environmental information. Being able to explain the role of
genotype by environment interaction can be a useful application of the
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methodology developed here, that will further help in providing support when
designing breeding programs, or introduction programs for local animal
production, by understanding the environmental variables that can have an impact
on breed productivity between environments.
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Abstract

Livestock production systems of the developing world use indigenous breeds that
locally adapted to specific agro-ecologies. Introducing commercial breeds usually
results in lower productivity than expected, as a result of unfavourable genotype by
environment interaction. It is difficult to predict of how these commercial breeds
will perform in different conditions encountered in e.g. sub-Saharan Africa. Here,
we present a novel methodology to model performance, by using growth data from
different chicken breeds that were tested in Ethiopia. The suitability of these
commercial breeds was tested by predicting the response of body weight as a
function of the environment across Ethiopia. Phenotype distribution models were
built using machine learning algorithms, to make predictions of weight in the local
environmental conditions based on the productivity for the breed. Based on the
predicted body weight, breeds were assigned as being most suitable in a given
agro-ecology or region. We identified the most important environmental variables
that explained the variation in body weight across agro-ecologies for each of the
breeds. Our results highlight the importance of acknowledging the role of
environment in predicting productivity in scavenging chicken production systems.
The use of phenotype distribution models in livestock breeding is recommended to
develop breeds that will better fit in their intended production environment.



4 Predicting livestock performance

4.1 Introduction

In livestock production systems of the developing world, native breeds are known
to be locally adapted to specific environmental conditions (Dessie, 2003; Pym,
2010a). This adaptability allows these breeds to fulfil a key role in providing
nutrition and income to the rural and peri-urban households, particularly under low
input management systems. However, these local breeds exhibit low productivity
when compared to exotic breeds (Bekele et al., 2009). As a means to improve local
meat and egg production, the African continent has witnessed the introduction of
exotic chicken breeds (Mwacharo et al., 2013). Nevertheless, after more than 40
years of exotic breed introduction most attempts have been unsuccessful mainly
because of the non-adaptability of these breeds to the local environmental
conditions, and the prevailing low input production systems (Dessie et al., 2000;
Bekele et al., 2010; Dana et al., 2010b).

Nowadays, the poultry industry in most developing countries is divided in three
systems, village, semi-intensive and intensive. Distinctions between these
production systems are based on the breeds (indigenous or introduced), but also
on the management conditions (Habte et al., 2017). Generally, introduced
commercial breeds are kept under better housing and feeding conditions in the
semi-intensive and intensive systems, while smallholders keep their indigenous
breeds under semi-free range, scavenging feeding conditions in the village systems
(Pym, 2010a, 2010b; Habte et al., 2017). Birds in the village systems rely on
foraging for water, house wastes, insects, snails, earthworms, and other resources
where the availability is highly dependent on the local environment and season
(Dessie, 2003; Habte et al., 2017).

There are a few commercial breeds that have been specifically developed for
production in (semi-) tropical conditions. Examples include the Kuroiler, a hybrid
chicken from India (Sharma et al., 2015), Sasso, a breed originating from France
(SASSO Breeding Company, 2018), and the Koekoek, a breed developed in South
Africa (Grobbelaar et al., 2010). These breeds are developed to be successful and
more productive in low maintenance, tropical systems. However, there is a lack of
understanding of how these tropically adapted commercial breeds will perform
across the wide range of environmental conditions encountered in sub-Saharan
Africa and under diverse smallholder systems.

In a recent study, we used predictive habitat distribution models on the Koekoek
breed, to predict areas of potential suitability for this breed in Ethiopia. We also
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identified which environmental conditions explain the breeds’ distribution in the
country (Lozano-Jaramillo et al.,, 2018). For that study no information on the
productivity of the breed was taken into account, as only information about the
location of the breed was available.

An approach to take the productivity into account, is the use of phenotype
distribution models. These models were recently introduced in ecology studies to
capture the response of phenotypic traits as a function of environmental conditions
(Smith et al.,, 2017). As the environment plays an important role in scavenging
systems, this model can also have value to predict the productivity of a breed in a
specific region. The application of phenotypic distribution models to understand
the role of the environment in livestock productivity is novel and has not yet been
implemented.

Due to the influence of environmental factors on animal performance, research on
the mechanisms of livestock adaptation to challenging environments is urgently
needed (Van Marle-Koster and Casey, 2001). The African Chicken Genetic Gains
project (ACGG; https://africacgg.net/) is testing the performance of different

chicken breeds in smallholders’ households. ACGG is an Africa-wide collaboration
research program led by the International Livestock Research Institute (ILRI) and
Bill and Melinda Gates Foundation funded, that aims to improve chicken
productivity to benefit rural smallholder households. Knowledge on how the
productivity of these introduced chicken breeds is affected by the environment
may allow predictions on how they would respond to specific agro-ecologies, and
to tailor breeding programs to collect performance data in the most informative
environments.

Our main objective was to predict the response of productivity traits of different
introduced breeds, as a function of the environment where they were introduced.
Using performance data on five chicken breeds from the ACGG project in Ethiopia,
the association with environmental parameters was established using phenotypic
distribution models. Predictions for productivity traits were made to establish
suitable areas for breed distribution. Such predictions could provide insightful
information for breeding companies or farmers to decide which areas can be
suitable to introduce a breed, or which breed will be better suited for a specific
environment.
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4.2 Materials and methods

Live body weight data from the five breeds tested in Ethiopia was obtained from
the ILRI datasets portal. For details on ACGG see https://africacgg.net/.
Environmental variables that characterize the different agro-ecological zones in
Ethiopia were obtained from WorldClim (Hijmans et al., 2005) and the Harmonized
World Soil Database v 1.2 (FAO/IIASA/ISRIC/ISSCAS/IRC, 2012). All data cleaning
and analyses were undertaken in R version 3.5.1 (R Development Core Team, 2016)

running on RStudio version 1.1.383 (RStudio Team, 2015). The experimental
protocols and ethical guidelines were approved by the ILRI Institutional Research
Ethics Committee (ILRI IREC) under reference number ILRI-IREC2015-08. ILRI IREC is
accredited by the National Commission for Science, Technology and Innovation
(NACOSTI) in Kenya.
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Figure 4.1 Map of Ethiopia showing its regional states.

4.2.1 Chicken breeds

The ACGG program identified four exotic chicken breeds presumably tolerant to
sub-Saharan African environmental conditions (Koekoek, Kuroiler, Sasso, and
Sasso-RIR), and in 2016 fertile eggs were imported into Ethiopia. A locally improved
breed named Horro was also used in parallel to the exotic breeds. The latter one
assumed to be locally adapted, and genetically improved for growth and egg
production in the environmental conditions of the low input systems characterizing
the smallholders farms in Ethiopia (Wondmeneh, 2015).
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The five breeds were tested in 63 villages, divided over five regions across Ethiopia
(Addis Ababa, Amhara, Oromia, Southern Nations Nationalities, and Tigray; see
Figure 1). A total of 1393 households received approximately 25 six-week old chicks
per household. All breeds were tested in all the villages, but only one breed was
tested in each household. The introduced chickens were exposed to the same
environmental and management conditions as the local breeds already kept by the
farmers. The breed distribution started in August 2016, and data collection ended
in January 2018.

4.2.2 Breed and phenotypic data

Households were georeferenced, and each breed was randomly assigned to a
household. Chickens were delivered at 6 weeks of age. Traditionally in Ethiopia,
farmers sell the male chickens when they reach 2 kg, which is around 20 weeks. For
male chickens, weight data was collected until 20 weeks of age. Females are kept
longer for egg production, therefore, weight data for females was collected until 72
weeks of age.

4.2.3 Data cleaning

In each household, body weight data was collected every two weeks as a group
measure. Taking into account the number of birds weighted, we converted the
group weight to average individual body weight. After calculating the average
individual weight, we first eliminated all observations with weight less than 50
grams. We deleted the households with more than 30 birds reported per
household. We also deleted those observations where age was less than 6 weeks.
For males we used male body weight during the growing phase (weeks 14-19) and
for females we divided the data into growing phase (weeks 14-19), and adult phase
(weeks 20-72). Not all the weeks had data for all of the households. Therefore, we
standardized the body weight in each household to the average value of week in
each age phase for all breeds for males and females independently. The average
week value for the growing phase for males and females was 16.54 and 16.52
respectively. For females during the adult phase this was 41.81. Then, the following
linear model was fitted:

y=H+W+e (4.1)

where y is the vector with the average bird weights, H is the household at the week
of measurement, W is the week of measurement, and e is the vector containing the
random residual error. We assumed that within breeds all chickens had the same
body weight at the time of hatching and fitted a model with common intercept and
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different slope per household. For each household for each age phase
independently, we calculated the least squares means (LSmeans), using the
emmeans package in R (Lenth, 2019) .

Table 4.1. Environmental variables used to build the models.

Variables Source
Annual Mean Temperature WorldClim
Mean Diurnal Range (Mean of monthly (max temp .

- min temp)) WorldClim
Isothermality (BIO2/BIO7) (* 100) WorldClim
Temperature Seasonality (standard deviation *100) | WorldClim
Max Temperature of Warmest Month WorldClim
Min Temperature of Coldest Month WorldClim
Temperature Annual Range (BIO5-BIO6) WorldClim
Mean Temperature of Wettest Quarter WorldClim
Mean Temperature of Driest Quarter WorldClim
Mean Temperature of Warmest Quarter WorldClim
Mean Temperature of Coldest Quarter WorldClim
Annual Precipitation WorldClim
Precipitation of Wettest Month WorldClim
Precipitation of Driest Month WorldClim
Precipitation Seasonality (Coefficient of Variation) | WorldClim
Precipitation of Wettest Quarter WorldClim
Precipitation of Driest Quarter WorldClim
Precipitation of Warmest Quarter WorldClim
Precipitation of Coldest Quarter WorldClim
Elevation WorldClim
Total cultivated land Harmonized World Soil

4.2.4 Environmental data
The introduced chickens were kept in low input systems along with indigenous
chicken. Some feed supplementation was given by farmers at their discretion. The
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supplemented feed was either grown by the farmers or bought externally, the rest
of the feed intake was from scavenging. The introduced chickens had to cope with
the same environmental conditions as the indigenous chickens, where food
availability depends on seasonality. Therefore, we used a total of 21 variables at a
1km by 1km resolution (Table 4.1). The environmental data, representing current
conditions included 19 bioclimatic variables and an elevation variable. These 20
variables represent trends in temperature, seasonality and precipitation, variables
that are expected to have an influence on the chicken productivity and food
availability. Smallholders in Ethiopia tend to have crops in their households, which
has an influence on what is fed to their livestock. To represent this link between
human intervention and agriculture (Dessie, 2003; Mwacharo et al., 2013) we used
an additional layer, the total cultivated land. This variable represents the, that the
percentage of area that is used in agriculture, therefore having an impact on the
food availability.

4.2.5 Phenotypic variation models

In ecology, regression analyses are often used to explain the relationship between
ecological data and to build prediction models. Ecological data can sometimes be
complex showing non-linear relationships and/or spatial and temporal correlation.
To address these problems, more flexible, but still complex models are often used,
such as generalized additive models (GAMs). GAMs can identify nonlinear
approaches, and still generate easy to interpret relationships. However, including
too many covariates will lead to overfitting, which decreases the prediction
accuracy. Therefore, several machine learning algorithms, such as boosting, have
been used to increase the prediction accuracy of standard regression models
(Maloney et al., 2012).

