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Abstract 
 
Kebede, F.G. (2022). Adaptive phenotypic and genetic variation in 
chickens: a landscape genomics approach 
 
Smallholder chicken production is an integral part of tropical farming systems and 
contributes significantly to sustainable livelihoods. Performance of chickens in these 
systems is too low to meet the growing demands for meat and eggs. Unavailability 
of productive and adaptive breeds is a major constraint. Knowledge on phenotypic 
and genetic variation among populations contributes to the design of sustainable 
chicken genetic improvement and development programmes. I follow a landscape 
genomics approach and integrate genetic, phenotypic, and environmental 
information in my study design. In the first part of this thesis, I aim to identify the 
environmental drivers of local adaptation and detect genomic footprints of natural 
selection in indigenous chickens. I use species distribution models (SDMs) to identify 
environmental predictors associated with habitat suitability. Based on higher level 
of matching between the presence of distinct phenotypes and availability of unique 
environmental niches, I classify the Ethiopian chicken populations into three 
ecotypes. I perform selection signatures analyses ( 𝐹ௌ்  and XP-EHH) and redundancy 
analyses (RDA) at different analytical layers (considering gradient and agroecology) 
to identify candidate loci and genomic regions linked mainly with local adaptation. I 
show that Ethiopian chicken populations differentiated the most between gradients 
but selection pressures leading to adaptive variation are stronger between 
agroecologies. I indicate that the results from RDA match the outputs from 
signatures of selection analyses (  𝐹ௌ்   and XP-EHH). I show that RDA can be used as 
an alternative approach to GWAS in random mating, indigenous chicken 
populations which have sufficiently interacted with the environment. I 
demonstrate that signatures of selection analysis with the two methods ( 𝐹ௌ்  and 
XP-EHH) can be used complementarily with RDA to shed light on the relationship 
between genomic, phenotypic, and environmental variation in local adaptation 
studies in indigenous chickens. I show that phenotypic distribution models (PDMs) 
such as boosted generalized additive models (GAMs) are valuable tools in animal 
breeding to integrate environmental and phenotypic information and to predict 
phenotypic values. In the second part of the thesis, I evaluate the performance of 
improved chicken breeds introduced into smallholder systems. I show that that 
agroecologies defined by SDMs improve model fit in GxE predictions. I utilize the 
concept of phenotypic plasticity to compare yield stability of improved chicken 
breeds. I show that two approaches of multi-environment breed performance 
analysis (MEPA), namely, additive main effects and multiplicative interaction models 
(AMMI) and linear mixed-effects models (LMM) are applicable in chicken to identify 
and recommend more productive and stable breeds. Together, I demonstrate how 
adaptive phenotypic and genetic variation can be exploited to enhance the 
performance of chickens in smallholder systems.
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1.1 Smallholder chicken production 
Smallholder chicken production system is also known as free-range, traditional, or 
backyard production system. The system is mainly characterized by small flock size 
(less than 50 birds), semi-scavenging to meet part of the daily feed requirement, 
limited access to veterinary health services, use of simple poultry houses, and use of 
mostly unimproved breeds (Sonaiya and Swan, 2007). Smallholder chicken 
production contributes significantly to income generation, food security, ecosystem 
services, and cultural values in developing tropical regions of the world. Although 
commercial poultry production is rapidly expanding in these regions, smallholder 
systems are still dominant. 

1.2 Indigenous Ethiopian chickens and their productivity 
Ethiopia has one of the earliest evidences for chicken domestication and dispersal in 
Africa (Woldekiros and D'Andrea, 2017). The main reason for this is the geographic 
proximity of the country to the Middle East, along the trade routes to Southeast Asia, 
where domestication of chickens (Gallus gallus) happened. Three wild species in the 
genus Gallus (Grey, Cylon, and Sri Lankan jungle fowls) contributed to the genetic 
background of domestic chicken or Red jungle fowl (Delacour, 1977). The largest 
introgression of chickens into Ethiopia was from Grey jungle fowl (Gallus sonnerati), 
followed by Sri Lankan jungle fowl (Lawal et al., 2020). Ethiopian chickens are 
distributed in all agroecologies and show substantial phenotypic and genetic 
diversity (Adebabay, 2018; Dana, 2011; Dessie, 2003a; Hassen et al., 2009; 
Mwacharo et al., 2011). Large genetic diversity of present-day Ethiopian chicken 
populations might be attributed to their multiple waves of introduction into the 
country (Lyimo et al., 2014; Mwacharo et al., 2013) and the presence of highly 
diverse environment (e.g., climate, vegetation, elevation) (Billi, 2015). As such, the 
country is generally considered as an ideal place for studying adaptive phenotypic 
and genetic variation in livestock.  
Smallholder chicken production is an integral part of the Ethiopian farming system. 
About 81.7% of the country’s estimated 49 million chickens are indigenous, 10.9% 
are hybrids, and 7.4% are exotic (CSA, 2020). The contribution of the commercial 
poultry sector is increasing (16.52% to meat production and 25% to egg production), 
currently comprising about 71,000 broiler breeder stock, 87,300-layer breeder stock 
and 141,700 dual-purpose parent stock (ENTAG, 2020). With regard to the flock 
composition and size of smallholder systems, a large proportion (37.9% or 22.7 
million) are chicks, 33.6% (20.2 million) are laying hens, with eighty percent of the 
poultry raising households in the country keeping less than 9 birds (FAO, 2019a). 
Performance levels of indigenous chickens are low, with mean body weight at 16-
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weeks-of-age as low as 621 grams and mean annual egg production below 60 
eggs/hen (Dana, 2011; FAO, 2019b; Getachew et al., 2016). Demand for animal 
protein, on the other hand, is increasing rapidly. The estimated increase in egg 
consumption between 2005 and 2015 was 26 percent in sub-Saharan Africa, 
compared to only 2.4 percent in developed countries (Windhorst, 2008). Closing the 
projected gaps in total egg and meat consumption in countries like Ethiopia requires 
transforming both the smallholder and commercial poultry systems (Shapiro et al., 
2015).  

1.3 Enhancing smallholder chicken productivity with 
improved breeds  

Attempts to genetically improve the productivity of smallholder chickens in Africa in 
the last seventy years mostly focused on the introduction of improved breeds. These 
attempts did not bring the desired outcome in terms of increasing egg and meat 
productivity. Some of the reasons for their limited success include: lack of proper 
matching of genotypes with environments, underdeveloped input and service 
delivery systems, and unavailability of breeds which are well adapted to the existing 
production conditions. The technological landscape (e.g. in terms of availability of 
vaccines and better-quality feeds) in low- and medium-income tropical countries 
such as Ethiopia is changing positively to justify the introduction of high producing 
dual-purpose breeds which can meet part of their daily feed intake requirements 
from scavenging (Ahuja et al., 2008b; Birhanu et al., 2021; Birhanu et al., 2022; 
Mebrahtu, 2017; Nasser et al., 2000; Singh et al., 2017). Multi-national chicken 
breeding companies are also showing interest in developing dual-purpose improved 
breeds suitable to smallholder systems (Duijvesteijn and Perrault, 2019; IPP, 2018). 
There is considerable preference by farmers for high producing, dual-purpose 
tropically adapted chicken breeds, which perform better than local chickens in the 
smallholder poultry systems (Alabi et al., 2020; Birhanu et al., 2022). On the other 
hand, lack of access to productive and adaptive chicken breeds is becoming a critical 
challenge to increase the economic contribution of the sector (Birhanu et al., 2022; 
FAO, 2019b). Moreover, it is not likely that a single adaptive chicken breed will be 
suitable for all the different environments.  
There is a strong need to evaluate candidate breeds in different environments and 
identify the best ones for wider use by smallholder farmers. Recently, different 
tropically adapted improved breeds or strains (Kuroiler, Sasso, SRIR, Potchefstroom 
Koekoek, and Improved Horro) were compared for their performance in different 
agroecologies of Africa (Alemu et al., 2021; Lozano-Jaramillo et al., 2019b; Passarelli 
et al., 2020). These studies showed the performance of improved varied across 
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agroecologies, with the interventions leading to positive outcomes on livelihoods. In 
addition some limitations were observed in the evaluation of chicken breeds in 
smallholder systems. The existing agroecological classes are defined based on 
environmental predictors influencing crop productivity and are not suitable to 
predict genotype by environment interactions (GxE) in livestock. The lack of proper 
agroecological definition for chickens impedes proper evaluation and identification 
of breeds with superior productivity and wider adaptability. The use of livestock-
species-specific agroecological classes may improve model fit in GxE predictions 
compared to predictions based on conventional agroecologies. The common 
approach in estimating GxE in livestock considers performance testing environment 
(agroecology) as a homogenous group and compares breeds (e.g., B1, B2) across 
environmental classes (e.g., E1, E2) without paying attention to specific climatic 
predictors within each class that have an influence on phenotypes. Changes in rank 
or magnitude of performance between breeds based on reaction norm plots are 
then taken as an evidence for presence of GxE. While this approach ranks these 
specific breeds for the specific environmental classes, the results cannot be 
generalized to other environments that are not part of the study. Unavailability of 
appropriate analytical frameworks is another factor limiting the identification of the 
best performing and adaptive breeds. On-farm experimental designs and statistical 
methods have not been tested for their efficiency to make multi-environment breed 
performance comparisons in the context of smallholder systems.  
In this thesis, I will use redefined chicken production agroecologies to compare 
breeds on growth performance and stability. In addition to redefining agroecologies 
into distinct environmental classes based on their influence on chicken performance, 
I incorporate the most important climatic predictors (i.e. having influence on habitat 
suitability of chickens and their phenotypic variation) to improve model fit in GxE 
predictions. Instead of reaction norm plots, I use machine learning based partial 
dependency plots (PDPs) as a visual tool to explain the relationship between specific 
climatic predictors and a trait in a continuum. The relationship between a climatic 
predictor and a trait may be complex (i.e. non-linear) and often cannot be explained 
by linear models (Zuur et al., 2007).  

1.4 Novel approaches to studying adaptive genetic 
variation 

Chickens kept in tropical smallholder systems are constantly subjected to 
environmental stressors. These stressors include extremes of temperature, solar 
radiation, and relative humidity; wide ranges of elevations; fluctuating feed 
availability; and high prevalence of diseases and parasites. Studying how the 
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indigenous livestock have evolved under environmental challenges will give a better 
understanding of molecular mechanisms and selective processes behind local 
adaptation (Bettridge et al., 2018; Fleming et al., 2017; Porto-Neto et al., 2014).  
The evolutionary mechanisms of local adaptation for quantitative traits in Ethiopian 
chickens are not fully understood. Genomic studies conducted to date on these 
chickens (Adebabay, 2018; Bettridge et al., 2018; Desta, 2015; Gheyas et al., 2021; 
Hassen et al., 2009) made important scientific contributions to knowledge. They 
have shown that identification of key environmental drivers should precede genomic 
investigations to elucidate adaptive variation in domestic animals. The studies had 
also certain limitations that can be overcome through a more refined research 
methodology. For instance, the studies conducted by Desta (2015) and Bettridge et 
al. (2018) covered too few sample locations to capture existing genetic variation 
among Ethiopian chickens. Studies conducted by Adebabay (2018) and Gheyas et al. 
(2021) were more comprehensive and the authors did integrate environmental and 
genomic information to detect adaptive genetic variation. However, even in their 
studies, quantitative traits were not recorded on the sample chicken populations, 
and it was not possible to relate phenotypic variation with environmental and 
genomic variation. Moreover, the sampling strategy in Adebabay (2018) and Gheyas 
et al. (2021) did not consider environmental gradation. In this thesis, I combine 
recently developed techniques to study adaptive genetic variation in chickens, 
including landscape genomics, signatures of selection, and association analyses. 
 

1.4.1 Landscape genomics 
Identification of genomic regions which have undergone selection is one of the 
principal goals of theoretical and applied evolutionary genetics (Gouveia et al., 
2014). Landscape genomics offers a unique opportunity to integrate phenotypic, 
genomic, and environmental information to understand adaptive genetic variation. 
It is a powerful tool to identify environmental variables related with phenotypic 
differentiation and to predict performances of breeds in different agroecologies. 
Landscape genomics seeks to understand the influences of geographic and 
environmental features on selectively neutral and adaptive loci, and underlying 
micro-evolutionary processes such as gene flow, selection, and genetic drift  
(Balkenhol et al., 2016; Storfer et al., 2018).  
Advances in remote sensing and geographic information system (GIS), better 
availability of environmental and genomic data, and improvements in computational 
power facilitate wider application of landscape genomics in livestock. Studies which 
followed this approach in studying adaptive genetic variation in farm animals include 
Joost et al. (2007), Pariset et al. (2012), Mdladla (2016) Roffler et al. (2016), Li et al. 
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(2017), Cesconeto et al. (2017), Vallejo-Trujillo et al. (2018), and Gheyas et al. (2021). 
Landscape genomics approaches can be followed to detect signatures of selection 
and understand the drivers of local adaptation.  
 

1.4.2 Signatures of selection analysis 
Local adaptation refers to the response of individuals to differential selective 
pressure leading to higher genetic fitness in their environment than individuals from 
elsewhere (Kawecki and Ebert, 2004; Savolainen et al., 2013). Phenotypic and 
genetic differentiation along environmental gradients, or across contrasting habitat 
types, can be indicative of local adaptation (Conover et al., 2009; Savolainen et al., 
2013; Turesson, 1922).  
Positive selection leaves conspicuous footprints or selective sweeps on the genome 
that can be detected using several approaches (Pavlidis and Alachiotis, 2017). Cross-
population Extended Haplotype Homozygosity (XP-EHH) detects differential 
selection between two populations (Sabeti et al., 2007). Pairwise comparison of 
fixation index ( 𝐹ௌ்  ) reveals differentiation of populations in different environments 
due to differences in evolutionary history (Nei, 1986). The choice of tools to detect 
signatures of selection depends on many factors including the nature of selective 
sweeps we would like to investigate, the time scale over which the selection 
occurred, and the level of variants in which we are interested in.  
 

1.4.3 Redundancy Analysis (RDA) 
One of the most popular statistical methods used to investigate association between 
genomic and environmental variability is Redundancy Analysis (RDA). RDA combines 
regression and principal component analysis (PCA) and it is an extremely powerful 
tool for ecologists to model multivariate response data (Borcard et al., 2011; 
Legendre and Gallagher, 2001). RDA determines how groups of loci covary in 
response to the multivariate environment, and can better detect processes that 
result in weak, multilocus molecular signatures relative to univariate tests (Rellstab 
et al., 2015). It accounts for population structures, demographic histories, and 
polygenic interactions (Capblancq et al., 2018; Forester et al., 2018).  
Multivariate methods like RDA, that simultaneously account for multiple drivers of 
phenotypic and environmental divergence, are recently being applied in landscape 
genomic studies to identify quantitative trait loci (QTL) associated with environment 
predictors (Forester et al., 2018; Harrisson et al., 2017; Kess and Boulding, 2019; 
Torrado et al., 2020). 
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1.5 Novel approaches to studying adaptive phenotypic 
variation  

Phenotypic variation for a trait is influenced by several evolutionary processes and 
phenotypically plastic genotypes tend to show wide phenotypic variation (Le Corre 
and Kremer, 2012; Schmid and Guillaume, 2017). Genotypes that show highly 
variable phenotypes across environments are ‘plastic’, whereas genotypes that show 
little variability across environments are ‘robust’ (De Jong and Bijma, 2002). 
Phenotypic plasticity is the ability of a given genotype to express different 
phenotypes in different environmental circumstances. The term ‘phenotypic 
plasticity’ was coined by the Swedish biologist Herman Nilsson-Ehle to describe a 
phenomenon where a single individual produces multiple phenotypes in direct 
responses to different environmental circumstances (Pfennig, 2021). In case of 
phenotypic plasticity a single genotype expresses different phenotypes (e.g., 
morphological, physiological, behavioural changes) in different environments 
(Bradshaw, 1965; Scheiner, 1993). A plastic response is evolutionarily ‘adaptive’ 
when it improves the fitness of the individual and ‘maladaptive’ otherwise (Ahlgren 
et al., 2013; Hendry, 2016). GxE variation comprises the extent to which genotypes 
differ in their plastic responses to environmental changes for a given trait. The term 
“reaction norm” (Reaktionsnorm) was coined by Woltereck (1909) to describe the 
effect of environment on phenotypic variation of a given genotype (Costa, 2021). In 
animal breeding, if different genotypes have different reaction norms associated 
with plasticity of the trait, then there is GxE interaction (Falconer, 1996). Populations 
differ in their patterns of GxE interaction (phenotypic plasticity) depending on 
previous selection, drift, and mutation (Colautti et al., 2017). I apply recently 
developed techniques to study adaptive phenotypic variation in chickens, including 
distribution models and multi-environment performance testing. 
 