To model the relationship between environmental variables and chicken
phenotypes, the values of the 21 environmental variables for each of the
georeferenced household locations were used as predictor variables. The response
variable was the LSmeans for body weight per household for each of the breeds at
the average week for each growing phase. To increase prediction accuracy,
gradient boosting, a machine learning algorithm, was applied to a GAM. Gradient
boosting is an iterative process, where models are built in a step-wise fashion,
starting from weak prediction models that fit the data poorly (base-learners), and
by learning from the previous step, the fitting is improved in the next iteration
(Maloney et al., 2012). All the models were built using all the environmental
variables as base-learners. Boosting algorithms use as tuning parameter a stopping
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iteration, which determines the optimal point of where the algorithm should stop
before convergence (e.i. early stopping). This choice of stopping iteration becomes
crucial, as it prevents overfitting the data and improves the accuracy. The model for
each breed was run independently, and a separate stopping iteration was
determined for each model using the method described in Mayr et al. (2012). The
predicted body weight was represented in a heatmap that covers all the regions of
the country were chickens are known to be kept. Desert areas (Somali and Afar
regions (see Figure 1) were excluded from the predictions, as the environmental
conditions in these regions lay outside the range of the environmental conditions in
which the chickens where tested (Supplementary Tables S4.1 and S4.2).

The variable of highest contribution in building each of the models was obtained.
For this, the in-bag risk reductions per boosting step of a fitted model are
accumulated individually for each variable (base-learner) contained in the model.
This quantifies the individual variable contribution to risk reduction of each variable
(base-learner), and can be used to compare the importance of different variable in
the model (Hothorn et al., 2018). To quantify the precision of our predictions, we
estimated the correlation between the predicted value obtained from the
phenotypic distribution models, and the LSmeans per household in each region.
The LSmeans are the observed values for each of the households. With the model
we predict the performance. If the predictions are precise, then the correlation
between the predictions and the LSmeans would be high. Data cleaning, modelling
the phenotypic variation and importance variable selection were done using the
package mboost in R (Hothorn et al., 2018).

4.3 Results

4.3.1 Estimated body weights

LSmeans for male body weights were estimated for week 16.54 (growing phase;
Table 4.2). The heaviest breed was the Sasso with a mean estimated body weight of
1035.7g, and the lightest was the Horro with a mean of 635.3g. LSmeans for female
body weights were estimated for week 16.52 (Table 4.3). The heaviest breed was
the Koekoek with a mean estimated body weight of 1280.2g, and the lightest was
the Horro with a mean estimated weight of 738.6g. LSmeans for female body
weights in week 41.81 (adult phase) were highest for the Sasso-RIR with a mean
weight of 2863.3g, and the lightest remained to be the Horro with a mean
estimated body weight of 2250.8¢g (Table 4.4).
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Table 4.2 Minimum, maximum and mean estimated (LSmeans) male body weight for each of
the five breeds across Ethiopia during the growing phase (week 16.54).

Minimum estimated = Maximum estimated Mean estimated body
Breed body weight (g) body weight (g) weight (g) (S.E)
Horro 403.9 1119.2 635.3 (12.3)
Koekoek 401.9 1675.4 842.5(11.2)
Kuroiler 436.8 1678.3 919.9 (16.3)
Sasso 504.3 2173.2 1035.7 (21.2)
Sasso-RIR 398.4 1554.8 745.6 (11.6)

4.3.2 Predicted body weights

Predicted body weights varied considerably between breeds across Ethiopia. In
general, for the growing phase of males and females, the models predicted for the
Sasso breed to have the highest body weight with 2185.2g for males and 3862.8g
for females (Figure 4.2; Table 4.2 and 4.5). The Horro breed is predicted to have the
lowest body weight with 1327g for males and 2540.3g for females (Figure 4.3;
Table 4.5 and 4.6). The female body weight predicted for the adult phase was the
highest for the Sasso breed with 4330.8g. The lightest breed predicted was the
Horro with 3074.6g (Figure 4.4; Table 4.7).

Table 4.3 Minimum, maximum and mean estimated (LSmeans) female body weight for each
of the five breeds across Ethiopia during the growing phase (week 16.52).

Minimum estimated Maximum estimated Mean estimated body
Breed body weight (g) body weight (g) weight (g) (S.E)
Horro 515.6 1058.1 738.6 (15.9)
Koekoek 534.4 1658.6 1280.2 (10.5)
Kuroiler 565.5 1227.3 896.3 (17.3)
Sasso 569.9 1415.2 1081.2 (12.7)
Sasso-RIR 512.4 1500.9 1041.1 (11.3)

To assess the precision of our predictions, correlations between the predicted
values from the phenotypic variation models and the household LSmeans were
estimated for each growing phase and breed within each of the regions. There is
considerable variation within region for all breeds and growing phases, both in
estimated and predicted weights (Supplementary Figure S4.1-5S4.3). The correlation
estimates have a median value of 0.61 but vary by breed and region ranging from
0.18 to 0.89. As suggested by Bonett and Wright (2000), to better estimate a
correlation, the sample size should be greater than 25. Therefore, the correlations
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were only estimated for those regions where the total number of households for
each breed was greater than 25. For the lowest number of households, N = 28, the
S.Es were 0.098 and 0.103. For the highest number of household, N = 155, the S.E
was 0.016 (Supplementary Table S4.3; Supplementary Figure S4.1-54.3).

Table 4.4 Minimum, maximum and mean estimated (LSmeans) female body weight for each
of the five breeds across Ethiopia during the adult phase (week 41.81).

Minimum estimated Maximum estimated Mean estimated body
Breed body weight (g) body weight (g) weight (g) (S.E)
Horro 1323.1 2910.8 2250.8 (8.8)
Koekoek 1961.4 3149.8 2703.9 (10.7)
Kuroiler 1565.5 3281.3 2796.1 (9.2)
Sasso 1726.0 3307.8 2821.2 (10.1)
Sasso-RIR 1995.4 3399.6 2863.3 (7.6)

4.3.3 Region suitability

Predictions of optimal region per breed, and the most important variable in
building the model are given in Table 4.5, 4.6 and 4.7. Results for male and female
body weights during the growth phase and adult weights were very similar. Sasso
always had the highest predicted body weights in Tigray. Koekoek had the highest
weights in Amhara, while Kuroiler had the highest weights in Oromia. For Horro
and Sasso-RIR, the pattern was less clear. Horro was predicted to perform best in
either Amhara or Tigray for males and females. For Sasso-RIR there was no clear
single region where the breed was expected to perform best for all sex and age
groups.
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Figure 4.2 Predicted current phenotypic measures for male body weight in grams during
the growing period (weeks 14 to 19) for a) Horro, b) Koekoek, c) Kuroiler, d) Sasso, and e)
Sasso-RIR. Circles in the maps denote the household locations where the phenotypic data
was collected. Color scales in each of the maps reflect the predicted body weight, where

darker colors indicate higher live weight predicted.
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Figure 4.3 Predicted current phenotypic measures for female body weight in grams
during the growing period (weeks 14 to 19) for a) Horro, b) Koekoek, c) Kuroiler, d) Sasso,
and e) Sasso-RIR. Circles in the maps denote the household locations where the
phenotypic data was collected. Color scales in each of the maps reflect the predicted
body weight, where darker colors indicate higher live weight predicted.
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4.3.4 Variables contributing to the models

The individual contribution from each environmental variable to build the best
model were identified. The environmental variables of strongest influence for the
predicted male body weight distribution were different for each breed. Patterns
of male body weights for Horro, Koekoek, Sasso and Sasso-RIR were best
predicted by variables associated with temperature. For Kuroiler, precipitation of
the coldest quarter was the variable that had the strongest influence on the
distribution (Table 4.5). For female body weights during the growing phase, the
patterns of the body weight distribution for Horro and Sasso were again best
predicted by temperature related variables. However, for Koekoek, Kuroiler and
Sasso-RIR, precipitation variables had more influence on the distribution (Table
4.6). For female body weights during the adult phase, the body weights
distribution patterns for Horro, Koekoek and Kuroiler were best predicted by
variables associated with precipitation. For Sasso and Sasso-RIR, temperature
annual range and elevation respectively had the largest influence on the body
weights distribution (Table 4.7).

Table 4.5 Minimum and maximum male body weights predicted for growing phase. The
most important environmental variable for building the model and region predicted for
higher body weights is shown per breed.

.. . Environmental variable of Region with

Minimum  Maximum .
Breed predicted predicted importance h|g!1er body

weight (g) weight (g) weights

predicted

Horro 216.8 1327 Max. temp. or warmest month Tigray
Koekoek 161.1 1381.3 Mean diurnal range Amhara
Kuroiler 656.4 1448.8 Precipitation of coldest quarter Oromia
Sasso 282 2185.2 Mean diurnal range Tigray
Sasso-RIR 270.5 1558.6 Isothermality Amhara
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Figure 4.4 Predicted current phenotypic measures for female body weight in grams
during the adult period (weeks 20 to 72) for a) Horro, b) Koekoek, c) Kuroiler, d) Sasso,
and e) Sasso-RIR. Circles in the maps denote the household locations where the
phenotypic data was collected. Color scales in each of the maps reflect the predicted
body weight, where darker colors indicate higher live weight predicted.
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Table 4.6 Minimum and maximum female body weights predicted for growing phase. The
most important environmental variable for building the model and region predicted for
higher body weights is shown per breed.

. . Environmental variable of Region with

Minimum Maximum .
Breed predicted predicted importance hlg.her body

weight (g) weight (g) weights

predicted

Horro 292.3 2540.3 Temperature annual range Tigray
Koekoek 186.1 2635.5 Precipitation of wettest month Amhara
Kuroiler 1022 3545.1 Precipitation of wettest month Oromia
Sasso 524.6 3862.8 Annual temperature range Tigray
Sasso-RIR 341.1 2556.8 Precipitation of driest month Oromia

Table 4.7 Minimum and maximum female body weights predicted for adult phase. The most
important environmental variable for building the model and region predicted for higher
body weights is shown per breed.

. i Environmental variable of Region with
Minimum  Maximum importance higher body
Breed predicted  predicted .
weight (g) weight (g) welg.h ts
predicted
Horro 388.1 3074.6 Precipitation of driest month Ambhara
Koekoek 225.1 3344.5 Precipitation of warmest quarter Ambhara
Kuroiler 1107.5 3746.2  Precipitation of warmest quarter Oromia
Sasso 635.7 4330.8 Temperature annual range Tigray
Sasso-RIR 730 4154.6 Elevation Gambella

4.4 Discussion

We used phenotypic distribution models, implementing gradient boosting, a
machine learning technique, to increase the predictive ability of GAMs. Machine
learning procedures improve the accuracy of the models, by addressing overfitting,
and variable selection simultaneouslyBroadly, our results demonstrate the
importance of understanding how different breeds respond to environmental
conditions, and how different environmental variables can influence their
productivity.