1.5.1 Species and phenotypic distribution models 
Species distribution models (SDMs), also known as environmental (ecological ) niche 
models (ENMs) or habitat distribution models (Elith and Leathwick, 2009), use 
computer algorithms to analyse environmental data and to predict the distribution 
of a species across geographic space and time. SDMs are a popular tool in 
quantitative ecology because of their comparably low data requirement, availability 
of many software packages and guidelines, and their higher predictive abilities (Elith 
and Franklin, 2013; Guisan et al., 2017). 
The central concept in SDMs is the niche theory formulated by Joseph Grinell and G. 
Evelyn Hutchinson (Soberón, 2007). Two types of niches are identified by 
(Hutchinson, 1957). The fundamental niche comprises all abiotic environmental 
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conditions where a species can survive indefinitely and have a positive population 
growth. The realized niche is smaller and refers to those parts of the fundamental 
niche where the species can survive despite the presence of competitors or negative 
interactions. In recent years, the conceptual framework for SDMs has been extended 
by livestock scientists and used to identify environmental predictors associated with 
habitat suitability and local adaptation in livestock populations (Gheyas et al., 2021; 
Kebede et al., 2021; Lozano-Jaramillo, 2019; Vajana et al., 2018; Vallejo-Trujillo et al., 
2018).  
Phenotypic distribution models (PDMs) use associations between phenotypes and 
environmental variables to map the phenotypes of populations within that species’ 
distribution (Michel et al., 2017). PDMs refer to a family of machine learning based 
models (PDMs) that are fitted to capture the response of a quantitative trait as a 
function of environmental conditions. The most notable ones include boosted 
regression trees (Elith et al., 2008), boosted generalized linear models (Nelder and 
Wedderburn, 1972), and boosted generalized additive models (GAMs) (Hastie and 
Tibshirani, 1990). PDMs were used to estimate chicken growth performance at 
present environmental conditions (Lozano-Jaramillo et al., 2019a) and predict fish 
morphology in future climatic scenarios (Michel et al., 2017).  
The outcomes of species distribution models can be integrated into phenotypic 
distribution models in studying phenotypic response at present and in future climatic 
scenarios (Smith et al., 2017). SDM-identified environmental predictors can be 
incorporated into PDMs to improve model fit in GxE predictions. GAMs relax the 
assumptions of linear models and achieve acceptable goodness of fit to model 
phenotypic distribution in response to environmental variables. The assumptions of 
classical statistical approaches such as Generalized Linear Models (GLM) are violated 
when responses are non-linear, variances change with predictors, or ecological 
processes operate at spatio-temporal scales (Bolker et al., 2013; Wiley and Wiley, 
2019; Zuur et al., 2009) which GAMS can accommodate.  
 

1.5.2 Multi-environment performance analysis (MEPA)  
Analytical frameworks for multi-environment livestock breed performance 
evaluation in smallholder (extensive) systems are not readily available. Experimental 
designs and methods used in plant breeding to predict GxE and test yield stability 
are, in theory, applicable to evaluate livestock breed performance across different 
agroecologies. Stability refers to the ability of an individual to maintain constant yield 
across environments (Becker, 1981). Commonly used methods for multi-
environment performance analysis (MEPA) in plant breeding include Additive Main 
effects and Multiplicative Interaction (AMMI) (Gauch Jr, 2013) and Linear Mixed-
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effect Models (LMMs) (Piepho, 1994; Piepho and Möhring, 2005). The AMMI model 
is a robust multi-environment analytical technique which combines fixed-effects 
ANOVA with principal component analysis (PCA) to study GxE interactions (Rincent 
et al., 2019). LMMs are run through REML/BLUP and are reputed for higher 
predictive accuracy in GxE estimations (Piepho, 1994; Van Eeuwijk et al., 2016). It is 
imperative to investigate the applicability of different MEPA tools in identification of 
stable and productive livestock breeds. 

1.6 Objectives and thesis outline 
A solid understanding of adaptive phenotypic and genetic variation is essential to 
improve the productivity and resilience of livestock populations at present and help 
respond to future production scenarios. Knowledge on adaptive phenotypic and 
genetic variation among chickens kept in smallholder systems contributes to 
enhancing their productivity (Figure 1.1). 
 

 
 
Figure 1.1. Schematic diagram explaining the conceptual framework of this thesis. 
 
In this thesis, I integrate phenotypic, genomic, and environmental information to 
answer fundamental and practical questions of selective and evolutionary 
adaptation in chickens. The goal of the thesis is to generate knowledge and insights 
on adaptive phenotypic and genetic variation that will be useful to enhance chicken 
productivity in smallholder systems. More specifically, it addresses two research 
questions:  
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1) What are the environmental drivers of local adaptation, and phenotypic and 
genetic differentiation in indigenous chickens? and  
2) How do improved chicken populations that are introduced into smallholder 
systems respond phenotypically to environmental variations?  
To answer these two research questions, I shall study two types of chicken 
populations, namely, indigenous chicken populations and improved chicken breeds.  
 
The objectives of this thesis are:   
Part-I 

1) to identify the most important environmental predictors contributing to habitat 
suitability and evaluate their relationships with phenotypic variability among 
indigenous and improved chicken populations; 
 

2) to identify candidate genes and genomic regions related with local adaptation and 
phenotypic variation in Ethiopian indigenous chickens; 

 

Part-II 
3) to test applicability of SDM-identified environmental predictors to classify 

environmental variation at chicken performance testing sites into distinct 
agroecologies and improve model fit in GxE predictions;  
 

4) to integrate information on agroecology, breed, and environmental predictors 
through phenotypic distribution models to evaluate growth performance and GxE; 
and 

 
5) to evaluate two commonly used methods of multi-environment performance 

analysis (MEPA) for their applicability in livestock breed performance comparisons 
in smallholder systems. 

 
Part I: Adaptive phenotypic and genetic variation among Ethiopian indigenous 
chickens.  
In the first part of the thesis (chapters 2 and 3), I investigate the influences of the 
environment on adaptive phenotypic and genetic variation using indigenous chicken 
sample populations. Nondescript random mating indigenous (local) chicken 
populations have experienced the influences of selective and evolutionary processes 
(natural selection, genetic drift, gene flow) for many generations and meet the 
assumptions of statistical models that will be used to study local adaptation. In 
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chapter 2 of the thesis, I perform distribution modelling and correlative analysis to 
identify environmental variables associated with habitat suitability and phenotypic 
differentiation in Ethiopian indigenous chickens. In chapter 3, I follow a landscape 
genomic approach to search for candidate genes and regions under positive 
selection among populations sampled from different environmental gradients.  
 
Part II: Adaptive phenotypic variation among improved chicken breeds introduced 
to smallholder farmers.  
In the second part of the thesis (chapters 4 and 5) I evaluate the influences of the 
environment on phenotypic variation among improved chicken breeds (strains) 
distributed to smallholder farmers. The improved chickens used in the present study 
were artificially selected for specific traits (growth and egg productivity). These 
chickens are more useful to fit models aiming at evaluating the effects of the 
environment on the performance of distinct breeds. In chapter 4, I apply distribution 
models to integrate environmental and phenotypic information and improve 
prediction of breed by environment interactions for improved chicken breeds 
introduced into smallholder systems of Ethiopia. I test the hypothesis that classifying 
agroecologies considering environmental variables associated with habitat 
suitability and phenotypic differentiation of a livestock species improves model fit in 
GxE predictions. In chapter 5, I extend the concept of phenotypic plasticity to 
compare productive performance and yield stability among improved chickens 
distributed to smallholder farmers. In Chapter 6, ‘General discussion’, I present an 
overview of the significant findings from the above studies and relate them to the 
existing knowledge. I show implications of studying adaptive phenotypic and genetic 
variation with novel approaches to enhancing smallholder chicken productivity. I 
indicate limitations of my studies and suggest recommendations for further 
research.
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Abstract 
Smallholder poultry production dominated by indigenous chickens is an important 
source of livelihoods for most rural households in Ethiopia. The long history of 
domestication and the presence of diverse agroecologies in Ethiopia create unique 
opportunities to study the effect of environmental selective pressures. Species 
distribution models (SDMs) and Phenotypic distribution models (PDMs) can be 
applied to investigate the relationship between environmental variation and 
phenotypic differentiation  in wild animals and domestic populations. In the present 
study I used SDMs and PDMs to detect environmental variables related with habitat 
suitability and phenotypic differentiation among nondescript Ethiopian indigenous 
chicken populations. Thirty-four environmental (climatic, soil, vegetation) and 19 
quantitative traits were analyzed for 513 adult chickens from 26 populations. To 
have high variation in the dataset for phenotypic and ecological parameters, animals 
were sampled from four spatial gradients (each represented by 6-7 populations), 
located in different climatic zones and geographies. Three different ecotypes are 
proposed based on correlation test between habitat suitability maps and phenotypic 
clustering of sample populations. These specific ecotypes show phenotypic 
differentiation, likely in response to environmental selective pressures. Nine 
environmental variables with the highest contribution to habitat suitability are 
identified. The relationship between quantitative traits and a few of the 
environmental variables associated with habitat suitability is non-linear. Our results 
highlight the benefits of integrating species and phenotypic distribution modelling 
approaches in characterization of livestock populations, delineation of suitable 
habitats for specific breeds, and understanding of the relationship between 
ecological variables and quantitative traits, and underlying evolutionary processes.    

Keywords: indigenous chickens, local adaptation, agroecology, species distribution 
models (SDMs), phenotypic distribution models (PDMs), phenotypic differentiation, 
ecotype, environment, breeding programmes 
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2. 1 Introduction 

Smallholder farmers in Africa keep scavenging poultry as a source of affordable 
animal protein and a means of income. The sustainability of this type of poultry 
production in tropical low-and medium-input systems depends on the availability of 
adaptive genotypes that can produce and thrive under adverse conditions such as 
climatic extremes, high prevalence of tropical diseases and parasites, and periodic 
feed shortage. The presence of selective pressures in these environments has led to 
adaptation of indigenous chicken populations to production constraints (Bettridge 
et al., 2018). 

Local adaptation refers to local individuals having higher fitness in their environment 
than individuals from elsewhere (Williams, 1966). Environmental heterogeneity is 
known to be one of the main drivers of within species diversity and local adaptation 
(Darwin et al., 1858). Understanding the drivers of local adaptation provides 
essential information for designing research and development programmes aiming 
at improving productivity while retaining resilience. A starting point in genetic 
improvement of the existing local chicken populations or in considering the 
introduction of new genotypes is to understand how the environment is driving local 
adaptation (Bettridge et al., 2018). This knowledge would allow breeding of 
indigenous ecotypes that are more productive under village conditions while 
retaining locally acceptable morphological and adaptive traits (Birhanu et al., 2021; 
Dana et al., 2010; Muchadeyi and Dzomba, 2017).  

Present day African chickens are a result of an intricate interplay between 
domestication and natural selection. Ethiopia is an ecological microcosm of Africa, 
with a rich geomorphology, where people closely interacted with the environment 
and practiced agriculture for millennia. Because of its cultural diversity, geographical 
position, complex topography, and varying climatic patterns, the country harbours 
rich domestic animal biodiversity. The earliest osteological evidence of domestic 
chicken in Africa (921-801 BCE) was recovered from Ethiopia (Woldekiros and 
D'Andrea, 2017).  

Recent technological advances in remote sensing and GIS, increased availability of 
environmental data, and improved computational power facilitate the 
understanding of the selective forces associated with local adaptation. SDMs, 
implemented in MaxEnt (Phillips et al., 2006) and similar software, predict 
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distribution of a species based on presence-only data, estimate the contribution of 
environmental variables, and help identify suitable habitats in current and future 
environments. Lozano-Jaramillo et al. (2019b) applied SDMs to produce suitability 
maps of Ethiopian chickens and identify important environmental variables 
associated with habitat suitability in chickens, without relating ecological differences 
with phenotypic variation among study populations. When used alone, SDMs treat a 
species as an evolutionarily homogenous entity and fail to consider possible 
population differences pertaining to local adaptation (Hampe, 2004). SDMs also 
make assumptions in their modelling approach (Wiens et al., 2009) which necessitate 
their combined use with additional approaches, such as phenotypic distribution 
models (PDMs).  

Phenotypic Distribution Models (PDMs) use associations between phenotypes and 
environmental variables to map the phenotypes of populations within that species’ 
distribution (Michel et al., 2017). These phenotype-environment associations (PEAs), 
are well documented for natural populations of several wild plant and animal species 
(Bergmann, 1848; Cain and Sheppard, 1954; Clausen et al., 1940; Langerhans, 2008; 
Maloney et al., 2012; Mayr, 1942; Michel et al., 2017; Phillimore et al., 2010; Smith 
et al., 2017) and can be applicable to predict phenotype distribution among domestic 
animals.  

Phenotypic differentiation represents the fraction of phenotypic variance between 
populations over the total phenotypic variance and helps understand evolutionary 
processes shaping populations (Leinonen et al., 2006; Schmid and Guillaume, 2017; 
Storz, 2002). With the exception of (Lozano-Jaramillo et al., 2019a) who applied 
PDMs to predict performance of improved chicken strains, distribution models have 
seldom been applied in indigenous livestock to identify environmental factors 
associated with phenotypic differentiation and to define their ecotypes. In contrast 
to introduced strains which have been subjected to intense artificial selection in a 
relatively short period of time, indigenous populations have been exposed to natural 
selection over multiple generations which permits a better understanding of 
evolutionary processes. Even with natural populations of animals, correlation 
between a phenotype and environment could be spurious if PDM are used on their 
own (Etterson and Shaw, 2001; Michel, 2011; Michel et al., 2017) and this requires 
their combination with additional analytical approaches, such as SDMs.  

To overcome possible limitations in the use of SDMs in domesticated species like 
livestock, where humans may have interfered in the geographic distribution of the 
study species, we have taken corrective measures in our study design. Our sampling 
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strategy was elaborate enough to ensure environments potentially habitable by 
chickens are included in sufficient sample size, while those uninhabitable are 
excluded in the sampling frame. We targeted random mating, nondescript 
indigenous chicken populations from separate livestock market-sheds, clustered 
along environmental gradients, to maximize ecological and phenotypic variation 
between sample populations. We followed a novel approach integrating SDMs with 
PDMs through generalized additive models (GAMs) to identify the most important 
environmental variables contributing to  habitat suitability and evaluate their 
relationships with phenotypic differentiation among Ethiopian indigenous chicken 
populations.  
 
2. 2 Materials and Methods  
Sampling strategy 

A hybrid strategy, maximizing both environmental and geographical 
representativeness of sampling sites, increases statistical power by reducing false 
discovery rates caused by demographic processes and confounding effects (De Mita 
et al., 2013; Lotterhos and Whitlock, 2015; Selmoni et al., 2020).  

 

Figure2.1. Topographic map of Ethiopia depicting the 26 indigenous chicken sample 
populations 
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We used a hybrid sampling strategy that covered the target area, ensuring high 
environmental variability, wide geographic distributions, and considering the 
demographic and biotic processes influencing the Ethiopian indigenous chicken 
populations (Figure 2.1). 513 chickens and geolocations of 26 populations were 
sampled from four spatial gradients with a minimum distance between gradients of 
500km. Each gradient comprised three environmental clusters, primarily delineated 
based on elevation (400-1800; 1800-2400; 2400-3500 m.a.s.l.). 

While we did not consider administrative regions in Ethiopia in our sampling 
strategy, we would like to describe the four regions covered in the present study 
(Amhara, Oromia, Benishangul-Gumuz, and Southern regions) to give a brief view of 
the geographic landscape. Gradient-I stretched from the Rift valley lowlands of 
northeastern Ethiopia (McConnell, 1967), along the territories of Afar region to the 
highlands of Wollo province within Amhara region. Gradient-II, starts from the Rift 
valley lowlands in central Ethiopia, crosses the highlands of Hararghe, including 
Mount Gara Muleta, and stretches to eastern Ethiopia within Oromia region. 
Gradient-III stretches from the highlands of northwestern Ethiopia and goes down 
to the lowlands along the Ethiopian-Sudanese border within Benishangul-Gumuz 
region. Gradient-IV spans from the highlands of western Ethiopia in Oromia region 
to the lowlands along the Ethiopian-Kenyan border in Southern region. Areas around 
the national borders of Ethiopia have low elevation, which gradually culminate to 
highland plateaus in the center of the country creating a striking contrast in 
agroecology (Authority, 1988). Geographic coordinates and phenotypic 
measurements were not taken from areas which are not habitable by chickens 
because of their unconducive environments (below 400 and above 3500 m.a.s.l.). 

We made sure that clusters within a gradient were distant by at least 100km and the 
target chicken populations were sampled from households which visit isolated i.e., 
not connected livestock market-sheds. The concept of market-shed refers to a 
geographic area, where households therein are in sufficient proximity to exchange 
their animals in various ways (e.g., sale, gift), most commonly travelling on foot. Each 
cluster along the spatial gradient constituted 2-3 populations. A total of 26 
populations were sampled (Figure 2.1 and Supplementary Table 2.1). The sampling 
frame is spatially evenly spread to capture high inter- and intrapopulation 
environmental and quantitative trait variability. The research design integrating 
species and phenotypic distribution models is presented in Figure 2.2. 
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Figure 2.2. Workflow for integrated species and phenotypic distribution modelling to detect 
population differentiation and define ecotypes of indigenous chickens 

The sample locations in our study covered 13 out of the total of 18 agroecological 
zones (MoA, 1998; Tadesse et al., 2006) in Ethiopia. Agroecological zonation utilizes 
biophysical attributes of soil, terrain, and climate to organize land-use types or 
production systems into relatively homogenous units (Hurni, 1998). The five 
agroecologies that were not covered, are areas where chickens have either not been 
reared due to extreme climates, cannot be kept at all (e.g., water bodies, 
undisturbed forests), or have only been recently introduced.  

2.2.1 Environmental data 

A total of 34 environmental variables were selected for their potential effects on 
chicken adaptive evolution. Data on these variables was extracted from online 
databases (Supplementary Table2.2). The environmental data included bioclimatic 
(n=24), vegetation (n=2) and soil (n=8) variables. Values for bioclimatic variables 
(temperature, precipitation, soil radiation, and water vapour pressure) in different 
seasons were obtained from WorldClim database (http://www.worldclim.org/; 
version 2) at a spatial resolution of 30 seconds (~1Km2) (Fick and Hijmans, 2017) 
based on mean values of 30 years (1970-2000). Cropland extent at 30-meter (m) 
resolution was attained from Global Food Security Analysis-Support Data (Xiong et 
al., 2017). The SoilGrids system at 250m resolution with standard numeric soil 
properties (organic carbon, bulk density, Cation Exchange Capacity (CEC), pH, soil 
texture fractions at 15-30 cm depth) was accessed from ISRIC database(Hengl et al., 
2017; Hengl et al., 2015). In addition to the 34 environmental variables elevation 
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data was downloaded from DIVA-GIS (http://www.diva-gis.org/gdata)(Farr et al., 
2007; Hijmans et al., 2001) at a spatial resolution of 30 seconds (~1Km2). 