In Ethiopia, the Horro breed was characterized and genetically improved for growth
traits (Dana et al.,, 2010b; Wondmeneh, 2015). The breeding program was
conducted under an intensive management system, including high quality poultry
houses, formulated feed, and vaccination. The ACGG program is the first attempt to
test the ability of this breed to adapt to on-farm environment and management
conditions (Wondmeneh, 2015). Even though our results show higher body weights
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than previously reported for the breed (Dana et al., 2010a), compared to the
introduced commercial lines they exhibit lower growth performance. The Horro
breed originates in the Oromia region, at the Horro district at altitudes ranging
between 2580 to 2810 meters above sea level (masl) in cool wet highlands. The
average annual temperature is 13.3°C, and the seasons can be divided in three; a
main rainy season, a dry season, and a short rainy season. The seasonal variety in
the Horro district can explain why the Horro breed seems to perform better in low
humidity areas with low levels of precipitation. A recent study showed that during
wet periods, the Horro chickens are prone to die due to disease, and survive better
in dry seasons (Bettridge et al., 2018).

The Sasso breed originates from the south of France in warm, and dry areas. In
accordance to what we find here, we see that the Sassos’ performance across ages
is linked to temperature. Different studies have shown, in line with our findings,
that the Sasso breed was more productive than the indigenous breeds in Ethiopia
(Aman et al., 2017). We identified that temperature-associated variables have an
influence on the Sasso predicted body weight distribution during all the age phases
evaluated. The Sasso-RIR tested in Ethiopia was obtained through a private poultry
farm, were crosses were made to generate the breed for the ACGG program (Aman
et al., 2017). Therefore, no other studies have been reported using the Sasso-RIR
cross to evaluate performance under scavenging conditions. For Sasso-RIR,
different environmental variables are responsible for shaping the predicted body
weight distribution depending on the age phase, suggesting that the breeds
response to the agro-ecology depends on age. In comparison, the pure breed
Sasso, was predicted to be heavier than the crossbred Sasso-RIR for the male and
female growing periods. For the adult females, the prediction was similar for both
breeds. It should be noted that the body weight patterns and the variables of
importance in building the models are different between these two breeds,
suggesting that both breeds may have been adapted to different environmental
conditions. As this is the first report of the Sasso-RIR cross in on-farm testing, we
encourage the continuation of testing Sasso and Sasso-RIR in a broader scale. Our
results show that these breeds outperform the others, suggesting that they both
cope with low-input conditions.

The Kuroiler is a dual-purpose breed developed in India under humid conditions to
perform in low maintenance systems. Studies have shown its capacity to adapt to
tropical countries and significantly outperform the local breeds on scavenging
conditions (Sharma et al., 2015). In this study, this breed showed higher estimated
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body weights compared to the locally improved Horro. For the phenotypic
prediction models, for all of the age phases, the body weight distribution was
influenced by environmental variables linked to precipitation. Rainy season has
been reported preferred for farmers to rear chickens, as high precipitation
increases the vegetation and lowers predation (Bettridge et al., 2018). It also shows
that the humid origin of the breed plays a role in the productivity of the breed.

The Koekoek breed is of South African origin, descending from a cross between
three different breeds. This breed has been of popular use among rural farmers in
African countries for egg and meat production. In a previous study using predictive
habitat distribution models we showed that the Amhara region, and areas with
colder temperatures and bigger fluctuations in annual mean temperature were the
most suitable areas for the survival of the Koekoek breed (Lozano-Jaramillo et al.,
2018). In accordance, the Amhara region and areas with higher temperature
fluctuations are now predicted to have higher body weights for Koekoek males and
females. Here we show, in contrast to previous results, that precipitation during
the wettest and warmer periods have an influence on the predicted distribution of
the breed for body weight. Even though both predictive models show temperature
fluctuation to be an important variable, precipitation seems to also play a role in
shaping the variation of the phenotype. Dissimilarities in the important variables
that shape the predicted distribution of the breed based on presence versus the
phenotype, suggests that different processes can determine the range of the
Koekoeks’ breed performance distribution. We believe that the use of quantitative
data in phenotypic distribution models gives a more accurate result compared to
the presence only models (distribution models), as the former takes into account
more detailed information about how the environment influences the life history
traits of the breed.

Here we show that there is variation in the body weights estimated and predicted
for each of the breeds for all the growth phases. In other words, that the breeds
respond differently when exposed to the same environments. Correlations
between predicted and estimated body weights are positive, but for some breeds
and regions they are higher than others. These correlations were calculated using
the positions where both a prediction and LSmeans estimate were available.
Therefore the correlation of predictions to performance outside the locations of
the households in the current dataset may be lower. For some breeds the
correlations are similar between regions, however for others the values greatly
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differ, highlighting the variation in response within breeds to different agro-
ecologies.

Variation in productivity among breeds can be attributed to the breeds’ origin,
which can have an effect on the breeds intrinsic response to different
environmental conditions. A recent study characterized the genetic diversity and
identified genomic regions that presented adaptive advantages of chickens in
Uganda and Rwanda (Fleming et al.,, 2016). Here the authors showed that the
Kuroiler breed has a gene which does not occur in different African ecotypes. They
indicate that this gene is associated with homeostatic regulatory functions such as
response to hypoxia, cold, and starvation. They suggest that the presence of this
gene may be representing the result of the selective pressures for stress tolerance
during their development in India (Fleming et al., 2016).

Our results highlight the importance of taking environmental variables into account
for different applications. Genotype by environment interaction (G x E), defined as
the change in phenotypic performance of genotypes, relative to one another, when
measured in different environments (Falconer, 1952; Falconer and Mackay, 1996)
can be acknowledged using phenotypic distribution models. How sensitive a breed
is to a particular environment has been of interest for many years in animal
breeding. Accounting for which environmental variables have an influence on
breed performance can help in predicting the occurrence of G x E interaction, and
by establishing which areas within a country can be suitable for breed introduction.
This knowledge can help breeding companies when choosing in which ecology they
should introduce a breed, or it may help a farmer decide which breed to use in its
own agro-ecology. Integrating habitat distribution models and phenotypic
distribution models into animal breeding can provide a richer and more specific
understanding of the environment’s role in explaining the variation in productivity
of a breed in different circumstances.

4.5 Conclusions

Agro-ecological diversity can be a challenge when developing breeding programs,
particularly in tropical countries (Bettridge et al., 2018). The use of gradient
boosting GAMs is novel approach that can be applied to this problem. They can be
used either by breeding companies or by farmers to include environmental
information when deciding where to introduce a breed, or which breed is better
suited for which environment. We encourage the use of these models in livestock
studies to capture the breeds’ phenotypic variation as a response to different agro-
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ecological conditions. The approaches outlined in this paper can also be applied to
different livestock breeds and locations and could also be used to predict impacts
of different climate change scenarios on change of productivity.
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4.6 Supplementary information
Table S4.1 Range of values for each of the 21 environmental variables at the locations where

Mean Mean Max Min Mean Mean Mean
Annual mean temperatur Temperature Temperatur N N
temperatur N temperature temperature temperature temperature diurnal Isothermality
Breed temperature e of seasonality e annual N o,
o e of coldest of warmest  of coldest o of wettest  of driest range (°C)
re) warmest rter (°C ) month (c) month(c) "“"E®(C) quarter(vc) quarter(c) (c)
quarter (°C) quarte o1 0 quarte quarte
Horro 17.95 19.39 16.62 107.21 27.43 8.30 19.13 17.60 17.07 143.42 74.60
Koekoek 18.43 20.05 17.01 119.13 28.22 8.35 19.87 18.20 17.36 147.31 73.84
Kuroiler 18.48 20.06 17.16 115.43 28.33 8.68 19.65 17.98 17.74 146.12 74.04
Sasso 18.10 19.56 16.90 107.00 27.96 8.27 19.68 17.56 17.53 146.60 74.13
Sasso-RIR 18.16 19.72 16.85 113.46 27.93 8.42 19.51 17.63 17.46 144.70 73.89
the breeds were tested.
Precipitati Precipitati
Annual Pre io Pr Pre ion Pre ion recl'pl ation Precipitation recipitation Total R
e . N of driest of coldest N Elevation
Breed precipitation n of wettest n of driest seasonality  of wettest of warmest cultivated
quarter quarter (masl)
(mm) month (mm) month (mm) (mm) quarter (mm) quarter land (%)
(mm) (mm)
(mm)
Horro 1075.90 210.60 12.72 76.89 536.07 60.11 245.33 217.72 32.99 2093.96
Koekoek 1023.79 227.40 11.82 88.08 562.79 52.14 222.28 161.73 33.19 2040.64
Kuroiler 1055.83 235.91 11.74 89.27 588.18 52.42 198.64 311.41 32.66 2030.03
Sasso 1273.93 278.47 13.98 84.79 702.48 60.92 240.19 33431 31.17 2049.77
Sasso-RIR 1096.39 239.77 12.43 86.47 601.29 54.84 206.68 290.08 32.57 2076.52

Table S4.2 Range of values for each of the 21 environmental variables at the locations where

the breeds were tested.

Mean Mean Max Min Mean Mean
Annual mean Temperature Mean )
e N temperature temperature temperature temperature . Isothermality

Breed temperature seasonality annual range . diurnal o

c) of warmest e of coldest c) of warmest  of coldest c) of wettest of driest range (°C) (°c)

quarter (°C) quarter (°C) month (°C)  month (°C) quarter (°C) quarter (°C) 8

Horro 13-22.2 13.9-24.2 11.8-20.8  63.6-151.6  21-32.8 5.4-11.4 14.3-21.7 12.1-22.2 13.3-20.8 10.4-16.5 7.1-8
Koekoek 13-23.4 13.9-26 11.9-21.5 54.5-190.6 21-35.1 4-11.9 14.3-23.4 12.2-233 12.9-21.8 10.5-16.6  6.4-8
Kuroiler  13-23.4 13.9-26 11.9-21.5 70.1-188.7 21.1-35.1 4-11.9 14.423.4 12.2-23.3 12.9-21.8 10.6-16.6  6.5-7.9
Sasso 14.5-21.6 15.8-23.8 12.9-19.8 57.4-188.7 24.1-33 4-11.6 17.6-23.2 14-22.3 12.9-20.8 13.5-16 6.5-7.9
Sasso-RIR 13-23.4 13.9-26 11.8-21.5 67.6-188.7 21-35.1 4.8-11.9 14.3-23.5 12.1-23.3 13.5-21.8 10.5-16.6  6.5-7.9

Annual Precipitation Precipitation Pr Pr B, Pr Precipitation Total :

I N . of driest . Elevation
Breed precipitation  of wettest  of driest seasonality  of wettest of warmest  of coldest cultivated
quarter (masl)

(mm) month (mm) month (mm) (mm) quarter (mm) (mm) quarter (mm) quarter (mm) land (%)
Horro 591-1573 152-301 5-29 39-138 359-768 18-154 109-553 18-757 9.7-43.6 1667-2779
Koekoek 595-1867 146-419 v2-29 39-144 359-1064 8-153 79-571 8-757 8.1-43.1 1342-2765
Kuroiler  591-1860 146-417 1-24 39-138 359-1062 4-153 65-571 14-754 11.9-43.1 1342-2762
Sasso 591-1985 150-433 2-28 48-144 359-1098 8-125 102-571 8-756 3.2-43.1 1476-2597
Sasso-RIR 591-1977 149-431 1-26 39-138 357-1093 4-153 65-340 15-757 12.8-43.1 1342-2769
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Table S4.3 Correlations between the predicted values and the LSmeans for each breed in
each region in Ethiopia.