2.2.1.1 Species distribution models (SDMs) 
SDMs (also called niche, envelope, or bioclimatic models) associate georeferenced 
observations of a biotic response variable – typically species occurrence or 
abundance – with multiple environmental predictors using a broad array of statistical 
learning methods to describe species’ niches (Elith and Franklin, 2013; Elith and 
Leathwick, 2009; Franklin, 2010; MacKenzie et al., 2017). MaxEnt is a general-
purpose machine learning algorithm developed to model species distributions from 
presence-only records (Phillips et al., 2006).  

For every population, a single geographic coordinate was taken at the center of the 
village during sampling of chickens. Coordinates from nine additional grids 
(1.44km2), covering a total of 12.96km2, were then drawn around a recorded location 
and extracted using Google Earth Pro v 7.3.2 to ensure high representation of 
environmental variability affecting the population (Gheyas et al., 2021). This way the 
total number of ‘presence’ or ‘occurrence’ points used in SDMs for the 26 sample 
populations comprised 260 coordinates. Different R software packages: ‘sp’ 
(Pebesma et al., 2012), ‘raster’ (Hijmans et al., 2015), ‘rgdal’ (Bivand et al., 2021a), 
‘maptools’ (Bivand et al., 2021b), ‘rgeos’(Bivand et al., 2017) , and ‘dismo’ (Hijmans 
et al., 2017), were used to extract, read, and visualize geospatial data. Dimension 
and extent of the grids were corrected and homogenized for 1 km2 based on the 
WGS84 geodetic reference system (Decker, 1986). 

Selection of environmental variables 

To constrain model complexity and increase the performance of species distribution 
models, the highest contributing set of uncorrelated environmental variables were 
identified and Maxent’s regularization multiplier was fine-tuned using the R package 
‘MaxentVariableSelection’ (Jueterbock et al., 2016). The predictive performance of 
the most important environmental variables was measured using test gain in MaxEnt 
v.3.4.1(Phillips et al., 2006) (Phillips and Dudík, 2008). 

2.2.1.2 Configuration of model parameters  

Species-specific tuning of model parameters can improve the performance of 
MaxEnt model compared to the default settings (Elith et al., 2011) (Radosavljevic and 
Anderson, 2014). The large set of feature types was subsequently reduced to the 
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optimal subset to improve model fit and the optimum regularization multiplier for 
model training was identified by the R package ‘ENMeval’ (Muscarella et al., 2014) 
by using spatial blocks method (Radosavljevic and Anderson, 2014). Regularization 
refers to smoothing the model, making it more regular, to avoid fitting too complex 
a model. It is a common approach in model selection and penalizes coefficients (the 
betas) to values that allow both accurate prediction and generality (Elith et al., 2011; 
Tibshirani, 1996).  

Species’ responses to environmental covariates or independent variables (e.g., 
temperature, elevation) tends to be complex and usually requires fitting of nonlinear 
functions (Austin, 2002). In machine learning algorithms this is achieved by applying 
transformations of the original covariates into feature. MaxEnt currently has six 
feature classes: linear, product, quadratic, hinge, threshold and categorical (Elith et 
al., 2011). We built models with regularization multiplier values ranging from 0.5 to 
4.0 (increments of 0.5) and with six different feature combinations (H, LQH, HQP, 
HQC, LQHP, LQHPT; where L = linear, Q = quadratic, H = hinge, P = product and T = 
threshold); this resulted in 48 individual model runs. The parameter configuration 
with the lowest delta AICc value was chosen to run the model (Supplementary Table 
2.3). To reduce the influence of sampling bias, we included a bias file (Philips et al 
2009) and preferentially sampled pseudo background points from areas near our 
presence points based on kernel density function (Venables and Ripley, 2002). 

2.2.1.3 Tests of niche similarity 
A niche is a description of the conditions in which a species maintains a viable 
population. Populations in a species that are adapted to a specific local habitat or 
niche show genetically induced phenotypic differences in response to environmental 
selective pressures and are regarded as ‘ecotypes’ (Knüpffer et al., 2003; Müntzing, 
1971). Niche similarity between one or more pairs of populations was measured 
according to  Warren et al. (2008). Raster files (.ASCII) of predicted habitat suitability 
produced by MaxEnt in logistic output (no probability and complete probability of 
presence designated by 0 and 1, respectively) were used as inputs to perform 
correlation test by ENMTools (Warren et al., 2011; Warren et al., 2010). Correlation 
tests were used to cluster sampling sites on the selected environmental variables 
and build dendrogram through hierarchical clustering with R package cluster 
(Maechler et al., 2013). The grouping of sampling locations into environmental 
niches was based on “Euclidean” distance. Different clustering methods (Ward’s 
minimum variance method, complete linkage, average linkage, and single linkage) 
were compared. Visualization of the cluster memberships of locations of populations 
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based on niche similarity, measured by correlations tests on the most important 
environmental variables, was accomplished using the R package factoextra 
(Kassambara and Mundt, 2017). 

2.2.2 Quantitative trait data 

A total of 19 phenotypic traits (Supplementary Table 2.4), selected for their 
potential role in adaptation in chicken based on available literature, were measured 
on 513 adult chickens (380 hens and 133 cocks) from the 26 nondescript indigenous 
chicken sample populations. We had three environmental clusters (lowland: 400-
1800; midaltitude: 1800-2400; and highland: 2400-3500 m.a.s.l.) stretching across 
each of the four elevational gradients in this study. A total of 12 environmental 
clusters from the four elevational gradients were included. Each environmental 
cluster is represented by two randomly selected chicken populations, except in two 
instances where we took three populations. A population refers to the total number 
of nondescript indigenous chickens available in an administrative village. Adult 
chickens were selected randomly for phenotyping through transect walk across 
villages. This method entailed walking along a defined path (transect) across a village 
and sampling one chicken from each farming household until a total of 15 hens and 
5 cocks were measured.  

The age of the chickens was estimated by interviewing owners to confirm that 
females were in their second clutch (7 to 8 months-of-age) and males were above 12 
months-of-age. The researchers also visually appraised cocks (roosters) for presence 
of well-developed spurs. One chicken was sampled per household. Under rare 
circumstances (n = 9 households), two chickens were sampled per household when 
farmers proved their animals have no family relationship.  

Live bodyweight of individuals was taken in the morning on fasting chickens. 
Accurate morphological measurements were made by digitally analyzing the pictures 
of individual chickens photographed in a sheltered environment using a software 
(Rasband, 1997). To reduce systematic error, the same operator measured all 
chickens, which were held in the same position by a technician. A steel ruler was 
placed in the background of every picture as a distance reference. 

2.2.2.1 Selection of quantitative traits 

A multivariate test of differences between populations with stepwise selection 
(Klecka et al., 1980) was performed through linear discriminant function analysis 
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(SAS, 2002) to identify the traits which were most useful in classifying populations. 
Principal Component Analysis (PCA) was run with R ‘stats’ package on quantitative 
trait data to see how much percent of the variation is explained by the first nine 
principal components (PCs). 

2.2.2.2 Clustering of nondescript chicken populations into ecotypes 

The 26 nondescript Ethiopian chicken populations sampled in this study are 
heterogenous in terms of qualitative traits (e.g., coat colour, comb shape, feather 
pattern) and quantitative traits. We used the most discriminant quantitative traits, 
which are most useful because of their variability, to group populations into 
ecotypes. We expect that populations of chickens within the same niche are affected 
by similar environmental variables and cluster into the same ecotype. The 
phenotypic values of these traits were analysed by the average silhouette method 
to decide on the optimal number of clusters. The average silhouette method 
measures how well each experimental unit lies within its cluster and is less 
ambiguous than the elbow method to decide on the number of clusters (Rousseeuw, 
1987) (Kaufman and Rousseeuw, 2009). 

Different hierarchical clustering methods (Ward’s minimum variance method, 
complete linkage, average linkage, and single linkage) were compared via R packages 
‘cluster’ (Maechler et al., 2013) and ‘factoextra’ (Kassambara and Mundt, 2017) to 
make a valid comparison of population memberships between dendrograms 
produced on similarity of phenotypes. We used the same approach for clustering of 
environmental and phenotypic data to avoid any possible bias associated with the 
use of different tools.  

2.2.3 Phenotypic distribution models (PDMs)  

While species can vary genetically and phenotypically across their range and 
populations can be locally adapted, SDMs assume that all populations respond 
homogenously to the range of environmental conditions experienced by the whole 
species (Atkins and Travis, 2010; Bolnick et al., 2003; Fitzpatrick and Keller, 2015; 
Hällfors et al., 2016). Phenotypic distribution models (PDMs) on the other hand, do 
capture the response of quantitative traits as a function of environmental conditions 
(Lozano-Jaramillo et al., 2019a; Michel et al., 2017; Smith et al., 2017). We used 
PDMs to study variation within quantitative traits in response to the most important 
set of environmental variables identified by SDMs. The association of these 
environmental variables with habitat suitability were evaluated for their individual 
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effects on each of the discriminating the trait. The relationship between quantitative 
traits and environmental variables was expected to be non-linear (Oddi et al., 2019; 
Zuur et al., 2007). The assumptions of classical statistical approaches such as 
Generalized Linear Models (GLM) are violated when responses are non-linear, 
variances change with predictors, or ecological processes operate at spatio-temporal 
scales (Bolker et al., 2013; Zuur et al., 2009).  

Exploration of phenotypic and environmental data was initially carried out to 
understand their distribution, variance structure, and linearity or non-linearity of 
trend and to choose appropriate analytical methods. Generalized additive models 
(GAMs) were selected because they are particularly useful for analyzing relationships 
explained by complicated shapes, such as hump-shaped curves (Crawley, 2012).The 
R package ‘mgcv’ (Wood and Augustin, 2002) was used to fit GAMs (Hastie and 
Tibshirani, 1990). Model validation was made based on Akaike Information Criterion 
(AIC) values. 

The response of each quantitative trait was predicted as a function of ecotype, niche, 
and the six SDM-selected environmental variables. The GAM included ecotypes and 
their respective niches as linear terms and the environmental covariates as 
smoothing parameters. The notation for the GAM smoothing in a Gaussian model is 
as follows (Hastie and Tibshirani, 1990; Wood and Augustin, 2002). 𝑔(𝐸(𝑦௜)) = 𝛼 + 𝛽௝ +  𝛾௠ + 𝑓௞(𝑋௞௜) …,        
Where ൫𝐸(𝑦௜)൯ is one of n observations of the response trait, 𝑔 is the Gaussian 
distributed exponential family with identity link function, 𝛼 is the intercept,  𝛽௝ is a 
linear parameter for ecotype (1,2,3), 𝛾௠ is a linear parameter for environmental 
niches (1,2,3), 𝑓௞ are the smoothing terms based on non-parametric predictor 
covariates 𝑋௞௜ (the shape of the predictor funtions which will be fully determined by 
the data structure).  

Estimation of smoothing parameters effects (environmental variables) was done by 
restricted maximum likelihood (REML) as random effects (Wiley and Wiley, 2019) 
with Gaussian process smooth (bs=’gp’) in the GAMs model (Wood, 2012). 

Partial dependence plots (PDPs) (Friedman, 2001) are the most popular approach for 
visualizing the effects of the predictor variables on the predicted outcome during 
supervised machine learning applications (Apley and Zhu, 2020). A partial 
dependence plot can show whether the relationship between the target and a 
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feature is linear, monotonic, or more complex. PDPs exhibiting the effects of 
environmental factors with estimated p-value on a phenotype were produced by 
using the R package ‘mgcViz’(Fasiolo et al., 2020) at 95% confidence interval.  

2.3 Results 

2. 3.1 Environmental variables contribute to habitat suitability 
2.3.1.1 Optimum model parameters 

ENMeval identified HQP (Hinge, Quadratic, and Product) features with 
regularization-multiplier=3.0 as the best parameter combination. This had the 
lowest deltaAICc value and was chosen to produce suitability maps by MaxEnt 
(Figure 2.3A). Compared to the default (Figure 2.3B), the model fit with the optimum 
parameters predicted larger areas as most suitable for poultry production (Figure 
2.3C). The areas least populated by chickens include the extreme lowlands (below 
400m.a.s.l.), with prohibitively high temperature, high solar radiation, low 
precipitation, and high relative humidity; and the extreme highlands (above 
3400m.a.s.l), with prohibitively low temperatures. The extreme highlands are frosty 
and hence not habitable both by livestock and humans. Ethiopian lowland pastoral 
areas are affected by recurrent drought and have generally sparse livestock 
population (Tilahun and Schmidt, 2012). Agreement between the results of the 
present study and the census report (CSA, 2017) and other literature indicating the 
distribution of livestock (Tilahun and Schmidt, 2012) confirm that those areas in the 
country which are shown as least suitable in the habitat suitability maps produced 
by SDMs are indeed unsuitable for the study species.  

 

Figure 2.3. Model configuration and habitat suitability maps for Ethiopian indigenous chicken 
populations. (A) AICc values for analysed feature combinations using different regularization-
multipliers ranging from 0.5 to 4.0. Feature combinations include one or more of the following 
types: L = linear, Q = quadratic, H = hinge, P = product, and T = threshold. (B). Map produced 
using default settings of MaxEnt. (C). Map produced using optimum parameters (HQP features 
with regularization-multiplier=3.0) identified by ENMeval 
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Sedentary systems in central Ethiopia have conducive environmental conditions for 
chickens while pastoral systems (hot, dry areas, with strong solar radiation) along 
the borders of the country do not (Bayou and Assefa, 1989; CSA, 2017; Gebrechorkos 
et al., 2019; Getahun, 1978; Mirkena et al., 2018). The choice of livestock species to 
rear is also culturally embedded over generations. 

2.3.1.2 Most contributing environmental variables 

SDMs identified the most important environmental variables associated with 
distribution of chickens (Figure 2.4). Correlated variables (|r| > 0.6) and those with 
a relative contribution score below 4% were removed to restrict multicollinearity 
driven effects in projecting species ranges (Brun et al., 2019; Dormann et al., 2013). 
Out of 34 environmental variables, 9 were retained as most important in 
determining habitat suitability and can be regarded as potential drivers of local 
adaptation in Ethiopian indigenous chickens. The first five variables with the highest 
contribution included soil clay content, precipitation of the warmest quarter, 
precipitation of the coldest quarter and temperature seasonality.  

 

Figure 2.4. Environmental variables of importance and their percent contribution predicted 
by MaxentVariableSelection 

Jackknife test was run to compare the relative importance of the 9 selected 
environmental variables  (Figure 2.5). The test showed that precipitation of the 
coldest quarter and water vapour pressure in May have the highest gain when used 
in isolation, and therefore are the most useful variables for predicting the 
distribution of the species on occurrence data. On the other hand, the environmental 
variable that decreases gain the most when omitted is solar radiation in May, 
meaning it has the most important information that is not present in other variables. 
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Figure 2.5. Gains of the variables in the Maxent model (Jackknife test) for Ethiopian indigenous 
chickens. Torques bars: model gain without corresponding variables; blue bars: model gain 
with only the corresponding variables; red bars: total gain using all the variables.  

2.3.2 Distinct niches are associated with distinct ecotypes 
Populations of animals adapted to a specific environment or niche are regarded as 
ecotypes. Clustering of sample chicken populations into phenotypically homogenous 
groups and an overlap of the clustered populations with niche classification based 
on their respective environments was used as a basis to define ecotypes. The number 
of chicken ecotypes was determined through Silhouette method using phenotypic 
data (Figure 2.6A). The optimal cluster in the present study, the one that maximized 
the average silhouette from a range of possible k values, was  k=3. The same 
clustering method (Ward Jr, 1963) was used to make a valid comparison of 
population memberships between dendrograms produced on similarity of niches 
(Figure 2.6B) and on similarity of phenotypes (Figure 2.6C).  
 

 
 
Figure 2.6. Dendrogram of clusters to group 26 Ethiopian indigenous chicken populations. (A) 
Based on niche overlap statistic (I) between suitability maps. (B) Based on the most 
discriminating phenotypes (hierarchical agglomerative clustering, Ward’s minimum variance 
method). The red line at a cutoff value of 5.0 produces three distinct niches. (C) Plot of 
statistics for deciding appropriate number of clusters based on phenotype. The red line at a 
cutoff value of 8.0 produces three distinct ecotypes. 
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Populations were clustered into three environmental niches based on correlation 
test (Figure 2.6B). Ward’s method had the strongest clustering structure for 
clustering on niche overlap (Ward = 0.89). The agglomerative coefficients for the 
other approaches (complete linkage = 0.78; average linkage (UPGMA) = 0.68; and 
single linkage = 0.36) was lower. At a cutoff value of 5.0, reading the plot from left 
to right, niche-I comprised eleven sampling locations, while niche-II and niche-III 
comprised 6 and 9 locations, respectively. 

2.3.4 Variation in quantitative traits 
Before classifying the 26 sample chicken populations into ecotypes through 
hierarchical clustering based on similarity for quantitative traits, we reduced the 
number of traits through discriminant analysis (Table 2.1). Out of 19 quantitative 
traits (Supplementary Table 2.4), 8 (BL, WS, CL, CW, BW, EW, WW, KL) had the 
highest discriminant function because of their high variation between populations. 
Except wattle width (p<0.05), the remaining 7 of these 8 discriminant traits showed 
highly significant phenotypic variation (p<0.0001 to p<0.01) between female sample 
chicken populations. The GLM analysis combining data from both sexes revealed all 
the discriminating quantitative traits varied significantly between sexes (p<0.0001) 
except for beak length (p=0.1738). The partial r-square indicates body length had the 
highest discriminatory effect out of all traits retained in the models in both sexes.  
Only two quantitative traits (BL and BW) were found useful for classifying male 
sample (p<0.0001). This might be related with their lower sample size or a different 
structure of morphological variation among male sample populations compared to 
females.  
A subset of quantitative traits that best revealed the differences among chicken 
populations (Table 2.1) were then used for clustering. Ward’s hierarchical clustering 
rendered the highest agglomerative coefficient (Ward = 0.81) for clustering of 
populations on phenotypic similarity compared with the other approaches 
(complete linkage = 0.71; average linkage (UPGMA) = 0.58; and single linkage = 0.49) 
(Figure 2.6C). The cutoff value at 8, indicated by horizontal line, resulted in three 
clusters. A Principal Component Analysis (PCA) on quantitative trait data showed 
that the first three PCs explain 75.7% of the phenotypic variation among populations 
(PC1=43.1%, PC2=19.5%, and PC3=13.2%) supporting our grouping of chicken 
populations into three ecotypes (Supplementary Table 2.5).  
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Table 2.1. Stepwise selection summary indicating most discriminating traits for adult male 
and female Ethiopian indigenous chicken sample populations 

Sex Quantitative trait Partial R-sq. F value Pr > F 

Hens BL 0.4761 13.51 <.0001 
 WS 0.2934 6.15 <.0001 
 CL 0.2274 4.34 <.0001 
 CW 0.1766 3.15 <.0001 
 BW 0.1741 3.08 <.0002 
 EW 0.1677 2.93 <.0003 
 WW 0.1184 1.63 <.0214 
 KL 0.1534 1.93 <.0014 
Cocks BL 0.7756 14.52 <.0001 
 BW 0.4856 3.9 <.0001 

BL=body length(cm); WS=wingspan(cm); CL=comb length(mm); BW=body weight(kg); 
EW=earlobe width(mm); WW=wattle width(mm); KL=beak length(mm) 
 
A summary of cluster analyses (Table 2.2) shows that most of the populations of a 
specific ecotype are distributed within the same niche while only a few of them 
distributed elsewhere. Eight out of twelve populations from ecotype-I, three out of 
five populations from ecotype-II, and six out of nine populations from ecotype-III 
were correctly classified into their respective niches. 
 
Table 2.2. Ecotype of Ethiopian indigenous chicken populations defined on phenotype and 
their respective niches as identified by species distribution models  

Ecotype Populations Distributed within 
the same niche 

Distributed outside the 
niche 

I Fura, Dalecha, Birbirsa, 
Bengo, Almeshmesh, Badu, 
Didibe Kistana, Gazo, 
Meket, Weltane, Wahelo, 
Weledelelo 

Fura, Dalecha, 
Birbirsa, Bengo, 
Almeshmesh, Badu, 
Didibe Kistana, Gazo 

Meket, Weltane, 
Wahelo, Weldelelo  

II Lafinfedo, Hato, 
Melkajebdu, Arabo, Burkitu 
Obora 

Lafinfedo, Hato, 
Melkajebdu,  

Arabo, Burkitu Obora 

III Ebech, Shama, Parzeit, 
Gema, Zigh, Tumi, Rifenti 
Chabir, Sorobo, Gocha 

Shama, Parzeit, Zigh, 
Tumi, Rifenti Chabir, 
Sorobo 

Ebech, Gema, Gocha 

 

Matching between chicken ecotypes and different environmental classification 
methods was performed to establish a logical association between phenotypic 
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distinctiveness and environmental selective pressures (Table 2.3). The 
environmental classification methods included species distribution models, 
conventional  (Dove, 1890), Official (MoA, 1998), and gradient-based agroecological 
classifications. The highest level of correct classification was performed by SDMs 
(64.5%), followed by environmental gradient (elevational cline) classification 
(57.3%). The higher correct classification level obtained by the SDM approach, 
suggests the potential influence of the selected environmental variables (n=9) on 
shaping adaptive variation among Ethiopian indigenous chicken ecotypes.  
 
Table 2.3. Comparison of methods to classify environments of Ethiopian indigenous 
chicken ecotypes (n=3)   

Classification 
method 

Criteria for 
classification 

 No. of population  

correctly 

classified (%) 

Total  

correctly  

classified 
(%) 

Cl
as

se
s 

Ec
ot

yp
e-

I 

Ec
ot

yp
e-

II 

Ec
ot

yp
e-

III
 

SDM niche similarity 3 8 

(66.7) 

3 

(60.0) 

6 

(66.7) 

17 

(64.5) 

*Conventional 
AEs 

climatic classes 
(altitude, 
temperature, 
precipitation) 

3 6 

(66.7) 

3 

(33.3) 

4 

(50.0) 

13 

(50.0) 

§Official AEs temperature, soil 
type, plant growing 
period/moisture 
condition, land use  

13 3 

(33.3) 

3 

(33.3) 

2 

(25.0) 

8 

(30.7) 

Gradient elevational clines in 
distinct geographies 

4 5 

(55.5) 

6 

(66.6) 

4 

(50.0) 

15 

(57.3) 

*Conventional agroecological classes (AEs) comprise three groups measured in m.a.s.l.: 
I=lowlands (400-1800); II=1800-2400; III=2400-3500 (Dove, 1890). § Official AEs represent 
standard agroecologies of Ethiopia (MoA, 1998). 
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2.3.5 Environmental variables contribute to phenotypic differentiation 
Having noticed that populations have differentiated distinctly in specific 
environments, we focused on predicting phenotypic values of ecotypes for the most 
discriminant quantitative traits within their respective niches under the influence of 
the selected environmental variables. Prediction of quantitative traits with 
Generalized Additive Models (GAMs) in each of the three Ethiopian indigenous 
chicken ecotypes is presented in Table 2.4. Significant p-values were obtained for all 
the nine  SDM identified environmental variables except for soil clay content. Five 
environmental variables (Bio18, Bio19, WVPM, and WVPA) had significant effect on 
differentiation of  multiple traits. The traits selected by discriminant function for 
their usefulness in classification of populations into ecotypes had also the highest 
model fit (R-square adjusted values) explaining their importance in studying the 
influence of environmental variables on adaptive phenotypic variation.  
 
Table 2.4. Prediction of quantitative traits with Generalized Additive Models (GAMs) in 
Ethiopian indigenous chicken ecotypes (n=3) fitted with ecotype and niche as fixed effects. 

Trait Random effects/ Smoothing term Model fit 

Bi
o3

 

Bi
o4

 

Bi
o1

1 

Bi
o1

8 

Bi
o1

9 

SR
M

 

W
VP

M
 

W
VP

A 

SC
C 

df 1AIC R-sq. 
(adj) 

Deviance  
explained 

(%) 

BL *   * **
* 

* **
* 

**
* 

 14.9 1539 0.65 66.7 

WS   **
* 

**
* 

* * **
* 

  13.6 1644 0.55 56.5 

CL     *     8.0 2583 0.21 22.3 
CW       **

* 
**
* 

 9.3 2140 0.10 11.9 

BW *   ** * **
* 

**
* 

  12.5 -121 0.45 46.5 

EW  *** .    **
* 

**
* 

 16.3 1657 0.25 28.2 

WW *   **    **  10.0 2035 0.12 14.3 
KL    * ** .  **  11.9 1724 0.05 7.6 
 

1Akaike information criterion (AIC) is a goodness of fit measure (likelihood or log-likelihood) 
that penalizes for complexity number of parameters or degree of freedoms).  BL=body length; 
WS=wingspan; CL=comb length CW=comb width; BW=body weight; EW=earlobe width; 
WW=wattle width; KL=beak length; Bio3=Isothermality; Bio4=Temperature seasonality; 
Bio11=Mean temperature of coldest quarter; Bio18=Precipitation of warmest quarter; 
Bio19=Precipitation of coldest quarter; SRM=solar radiation of May; WVPM=water vapour 
pressure of May; WVPA= water vapour pressure of  August; SCC=soil clay content. Linear effect 
of ecotype is significant for all discriminating phenotypes.  Significance codes: 0 ‘***’ 0.001 
‘**’ 0.01 ‘*’ 0.05 ‘.’ 0.1 ‘ ’ 1 
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Ethiopian indigenous chicken ecotypes identified by SDMs showed significant 
quantitative trait variation (Table 2.5). Populations in ecotype-I had the smallest 
measurement for all traits while ecotype-II had the largest measurements for most 
traits. It is not possible to tell from the present results alone whether the 
performance exhibited by ecotypes is primarily attributable to their niche or their 
genetic background.  
 
Table 2.5. Quantitative trait variation in Least Square Mean (Standard Error) among adult 
female Ethiopian indigenous chickens of different ecotypes defined by integrating SDMs with 
PDMs 

Ec
ot

yp
e*

 
 

LSMean (S.E.) 
Hens (n=380) Cocks (n=133) 
BW BL WS CL CW EW WW KL BW BL 

I 1.01 
(0.01)b 

35.46 
(0.22)c 

38.78 
(0.22)b 

21.3 
(0.62)c 

7.95 
(0.36)b 

8.96 
(0.2)b 

16.89 
(0.31)c 

16.32 
(0.20) 

1.31 
(0.05)b 

38.89 
(0.52)b 

II 1.31 
(0.02)a 

39.13 
(0.23)a 

41.88 
(0.24)a 

30.21 
(0.65)a 

10.18 
(0.37)a 

10.9 
(0.2)a 

19.4 
(0.32)a 

16.46 
(0.21) 

1.78 
(0.05)a 

44.34 
(0.54)a 

III 1.28 
(0.02)a 

38.48 
(0.24)b 

42.03 
(0.24)a 

25.22 
(0.66)b 

8.82 
(0.38)b 

10.4 
(0.20)a 

18.48 
(0.33)b 

16.65 
(0.22) 

1.82 
(0.05)a 

44.49 
(0.57)a 

BW=body weight(kg); BL=body length(cm); WS=wingspan(cm); CL=comb length(mm); 
CW=comb width(mm); EW=earlobe width(mm); WW=wattle width(mm); KL=beak 
length(mm). a,b,cMeans with different superscripts within the same column and model are 
significantly (P <0.05) different. * Ecotypes were highly significant from each other (p<0.0001) 
for all phenotypic measurements except for KL in hens (P=0.5393).  
 
Habitat suitability maps for Ethiopian indigenous chicken ecotypes (Figure 2.7) 
illustrate ideal environmental conditions that vary spatially between ecotypes. 
Chickens of ecotype-I (Figure 2.7A) are mainly distributed in central and northwest 
Ethiopia, ecotype-II (Figure 2.7B) are distributed in the west and southwest,  while 
ecotype-III (Figure 2.7C) are distributed in eastern and northeastern Ethiopia. Areas 
of the country characterized by adverse environmental conditions due to their 
extreme temperature, high solar radiation, and low precipitation are shown as least 
suitable. This result conforms to the available census data which shows regions in 
the country with more friendly climate to chickens are more populated by the 
species (CSA, 2017).  

 
Figure 2.7. Suitability maps of three Ethiopian chicken ecotypes. Colours towards red 
spectrum indicate more suitable conditions. (A). Ecotype-I; (B). Ecotype-II; (C). Ecotype-III.   
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The response of adult live body weight (BW) and body length (BL) in female 
indigenous chickens to some of the significant environmental variables (p<0.001) are 
presented in Figures 2.8 and 2.9. The relationship between body weight and solar 
radiation, and body weight and water vapour pressure in May (kPa) is linear while its 
relationship with isothermality is non-linear (Figure 2.8). Isothermality quantifies 
how large the day-to-night temperatures oscillate relative to the annual oscillations. 
An isothermal value of 100 indicates the diurnal temperature range is equivalent to 
the annual temperature range, while anything less than 100 indicates a smaller level 
of temperature variability within an average month relative to the year (O’Donnell 
and Ignizio, 2012). Our results suggest that body weight is less influenced by smaller 
temperature fluctuations within a month relative to the year.  On the other hand, 
solar radiation above 18000Kj/m2/day is stressful and has negative and linear effect 
on female body weight. The relationship between bodyweight and mean 
temperature of the coldest quarter is more complex, showing that the mean 
temperatures during the coldest three months of the year is less useful to examine 
how this variable affects adult live body weight.  
 

 
 
Figure 2.8. Generalized additive model partial dependence plots for live body weight (kg) in 
female indigenous chickens.  Each plot shows a covariate and their partial dependence on 
adult live body weight in the context of the model. The y axis shows the mean of observed 
change in live body weight and the x axis the covariate interval. The blue line represents the 
95% confidence interval; Red line = mean of observed change in live body weight; s = 
smoothed variable; and ( ) =effective degrees of freedom 
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A non-linear relationship is noted between body length (BL) and water vapour 
pressure in August (kPa), and between body length and precipitation of the coldest 
quarter (mm/m2). Temperature seasonality had a negative and linear relationship 
with this trait. Temperature seasonality is a measure of temperature change over 
the course of the year. Our result indicates that higher standard deviation in the 
mean monthly temperature is associated with smaller body length, a trait which is 
strongly correlated with live body weight. Precipitation of the coldest quarter is a 
quarterly index which approximates the total precipitation that prevails during the 
three months of the year. Accelerated mean change in body length, in the context of 
the model was seen up to 700mm/m2 of precipitation in the coldest quarter. 
Precipitation above this threshold might be related with less availability of 
scavenging feed resources and more prevalence of diseases and parasites, having 
adverse effects on this trait. Biologically speaking, water vapour pressure is a 
function of temperature and pressure. Negative relation is noted between this 
environmental variable and body length, probably because of the stressful situation 
(e.g., lower feed intake) it creates on the animals. A non-linear reduction was 
observed in body length for higher soil content above 20 percent which may have a 
relationship with the type of vegetation  and land use pattern in those areas (Figure 
2.9). 

 
Figure 2.9. Generalized additive model partial dependence plots for body length (mm) in 
female indigenous chickens.  Each plot shows a covariate and their partial dependence on 
adult live body weight in the context of the model. The y axis shows the mean of observed 
change in live body length and the x axis the covariate interval. The blue line represents the 
95% confidence interval;  Red line = mean of observed change in live body weight; s = 
smoothed variable; and ( ) =effective degrees of freedom.  
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2.4 Discussion  

Sustainable livestock production particularly in the tropics requires adaptive 
genotypes which can withstand the undesirable effects of climate change and 
produce optimally (Fleming et al., 2017)  (Bettridge et al., 2018). Ecological variables 
vary in terms of their influences on organisms as inducers of local adaptation. 
Knowledge of ecological factors responsible for adaptive variation should be the first 
step to design selective breeding programmes on indigenous livestock, plan 
crossbreeding with improved genotypes, or introduce new genotypes from a 
different environment (Bettridge et al., 2018; Birhanu et al., 2021; Fleming et al., 
2017). 

We have applied distribution models to identify the most important environmental 
factors associated with habitat suitability and phenotypic differentiation in 
indigenous populations of chickens. Previous studies indicated that populations 
differentiate phenotypically and genetically in response to the environment (Schmid 
and Guillaume, 2017; Smith et al., 2017). A tight relation is expected between 
environmental elements (e.g., precipitation, temperature, radiation, elevation) and 
livestock population dynamics (Alemayehu and Getu, 2016; Getachew et al., 2016) 
in Ethiopia.  

Precipitation of the warmest and the coldest quarters, soil clay content, temperature 
seasonality, solar radiation, water vapour pressure, and mean temperature of the 
coldest quarter, were identified by SDMs as the most important variables associated 
with habitat suitability in Ethiopian indigenous chickens. Precipitation is associated 
with types and amounts of crops cultivated; availability of scavenging feed resources 
and edible soil fauna; disease prevalence, and predation. Precipitation and 
temperature were also identified as most important contributors to local adaptation 
in African chickens (Bettridge et al., 2018; Fleming et al., 2017; Gheyas et al., 2021). 
The body weight of Horro, Koekoek, Sasso, and SRIR chickens distributed to different 
regions of Ethiopia was best predicted by variables associated with temperature and 
precipitation (Lozano-Jaramillo et al., 2019a). Clay content is a proxy for soil fertility 
and has impacts on feed availability for scavenging chickens. Through their physical 
and chemical properties, clay minerals can be expected to have more nutrient 
reserves in the tropics (Kome et al., 2019; Landon, 2014).  

All the nine environmental variables for their association with  habitat suitability by 
SDMs had significant effects on differentiation of quantitative traits. The influence 
of isothermality (Bio3), temperature (Bio4 & Bio11), precipitation (Bio19), solar 
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radiation, and water vapour pressure on trait differentiation may be related with 
adaptive physiology of chickens, in terms of their biological response to extremes in 
relative humidity and heat stress. (Alemu et al., 2021); Lozano-Jaramillo et al. (2019a) 
have also observed effects of precipitation and temperature on improved chicken 
breeds introduced to smallholder farmers in Ethiopia.  

We classified the Ethiopian indigenous chicken sample populations into three 
ecotypes and compared their respective performances. Homogenous clusters for 
measured quantitative traits and their overlaps with distinct niches were used to 
define ecotypes. Unlike previous efforts made to group Ethiopian indigenous chicken 
populations on qualitative phenotypes such as comb shape, and feather colour 
(Deneke Negassa, 2014; FAO, 2012; Getachew et al., 2016; Melesse and Negesse, 
2011; Overdijk, 2019) , the definition of ecotypes in the present study integrated 
phenotypic and environmental information. This process included identification of 
the most contributing environmental variables for habitat suitability, grouping of 
sample locations into specific niches based on their environmental similarity, and 
selection of the most useful quantitative traits for population classification purposes. 