Male growing period Female growing period Female adult period
Breed Region  Householdsize Correlation (S.E) Breed Region  Householdsize Correlation (S.E) Breed Region  Householdsize Correlation (S.E)
Addis Ababa 38 0.57 (0.070) Addis Ababa 55 0.48 (0.070) Addis Ababa NA NA
Amhara NA NA| Amhara NA NA| Amhara NA NA
Horro  Oromia NA NA| | Horro Oromia 28 0.45(0.103)| | Horro Oromia 32 0.65 (0.061)|
SNNPR 53 0.46 (0.074) SNNPR 47 0.78 (0.032) SNNPR NA NA|
Tigray NA NA| Tigray NA NA| Tigray NA NA
Addis Ababa 98 0.66 (0.034) Addis Ababa 94 0.65 (0.036)| Addis Ababa 130 0.79 (0.007)|
Amhara 69 0.56 (0.053) Amhara 71 0.55 (0.053) Amhara 77 0.62 (0.043)
Koekoek Oromia 40 0.57 (0.068)| | Koekoek Oromia 44 0.47 (0.079)| | Koekoek Oromia 40 0.18 (0.129))
SNNPR 101 0.81(0.019) SNNPR NA NA| SNNPR NA NA
Tigray 118 0.65 (0.032) Tigray 140 0.82 (0.015), Tigray 140 0.85 (0.012)
Addis Ababa NA NA| Addis Ababa NA NA| Addis Ababa NA NA|
Amhara 89 0.58 (0.044) Amhara 97 0.85 (0.015), Amhara 97 0.86 (0.014)
Kuroiler Oromia NA NA| Kuroiler Oromia NA NA| Kuroiler Oromia NA NA|
SNNPR 98 0.73 (0.027) SNNPR 94 0.68 (0.033) SNNPR 9 0.78 (0.022)
Tigray 58 0.56 (0.057) Tigray 59 0.42 (0.075) Tigray 59 034 (0.085),
Addis Ababa NA NA| Addis Ababa NA NA Addis Ababa NA NA
Amhara 142 0.88 (0.010) Amhara 155 0.8 (0.016) Amhara 144 0.83 (0.014)
Sasso  Oromia NA NA| | Sasso Oromia NA NA| | Sasso  Oromia NA NA|
SNNPR 91 0.79 (0.022) SNNPR 124 0.81(0.017) SNNPR 132 0.87 (0.011))
Tigray NA NA| Tigray NA NA| Tigray NA NA|
Addis Ababa 28 0.48 (0.098) Addis Ababa NA NA| Addis Ababa NA NA|
Amhara 103 0.61 Amhara 76 0.6 (0.045) Amhara 63 0.75 (0.031))
Sasso-RIR Oromia NA NA| Sasso-RIR Oromia NA NA| |Sasso-RIR Oromia NA NA
SNNPR 120 0.79 (0.019) SNNPR 103 0.78 (0.021) SNNPR 100 0.89 (0.011))
Tigray 64 0.29 (0.088) Tigray 53 0.38 (0.085)) Tigray 51 0.52 (0.067))

NA= Not available or sample size less than 25.
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Figure S4.1 Correlations between the predicted values and the LSmeans for each breed in
each region in Ethiopia for the male growing period.

85



4 Predicting livestock performance

a) Horro

win i

=0 .
<) Kuroiler .
amo

Region

-
- =
-

e) Sasso-RIR .
o+ & -
=)

3 Region
i =
o - =
= - To
-
-
-
.
watt -, *
B 1000 =m0 2m

ammzan

b) Koekoek .

Region
am -
i -
E Ex
-
—
200
Region
i &
€ 1e00- -
sho o0 oo 2o
emmean
AA-Addis Ababa
AM Amhara
RM-Oromia
SR-Southern Nations Nationalities
TG-Tigray

Figure S4.2 Correlations between the predicted values and the LSmeans for each breed in
each region in Ethiopia for the female growing period.
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Abstract

Indigenous livestock are presumed to be locally adapted. However, in tropical
Africa, these local breeds do not meet the food demand required as a consequence
of the rapid urbanization. Attempts to increase productivity in these areas has
mainly focused on the introduction of highly productive exotic breeds. Most of
these attempts have not been successful due to the non-adaptability of introduced
breeds to the local conditions, underlining the fact that there is no a priori
knowledge on how sensitive these breeds are to these tropical environments. Here
we used phenotypic distribution models to evaluate how productivity traits of
introduced chicken breeds respond as a function of the environment. Using data
from Ethiopia, Nigeria and Tanzania we assessed if the phenotypic models for each
breed in one country can be used to predict the performance of the same breed in
the other two countries. We found differences in performance between breeds,
and could attribute this to environmental sensitivity. The environmental variables
that are responsible for shaping the phenotypic distribution patterns were
evaluated. We show the accuracy of prediction models when projecting from one
country to another, and that these models can be used to identify possible areas
for successful breed introduction. The results highlight the importance of taking the
environmental conditions into account when designing breeding programs for
markets that encompass a range of widely different agro-ecological zones. We
propose for these models to be applied to different livestock species to include the
role of the environment in breed testing schemes.



5 Predicting breed performance across countries

5.1 Introduction

Global livestock production shows a dichotomy between the developed and
developing countries. Tropical Africa, one of the least developed regions, has
witnessed in the last decades a rapid urbanization, where the levels of indigenous
livestock production do not meet the food demand (Thornton et al., 2009). In sub-
Saharan Africa, the production systems are mostly village or semi-intensive
systems, where indigenous livestock dominates in households. These livestock are
typically kept outdoors, under low input conditions and with minimal health care
(Moges et al., 2010; Mpenda et al., 2018). The performance of livestock under
these production systems has been low for several years, as no improvements on
the management are done, but rather an expansion of the herds and flocks
(Thornton et al., 2009). A different approach to solve the low productivity with the
indigenous livestock has been through the introduction and crossbreeding with
exotic breeds. These attempts were typically done with little to no prior
understanding of how these introduced breeds will adapt to the local environment
and low input managements systems (Dana et al., 2010; Mwacharo et al., 2013),
which probably explains why most of these attempts subsequently failed.

The African continent varies vastly in agro-ecologies. Breeds respond differently
when exposed to different environments, even within countries and whether they
are indigenous or introduced (Vercoe and Frisch, 1992; Montaldo, 2001; Mulder,
2007). These differences in environment and management by smallholders can
expose breeds to different selective pressures (Siegel and Dunnington, 1997; Rauw
et al.,, 1998), which may lead to genetic adaptation and result in environmental
sensitivity (Lwelamira, 2012). Knowledge of the magnitude of these effects is
important to determine if there will be a significant (negative) impact on breed
performance at a given location, and to establish which alternative breed should be
considered (Falconer, 1952; Mulder and Bijma, 2005). Furthermore, knowledge on
how sensitive an introduced breed will be at a certain environment, can be used to
design breeding programs tailored to a specific range of environments.

An Africa-wide collaboration project, the African Chicken Genetic Gains (ACGG;
https://africacgg.net/), aims to provide better chickens to smallholder farmers in

Africa. The performance of several chickens breeds introduced in three different
African countries was tested, with the objective of developing a long-term chicken-
breeding program under the low-input tropical conditions in each country. Knowing
the sensitivity of these introduced breeds to specific environmental conditions can
predict how they will perform in different environments. It will also allow for
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making predictions on how these breeds will respond to the different agro-
ecologies throughout Africa.

Phenotypic distribution models are an approach used in ecology to evaluate how
phenotypic traits respond as a function of the environment (Smith et al., 2017).
Recently we used these models in livestock to predict the response of chicken body
weight to different environmental conditions in Ethiopia (Lozano-Jaramillo et al.,
2019). Whether these models are useful to successfully introduce breeds depends
on their ability to predict the phenotypic response of an introduced breed in a
completely independent specific environment outside the regions where breed
performance data is known.

Our aim was to elucidate if the variation in performance of introduced breeds can
be explained by linking environmental data and performance of the breed in
independent regions or countries. Using performance data of two introduced
breeds in Ethiopia, Nigeria and Tanzania, we evaluated if the phenotypic
distribution models predicted the performance of the same breed from one
country to the other countries. The three countries vary in agro-ecology (see Figure
5.1), and results have shown that within one country different environmental
variables are significant in shaping the variation in breed performance (Lozano-
Jaramillo et al., 2019). We evaluated which environmental variables are most
important in shaping the phenotypic distribution of the breeds within each country.
The phenotypic distribution models are expected to predict which locations are
better suited for each breed to be highly productive, based on environmental data.
Finally these models should be useful to design breeding programs, when choosing
testing locations with different agro-ecologies.

5.2 Materials and methods

Phenotypic data from the ACGG project in Ethiopia, Nigeria and Tanzania was used
(Figure 5.1). We estimated the phenotype-environment associations for body
weight of male birds from two introduced chicken breeds. The prediction models
were trained on observed data from a single country, or observed data from all
three countries combined. The models were then used to predict body weight
distribution in the other countries.

5.2.1 Breeds
Two commercial dual purpose chicken breeds, Kuroiler and Sasso, were tested by
the ACGG project. The Kuroiler breed originates from India, and the Sasso breed
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from France. These breeds were chosen by the project for being adapted to
tropical conditions. The two breeds were tested for growth performance in five
regions in Ethiopia, five regions in Nigeria, and five regions in Tanzania (Figure 5.1).
In Ethiopia approximately 350 households received chickens, in Nigeria, chickens
were tested in 365 households, and in Tanzania in approximately 3200 households.
Each of the households received approximately 25 six-week old chicks. A total of
7725 Kuroiler chicks and 7888 Sasso chicks were distributed in Ethiopia. In Nigeria,
6828 Kuroiler chicks, and 7884 Sasso chicks were distributed. In Tanzania, 9862
Kuroiler chicks, and 28833 Sasso chicks were distributed. The introduced chickens
were kept by the farmers under the same management as the indigenous chickens.
Distribution of chickens started in August 2016, and data collection ended in
January 2018.
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Figure 5.1 Map of the agro-ecological zones in each of the countries part of the ACGG
project. Dots represent the locations were the data was collected.

5.2.2 Phenotypic data

We used live weight data from males during the growing phase (between 14-19
weeks of age). In the three countries, under traditional systems, farmers keep the
birds for own consumption or they sell them at local markets when the chickens
reach between 1.5-2.0 kg. Males reach this weight around week 20. Therefore,
during the execution of the ACGG project, male weights were recorded until week
20.
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Prior to breed distribution, each household was georeferenced. After the chickens
were received, average body weight data was collected every two weeks as a group
measure per household. Records with average bird weights less than 50 grams, and
households with more than 30 birds reported were considered outliers and
removed from the dataset. Records of birds whose age was less than 14 weeks and
greater than 19 were also deleted. Data collection was not consistent, and not all
weeks had records for all of the households. To solve this we standardized the body
weight measures. First, for each country independently, we estimated the average
week value of all measurements within a country. Then, the body weight was
standardized by estimating the least squares mean (LSmeans) for each household
at the averaged week. The LSmeans for all households was estimated by fitting the
following linear model:

y=H+W+e (5.1)

where y is the vector with the average bird weights, H is the household, W is the
week of measurement, and e is the vector containing the random residual error.
We assumed that within breed, all chickens had the same body weight at the time
of hatching, and fitted a model with common intercept and different slope per
household. For each household we calculated the least squares means using the
emmeans package in R (Lenth et al., 2017).