PDMs, in a form of non-linear generalized additive models (GAMs) were 
demonstrated as an innovative approach to integrate environmental and phenotypic 
information and study their relationships. GAMs relax the assumptions of linear 
models such as GLMs and achieve acceptable goodness of fit. Such a non-linear data 
structure would have been missed otherwise (Wiley and Wiley, 2019). Phenotypic 
distribution models were used to complement predictions of species distribution 
models in studying responses of prairie grass to climate change (Smith et al., 2017). 

The use of SDMs is unchartered territory for livestock scientists. Limitations are 
expected in their use on domesticated species because of human interference 
influencing the natural distribution of the study populations. While existing SDMs 
alone do not seem appropriate to study breeds recently introduced into a new 
environment artificially, the models are applicable for those studying local 
adaptation among indigenous populations of livestock which have lived in their 
environment for hundreds of generations or more and have experienced significant 
selective pressures. Predictive ability of machine learning algorithms on 
domesticated species can be improved if they incorporate more data in addition to 
presence-absence information and harness sophisticated algorithms. Boosted 
regression trees and random forests as well as generalized additive and linear mixed 
models have improved prediction of SDMs in other species (Shirk et al. 2018).  
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Several evolutionary processes shape genetic and phenotypic differentiation, 
including the joint effects of environment (phenotypic plasticity), gene flow, and 
natural selection (Schmid and Guillaume, 2017). It is not clear from the present study 
whether the phenotypic differentiation that ensued between indigenous chicken 
ecotypes is the result of differentiation in allele frequencies. An integrated 
framework including environmental, phenotypic, and genomic analysis is needed to 
unravel the genetic basis of phenotypic differentiation among populations and 
ecotypes of these chickens. If the phenotype is directly influenced by the 
environment, genetic and phenotypic differentiations can be decoupled (Crispo, 
2008; Schmid and Guillaume, 2017). Improvements in predictive ability of models is 
also achieved when SDMs are used along with phenotypic and genomic information 
in landscape genetics and genomics studies (Gotelli and Stanton-Geddes, 2015; Joost 
et al., 2007; Razgour, 2015).  

The present study demonstrated how SDM-identified environmental information 
can be integrated with PDMs to define ecotypes, predict quantitative traits, and 
understand the ecological roots of phenotypic differentiation. Considering the 
environmental influences of economically important quantitative traits, such as live 
body weight, improves the estimation of breeding values and assists in the 
development of improved breeds suited to smallholder farmers. Differences in 
performance among ecotypes in the different niches will also mean evaluations of 
performance and yield stability across environments are pertinent in breeding and 
development programmes designed for low- and medium-input poultry production 
systems of the tropics. Prospects of further use for SDMs and PDMs in livestock 
include definition of agroecologies, estimation of genotype by agroecology 
interactions (GxE), multi-environment performance evaluations, and prediction of 
performance under present and future production scenarios (e.g., climate change).  
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Abstract 
Local adaptation is relevant to sustainable livestock production in low- and medium-
input tropical livestock systems. Randomly mating indigenous livestock populations 
are raised in stressful environmental conditions for many generations. Apart from 
selective forces, these populations are influenced by neutral evolutionary processes 
such as drift and gene flow. We followed a landscape genomic approach to integrate 
environmental, genomic, and phenotypic information and investigate phenotypic 
and genetic variation among Ethiopian indigenous chicken populations. A hybrid 
sampling strategy was applied to ensure populations from all environments and 
geographies are represented. Chickens were sampled from four environmental 
gradients, each of them representing six populations along an elevational cline in 
different geographies of the country. The environment in each cline was clustered 
into three agroecologies (two populations representing each agroecology). 
Signatures of selection analyses ( 𝐹ௌ்   and XP-EHH) were performed to detect 
footprints of natural selection, and redundancy analyses (RDA) were applied to 
detect genotype-environment and genotype-phenotype-associations. Structure 
analysis with PCA revealed a strong genetic grouping of six chicken populations 
distinct from the other 20 populations. The genetic structure of sample populations 
was carefully considered in the analysis. A total of 1909 outlier SNPs associated with 
six environmental predictors were identified by partial RDA. Using the same method, 
a total of 2430 outlier SNPs associated with five quantitative traits were detected. 
Eighty-three candidate SNPs that had moderate to high correlation (|0.3| > r < |0.6|) 
with mature body weight were identified. Higher average 𝐹ௌ்  values were obtained 
for comparisons between any two gradients while lower values were obtained for 
comparisons between any two agroecologies. In contrast, stronger XP-EHH signals 
were observed for comparisons between agroecologies than between gradients. A 
large overlap was also found between signatures of selection identified by 𝐹ௌ்  and 
XP-EHH, showing that both methods target similar selective sweep regions. 
Ethiopian chicken populations differentiated the most between gradients but 
selection pressures leading to adaptive variation are stronger between 
agroecologies. Higher genetic divergence between gradients suggests that 
evolutionary processes other than natural selection, such as gene flow and drift, 
have influenced sample populations in different geographies. Our results also show 
environmental and phenotypic predictors are informative to explain genomic 
variation in Ethiopian indigenous chickens. Signatures of selection analysis with the 
two methods ( 𝐹ௌ்  and XP-EHH) can be used complementarily with RDA to shed 
light on the relationship between genomic, phenotypic, and environmental 
variation in local adaptation studies in indigenous chickens.
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3. 1 Introduction 
Genetic and phenotypic differentiation in indigenous livestock populations is 
influenced by several evolutionary processes. Differentiation along environmental 
gradients, or across contrasting habitat types, can be indicative of local adaptation 
(Conover et al., 2009; Savolainen et al., 2013; Turesson, 1922). Understanding the 
genetics of phenotypic variation in livestock, and local adaptation in response to 
environmental variation helps to improve productivity and to address climate 
change (Kelly, 2019; Merilä and Hendry, 2014; Rovelli et al., 2020; Sgro et al., 2016). 
Environmental differences acting as a natural selective force can result in 
exceptionally strong genetic differentiation in genomic regions containing loci 
subjected to selection (Lewontin and Krakauer, 1973). Recent studies in non-
domesticated animals (Bergland et al., 2014; Foucault et al., 2018; Lafuente and 
Beldade, 2019) suggest that phenotypes associated with environmental differences 
are in fact due to genetic differentiation as a result of selection. For instance, alleles 
providing adaptation to high elevation are found in high frequency in populations at 
high elevation but in low frequency in populations at low elevation in humans 
(Hackinger et al., 2016; Lorenzo et al., 2014). 
The effects of environmental selective pressures as drivers of local adaptation and 
specially their influences on phenotypic and genetic differentiation in Ethiopian 
chicken populations has not been investigated comprehensively. Certain phenotypes 
in indigenous chickens (e.g., comb shape, parasitic resistance) are related with local 
adaptation (Bettridge et al., 2018). Genomic regions conferring adaptation to 
environmental challenges (e.g., elevation, temperature, water scarcity, and feed 
availability) have been identified in indigenous chickens (Elbeltagy et al., 2019; 
Fleming et al., 2017; Gheyas et al., 2021). Important insights on local adaptation of 
Ethiopian indigenous chickens were obtained in previous studies regarding 
genotype-environment and environment-phenotype associations. Kebede et al. 
(2021) detected the association between environmental predictors and 
differentiation of quantitative traits as an evidence for adaptative variation. Gheyas 
et al. (2021) investigated the relationship between genomic and environmental 
variation.  
The present study follows a landscape genomics approach to integrate 
environmental, phenotypic, and genetic variation to analyse and explain population 
differentiation among Ethiopian indigenous chickens. Landscape genomics provides 
an analytical framework useful to investigate the underlying evolutionary processes 
behind phenotypic and genetic differentiation of random mating indigenous 
populations raised in heterogenous environments. We combine Species Distribution 
Modelling (SDMs), signatures of selection analyses, and association analyses to study 
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adaptive variation in Ethiopian chickens. SDMs are useful to identify environmental 
predictors associated with habitat suitability and local adaptation in indigenous 
livestock populations (Gheyas et al., 2021; Kebede et al., 2021; Lozano-Jaramillo, 
2019; Vajana et al., 2018; Vallejo-Trujillo et al., 2018). Signatures of selection analysis 
identify regions of the genome that have differentiated between populations, 
possibly in response to selective pressure (Sabeti et al., 2006; Voight et al., 2006). 
Multivariate methods that simultaneously account for multiple drivers of phenotypic 
and environmental divergence, are recently being applied in landscape genomic 
studies to identify quantitative trait loci (QTL) associated with environment 
predictors (Forester et al., 2018; Harrisson et al., 2017; Kess and Boulding, 2019; 
Torrado et al., 2020) and with phenotypic variables (Carvalho et al., 2021; Kess and 
Boulding, 2019; Talbot et al., 2017; Valette et al., 2020; Vangestel et al., 2018). 
Multivariate ordination methods such as RDA have outperformed mixed-model-
based methods and machine learning-based methods (e.g., Random Forest) in 
detecting loci associated with environmental variation (Capblancq et al., 2018; 
Forester et al., 2018). Despite its ability to investigate genotype-phenotype 
associations RDA is mostly neglected in GWAS studies, while it became a standard in 
genotype-environment association studies (Jombart et al., 2009; Valette et al., 
2020).  
We implemented a robust sampling strategy, considering environmental gradation 
(e.g., elevational clines) and geographic (latitudinal and longitudinal) variation in the 
country (Kebede et al., 2021). This enabled us to survey all possible agroecologies 
and ecotypes. By adopting a hybrid sampling strategy, environmental and 
geographic representativeness of sampling sites is maximized, and statistical power 
is increased by reducing false discovery rates (De Mita et al., 2013; Lotterhos and 
Whitlock, 2015; Selmoni et al., 2020). Our analytical methods investigated the 
association between three sources of variation (environment, genotype, and 
phenotype). More specifically, the present study was undertaken in Ethiopian 
indigenous chickens to accomplish the following three objectives: 1) to identify 
candidate genes and genomic regions linked with environmental adaptation; 2) to 
explain variations in the genome by using environmental variables influencing 
habitat suitability as predictors (detect genotype-environment association); and 3) 
to explain variations in the genome by using quantitative traits associated with 
population phenotypic differentiation as predictors (detect genotype-phenotype 
association). 
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3.2 Materials and methods 

3.2.1 Sampling strategy 
The topographic map of Ethiopia (Figure 3.1) shows the 26 Ethiopian sample 
locations for indigenous chicken populations, and their environmental gradients. A 
hybrid sampling strategy was used to collect data, capturing environmental, 
phenotypic, and genetic variability (Figure 3.1 and Figure 3.2). The spatial 
distribution of samples considered environmental (e.g., geography, climate) and 
biotic processes (e.g., domestication, routes of introduction) influencing the chicken 
populations.  For species with limited dispersal, sample sizes above 200 units are 
generally sufficient to detect most adaptive signals in landscape genomics, while in 
random mating populations this threshold should be increased to 400 units (Selmoni 
et al., 2020). A total of 513 chickens were sampled from four environmental 
gradients (gradient-I, -II, -III, and -IV) with a minimum distance between gradients of 
500km. A gradient refers to an elevational cline located in a specific geography of 
the country. Gradient-I stretches from the Rift valley lowlands of northeastern 
Ethiopia along the territories of Afar region to the highlands of Wollo province within 
Amhara region. Gradient-II, starts from the Rift valley lowlands in central Ethiopia, 
crosses the highlands of Hararghe, including Mount Gara Muleta, and stretches to 
eastern Ethiopia within Oromia region. Gradient-III stretches from the highlands of 
northwestern Ethiopia and goes down to the lowlands along the Ethiopian-Sudanese 
border within Benishangul-Gumuz region. Gradient-IV extends from the highlands of 
western Ethiopia in Oromia region to the lowlands along the Ethiopian-Kenyan 
border in Southern region. Areas around the national borders of Ethiopia have low 
elevation, which gradually culminates to highland plateau in the center of the 
country creating a striking contrast in agroecology.  
Each gradient comprised three environmental clusters or agroecologies, primarily 
delineated based on elevation. These are lowland (400-1800 m.a.s.l); 
midaltitude/midland (1800-2400 m.a.s.l.); and highland (2400-3500 m.a.s.l.) 
according to the conventional agroecological classification in Ethiopia (Dove, 1890; 
MoA, 2000). Clusters within a gradient were distant by at least 100km and farmers 
keeping target chicken populations within a cluster visited separate livestock 
markets. Each cluster along the spatial gradient constituted of 2-3 populations. The 
metadata of 513 individual samples is presented in Supplementary Table 3.1.  
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Figure 3.1. Topographic map of Ethiopia depicting the 26 Ethiopian indigenous sample 
populations and their environmental gradients. Range of numbers with different colours in 
the legend indicate elevation (m.a.s.l.). 
 
Figure 3.2 shows the sampling and analytical framework used in the present 
landscape genomic study. The chicken populations from different geographies of 
Ethiopia may be the result of different evolutionary histories. We controlled for the 
potential confounding effects between demographic processes (e.g., domestication 
history, migration) and adaptive variation in our analysis by performing signatures of 
selection analyses at three different analytical layers (layer-I, layer-II, and layer-III). 
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Figure 3.2. Sampling and analytical framework in landscape genomics study to detect adaptive 
phenotypic and genetic variation in Ethiopian indigenous chicken populations LL=lowland; 
MA=midaltitude; and HL=highland 
 

3.2.1.1 Environmental data 

For every population, a single geographic coordinate was taken at the center of the 
village during sampling of chickens. Coordinates from nine additional grids 
(1.44km2), covering a total of 12.96km2, were then drawn around a recorded location 
and extracted using Google Earth Pro v 7.3.2 to ensure high representation of 
environmental variability affecting the population. Out of 34 environmental 
predictors, 9 predictors identified through species distribution models (SDMs) for 
their association with habitat suitability of chickens in Ethiopia (Kebede et al., 2021) 
were included in the present study for genotype-environment association analysis 
(Supplementary Table 3.2). Additionally, considering its importance in the 
conventional definition of agroecologies in Ethiopia, its link with certain adaptive 
traits in chickens (Huang et al., 2017), and our sampling design along elevational 
clines, we incorporated elevation as a tenth environmental predictor. All the ten 
predictors were used to produce habitat suitability maps for the 26 sample chicken 
populations with MaxEnt computer algorithm (Phillips et al., 2006). Configuration of 
model parameters for MaxEnt was based on the settings used by Kebede et al. 
(2021). 



Genomic regions associated with adaptation in Ethiopian indigenous chickens 

54 
 

3.2.1.2 Quantitative trait data 
A population refers to all the nondescript indigenous chickens available for phenotyic 
and genetic sampling in an administrative village. Collection of phenotypic data was 
performed on adult chickens. These chickens were selected randomly through 
transect walk across villages. This method entailed walking along a defined path 
(transect) across a village and sampling one chicken from each farming household 
until a total of 15 hens and 5 cocks (roosters) were measured. The age of the chickens 
was estimated by interviewing owners to confirm that females were in their second 
clutch (7 to 8 months-of-age) and males were above 12 months-of-age. The 
researchers also visually appraised roosters for the presence of well-developed 
spurs. One chicken was sampled per household. Under rare circumstances (n = 9), 
two chickens were sampled per household when farmers proved their animals have 
no family relationship. 19 quantitative traits were initially measured on each of the 
513 adult chickens. Out of these 19 quantitative traits, we used the 8 traits identified 
by (Kebede et al., 2021) for their putative roles in local adaptation and usefulness in 
phenotypic classification of Ethiopian chicken populations (Supplementary Table 3.3). 
These are livebody body, beak length, comb width, wattle width, earlobe width, 
wingspan, body length, and comb width. Live bodyweight of individuals was taken in 
the morning on fasting chickens. Accurate morphological measurements were made 
by digitally analysing the pictures of individual chickens photographed in a sheltered 
environment using ImageJ software (Rasband, 1997). To reduce systematic error, the 
same operator measured all chickens, which were held in the same position by a 
technician. A steel ruler was placed in every picture as a distance reference. 

3.2.1.3 Blood sampling 

Whole blood samples were taken from the wing vein of individual chickens in line 
with standard procedures (Grimes, 2002). 50 - 250 μl of whole blood with 
anticoagulant (K2EDTA) per sample was put into a cryo-tube filled with 1.5 ml 
absolute ethanol (100%). Samples were preserved at -200C until DNA extraction and 
processing. 

3.2.2 Whole genome sequence and data processing 
WGS data was generated on Illumina HiSeq2000 platform in paired-end mode with 
a read length of 150bp. Reads were quality trimmed using (Bolger et al., 2014). The 
average depth of coverage was 8.63 (range: 5.47-14.12) with an average mapping 
rate of 99.2% (97.05-99.6) and a mapping quality of 33.6 (28.77-34.45) to the GRCg6a 
reference assembly (Ensemble Gallus_gallus.GRCg6a.dna.toplevel.fa). Genomic 
analysis was performed on autosomes and non-autosomes.  
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3.2.3 Variant calling and functional annotation 
Freebayes was used to call variants with the following settings: min-base-quality 10 
--min-alternate-fraction 0.2 --haplotype-length 0 --ploidy 2 --min-alternate-count 2 
(Garrison and Marth, 2012). Post processing was performed using BCFtools (Li, 
2011). Variants with low phred quality score (< 20), low call rate (<0.7) and variants 
within 3 bp of an insertion-deletion (indel) were discarded.  