5.2.3 Environmental data

Farmers kept the introduced chickens together with their indigenous breeds. In
these village systems, chickens rely mostly on scavenging, but farmers were
allowed to provide feed supplementation at their discretion. The supplemented
feed was either grown by the farmers or bought externally. Under these semi-
scavenging systems, food availability and chicken productivity depends on the
season. To represent all this variation in environmental conditions, we used a total
of 20 environmental variables at a 1km by 1km resolution that represent trends in
temperature, seasonality and precipitation obtained from WorldClim (Hijmans et
al., 2005). As smallholders tend to grow their own crops, and they use them to also
feed their livestock, we used an additional variable representing the percentage of
land used for agriculture obtained from the Harmonized World Soil Database v 1.2
(FAO/IIASA/ISRIC/ISSCAS/IRC, 2012) to represent this link between agriculture and
human intervention (Dessie et al., 2003; Mwacharo et al., 2013).

5.2.4 Modelling phenotypic variation
Regression analyses are often used in ecology studies to explain the relationship
between environmental variables and to build predictive models. However,
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ecological data can be complex showing non-linear relationships and/or spatial and
temporal correlation. To address these limitations, machine learning algorithms,
such as gradient boosting, have been applied to increase the prediction accuracy of
standard regression models. These algorithms can address issues like overfitting
and variable selection (Maloney et al., 2012).

To model the relationship between the different environmental variables and the
chicken phenotypes, for each country independently, the values of the 21
environmental variables for each of the georeferenced household locations were
used as predictor variables. The response variable was the LSmeans for body
weight per household for each of the breeds. To increase prediction accuracy,
gradient boosting, a machine learning algorithm, was applied to a generalized
additive model (GAM; Maloney et al., 2012). We predicted the body weights for
each country, and represented them in a heatmap for each breed. From each
model the variable of highest contribution in building each of the models was
obtained.

Modelling the phenotypic variation and importance variable selection were done
using the package mboost in R (Hothorn et al., 2018).

5.2.5 Projecting models to another country

To evaluate if the productivity data from one country can be used to predict the
productivity in other countries, we used phenotypic distribution models. The fitted
model for every combination of breed and country was projected onto the other
two countries. In addition, the combined data from all three countries was used to
fit the model and predict the performance in each country separately. Results of
the combined dataset was compared to results from models based on the
individual country data.

5.2.6 Testing the accuracy of the predictions

We evaluated the accuracy of the predicted body weights by calculating the
correlation between observed LSmeans and the predicted body weights by the
models. For this, the predicted values from each of the projections were extracted
for all the georeferenced locations of the households that received each of the two
breeds. To test the accuracy, we estimated the correlation by comparing the means
of the observed LSmeans and the means of the prediction data for each breed
within each country.
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To assess the prediction of suitable areas for breed introduction based on data
from another country, the overlap between areas with high predicted body weight
from data within the country, and areas with high predicted body weight from data
of another country was calculated. As threshold for suitability, or high predicted
body weight, we calculated for each breed-country combination the median of the
observed LSmeans. If the area predicted by the other country as suitable overlaps
with the areas predicted as suitable (e.g. above the threshold) by the own country
data, then we consider this a successful prediction. To illustrate the area that
surpasses the threshold in both predictions, we overlapped the two predicted
heatmaps (Figures 5.4 and 5.5). To discover false positive predictions we
overlapped the areas that were predicted above the threshold by the other country
with the areas predicted below the threshold by the own country. We calculated
the percentage of the whole country that is predicted to surpass the median
performance threshold by both own country and other country data, while
excluding the false positives. The areas of overlap would represent the locations in
the country where chickens are predicted to be productive both by the own
country data and also the other country data.

5.3 Results

5.3.1 Predicted body weights

The predicted body weights in Ethiopia showed that the Sasso breed had the
highest mean body weight predicted (1177.9g) compared to the Kuroiler (1086.8g).
The predictions for the Sasso had the widest range (412.5g-1677.5g) compared to
the Kuroiler (823.2g-1500.9g). In Nigeria, the Sasso had the highest mean body
weight predicted (745.8g) compared to the Kuroiler (589.4g). The Kuroiler had the
widest range (358.5g-865.5g) compared to the Sasso (543.4g-814.3g). In Tanzania,
the Kuroiler had the highest mean predicted body weight (1598.2g) compared to
the Sasso (1312.6g), and also a widest range (1072.66g-2105.64g) compared to the
Sasso (984.96g-1896.83g; Figure 5.2 and Figure 5.3; Table 5.1).

5.3.2 Importance of environmental variables

The environmental variable of strongest influence for predicting male body weight
distribution was identified for each breed for each country. Patterns of male body
weights for the Kuroiler breed were explained by different environmental variables
across countries. In Ethiopia, the variable that had most influence in building the
model was the total precipitation in the coldest three months of the year. In
Nigeria, mean temperature during the driest three months of the year was most
influential. In Tanzania, temperature variation between the warmest and coldest
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month in a year had the largest influence on the body weights distribution (Table

5.1).
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For the Sasso breed, the most influential environmental variable was also different
in each country. In Ethiopia, the variable with the most influence in building the
model was the mean of monthly temperature ranges. In Nigeria, precipitation
during the driest three months of the year as most influential. In Tanzania, the
temperature variation over the course of a year was most important to explain the
predicted body weight distribution (Table 5.1).

Figure 5.2 Phenotypic distribution models for body weight for the Kuroiler breed. For each
row, the country with dots is used as training data to predict the body weight distribution in
the three countries. In the last row, data from all three countries was used as training data.

5.3.3 Correlations and mean estimates of training data and
predictions

The accuracy of the predictions was assessed by estimating the correlation
between the observed LSmeans and the predictions from the projected models for
each breed. Correlations between predicted and observed performance were
moderate to high. The correlations were higher for Kuroiler than for Sasso, except
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when predicting performance in Ethiopia and Nigeria based on training data in
Tanzania (Table 5.2).

Table 5.2 Correlations between the observed performance and predicted performance
based on different training datasets for the Kuroiler and the Sasso, evaluated in Ethiopia,
Nigeria and Tanzania.

Training data

Ethiopia Nigeria Tanzania 3 countries

Kuroiler  Sasso | Kuroiler Sasso | Kuroiler  Sasso | Kuroiler Sasso

§ Ethiopia | 0.64 0.60 0.56 0.32 0.43 0.29 0.75 0.65
]

‘—% Nigeria 0.58 0.48 0.59 0.61 0.33 0.48 0.75 0.69

& Tanzania | 0.48 0.46 0.57 0.54 0.58 0.56 0.64 0.66

Figure 5.3 Phenotypic distribution models for body weight for the Sasso breed. For each row,
the country with dots is used as training data to predict the body weight distribution in the
three countries. In the last row, data from all three countries was used as training data.
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To assess the prediction bias, we calculated the means of the observed LSmeans
and the means of the prediction data for both breed. Performance was
overpredicted for Kuroiler, except when predicting in Nigeria with data from the
three countries. For the Sasso breed performance was overpredicted when
predicting in Tanzania with data from Ethiopia, when predicting in Ethiopia with
data from Tanzania, and when predicting in Nigeria with data from the three
countries (Table 5.3).

Table 5.3 Means of LSmeans from observed performance (in the diagonal in grey), and
means of the predicted performance based on different training datasets for the Kuroiler
and the Sasso, evaluated in Ethiopia, Nigeria and Tanzania.

Training data

Ethiopia Nigeria Tanzania 3 countries

Kuroiler Sasso |Kuroiler Sasso |Kuroiler Sasso |Kuroiler Sasso

Ethiopia | 919.91 1135.91 1216.49 1801.24 1896.34 950.62 1029.32 1154.68
Nigeria | 1048.45 1191.01 556.66 609.28 1570.96 1358.36 900.07 985.63

Tanzania|1883.6  780.07 1639.84 1124.62 1306.61 1312.42 1524.07 1234.65

Means of evaluation

- - - - - - 940.8 1124.93

5.3.4 Area overlap

The average value of the week for all measurement within a country was 17.1 for
Ethiopia, 17.6 for Nigeria, and 16.9 for Tanzania. The LSmeans for each household
averaged to the respective week showed that the median observed weight for the
Kuroiler breed was 878g in Ethiopia, 511g in Nigeria, and 1231g in Tanzania. For the
Sasso breed, the median was 973g in Ethiopia, 517g in Nigeria, and 1078g in
Tanzania (Table 5.1). Areas within a country with a predicted body weight above
the median values were considered as favorable for chicken growth. Locations
where both the own and the other country predictions were above the median
values, were considered areas for optimal growth. To indicate which areas were
predicted as optimal for chicken growth within each country for each breed, we
estimated which areas were predicted above the country’s median for each breed.
To indicate which areas are predicted falsely, we overlapped the areas where the
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model by the other country is predicted as suitable, with the areas by the own
country that are predicted as not suitable.

For Kuroiler, the projections with higher percentage of area of overlap were the
predictions from the three countries together projected over Tanzania with 81.3%
of overlap, and the predictions of three countries together projected over Ethiopia
with 76.8% of overlap. The projections with less area of overlap were the
predictions from Ethiopia projected over Tanzania with 34.3% overlap, and the
predictions from Nigeria projected over Tanzania with 27.8% overlap (Table 5.4;
Figure 5.4).

a) Nigeria over Ethiopia b) Tanzania over Ethiopia ) 3 countries over Ethiopia d) Ethiopia over Ethiopia
) Ethiopia over Nigeria ) Tanzania over Nigeria ) 3 countries over Nigeria h) Nigeria over Nigeria
\ - “
A " g
» A

I) Nigeria over Tanzania J) Ethiopia over Tanzania k) 3 countries over Tanzania |) Tanzania over Tanzania

Figure 5.4 Area of overlap between the phenotypic distribution models for body weight for
the Kuroiler breed from one country projected onto the other two. The first row (a-d) are
the projections over Ethiopia, the middle row (e-h) are the projections over Nigeria, and the
last row (i-I) are the projections over Tanzania. Darker colors denote where the model
predicts areas that are not indicated as suitable by the own country (e and f).

For the Sasso breed, the projections with the highest percentage of overlap were
the predictions from Tanzania projected over Nigeria with 96.2% overlap, and the
predictions from Ethiopia projected over Nigeria with 94.6% overlap. The
projections with the smallest area of overlap were the predictions from Ethiopia
projected over Tanzania with 3.3% overlap, and the predictions from Tanzania
projected over Ethiopia with 1.1% overlap (Table 5.4; Figure 5.5).
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For the Kurolier, the highest within country percentage of area predicted as
suitable by the model was Ethiopia with 94.1%, and the lowest was for Nigeria with
55.6%. For the Sasso, the highest within country percentage of area predicted as
suitable by the model was for Nigeria with 96.2%, and the lowest was for Tanzania
with 86.6% (Table 5.4).

Table 5.4 Percentage of area overlap between the prediction in one country and the
prediction projected from another country per breed.