3.2.4 Population structure analysis 
PCA was performed using the Eigenstrat method in Eigensoft v 6.1.4 software 
(Patterson et al., 2006; Price et al., 2006) to understand the structure of the 26 
populations.  

3.2.5 Signatures of Selection Analysis (SSA) 
The search for signals of positive selection was carried out on SNP data (n=25M) from 
WGS. Haplotypes were phased using FastPhase software prior to signatures of 
selection analyses. We performed signatures of selection analyses ( 𝐹ௌ்  and XP-EHH) 
under three different analytical layers (Figure 3.2). In layer-I, we classified the 
indigenous chicken populations into four gradients (without regard to their 
agroecologies) and compared them. In layer-II, we classified sample chicken 
populations into three agroecologies (lowland, midaltitude, and highland) across 
gradients (-I, -III, and -IV), and compared them. In layer-III, we classified sample 
chicken populations into three agroecologies (lowland, midaltitude, and highland) 
within gradient-II and compared them.  
Fixation test ( 𝐹ௌ்) analysis was conducted using VCFtools v0.1.16 Danecek et al. 
(2011) to identify regions of increased genomic differentiation between the 
classifications defined in the analytical layers. We calculated the average  𝐹ௌ்   values 
with overlapping windows of 50kb (25kb overlapping). We calculated the average 
XP-EHH values for the classifications defined in each of the analytical layers.  
The same size of overlapping bins (50kb) was used for XP-EHH analysis to allow 
comparison with  𝐹ௌ்  . First, the average ( 𝐹ௌ்  or XP-EHH) values for all bins in each 
pairwise comparison in an analytical layer were sorted on their significance. 
Empirical P-values were calculated for both  𝐹ௌ்  and XP-EHH by ranking the windows 
based on each metric and dividing the rank by the total number of windows. Only 
the 1% most significant windows (p < 0.01  𝐹ௌ்   or XP-EHH) were retained as 
significant. Significant windows which were commonly identified by the two 
methods were counted as overlapping. 
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3.2.6 Association Analyses  
Association analyses were performed using Redundancy Analysis (RDA) with the R 
package ‘vegan’ (Oksanen et al., 2013) to identify environmental predictors and 
quantitative traits associated with genomic variation. Environmental predictors and 
quantitative traits were analysed separately according to Forester (2019). Genotypes 
were filtered for SNPs not in Hardy-Weinberg equilibrium (p < 5x10-6), with MAF <5%, 
and by LD pruning of SNPs. Individuals with missing genotypes > 5% were removed, 
resulting in a cleaned dataset with 1,070,305 SNPs and 466 individuals. The genetic 
dataset was structed as a matrix of 466 chickens by ~1 million SNP markers.  
 

3.2.6.1 Genotype-environment association (GEA) analysis with RDA 
Correlated predictors cause problems for regression-based models like RDA and 
variable reduction was done using the r > |0.7| “rule of thumb” (Dormann et al., 
2013) to retain ecologically relevant but not highly correlated environmental 
predictors. We fitted partial RDA with the 10 selected environmental predictors 
conditioned on (i.e. controlling for the effects of) geography as explanatory variables 
and the genetic dataset as response variable (Rellstab et al., 2015). SNPs exhibiting 
RDA loadings greater than 3.5 standard deviations (two-tailed p-value = 0.0005) from 
the mean were identified as selection signals This threshold is very conservative and 
helps to identify loci under strong selection (i.e. minimizes false positive rates 
(Forester et al., 2018). After a visual inspection of the scree plots, we extracted SNP 
loadings from the first three canonical axes. 
 

3.2.6.2 Genotype-phenotype association analysis with RDA 
We fitted partial RDA with the 5 least correlated and most explanatory quantitative 
traits selected by correlation analysis. The RDA were fitted with the quantitative 
traits as explanatory variables, conditioned on geography, and the genetic dataset 
as response variable. SNPs exhibiting RDA loadings greater than three and half 
standard deviations from the mean were identified as association signals in line with 
Forester et al. (2018). After a visual inspection of the scree plots, we extracted SNP 
loadings from the first three canonical axes. 
 
3.3. Results 

3.3.1 Habitat suitability 
The suitability of an environmental niche for a population depends on which 
environmental predictors are influencing the species. The habitat suitability maps 
produced by species distribution models (SDMs) suggests that the 26 populations 
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have different niches. They likely went through different environmental selective 
pressures which may give rise to phenotypic and genetic differentiation (Figure 3.3).  
 

 
Figure 3.3. Habitat suitability maps of the 26 Ethiopian chicken populations. Colours towards 
red spectrum indicate more suitable conditions. 

3.3.2 Genomic diversity of Ethiopian indigenous chickens  
Analysis of the WGS data resulted in 25M SNPs. Information on genome coverage, 
mapping rate and quality of samples is presented in Supplementary Table 3.4. The 
genetic structure of the 26 Ethiopian indigenous chicken populations analysed by 
PCA clearly shows separation between the populations of gradient-II (n=6) and the 
populations of the other three gradients (n=20) (Figure 3.4A and Figure 3.4B). We 
therefore decided that sample populations from gradient-II should not be analysed 
together with the other populations. Some admixture is seen among sample 
populations taken from gradients -III and -IV. Gradient-I showed some 
distinctiveness from the rest, with a slight mix with gradient-IV. 

 
Figure 3.4. PCA plots of Ethiopian indigenous chicken populations based on 25 million SNPs. 
A) PCA plot labelled with 26 sample chicken populations; B) PCA plot labelled with four 
environmental gradients (elevational clines in four different geographies); C) PCA plot labelled 
with three agroecologies (lowland, midaltitude and highland). 



Genomic regions associated with adaptation in Ethiopian indigenous chickens 

58 
 

 
Figures 3.4B and C illustrate that samples from lowland agroecologies of gradient-II 
and -III are distinct with in their gradient while considerable mixing was observed 
between populations sampled from midaltitude and highlands in all gradients. In 
gradient-I a mix was also seen between lowland and highland populations. 

3.3.3 Signatures of selection for environmental adaptation 
3.3.3.1  𝑭𝑺𝑻   
Genetic differentiation between gradients (analytical layer -I) 
The Manhattan plots of  𝐹ௌ்   analyses show pairwise comparison between 
populations sampled from  environmental gradients -I, -III, and -IV (Figure 3.5).  
 

 
Figure 3.5. Manhattan plots of Fixation index (FST) for overlapping bins of 50kb showing 
pairwise comparisons of Ethiopian indigenous chicken populations between gradients (-I, -III, 
and -IV). Points above the horizontal line surpass the 0.15 average FST

 value. A). Gradient-I vs 
gradient-III B). Gradient-I vs gradient-IV; and C). Gradient-III vs gradient-IV. 
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An  𝐹ௌ்   value greater than 0.15 can be considered as significant in differentiating 
populations (Frankham et al., 2002). Thus, genomic regions with significant 
divergence were found between populations sampled from any two gradients. 
Higher average  𝐹ௌ்  value between Gradient-I vs gradient-III suggests that these 
populations have differentiated the most (Figure 3.5A). Local signatures of selection 
are seen on 10 different chromosomes for comparison between these two gradients. 
On the other hand, significant divergence between populations of gradient-I and 
gradient-IV was mainly seen due to differentiation of regions on 4 different 
chromosomes (1,8,17 and Z) (Figure 3.5B). Low differentiation was found between 
populations of gradient-III and gradient-IV (Figure 3.5C). 𝐹ௌ்   scores for comparisons 
between gradients and the identified genes in the significant bins are presented in 
Supplementary Table 3.5. 
 
Genetic differentiation between agroecologies across gradients (analytical layer-
II) 
 
The  𝐹ௌ்  scores for comparisons across agroecologies (Figure 3.6; Supplementary 
Table 3.6) are lower (average  𝐹ௌ்   value below 0.15) compared to the scores 
between gradients, suggesting relatively low genetic differentiation between 
populations sampled from any two agroecologies. The populations sampled from the 
lowlands and the highlands had the lowest population differentiation (Figure 3.6A). 
The results show clear signals of differentiation in the lowland vs midland 
comparison on chromosomes 1 and 2 ( 𝐹ௌ்   values close to 0.12; Figure 3.6B). 
Similarly, two clear signals of differentiation were identified. SNPs with  𝐹ௌ்   values 
closer to 0.12 were observed on chromosomes 2 and 20 in the midland vs highland 
comparison.(Figure 3.6C). 
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Figure 3.6. Manhattan plots of Fixation index (FST) for overlapping bins of 50kb showing 
pairwise comparison between agroecologies (lowland, midaltitude, highland). for Ethiopian 
indigenous chicken populations sampled from gradients -I,-III, and -IV together A). Lowland vs 
highland; B). Lowland vs midland; and C). Midland vs highland. 
 
Genetic differentiation between agroecologies within gradient-II (analytical layer-
III) 
The  𝐹ௌ்  scores for comparisons between agroecologies within gradient-II (Figure 
3.7, Supplementary Table 3.6) are generally higher than the scores for 
agroecological comparisons across the other gradients (Layer-II). 
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Figure 3.7. Manhattan plots of Fixation index (FST) for overlapping bins of 50kb showing 
pairwise comparison of Ethiopian indigenous chicken populations between agroecologies in 
gradient-II (lowland, midaltitude, highland). A). Lowland vs highland; B). Lowland vs midland; 
and C). Midland vs highland. 
 
Lowland and highland populations have differentiated the most on regions on 
chromosomes 7,8 and Z (Figure 3.7A). Regions on chromosomes 1,3,5,7,8,9, and Z 
have shown differentiation in the lowland-midland comparison (Figure 3.7B). Midland 
vs highland comparison yielded low average  𝐹ௌ்  scores across the genome (below 
0.15) suggesting the presence of low genetic differentiation between the 
populations sampled from these two agroecologies of gradient-II (Figure 3.7C).  
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3.3.3.2 XP-EHH 
Selection signatures between gradients (analytical layer -I) 
XP-EHH detected signatures of selection between populations sampled from two 
gradients (Figure 3.8). 

 
Figure 3.8. Manhattan plots of XP-EHH for overlapping bins of 50kb showing pairwise 
comparisons for Ethiopian indigenous chicken populations between gradients (-I, -III, and -IV). 
The y-axis shows -log (p-value), with positive values identifying extended homozygosity in 
populations from  the first gradient relative to populations from the second gradient, and vice 
versa for negative values. All SNPs with a -log(p-value) above 2 or below -2 from the green line 
are significantly selected (p <0.01) in one gradient but not in the other. A). Gradient-I vs 
gradient-III; B). Gradient-I vs gradient-IV; C). Gradient-III vs gradient-IV. 
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XP-EHH values greater than 2 (above the green line) or -2 (below the green line) on 
the plots indicate a difference in the top 1% and is considered as significant in 
differentiating the populations. Haplotypes on 14 out of  35 chromosomes were 
selected in gradient-I compared to gradient-III (Figure 3.8A). On the other hand, 
haplotypes on 21 out of 35 chromosomes were selected in gradient-III compared to 
gradient-I. Regions on 20 chromosomes were under selection in gradient-I compared 
to gradient-IV and 17 regions were under selection in gradient-IV compared to 
gradient-I (Figure 3.8B). The cross-population comparisons of gradients also show 
22 regions were selected in gradient-III while 15 were selected in gradient-IV (Figure 
3.8C). XP-EHH scores for gradient-based comparisons (Layer-I) are presented in 
Supplementary Table 3.7. 
 
Selection signatures between agroecologies across gradients (analytical layer-II) 
XP-EHH detected strong signatures of selection between populations sampled from 
two different agroecologies (Figure 3.9).  
 

 
Figure 3.9. Manhattan plots of XP-EHH for overlapping bins of 50kb showing pairwise 
comparison between agroecologies (lowland, midaltitude, highland) for Ethiopian 
indigenous chicken populations sampled across three gradients (-I,-III, and -IV). The y-axis 
shows -log(p-value), with positive values identifying extended homozygosity in populations 
from  the first agroecology  relative to populations from the second agroecology and vice versa 
for negative values. All SNPs with a -log(p-value) above 2 or below -2 from the green line are 
significantly selected (p <0.01) in one agroecology but not in the other. A). Lowland vs 
highland; B). Lowland vs midland; and C). Midland vs highland. 
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XP-EHH scores for comparisons between agroecologies across the three gradients 
(Layer-II) are presented in Supplementary Table 3.8. Haplotypes on 20 
chromosomes were selected in highland and 17 were selected in lowland (Figure 
3.9A); 22 haplotypes were selected in lowland and 15 were selected in midland 
(Figure 3.9B); and 18 haplotypes were selected in midland and 14 were selected in 
highland (Figure 3.9C). 
 
Selection signatures between agroecologies within gradient-II (analytical layer-III) 
Sharp peaks were seen on many chromosomes across the genome for comparisons 
between any two agroecologies within gradient-II suggesting regions under selection 
(Figure 3.10). XP-EHH scores for comparisons between agroecologies in gradient-II 
are presented in Supplementary Table 3.8. More number of chromosomes with 
regions under selection were found during agroecological comparison within 
gradient-II than agroecological comparison across gradients. Haplotypes on 23 
chromosomes were selected in highland and 21 were selected in lowland (Figure 
3.10A); 19 haplotypes were selected in lowland and 21 were selected in midland 
(Figure 3.10B); and 20 haplotypes were selected in midland and 22 were selected in 
highland (Figure 3.10C). 
 

 
Figure 3.10. Manhattan plots of XP-EHH for overlapping bins of 50kb showing pairwise 
comparison between agroecologies (lowland, midaltitude, highland) for Ethiopian 
indigenous chicken populations sampled from gradients -II. The y-axis shows -log (p-value), 
with positive values identifying extended homozygosity in populations from  the first 
agroecology  relative to populations from the second agroecology and vice versa for negative 
values. All SNPs with a -log(p-value) above 2 or below -2 from the green line are significantly 
selected (p <0.01) in one agroecology but not in the other. A). Lowland vs highland; B). 
Lowland vs midland; and C). Midland vs highland. 
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3.3.4 The overlap between signatures of selection analyses ( 𝑭𝑺𝑻   and XP-
EHH) 
3.3.4.1 Overlaps between gradients (analysis layer -I) 
The overlap between significant (p < 0.01)  𝐹ௌ்   and XP-EHH windows in pairwise 
gradient comparisons are presented in Venn diagrams (Figure 3.11). A relatively 
large overlap (19.2%) was observed between significant windows identified by  𝐹ௌ்  and XP-EHH analyses in the pairwise gradient comparisons. There was 18.4 % 
overlap between gradient- I and -III, 16.8% between gradient- I and -IV, and 22.3% 
overlap between gradient- III and -IV comparison. 
The overlap is the highest between gradient-I and -IV. A complete list of significant 
genes (p < 0.01) from overlapping windows jointly identified by  𝐹ௌ்   and XP-EHH in 
each gradient-wise comparisons is presented in Supplementary Table 3.9.  
 

 
 
Figure 3.11. Venn diagrams showing overlaps between significant (p < 0.01)  𝐹ௌ்   and XP-EHH 
windows per pairwise gradient comparisons. A) Between gradient- I and -III B) Between 
gradient- I and -IV C) Between gradient- III and -IV. 
 
There were 18 genes present in overlapping bins from more than one pairwise 
comparison between gradients (Table 3.1.) Most of these genes (n=13) were present 
in windows identified in comparisons involving gradient-I.  
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Table 3.1. Genes in windows that are significant for both 𝐹ௌ் and XP-EHH in more than one 
gradient comparison. 

Gradient 

Comparisons 

No. of 
windows 

Windows Genes 

I_III; I_IV 16 1_174025001, 4_70325001, 
4_42175001, 1_173725001, 
4_42200001, 8_14300001, 
1_174050001, 1_173700001, 
1_23025001, 4_42100001, 
1_173750001, 1_174075001, 
4_42275001, 4_42300001, 
3_41375001, 1_23000001, 

AGA, NEIL3, 
ENSGALG0000005423
1, SMAD9, RFXAP, 
EXOSC8, CO, FNBP1L, 
DR1, 
ENSGALG0000003231
9, DCLK1, AASS, 
PTPRZ1 

III_IV; I_IV 6 4_31000001, 1_58225001, 
3_108550001, 2_147200001, 
1_58250001, 2_147225001, 

TSNARE1, MTPN, 
ANAPC10, ABCE1, 
OTUD4 

 

3.3.4.2 Overlaps between agroecologies across gradients (analytical 

layer-II) 
Higher number of overlapping windows were observed between the two methods 
of signatures of selection analysis in lowland vs highland and in midland vs highland 
comparisons compared to lowland vs midland (Figure 3.12). A large overlap (13.4%) 
was observed between significant windows (p < 0.01) identified by   𝐹ௌ்  and XP-EHH 
analyses in the pairwise agroecological comparisons across gradients. There was 
14.7% overlap between methods for lowland vs highland, 11.2% overlap between 
lowland vs midland, and 14.3% overlap between midland vs highland comparison.   
 

 
Figure 3.12. Venn diagrams showing overlaps between significant (p < 0.01)  𝐹ௌ்   and XP-EHH 
windows per pairwise comparison between agroecologies across gradients (-I, -III, and -IV). A) 
Lowland vs highland B) Lowland vs midland C) Midland vs highland  
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Complete list of genes from overlapping windows jointly identified by  𝐹ௌ்   and 
XPEHH in agroecological comparisons in lowland vs highland, lowland vs midland, 
and midland vs highland respectively across the three gradients (layer-II) are 
presented respectively in Supplementary Table 3.10A-C. 
 