. Percentage
Prediction of one country
Breed . of area
projected over another

overlap
Ethiopia over Tanzania 34.3
Nigeria over Tanzania 27.8
Nigeria over Ethiopia 53.3
Tanzania over Ethiopia 70.8
Ethiopia over Nigeria 45.9
. Tanzania over Nigeria 45.2
Kuroiler L T
Ethiopia over Ethiopia 94.1
Nigeria over Nigeria 55.6
Tanzania over Tanzania 86.9
3 countries over Ethiopia 76.8
3 countries over Nigeria 48.5
3 countries over Tanzania 81.3
Ethiopia over Tanzania 3.3
Nigeria over Tanzania 31.9
Nigeria over Ethiopia 76.5
Tanzania over Ethiopia 1.1
Ethiopia over Nigeria 94.6
Tanzania over Nigeria 96.2
Sasso o o
Ethiopia over Ethiopia 92.7
Nigeria over Nigeria 96.2
Tanzania over Tanzania 89.7
3 countries over Ethiopia 86.6
3 countries over Nigeria 77.7
3 countries over Tanzania 79.7
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bj Tanzania over Ethiopia €) 3 copntries over Ethiopia d) Ethlopla ovet Ethiopla

©) Ethiopia over Nigeria 1) Tanzania over Nigeria g) 3 countries over Nigeria h) Nigeria over Nigetla

-

et o/

i) Nigeria over Tanzania J) Ethiopia over Tanzania i 3 countries over Tanzania 1) Tanzania over Tanzania

Figure 5.5 Area of overlap between the phenotypic distribution models for body weight for
the Sasso breed from one country projected onto the other two. The first row (a-d) are the
projections over Ethiopia, the middle row (e-h) are the projections over Nigeria, and the last
row (i-1) are the projections over Tanzania.

5.4 Discussion

Environments are defined by the combination of biotic and abiotic factors of where
a species lives. In nature, the combination of these characteristics define the niche
for a species, and it reflects how the species copes in that environment. In
scavenging systems, the combination of biotic and abiotic factors also play a role is
describing how the breeds respond (i.e. its productivity). In animal breeding, when
different genotypes respond differently to environmental variation is known as
genotype by environment interaction (G x E). In the classical approach to estimate
this response to environmental sensitivity, the environment is considered as a
discrete or as a categorical unit (Calus, 2006). However, environments have
continuous variation, which should be taken into account to estimate how several
factors that characterize the environment have an influence on the breeds
performance. Thus, when introducing one breed into another country, the breeds’
environmental sensitivity should be taken into account, to know which areas can
be suitable for production.

Here we integrate distribution models, as used in ecology, into animal breeding,
and we found this to be effective to predict breed distribution. Gradient boosting
was applied to build phenotypic distribution models to understand how
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environmental variables explain the variation in chicken productivity. In addition,
the accuracy and bias of predicting performance based on these models was
tested. Developing models that use the specific environmental variation allowed to
evaluate the influence of several biotic factors on breed performance. Our results
highlight the importance of taking the environmental conditions that define a
location into account when testing or introducing breeds in different agro-ecologies
across countries.

Within a country, the median of LSmeans for body weights of the two breeds are
close in value with a maximum difference of 152.8g in Tanzania (Table 5.1). The
highest body weights for both the Sasso and the Kuroiler breeds are seen in
Tanzania, and the lowest in Nigeria. Within Ethiopia, heavier body weights and a
wider range were predicted for the Sasso than for the Kuroiler. In Nigeria and
Tanzania, the Kuroiler was predicted to be heavier than the Sasso, together with
larger ranges of predicted body weights compared to the Sasso. Differences in the
observed body weights across countries, and the large variation in observed body
weights for both breeds, can be considered a response to the environment. Natural
environments vary, and organisms can generate a different phenotypic response to
this variation. When a genotype has the capacity of producing different phenotypes
in different environments is known as phenotypic plasticity (Sultan, 1995; de Jong
and Bijma, 2002). In animal breeding, to optimize breeding programs, phenotypic
plasticity can be an important trait to select for (de Jong and Bijma, 2002).
Therefore, knowing how the environment is generating these differences in
phenotypic responses becomes important to have breeds that can perform in
desired environmental conditions.

A study that tested Kuroiler chicken under village systems in Uganda concluded
that Kuroiler succeeded compared to the other tested breeds in all the testing
sites. They found that they are fast growers and perform well in scavenging
systems under low management. They suggest that the Kuroiler should be a breed
to keep as backyard chicken for all of Uganda, and that it should be introduced in
other African countries (Sharma et al., 2015). Even though this trial was done in
different regions in Uganda, the variation in the agro-ecological conditions was not
taken into account to conclude that this breed could perform well in all the
scavenging systems in the country. Recently we showed that the body weight of
different breeds of chicken respond differently to the environmental conditions in
Ethiopia, and conclude that the role of the environment in shaping the phenotypic
variation should be taken into account when testing breeds in different agro-
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ecologies (Lozano-Jaramillo et al., 2019). Therefore, concluding that a breed can be
introduced into all different areas or multiple countries should be done carefully.
Scavenging systems can vary a lot due environmental variation at specific locations
and whether locations are suitable for breed introduction cannot be assessed
accurately without specifically taking the local environment and production system
into account.

The percentage of areas that are predicted as suitable for growth within country
differ between breeds (Table 5.4; Figure 5.3 and 5.4). In Ethiopia, even though
most of the country is predicted as suitable for both breeds, there are different
regions that are depicted as not suitable for each of the breeds. The Kurolier is not
highly predicted across Nigeria (55.6%), whereas the Sasso is predicted suitable for
most of the country (96.2%). The area predicted as suitable for the Kuroiler and the
Sasso in Tanzania is high for both, however, the regions predicted as not suitable
differ. The differences in patterns between breeds for each country, reflect that
different environmental characteristics are shaping the suitability for weight
distribution for each breed. Environmental suitability of areas for both breeds in
each of the countries can serve as a starting point to select areas for successful
breed introduction.

The best environmental predictor for the body weight patterns for each breed
within and across countries was different for all breed-country combinations. The
three countries share similar agro-ecological conditions, however Ethiopia is the
most diverse and the least diverse is Nigeria (see Figure 5.1). These differences in
agro-ecology can have an influence on the chicken feed availability, but also on the
biological response to the local environment and management conditions.
Management and feeding strategies also differ between and within countries.
Farmers supply feed to the chickens based on their crops and/or local feeding
products, which differ between countries; also as a result of differences in agro-
ecologies (FAO, 2015).

Although the predictions are upward biased for most of the models, the
correlations indicate that the phenotypic predictions from one country to another
can distinguish suitable areas in the target country. However, there were two
predictions for the Kuroiler breed where the models showed false positives; when
predicting in Nigeria with data from Ethiopia and when predicting in Nigeria with
data from Tanzania. For breed introduction, these areas are important to
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acknowledge, as there are locations where the data of the own country indicate
that the breed will not perform well.

Non-adaptability of commercial breeds to different agro-ecologies has been
common in breeding programs across sub-Saharan Africa (Philipsson et al., 2011).
The approach presented here can be a tool to understand how different
environmental conditions play a role in shaping the phenotypic variation, and can
be a tool to be used for the success of breed introduction in African countries. This
methodology can be expanded to other livestock, and applied as a tool to know
which areas to choose for the introduction of new breeds, or to find testing sites
for breeding programs.
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6 General discussion

6.1 Introduction

Livestock has an important role in enhancing the food security in developing
countries. They represent an invaluable source of nutrition and economic income
for smallholder farmers (Hoffmann, 2010). Smallholder production systems are
characterized by low producing indigenous breeds, limiting the essential food
supply. As commercial breeds can be more productive than indigenous breeds, the
introduction of commercial breeds into tropical Africa can benefit farmers and help
in increasing the food supply. Introducing breeds improved in a centralized
breeding program into a new location is a common practice in animal breeding.
Nonetheless, placing new breeds into a different agro-ecology should be done
cautiously. There should be a better understanding of the environmental variation
that defines the biotic conditions to where the introduced breed will be exposed. In
this thesis | used different approaches than what it is commonly used in animal
breeding, to help understand how the environmental variation is shaping the
productivity. This understanding of the effects of environmental variation allowed
me to predict the performance of different genotypes in dynamic environments,
which is not done in classical animal breeding schemes.

In this chapter, | will discuss how the tools developed in this thesis can be useful to
understand and predict the environment’s role in shaping the phenotypic variation
in livestock. I will also look at how making the link between different disciplines
such as ecology and animal breeding, can enhance breeding programs.
Furthermore, | recommend extending the use of these tools to improve the
understanding of how climate change has an impact on the livestock sector.

6.2 Effects of dynamic environments

Natural selection is a mechanism that determines which organisms survive and
pass on their genetic information to their offspring. This is generally regulated by
external factors that are part of an organisms’ natural environment. Environments
are dynamic, and this has an effect on populations, regardless of whether it is in
breeding farms or in the wild. In animal breeding, the primary mechanism that
determines which organisms survive is the consumers demand. In most production
systems in developing countries however, the environment also plays an important
role because of the prevalence of scavenging systems. These production systems
are practiced in most rural areas, where farmers keep the livestock in their
backyard allowing them to scavenge for water, household waste, insects, worms or
other resources highly dependent on the local environment or season.
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In the agricultural sector, climate change has generated negative impacts on the
livelihoods of smallholder farmers. In sub-Saharan Africa, where economies rely
mostly on agriculture, these impacts have had far-reaching consequences. Over the
past decades with the increase in temperature and decrease in rainfall, the land
used for agriculture has reduced significantly, generating a negative impact on food
production and livelihoods of rural farmers. Environmental changes have also
contributed to the decline in livestock genetic diversity, which is critical for
generating food security and rural development (Hoffmann, 2010; Rojas-Downing
et al., 2017). Currently there is a global focus on how livestock is contributing to
climate change, but not so much on how climate change will have an impact on
livestock. Strategies that work on the adaptation of breeds to future environments
can help in mitigate the effect of climate change on livestock. In section 6.5 | will
discuss how breeding programs can take climate change into account to design
breeding programs.

6.3 The role of Geographic Information Systems (GIS) in
livestock

Geographic Information Systems (GIS) are computer-based tools that help in
gathering, manipulating, and visualizing data related to geographic information (i.e.
geo-referenced data) usually in maps or 3D scenes. As they help in understanding
spatial patterns and relationships, over the past decades, their use has been
applied across a wide range of disciplines. Ecology, biodiversity conservation and
geology are some examples of disciplines where its use has been fundamental. In
the livestock sector, a recent interest of applying GIS tools has emerged, opening
the doors to new research opportunities (Leempoel et al.,, 2017). Different
examples include research topics related to the environmental impact of livestock,
landscape and pasture management, disease control, rural development, and
conservation of genetic resources (Joost et al.,, 2010). These differences in
applications highlight the potential that these tools have in livestock research.

6.3.2 GIS as a modelling tool

GIS are powerful tools commonly used in ecology as they explore the distributions
of organisms in relation to the environments where they are found. In addition,
they can be used to produce models that predict the distribution of a species. A
common application of GIS in wildlife is to use distribution models (Kozak et al.,
2008) (also known as ecological niche models or predictive habitat distribution
models (Guisan and Zimmermann, 2000)) to predict the distribution of a species
across a geographic area. These models use the locations and the environmental
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variables at these locations, to make predictions of which other areas, based on
similarities in environment, are potentially suitable for the species to live (Figure
6.1). They have served as an important tool for supporting threatened species, as
they can help in delineating areas for conservation.