3.3.4.3 Overlaps between agroecologies within gradient-II (analytical 

layer-III) 
The results from within gradient agroecological analysis show that the overlap 
between  𝐹ௌ்   and XPEHH (Figure 3.13) increased compared to agroecological 
analysis across gradients (Figure 3.12). Selection signatures between agroecologies 
across gradients were diluted by genetic differentiation associated separate 
geographies. An overall overlap of 20.9% was observed between significant windows 
(p < 0.01) identified by  𝐹ௌ்  and XP-EHH analyses in the pairwise agroecological 
comparisons within gradient-II. There was 25.1 % overlap between methods for 
lowland vs highland, 14.5 % overlap between lowland vs midland, and 23.1% overlap 
between midland vs highland comparison. 
Complete lists of genes from overlapping windows jointly identified by  𝐹ௌ்   and 
XPEHH in agroecological comparisons in lowland vs highland, lowland vs midland, 
and midland vs highland respectively in gradient-II (layer-III) are presented in 
Supplementary Table 3.10D-F.   
 

 
 
Figure 3.13. Venn diagrams showing overlaps between significant (p < 0.01)  𝐹ௌ்   and XP-EHH 
windows per pairwise comparison between agroecologies within gradient-II. A) Lowland vs 
highland B) Lowland vs midland C) Midland vs highland  

3.3.5 Genotype-environment associations (GEA)  
Out of a total of 9 environmental predictors identified through MaxEnt-based species 
distribution models (SDMs) for their association with habitat suitability of chickens 
(Kebede et al., 2021) and elevation (added as a tenth predictor), 6 less correlated (r 
< |0.7|) predictors were retained for redundancy analysis (RDA) (Supplementary 
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Figure 3.1). These predictors were precipitation of the warmest quarter, 
precipitation of the coldest quarter, solar radiation of May, elevation, soil clay 
content and temperature seasonality. We had as many RDA axes as we had 
predictors (n=6) in our model. The first three RDA axes explained more than half 
(68.1%) of the variance in the environmental predictors (Supplementary Table 3.11). 
The adjusted R2 considering the number of environmental predictors was 0.02, 
meaning that our constrained ordination explains about 2% of the variation or that 
2% of the SNP variation is associated with the environmental predictors. Based on 
the magnitude of the arrows in PCA plots based on RDA axes 1 and 2(Supplementary 
Figure 3.2) elevation, precipitation of the warmest quarter, and soil clay content had 
the highest contributions to genotypic variation, while temperature seasonality and 
solar radiation had the lowest contributions.  
The SNP loadings for environmental predictors on each of the three RDA axes show 
a relatively normal distribution (Supplementary Figure 3.3).The 1,909 SNPs from the 
two extreme ends of the loading distribution with standard deviation > 3.5 ( two-
tailed p-value = 0.0005) for each significant axis were taken as outlier SNPs that are  
associated with environmental variation. The list of candidate SNPs which have 
significant association (p < 0.001) with the six environmental predictors and are 
considered to be under selection are presented in Supplementary Table 3.12.  
SNPs associated with the combined set of environmental predictors in gradients -
I,III, and -IV do not show a clear clustering but are more or less evenly spread across 
the genome (Figure 3.14.).  

 
Figure 3.14. Manhattan plot of RDA showing the association of SNPs with the combined set of 
six environmental predictors in the three gradients (-I, -III, and -IV) as explanatory variables. 
The y-axis indicates -log 10 (p-value). Horizontal blue line indicates the significance threshold 
(p < 0.001).  
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Some of the highest -log10(p-values) are found on chromosomes 1 and 3 (Figure 
3.14.). Only the peak on chromosome 1 shows additional significant SNPs near the 
top SNP. The significant candidate SNPs (n=1,909) that are associated with the 
combined set of environmental predictors are assigned to individual predictors 
based on the correlation values estimated by partial RDA analysis (Figure 3.15). Most 
candidate SNPs (942 or 49.3 %) have their highest correlation with elevation. 
Elevation has also the highest number (n=321 or 57.4%) of the moderately to highly 
associated SNPs (n=559) (0.3 < r < 0.6). The second environmental predictor most 
associated with candidate SNPs is precipitation of the warmest quarter. It has 
correlation with 410 candidate SNPs ( 21.47 %) . The other 4 environmental 
predictors have the highest correlation for a smaller number of SNPs (n=557 or 
29.17%), but for all predictors considerable number of SNPs (n=59) are found with 
correlations above |0.3| and only two SNPs have correlations above |0.4|.  
 

 
Figure 3.15. Number of significant candidate SNPs (p < 0.001) that are most correlated with 
each of the six selected environmental predictors grouped by absolute magnitude of their 
correlation. 

3.3.6 Genotype-phenotype association  
Out of a total of 8 phenotypic variables identified through MaxEnt-based species 
distribution models (SDMs) for their utility in phenotypically discriminating study 
populations (Kebede et al., 2021), five least correlated (|r| < 0.72) quantitative traits 
were selected to be used for RDA (Supplementary Figure 3.4). These five traits were 
mature live body weight, beak length, comb width, wattle width and earlobe width. 
The correlation between comb width and wattle width was 0.72 which is slightly 
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higher than the common threshold (|r| > 0.7) used to reduce variables as a rule of 
thumb. But we decided to keep both of these traits because of their adaptive roles 
documented in literature related with thermoregulation in tropical chickens. The 
first three RDA axes explained most of the variance (62.1%) in the phenotypic 
predictors (Supplementary Table 3.13). The adjusted R2 for the partial RDA was 
0.002. This shows that only 0.2% of the SNPs variation is associated with quantitative 
traits. 
The SNP loadings for quantitative traits on each of the three RDA axes show a 
relatively normal distribution (Supplementary Figure 3.5). Based on the magnitude 
of the arrows in the PCA plots based on RDA axes 1 and 2 (Supplementary Figure 
3.6), comb width, wattle width and body weight were most useful in explaining SNP 
variation. SNPs associated with the combined set of quantitative traits in gradients -
I, -III, and -IV show strong supportive peaks on chromosomes 1,3, 4, 7,8, 13, 15, and 
29 indicating probable regions of quantitative trait loci (QTL) associated with 
phenotypic variation (Figure 3.16). 
 

 
Figure 3.16. Manhattan plot of RDA showing the association of SNPs with phenotypic variation 
in the five quantitative traits in gradients -I, -III, and-IV. The y-axis indicates -log 10 (p-value). 
Horizontal blue line indicates the significance threshold (p < 0.001).   
 
The significant candidate SNPs (p < 0.001) associated with the combined set of 
quantitative traits are assigned to individual traits based on correlation values 
estimated by partial RDA analysis (Figure 3.17). Partial RDA identified 1340 candidate 
SNPs that have significant association with the five quantitative traits 
(Supplementary table 3.14). A total of 19 SNPs have moderate to high correlation 
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with body weight (0.3 < r < 0.6). Most candidate SNPs, 39%, were associated with 
comb width (n=519) and 27% body weight (n=360).  
 

 
Figure 3.17. Number of significant candidate SNPs (p < 0.001) that are most correlated with 
each of the 5 quantitative traits, grouped by absolute magnitude of their correlation 
 

3.3.7 Signatures of selection and genotype-environment association   𝐹ௌ்  and XP-EHH values were calculated for candidate SNPs identified by genotype-
environment association analysis (GEA). The range of  𝐹ௌ்  and XP-EHH values vary 
depending on the analytical layer used for comparison (gradient vs agroecology). The  𝐹ௌ்  values for comparisons between gradients ranged from 0 to 0.18 while the 
values for agroecological comparison across gradients ranged from 0 to 0.06. The 
result shows that, based on RDA identified SNPs, populations differentiated more 
between gradients and less between agroecologies. The list of significant ( p < 0.001) 
candidate SNPs identified by RDA and their respective   𝐹ௌ்   values are presented in 
Supplementary Table 3.15. The XP-EHH values ranged from -4.0 to 3.6 for pairwise 
comparisons for lowland vs midland; -3.4 to 4.9 for lowland vs highland; and -4.0 to 
3.4 for midland vs highland .The XP-EHH values for pairwise comparison between 
gradients ranged from -3.5 to 4.4 for gradient-I vs-III; -3.0 to 3.95 for gradient -I vs -
IV ; and -3.7 to 3.55 for gradient -III vs -IV. The list of significant candidate SNPs 
identified by RDA and their respective   𝐹ௌ்   values are presented in Supplementary 
Table 3.16.  
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3.4. Discussion  
Landscape genomics combines environmental, genomic, and phenotypic 
information to study adaptive variation. We combined different techniques 
including Species Distribution Models (SDMs), genetic differentiation test ( 𝐹ௌ்  ), 
cross-population Extended Haplotype Homozygosity (XP-EHH), and redundancy 
analysis (RDA) to study local adaptation in Ethiopian indigenous chicken 
populations. SDMs were used to identify the most important environmental 
predictors influencing habitat suitability. Habitat suitability maps produced based 
on these predictors show the environments in the areas where the chicken 
populations were sampled from vary in terms of their suitability to chickens, with 
possible consequences on adaptive genetic and phenotypic variation.  
The hybrid sampling strategy that was implemented improved representation of 
populations from different environments and geographies. The chicken populations 
were compared at three analytical layers: across gradients (analytical layer-I), 
between agroecologies across gradients in different geographies (analytical layer-II), 
and between agroecologies within gradient-II (analytical layer-III). The gradient-wise 
comparisons were considered to detect the influence of different evolutionary 
processes apart from natural selection. Pairwise comparison of  𝐹ௌ்  is valuable to 
detect differentiation of populations in distinct environments (agroecologies, 
gradients) due to differences in evolutionary history (geography, demography) (Nei, 
1986). Chromosomal regions with exceptionally high genetic differentiation ( 𝐹ௌ்   
outliers) represent candidate genomic regions contributing to local adaptation 
(Hohenlohe et al., 2010; Wang et al., 2016).  𝐹ௌ்   values in gradient-based 
comparisons (layer I) were significant (greater than 0.15) suggesting that, apart 
from adaptive processes (natural selection), genetic differentiation among 
Ethiopian indigenous populations is influenced by neutral processes in specific 
geographies (e.g. gene flow, genetic drift, demographic history). On the other 
hand, average  𝐹ௌ்  values were smaller (lower than 0.15) in agroecology-based 
comparisons across gradients (layer-II).  
In contrast to the  𝐹ௌ்   results, strong signals of selection (p < 0.01) were detected 
by XP-EHH in pairwise agroecological comparisons than in gradient-wise 
comparisons. The XP-EHH results show that selective pressure in Ethiopian 
chickens are stronger between agroecologies. Classifying sample chicken 
populations into three agroecologies (lowland, midaltitude, and highland) along 
each gradient was intended to detect selection signals driven by agroclimatic 
variation. Positive selection leaves a more conspicuous footprint in the genome 
that can be detected by signatures of selection analysis (Pavlidis and Alachiotis, 
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2017; Ronen et al., 2013). XP-EHH is useful to detect differential selection 
between two populations (Sabeti et al., 2007).  
A large overlap was observed between significant windows identified by  𝐹ௌ்  and XP-
EHH analyses, suggesting that both methods identified similar regions in the genome 
are under selection. The overlap between the two methods was the highest in 
agroecological comparisons for the three combined gradients. An even higher 
number of chromosomes with regions under selection was found in the XP-EHH 
analyses between agroecologies within gradient-II. A possible explanation is that 
selection signals were detected better when the influence from neutral processes 
(e.g., gene flow, and demographic history) associated with separate gradients was 
removed. Additionally the distinct demographic history of populations in gradient-II 
may have contributed.  
The overlap between 𝐹ௌ்  and XP-EHH analyses ranged from 13.4% to 20.9% 
between agroecologies which is considerably higher than the 4.9% overlap reported 
by Gheyas et al. (2021) between 𝐹ௌ்  and XP-EHH for Ethiopian chickens. The large 
overlap between  𝐹ௌ்  and XP-EHH in the present study might be due to our sampling 
strategy. Firstly, the sampling design captured a wide range of geographic and 
environmental variation and helped to survey all possible ecotypes and 
agroecologies in the country. Secondly, the design minimized confounding between 
neutral and adaptive processes which could have resulted from mixing of 
populations that have different demographic histories. By classifying the populations 
by gradients, we controlled for the effects of population genetic structure associated 
with specific geographies. For instance, a very high overlap between the  𝐹ௌ்  and XP-
EHH results was found in agroecological comparisons within gradient-II. The decision 
to analyse this gradient on its own was informed by PCA, which clearly separated 
populations of gradient-II from the other three gradients (-I, -II, and -III). Gradient-II 
represents chicken populations from eastern parts of Ethiopia which have a distinct 
evolutionary history and route of introduction into the country (Lawal et al., 2020; 
Mwacharo et al., 2013; Mwacharo et al., 2011) in contrast to populations 
representing the other three gradients. Combining gradient-II with the other three 
was expected to reduce the overlap of  𝐹ௌ்  and XP-EHH results. 𝐹ௌ்  and XP-EHH analyses identify selective pressures, but to investigate how this 
selection is driving local adaptation we carried out association analyses. 
Association analyses identified loci associated with specific environmental factors 
and with quantitative traits. Candidate SNPs associated with the six SDM-
identified environmental predictors contributing to habitat suitability were 
identified by RDA. The RDA found only 2% of the SNP variation to be associated 
with the six environmental predictors. This is a small value but not unexpected 
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because most of the SNPs will be neutral and therefore not show a relationship with 
the environmental predictors. Loadings near 0, at the centre of the distribution,  
show that the SNPs do not have relationship with the combined variation of the 
environmental predictors. SNPs that do show association with the environmental 
predictors are likely to be under selection. This selection can be in response to these 
selected predictors that were used in the model or some other environmental 
variable that is correlated with these predictors. 
Genetic differentiation ( 𝐹ௌ் )  test was carried out for candidate SNPs associated 
with environmental predictors. High  𝐹ௌ்  values were obtained in comparisons 
between gradients, similar to the highest  𝐹ௌ்  results shown in Figure 3.5. The 
same candidate SNPs also gave strong signals in the XP-EHH analysis, both 
between agroecologies and between gradients. The results from the association 
analyses were supported by the high signatures of selection estimates based 
on 𝐹ௌ்  and XP-EHH.  
One of the reasons to undertake this research is understanding the genetics of 
phenotypic variation in indigenous chickens and their local adaptation in response 
to environmental variation, and to help improve productivity. Growth rates in 
indigenous chickens are low, making it difficult for smallholder farmers to achieve 
economic gains. Higher production efficiency can be achieved by developing 
breeds with wider environmental adaptation and better performance. With RDA, 
we identified 83 candidate SNPs in regions on chromosomes 1,3, 4, 7,8, 13, 15, and 
19 that have a moderate to high correlation (0.3 < r < 0.6) with mature live body 
weight. Conventional GWAS studies in the past identified body weight associated 
SNPs and QTLs on chromosomes 1,4, 8, 11, 19 in Chinese, Rwandan, and Ethiopian 
chicken breeds (Cha et al., 2021; Habimana et al., 2021; Liu et al., 2013; Psifidi et 
al., 2016; Xie et al., 2012). Our results demonstrate that RDA can be used as an 
alternative approach to GWAS in random mating, indigenous livestock 
populations which have sufficiently interacted with the environment.  
The presence of distinctive peaks in the Manhattan plot based on genotype-
phenotype association analysis (Figure 3.16) suggests that phenotypic variation is 
present for selection to act on. The environmental drivers could increase haplotypes 
related to adaptive phenotypic plasticity or morphological variation in indigenous 
chickens. However, candidate SNPs associated with environmental predictors 
(Figure 3.14) were evenly spread across the genome without obvious overlap with 
the peaks from genotype-phenotype association. While the genotype-phenotype 
associations showed very distinct peaks, the total amount of SNP variation 
associated with phenotypic variation was only 0.2%, in contrast with 2% of the SNP 
variation associated with environmental variation. The underlying mechanisms of 
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genotype-phenotype associations are well studied and understood in livestock, but 
this is not the case for genotype-environment associations. Finding 2% of SNP 
variation related to environment variation is promising for further investigation of 
the mechanisms leading to these associations.  
 
3.5. Conclusion 
We have integrated environmental, genetic, and phenotypic sources of 
information to understand the genetic basis of adaptive phenotypic and genetic 
variation. Ethiopian chicken populations were found to have differentiated the most 
between gradients but selection pressures leading to adaptive variation have been 
stronger between agroecologies. Higher genetic divergence between gradients 
suggests that evolutionary processes other than natural selection, such as gene flow 
and drift, have influenced sample populations in different geographies. 
Environmental and phenotypic predictors are useful to explain genomic variation in 
Ethiopian indigenous chickens. The results from RDA were supported by the 
outputs from signatures of selection analyses (  𝐹ௌ்   and XP-EHH). Signatures of 
selection analysis with the two methods can be used complementarily with RDA 
to shed light on the relationship between genomic, phenotypic, and 
environmental variation in local adaptation studies in indigenous chickens. In 
conclusion, our landscape genomic analyses provided compelling evidence for the 
presence of adaptive phenotypic and genetic variation among Ethiopian indigenous 
chickens. 
 