In this thesis | fill the gap between the distribution models commonly used in
ecology and the use of GIS data in livestock. | showed how integrating distribution
models to livestock research could predict current distribution of different breeds
(chapter 3). This new approach provides information on the relative importance of
environmental characteristics that have not been looked at in animal breeding.
Now, breeding programs can use these models to tailor breeding programs to
specific regions, taking into account the environmental dynamics (chapter 4 and 5).
In section 6.5 | will discuss how these tools could be applied to predict breed
suitability and phenotypic distribution for scenarios that take into account climate
change.

Potential current distribution model

R
(— ]
Low High

Predicted probability of occurrence

Environmental layers

Figure 6.1 Overview of the ecological niche modelling approach. Occurrences of a
hypothetical species in Ethiopia and environmental layers (in this example 3) are linked
through a modelling algorithm to build the potential distribution of the species.

6.4 Role of GIS in evaluating G x E
Integrating ecology approaches to livestock research will allow making more
detailed studies on genotype by environment interaction. One could potentially
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identify the environmental basis of breed adaptation to particular conditions and
use this information to predict which areas are suitable and will be suitable under
different climate change scenarios. As | have illustrated, GIS tools already serve a
broad range of purposes, but in my opinion, the opportunities have not yet been
thoroughly explored in livestock research. | will give some examples of the
potential application on these tools in the following sections.

6.4.1 Classic GxX E

The expression of a phenotype is a function of the genotype and the environment.
How a phenotype is expressed, and how sensitive a breed is to a particular
environment has been of interest for many years in animal breeding. Genotype by
environment interaction (G x E) is defined as the change in phenotypic
performance of genotypes measured in different environments (Falconer, 1952;
Falconer and Mackay, 1996). Genotype can refer to a breed or individual. In this
thesis | am focusing on genetic differences between breeds for environmental
sensitivity. For breeding programs, G x E is important for decision making, as it
indicates the environmental sensitivity of a breed. It supports the conclusion of
whether a genotype is adapted for a wide range of environments, and only one
breeding program is suitable, or if more than one breeding program should be
implemented for different environments.

Quantitative genetic models have been, since the late 1940Q’s, routinely
implemented in animal breeding to evaluate the effects of the genetic variation in
the plastic responses by animals in two or more environments (Via and Lande,
1985). In G x E studies, the environment is usually treated as discrete or categorical
unit. It can be defined as different herds, different regions, qualitative differences
in climates (e.g. tropical vs temperate), different feeding strategies, and different
management systems (Calus, 2006). Some studies used reaction norm models to
evaluate the presence of G x E as they describe the expression of a genotype as a
linear function of an environmental value (Kolmodin, 2003; Lemos et al., 2015).
Interactions of G x E are commonly represented as the slopes of multiple lines
where the genotypes’ performance are plotted against an environmental contrast.
There is no G x E when the lines between genotypes are parallel, indicating that
one genotype is better than the other in the compared environments. For animal
breeding, the most critical scenario is when the lines between genotypes intersect.
This interaction would mean that there is a re-ranking of the genotypes and that
the choice for the best genotype is determined by the environment (Hayes et al.,
2016; Wakchaure et al., 2016).
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I will illustrate that different results can be obtained from using a classical G x E
evaluation, and the models | use in this thesis. Using the data from chapter 5, the
median of the LSmeans for body weight for the growing period (week 14-19), |
evaluated if there is a re-ranking of the two breeds (Sasso and Kuroiler) between
Ethiopia, Nigeria and Tanzania (Figure 6.2). In this example we see that there is no
G x E between the two breeds in Ethiopia and Nigeria. The Sasso breed is
performing better than the Kuroiler in the two countries. Between Nigeria and
Tanzania and between Ethiopia and Tanzania there is a re-ranking of breeds. In the
former comparison, the Sasso performs better in Nigeria than in Tanzania, and in
the latter, the Sasso performs better in Ethiopia than in Tanzania. In both cases, the
Kuroiler performs better in Tanzania. Based on this classical G x E analysis one
could conclude that the Sasso should be a breed to introduce in Ethiopia and
Nigeria, and the Kuroiler, a breed to introduce to Tanzania. However, as | explained
before, the environment here is depicted as a categorical variable (i.e. country); the
variation within the country’s different environments or agro-ecologies is not taken
into account. Figures 5.2 and 5.3 (chapter 5) show that there is variation in the
body weights distributions for both breeds within each country, and | attribute this
to differences in agro-ecology. Even though the overall mean body weight for each
breed within each country shows differences in performance, there are some areas
within Ethiopia and Nigeria that predict different patterns than what can be
concluded from Figure 6.2. Hence areas in Ethiopia and Nigeria where Kuroiler can
be better suited that Sasso, and areas in Tanzania where Sasso can be better suited
than Kuroiler. This highlights the importance of acknowledging the environmental
variation as continuous, as results from a classic G x E (e.g. using reaction norms)
might lead to misleading conclusions for specific areas that are within a specific
country, but that did not contribute to the dataset for the G x E.

Using GIS and ecological models, and integrating them to livestock, in this thesis,
the environmental data was treated in a continuous manner. Accounting for what
environmental variables have an influence on breed performance can help in
predicting which other areas within a country, or across countries, can be suitable
for breed introduction. In chapter 5 | developed models that predict breed
performance across countries. This means that these models can also be used to
predict the performance of breeds in different countries. This will improve the
results of breed introduction by reducing the chance for failed introductions, and it
will result in saving time and money in breed testing for breeding programs by
choosing the most informative environments.
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Figure 6.2 Median body weight (g) of two chicken breeds tested between 14-19 weeks of

age in Ethiopia, Nigeria and Tanzania.

6.4.2. G x E using GIS

In this thesis | worked with chicken breeds, in particular with body weight.
However, these models can also be used for different live history traits in chicken,
such as egg number, or for different livestock species. Nowadays, breeding
programs are international in the sense that breeding companies aim at having
breeds that can perform in different environments. As a consequence of this
globalization, acknowledging the existence of G x E becomes imperative. There are
several examples of introduction programs that aim at increasing milk yield of
cattle in African countries by testing individuals from nucleus farm for commercial
breeds in temperate countries (Kariuki, 2017). In pig breeding, selection commonly
occurs in purebred lines in temperate countries under nucleus farm conditions. For
pork production, crossbred animals can be raised in temperate and tropical
environments (Godinho, 2018). For both of these cases, examples are given where
the magnitude of the G x E was estimated. An example where milk production from
daughters from 231 common sires were evaluated in Luxemburg and Tunisia
concluded that there was a re-ranking for milk yield and that milk production of
daughters of the same sires depended highly on the production environment. The
authors suggested that importing semen is not an effective strategy to improve
milk production. They conclude that to avoid failure of breeding programs, the
importing countries should have more knowledge about the environmental
sensitivity of the breed to achieve the genetic progress seen in the exporting
countries (Hammami et al., 2009).

In pig production, a recent study estimated the genetic correlation for carcass and
growth performance traits between two different environments, temperate
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(Canada, France, The Netherlands) and tropical (Brazil). The authors report that G x
E appears to be present for some traits, but they conclude that the dataset, with
records of over 400,000 pigs, did not yield reliable estimates for the genetic
correlation between purebreds in one climate and crossbreds in the other because
the pigs were too distantly related (Godinho, 2018).

As | mentioned in my thesis, | believe that a different approach that recognizes the
environmental conditions within a country can be used to predict the existence and
importance of G x E. For example, in cases where semen or live animals need to be
exported, or in cases where performance across regions needs to be evaluated.
Using the previously discussed examples, Luxemburg vs Tunisia and temperate vs
tropical countries, the methodologies from this thesis should be applied as follows.
Before the semen or live animals are exported from temperate to tropical or sub-
tropical countries, | would first characterize the environments from both locations.
For the characterization | would use different environmental layers (see Figure 6.3)
such as temperature, precipitation and soil type. Then | would collect data on the
locations of the nucleus commercial farms and if available, data of the current
extent of the breed, hence of where the breeds are already kept by farmers. With
this information, then, | would use the methodology from chapter 3 to predict the
breed suitability based on the environmental data from the current areas for the
areas of desired introduction. If there are areas predicted as unsuitable in the
tropical regions, then one could predict that in those areas the differences in
environmental conditions would most likely lead to a G x E. Areas that are
predicted as suitable in the tropical conditions could be considered as areas for
potential introduction. The predictions indicate that there the existence of a G x E
is not likely. These tools will lead to predicting G x E instead of having to test to find
if a G x E exists.

6.5 Effect of climate change on livestock

Climate change will impose a threat to livestock production as a result of changes
in feed quality and quantity, water availability, heat stress, spread of diseases, and
biodiversity. Research on how climate change will have an impact on livestock
production is still limited (Rojas-Downing et al., 2017). Knowledge that combines
geographic, phenotypic, genotypic, and ecological attributes of livestock species is
essential to prioritize the use of breeds for different environments (Joost et al.,
2010).
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6.5.1 Risk of livestock extinction

Biodiversity is the variability among a group of genes, organisms or ecosystems.
When populations are decreasing in genetic biodiversity, they become vulnerable
and at risk of extinction. One of the major drivers of biodiversity loss is climate
change (UNEP, 2012; Rojas-Downing et al., 2017). Thornton et al. (2009) indicated
that in the 20th century, 16% of the livestock breeds (ass, water buffalo, cattle,
goats, pigs, sheep and horse) were lost. According to the FAO (2019), the world’s
current livestock production is based on around 40 species. As of 2018, 594
livestock breeds out of the 7,745 reported and classified as local (i.e. occurring in
only one country) are now extinct. Among the extant breeds, 26% are now at risk
of extinction, 67% have an unknown risk status, and 7% are not at risk. The
livestock species with highest risk of breed extinction are chickens with 33%,
followed by pigs with 18% and by cattle with 16%. These figures indicate that the
decrease in biodiversity will have an impact on food security and rural
development, and also, a decrease in genetic diversity (Thornton et al., 2009;
Rojas-Downing et al., 2017). The impact of such loss in genetic diversity can have an
effect on the loss of genes that are important for disease or pest resistance or to
specific environmental conditions. To prevent this biodiversity loss, there should be
an increase in studies that evaluate the genetic potential of breeds to adapt to
future environmental conditions. With the tools developed in this thesis,
researchers can benefit from choosing which areas, and which breeds to use for
future scenarios. In section 6.5.3 | will show an example of how this can be done.

6.5.2 Climate change scenarios

There are different climate modelling teams around the world. To avoid the use of
different models and metrics, to promote communication between groups, and
ensure equal comparisons among models, the International Panel on Climate
Change (IPCC) established different sets of climate change scenarios. They
projected that by the end of the 21st century (2080-2100), under different
greenhouse gas emissions scenarios, there will be different projected increases of
global mean surface temperature. Based on different greenhouse gas
concentration trajectories called Representative Concentration Pathways (RCPs),
the IPCC estimates an increase of global temperature between 0.3°C-1.7°C under a
scenario that assumes greenhouse gas emissions to peak between 2010-2020
(RCP2.6) and then decline. An increase of global temperature between 1.1°C-2.6°C
under a scenario where the greenhouse gas emissions decline only after 2040
(RCP4.5). An increase between 1.4°C-3.1°C under a scenario where the greenhouse
gas emissions decline after 2080 (RCP6.0), and an increase between 2.6°C-4.8°C
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under a scenario where the greenhouse gas emissions continue to rise throughout
the 21% century (RCP8.5; IPCC, 2014). Depending on the region and agro-ecology,
these different temperature predictions will have negative or positive effect on
livestock. An increase of 2°C will produce negative impacts on feed crops, forage,
and pasture in arid and semi-arid regions. However, it will have a positive impact
on humid temperate regions (IPCC, 2014; Rojas-Downing et al., 2017). Therefore,
different mitigation strategies should be considered depending on the region.
Being able to predict the impact of these changes on livestock in arid and semi-arid
regions would be of great importance for the development of policy frameworks
that benefit livestock production in the future.

6.5.3 Mitigation strategies for climate change

The largest concentration of livestock productivity is found in temperate agro-
ecologies (Rojas-Downing et al., 2017), whereas the largest numbers of livestock
are found in the tropical and sub-tropical zones, especially in arid and semi-arid
agro-ecologies (Hoffmann, 2010; Rojas-Downing et al., 2017). In these areas,
environmental conditions limit the animals productivity, and increases in
temperature will result in negative impacts. Heat stress is one factor that will have
a negative effect on livestock production (Thornton et al., 2009; Hoffmann, 2010;
Rojas-Downing et al., 2017; Hristov et al., 2018). Animals have a thermal comfort
zone, which is a range of temperatures and relative humidity that are favorable for
the physiological processes to be carried out. When temperature increases,
surpassing the upper optimal temperature range, an animal will suffer of heat
stress (Rojas-Downing et al., 2017). Acclimation is a phenotypic response to these
environmental changes. However, this results in reduced feed intake, increased
water intake, and different physiological functions are altered such as reproductive
and production efficiency.

Finding areas where breeds will not suffer from heat stress would be beneficial to
maintain optimal levels of food production, while avoiding changes on the
organisms’ reproduction efficiency, avoid health problems, lower the risk of
mortality, and will help to avoid biodiversity loss.

Africa will be one of the continents highly affected by climate change (Niang et al., ;
Figure 6.3). As the use of GIS tools has become more popular for climate change
research, different environmental variables are now available to test climate
change hypotheses under different temperature scenarios (e.g. RCPSs). Here | show
an example on how to use GIS and the models developed in this thesis to predict
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effects of climate change. For this example | used the male body weight data for
two chicken breeds, Kuroiler and Sasso from chapter 5, to predict the change in
body weight as a result of climate change (Figure 6.4) under a RC6.0 climate change
scenario (IPCC, 2014) projected to the year 2070.
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Figure 6.3 Patterns of changes in temperature (left column) and precipitation (right
column) for a CMIP5 model predicted for 2050-2100 under a RCP6.0 scenario scaled by the
patterns from 1986-2005. Hatching indicates not significant changes (source:
CCCMA/KNMI Climate Change Alta).

In this example we see that the body weight for both breeds is predicted to
decline.For the Kuroiler breed the body weight is predicted to decline by up to 30%,
and for the Sasso up to 35%. For the Kuroiler, there is a predicted increase by 40%
in some small areas, and for the Sasso an increase by 20% in some small areas.
Birds have been reported to experience heat stress at high temperatures resulting
in lower body weight gain, low feed intake, and low carcass weight (Tankson et al.,
2001). Therefore, decreases in body weight as a function of high temperatures can
be expected. Building these models can help in establishing mitigation strategies.
More importantly, these models can also be used to design breeding programs for
future climatic conditions. For example, based on the projected models for climate
change (Figure 6.4), a breeding company that wants to introduce the Sasso or the
Kuroiler in Ethiopia, Nigeria or Tanzania, can use this information to develop a
breeding program for these predicted conditions in each country. Having
information on how the body weight will change in response to the environment,
commercial companies can use the tools developed in this thesis to find current
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areas that will resemble the future environmental conditions and use this
information to select perform breed testing for heat resistant breeds.

Figure 6.4 Predicted current body weight measures for the a) Kuroiler and the c) Sasso
breeds for Ethiopia, Nigeria and Tanzania. Dots represent the locations where the data was
collected. The predicted percent change in body weight for the b) Kuroiler and the d) Sasso
was calculated as (future prediction value divided by current predicted value)*100.

6.6 Landscape genomics: opportunities in livestock

Evolutionary biology and population genetics aim at understanding the spatial
distribution of adaptive genetic variation in ecosystems. Inferring these
evolutionary processes is challenging, as ecosystems are complex and spatially and
temporally changing. The use of molecular markers have helped in facing these
challenges by making more robust evolutionary insights on local adaptation (Pariset
et al.,, 2012). An emerging field that combines genetics with the landscape
structure, landscape genomics, has offered the possibility of better understanding
the patterns of the geographic distribution of the genetic variation. Landscape
genomics correlates the patterns of genetic variation with geographic variables, to
evaluate how geographical and environmental characteristics shape the genetic
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structure of populations (Pariset et al., 2012; Li et al., 2017). This field has over the
past decade, started to become popular in livestock research.

Landscape genomics becomes an important tool to identify genotypes that are
suited to a specific environment (Joost and Negrini, 2010). Having this knowledge
can help understand which genotypes can adapt better to different environments
or climate change scenarios, therefore, helping in mitigating the effects of climate
change on livestock. Confounding effects between genotypes and climatic variables
generates opportunities for adaptation to take place. Therefore, | believe that
landscape genomics can be used to understand the associations between
environments and genotypes for livestock production. For these cases, as
suggested by Leempoel et al. (2017), GIS can be an important tool to relate the
environmental variables to the locations where the breeds are located, and to
relate the genomic information to find genes that show evidence of adaptive
variation.

If a researcher has an environmental characterization of the breeds landscape
(niche), and associate these variables to the genetic variation of a breed (i.e. SNPs),
then they can see if there is a correlation between environmental variables and the
genes which are significant for shaping different life history traits. With this
information they could evaluate how traits will be spatially distributed for a breed
based on environmental variability. To further develop the tools and results from
this thesis | could incorporate genetic information to associate the genetic
structure of the breeds to the productivity traits and the environmental variables. |
could go further and finds associations between the phenotypic and the genomic
information and find if this associations are also correlated with the environmental
variation.

6.7 Concluding remarks

In this thesis | find that predictive distribution models are a powerful tool to predict
animal breed suitability for different agro-ecologies. Therefore, integrating
ecological models in livestock research is a novel approach that can have a positive
impact on different decision-making strategies in animal production. Predicting the
existence of G x E, or selecting testing sites for breeding programs by the
generation of models that describe the breeds’ sensitivity to a range of
environmental conditions can be an important tool in animal breeding and
livestock production. Defining testing sites can be done for current environmental
conditions as was explained in the thesis (Chapter 3-5). Selecting locations for
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future climatic conditions, as explained in this chapter, can lead to the generation
of mitigation and conservation plans.

Integrating different disciplines such as ecology and landscape genomics will rely
on collaborations across multi-disciplinary groups. This integration can be a
challenge, but it will help in understanding the role of the environment in local
adaptation, and at the same time will help in enhancing food security and
biodiversity conservation.
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Summary

In most of African countries, livestock production branches from an ancient
tradition where nearly all rural and peri-urban families keep different indigenous
breeds in scavenging systems. In sub-Saharan Africa, where these production
systems are the most prominent, livestock mainly forages for resources that are
highly dependent on the local environment and season. Even though these breeds
are said to be adapted to the local conditions, their productivity is still low
compared to commercial breeds. There have been several efforts from researchers,
policy makers and livestock specialists to introduce commercial breeds to support
the generation of food security and poverty alleviation. However, most of these
attempts have failed because of the non-adaptability of introduced breeds to the
local conditions. Typically there is no prior knowledge on the environmental
sensitivity from these breeds to this new tropical environments. Throughout this
thesis | use Geographic Information Systems (GIS) that describe the environment,
and models used in ecology to investigate the match of animals with their
environment. The aim of this thesis was to evaluate how the environment plays a
role in shaping differences in breed performance across agro-ecological zones, and
what implications this can have in genetic improvement of livestock.

Several animal breeding studies tested breeds in different environments to
evaluate whether genotypes respond differently to changes in the environment
(i.e. G x E). To estimate if there is a re-ranking in breed/genotype performance
between environments, a genetic correlation is estimated. To accurately estimate
this correlation, an optimal mating design should be established. Breeding
programs use full-sibs or half-sibs to perform testing in different environments.
Within families, common environmental effects can be present generating a
covariance between siblings, and should therefore be taken into account when
estimating genetic correlations. In chapter 2, | used stochastic simulation to find
the optimal population structure to accurately estimate the genetic correlation
between environments using a combination of full-sibs and half-sibs groups under
different levels of common environmental effects. Simulation results showed that
when there are no common environmental effects present in the population, the
mating ratio that gives the lowest standard error of the genetic correlation is of one
female per male with 10 offspring per sire per environment. Not accounting for
common environmental effects when these are present in the population will lead
to an upward bias of the genetic correlation. Increasing the number of females per
male to a minimum of 5, with 10 offspring per sire per environment will alleviate
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the impact of common environmental effects lowering the standard error of the
genetic correlation. | suggest for studies that aim to estimate the magnitude of the
G x E, to acknowledge the presence of common environmental effects and to take
this into account when deciding the mating ratio.

In chapter 3, using GIS and habitat distribution models a methodology to predict
breed suitability for different agro-ecological zones was developed. The
methodology was tested on the current distribution of two introduced chicken
breeds in Ethiopia. Results show that this methodology is effective in predicting
breed suitability for specific environmental conditions. For both chicken breeds the
model predicts suitable areas beyond their current extent, hence suggesting areas
for breed introduction. The most significant variables that explain the current
breed distribution were similar to the environmental conditions from which the
breeds originate.

In chapter 3, only information on the location of the breeds was taken into
account. This was extended in chapter 4, leading to an approach that predicts the
productivity of the breeds. | present a methodology to model breed performance
by using growth data from five different introduced chicken breeds in Ethiopia part
of the African Chicken Genetic Gains project (ACGG; https://africacgg.net/). The
suitability of these breeds was tested by predicting the response of body weight as

a function of the environment in Ethiopia. Across the Ethiopian landscape,
predicted body weights varied for all of the breeds. The variation in body weight
was explained by different environmental variables, highlighting the importance of
understanding the role of the environment in predicting breed productivity.

In chapter 4, breed performance was predicted within a single country. In chapter
5 breed performance was predicted across countries. Growth data was used from
two chicken breeds that were introduced in Ethiopia, Nigeria and Tanzania by the
ACGG project. The aim was to assess if the data from one country could be used to
predict the performance of the same breed in the other two countries. The
variation found in breed performance could be attributed to each breeds’
environmental sensitivity. The environmental variables responsible for shaping the
variation in performance were different for each breed in each country. The
accuracy of the prediction models projected from one country to the other show
they can be used to identify areas for successful breed introduction.
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Summary

In chapter 6 | discussed how the tools developed in this thesis can be used in
animal breeding for different approaches. | suggest for different disciplines such as
landscape genomics and ecology to work together with animal breeding to
understand the role that the environment plays in shaping the observed
phenotypic differences. This knowledge has implications for the development of
breeding programs for different agro-ecologies, taking into account the continuous
environmental variation. Furthermore, | recommend the use of these tools to
generate knowledge on the impact of climate change on livestock to help generate
mitigation plans and policy frameworks that will help in enhancing food security
and preserving the current biodiversity.
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