3.6 Data availability statement 
All supplementary materials referenced in this thesis are available on the Zenodo 
database (10.5281/zenodo.6583346) 
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Abstract 
Background: Animal performance is an outcome of genetic effects, environmental 
influences, and their interaction. Understanding the influences of the environment 
on performance is important to identify the right breeds for a given environment. 
Agroecological zonation is commonly used to classify environments and compare 
performance of breeds before their wider introduction into a new environment. 
Environmental classes, also referred to as agroecologies, are traditionally defined 
based on agronomically important environmental predictors. We hypothesised that 
own classification of agroecologies for livestock at a species level may improve 
estimations of genotype by environment interactions (GxE). We collected growth 
performance data on improved chicken breeds distributed to multiple environments 
in Ethiopia. We applied species distribution models (SDMs) through MaxEnt 
algorithm to select the most important environmental predictors associated with 
habitat suitability and phenotypic plasticity of chickens. We then grouped the 
environments of the performance testing sites into distinct agroecologies based on 
the selected environmental predictors. Finally, we compared the live body weight 
predictions of the breeds based on conventional (crop-based) and SDM-defined 
agroecologies using different models.  
Results: Our study shows that predictive ability of GxE models is higher for SDM-
defined agroecologies. The study also demonstrates that generalized additive 
models (GAMs) result in a better model fit when estimating GxE and predicting 
performance.  
Conclusions: Our findings suggest that multi-environment performance evaluations 
of candidate breeds should be based on agroecologies defined for livestock. 
Agroecologies defined for a livestock species by SDMs result in better estimation of 
GxE and lead to a more objective comparison of breed performance. Moreover, 
GAMs are well-suited to integrating biological (breed and trait) and environmental 
information in  breed performance comparison programmes.
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4.1 Introduction 
Scavenging family poultry significantly contributes to household nutrition and 
income in Sub-Saharan Africa. Levels of productivity in these systems are low and 
can be raised by introducing genetically improved chickens developed elsewhere 
(Birhanu et al., 2021).  
A proper classification of agroecologies considering ecological and biological factors 
is essential to select productive breeds in specific environments  (Dumont et al., 
2013). Stratification of environments reduces genotype by environment interactions 
(Eberhart and Russell, 1966; Soussana et al., 2015). Smallholder environments are 
traditionally classified into agroecologies based on environmental predictors of 
agronomic importance such as duration of plant growing period, cropping pattern, 
and elevations (Dove, 1890; MoA, 1998; Tadesse Mulugeta, 2006). Agronomically 
defined agroecologies are made for crops and do not adequately consider 
environmental predictors which have profound association with livestock 
productivity and local adaptation (Dumont et al., 2014). Definition of agroecologies 
of farm animals as a framework to evaluate the performance of introduced breeds 
has received little research attention. Only 5 percent of the indexed studies 
concerning agroecology deal with livestock (Soussana et al., 2015). 
SDMs (also called niche, envelope, or bioclimatic models) associate georeferenced 
observations of a biotic response variable – typically species occurrence or 
abundance – with multiple environmental predictors. For this, SDMs use several 
statistical learning methods to describe a species’ niche. These niches describe the 
environmental conditions that are needed for a species to thrive and are used, for 
instance, to inform conservation planning (Elith and Franklin, 2013; Elith and 
Leathwick, 2009; Franklin, 2010; MacKenzie et al., 2017).  
SDMs were used in the past to detect environmental factors associated with local 
adaptation among indigenous chickens (Gheyas et al., 2021; Kebede et al., 2021). 
Lozano-Jaramillo et al. (2019b) applied SDMs on improved chicken breeds to identify 
environmental parameters influencing suitability of habitat, to delineate potential 
habitat range of the breeds for optimum performance, and to rank their suitability 
for introduction into different administrative regions of Ethiopia. These SDM studies 
on chickens were implemented using MaxEnt, a machine-learning algorithm 
developed to model species distributions from presence-only records (Phillips et al., 
2006).  
SDMs consider a species as a homogenous unit and are constrained to  meet some 
of their underlying assumptions when they are used alone in studying populations 
or breeds (Hampe, 2004; Wiens et al., 2009). They can be integrated with other 
modelling approaches such as phenotypic distribution models (PDMs) to predict the
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performance of different breeds (Kebede et al., 2021; Lozano-Jaramillo et al., 2019a) 
and detect population differentiation in response to environmental selective 
pressures (Kebede et al., 2021). Lozano-Jaramillo et al. (2019a) performed a breed-
wise comparison of performance of the introduced chicken breeds based on the 
existing administrative (political) boundaries of  Ethiopia. Predictive ability of the 
PDMs can be improved if the most important environmental predictors influencing 
habitat suitability of chickens are used to define agroecologies. More importantly, 
PDMs such as generalized additive models (GAMs) can be used to evaluate the 
response of phenotypes to  specific environmental predictors.  
Generalized additive models (Hastie and Tibshirani, 1986, 1990) combine different 
types of fixed, random and smooth terms in the linear predictor of a regression 
model to account for different types of effects. They are useful to detect non-linear 
relationships, which is a common feature of many ecological datasets (Kebede et al., 
2021; Wood, 2017; Zuur et al., 2007). 

The objectives of the present study are to 1) apply species distribution models 
(SDMs) to identify the most important environmental predictors related with habitat 
suitability of chickens; 2) use SDM-identified environmental predictors to classify 
environments of the chicken performance testing sites into distinct agroecologies; 
3) quantify the contribution of SDM-identified environmental predictors to 
phenotypic variability of growth traits; and 4) integrate information on agroecology, 
breed, and environmental predictors through phenotypic distribution models to 
evaluate growth performance and GxE.  

4.2 Methods 

4.2.1 Experimental design   
Five improved chicken breeds  were distributed to 2547 smallholder households 
across diverse environments and geographies of Ethiopia with the aim of evaluating 
live body weight at different ages. Performance testing sites were spread over 
twenty-one districts in five administrative regional states across the country 
(Oromia, Amhara, Addis Ababa, Southern Nationalities and Peoples’ Region, and 
Tigray). Districts within a region were chosen through cluster sampling, such that 
they evenly represent  three elevational gradients (400-1800; 1800-2400; 2400-3500 
m.a.s.l.) as indicators for climatic variation. The selection of performance testing 
sites within districts, and households within a performance testing site (village), 
was carried out randomly. The target number of households was 20 for each 
performance testing site, with 2-3 sites selected per district. Households with less 
than two years of chicken keeping experience were excluded from the experiment. 
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In total, 25 unsexed chicks, vaccinated against major diseases (Newcastle disease, 
Gumboro or infectious bursal disease, fowl pox, and Marek’s) and brooded to the 
end of 42 day-of-age, were distributed to each of the 2547 households. See Table 
4.1 for a summary and Supplementary Table 4.1 for detailed information on each 
testing site.  
 
Table 4.1. Summary of sampling sites used for evaluation of growth performance of improved 
chickens   

Geographic 
region 

Number of 
districts 
(n=21) 

Number of 
performance 
testing sites 

Number of households receiving a 
flock of chicken (25 unsexed chicks 

per breed) 
Oromia 5 7 268 
Amhara 5 14 774 
Tigray 4 7 444 
SNNPR 5 13 718 
Addis Ababa 2 4 343 
Total 21 45 2547 

 
4.2.1.1 Environmental data 
All households in this study were georeferenced to 1034 unique coordinates. Values 
for 34 environmental predictors which were expected to influence chicken 
productive performance were extracted from online databases (Supplementary 
Table 4.2). These included climatic (n=24), soil (n=8), and  vegetation (n=2) 
predictors. Values for climatic predictors (n = 24), related with temperature, 
precipitation, solar radiation, and water vapour pressure) in different seasons were 
obtained from WorldClim database (http://www.worldclim.org/; version 2) at a 
spatial resolution of 30 seconds (~1Km2) (Fick and Hijmans, 2017) based on the mean 
values of 30 years (1970-2000). Elevation data was obtained from DIVA-GIS 
(http://www.diva-gis.org/gdata) (Farr et al., 2007; Hijmans et al., 2001) at a spatial 
resolution of 30 seconds (~1Km2). Vegetation data (cropland extent) was obtained 
from Global Food Security Analysis-Support Data (Xiong et al., 2017) at a spatial 
resolution of 30 meters. Soil data was obtained from ISRIC database (Hengl et al., 
2017; Hengl et al., 2015) based on observations and measurements of  African 
SoilGrids system at 250-meter resolution, with standard numeric soil properties 
(organic carbon, bulk density, Cation Exchange Capacity (CEC), pH, and soil texture 
fractions at 15-30 cm depth). Different R software packages: ‘sp’ (Pebesma et al., 
2012), ‘raster’ (Hijmans et al., 2015), ‘rgdal’ (Bivand et al., 2021a), ‘maptools’ (Bivand 
et al., 2021b), ‘rgeos’(Bivand et al., 2017) , and ‘dismo’ (Hijmans et al., 2017) were 
used to extract, read, and visualize geospatial data. 
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4.2.1.2 Breeds  
The five breeds tested in this study were Improved Horro, Potchefstroom Koekoek, 
Kuroiler, Sasso, and SRIR (Sasso x Rhode Island Red). Improved Horro is the outcome 
of a selective breeding program on the local Horro chicken and developed with the 
aim of improving age at first egg, egg production, body weight and survival (Dana et 
al., 2010; Dana et al., 2011; Esatu, 2015). The Potchefstroom Koekoek is a composite 
of the White Leghorn, Black Australorp, and the Barred Plymouth Rock, developed 
during the 1950s in the Republic of South Africa (Fourie and Grobbelaar, 2003). The 
Koekoek is very popular among rural farmers in South Africa and neighbouring 
countries for egg and meat production as well as their ability to hatch their own 
offspring in medium input production systems (Grobbelaar, 2008)(Grobbelaar et al., 
2010). The Kuroiler is a hybrid chicken widely believed to originate from crossing the 
Rhode Island Red, the White Leghorn, the Barred Plymouth Rock and two Indian 
indigenous chicken breeds with some introgression of broilers to obtain specific 
broiler characteristics (Ahuja et al., 2008a, b; Isenberg, 2007). The Kuroiler was 
developed in India by a commercial firm and was introduced to the market in early 
1990s. The Sasso is a dual-purpose commercial hybrid developed by a breeding 
company in Europe. The SRIR is a hybrid closely related with the Sasso, with some 
genetic introgression from another dual-purpose genotype.   
 

4.2.1.3 Management of chicks and phenotypic data collection 
Farmers participating in the chicken performance evaluation were closely monitored 
for their adherence to the research protocols. All of them received trainings on basic 
chicken husbandry practices. Trained enumerators regularly visited the households 
to ensure they had constructed night shelters for the birds and provided water, and 
up to 30% of their daily feed requirement as a supplement in addition to scavenging.  
Every bird was individually identified with a wing-tag and its body weight was 
measured every two weeks by the enumerators. The average weight at a specific age 
was interpolated by linear regression from available data points. Live-body-weight-
at-90, 120, 150, and 180-days-of-age were considered as traits: (LBW90, LBW120, 
LBW150, LBW180). In total, performance data was measured on 21,562 female 
chickens obtained from 2547 households. Out of 25 unsexed brooded chicks of a 
breed received by a household, roughly 50% were females, and an average of 8 
female birds survived per household for phenotypic measurement at the end of the 
experiment.  
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4.2.1.4 Species distribution models (SDMs) 
Selection of environmental predictors 
Complex niche models show low performance in identifying important 
environmental predictors associated with habitat suitability (Warren and Seifert, 
2011; Warren et al., 2014). We performed initial exploration of all geospatial data, 
independent of the breeds distributed, with Principal Component Analysis (PCA). The 
R package ‘stats’ was used to run PCA and visualize the combined contributions of 
the predictors to the environmental variance. The relative magnitude and direction 
of the PCs indicate their usefulness for classification of environments into 
agroecologies. A final selection of the highest contributing set of uncorrelated 
environmental predictors to habitat suitability used in SDMs was done by the R 
package ‘MaxentVariableSelection’ (Jueterbock et al., 2016).  
 

Classifying the environments of chicken performance testing sites into 
agroecologies  
Agroecologies in the context of the present study are groupings of locations where 
environmental conditions are relatively homogenous and within which chickens are 
expected to be similarly affected. We used I statistics to cluster chicken performance 
testing sites into distinct agroecologies by calculating the difference in suitability 
score between populations. First, raster files of the highest contributing set of 
predictors were created and used with ENMTools to calculate similarity statistics (I) 
(Warren et al., 2010)(Phillips and Dudík, 2008). A raster is an imagery from satellite 
which consists of a matrix of cells (or pixels) organized into rows and columns (or a 
grid) where each cell contains a value representing information for an environmental 
variable (Hijmans et al., 2015). Then, at each grid cell, estimates of habitat suitability 
are calculated using MaxEnt-generated species distribution models so that they sum 
to 1 over the geographic space being measured. The “I” value is an estimate of the 
probability that the relative ranking of any two patches of habitat is the same for two 
models (fit for niches occupied by two breeds), irrespective of the quantitative 
difference in suitability estimates. The ‘I’ similarity measure ranges from 0, when 
species predicted environmental tolerances do not overlap at all (i.e.,  0 for all i), to 
1, when all grid cells are estimated to be equally suitable for both species (i.e., 1 for 
all i). Suitability of 0 is rarely produced by MaxEnt for most real data sets unless a 
minimum suitability threshold is applied, as MaxEnt SDMs predict a nonzero 
suitability score at every grid cell. However, values arbitrarily close to 0 are possible. 
An I score of approximately 0.5 for comparisons of two models mean there is a wide 
band of habitat that is estimated to be of an intermediate suitability for both of them 
(Warren et al., 2011). Agroecologies classified using SDM are compared with the 
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conventional AEZ (Dove, 1890; MoA, 1998) in the present study to see their 
respective utilities in the analysis of genotype by environment interactions. 
 

4.2.1.5 Phenotypic distribution models (PDMs) 
PDMs are class of models which describe the response of phenotypic variables (i.e. 
traits) as a function of environmental parameters (Lozano-Jaramillo et al., 2019a; 
Michel et al., 2017; Smith et al., 2017). Once the most important environmental 
parameters (predictors) associated with habitat suitability in chickens have been 
identified, phenotypic distribution models (PDMs) can be used to estimate their 
relative contribution to phenotypic variation and evaluate the response of selected 
quantitative traits to these predictors.  
Correlations between repeat records such as body weight at different ages in 
chickens are expected to be high. A Pearson’s correlation analysis was therefore first 
performed to keep the least related out of the four quantitative traits measured in 
the present study: live-body-weight-at-90, 120, 150, and 180-days-of-age (LBW90, 
LBW120, LBW150, LBW180).  
Next, we used model based boosting to fit a statistical model while performing 
parameter selection at the same time (Thomas et al., 2017). We used the R (Team, 
2013) packages ‘mboost’ (Hothorn et al., 2010, 2012) and ‘gam’ to fit boosted 
generalized linear models (GLMs), (Nelder and Wedderburn, 1972) and boosted 
generalized additive models (GAMs)(Chambers and Hastie, 1992; Hastie and 
Tibshirani, 1990; Hothorn et al., 2010, 2012), respectively.  
 
Boosted GLMs 
Component-wise gradient boosting aims to model a relationship between 𝑦 and 𝑥 ∶= (𝑥ଵ, … 𝑥௣) ,  and  obtain the “optimal” prediction of 𝑦 given 𝑥. A principal 
difference between the boosted generalized linear model and generalized linear 
models is that the former can additionally perform variable selection. A boosting 
algorithm also allows stopping at the optimal iteration to increase the predictive 
power of GLMs (and GAMs); (Hothorn et al., 2010, 2012) during variable selection. A 
generalized linear model of the predictors 𝑥 = (𝑥ଵ, … 𝑥௣) has the form 
 𝑔(𝑦 ) = 𝛽଴ + 𝛽ଵ𝑥ଵ + ⋯ + 𝛽௣𝑥௣ 
 
Where 𝑦 is the response variable (LBW90, LBW120, LBW180); 𝑔 is the link function; 𝛽଴ is the intercept; and the 𝑥ଵ, … 𝑥௣ are the environmental predictors that are 
identified by SDMs.  
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Boosted Generalized Additive Models (Boosted GAMs) 
Boosted GAMs were used to estimate the relative contribution of environmental 
covariates to phenotypic variation in quantitative traits. A GAMs model with the 
covariates 𝑥 = (𝑥ଵ, … 𝑥௣) has, the form 
 𝑔(𝐸(𝑦)) = 𝛽଴ + 𝑓ଵ + ⋯ + 𝑓௣ 
 
Where 𝑦 is the expected response of growth trait (LBW90, LBW120, LBW180); 𝑔 is 
the link function; 𝛽଴ is the intercept; and the 𝑓ଵ, … 𝑓௣ are the arbitrary function of 
environmental predictors identified by SDMs. These functions include simple, linear 
functions as well as smooth, non-linear functions.  
 

Prediction of phenotype  
We fitted two linear fixed-effects models and one generalized additive model to 
predict phenotypic value for each of the three growth traits (LBW90, LBW120 and 
LBW180). 
 

Linear mixed-effects model (LMEM) 
We used the R package ‘lmer’ (Bates et al., 2007) to fit two linear mixed-effects 
models for live body weight at ages LBW90, LBW120, and LBW180 as follows: 
 𝑦௜௝௞ = 𝜇 + 𝛽௜ + 𝛾௝  + 𝛽𝛾௜௝ + 𝜏௞ + 𝑒௜௝௞    

 
Where 𝑦௜௝௞ is the response variable (i.e., average live body weight in grams ); 𝜇 is the 
grand mean,  𝛽௜  is the fixed effect of the 𝑖th breed (𝑖= 1, 2, 3, 4, 5); 𝛾௝ is the fixed 
effect of agroecology (𝑗 = 1, 2, 3); 𝛽𝛾௜௝ is the interaction effect of the 𝑖th breed with 
the 𝑗th agroecology; 𝜏௞ is the random effect of SDM identified environmental 
predictors (𝑘 = 1, 2, ..6); and 𝑒௜௝௞ is the residual error term. 𝛾௝ was either based on 
conventional agroecological classification with three levels: lowland, midaltitude and 
highland, or on SDM defined agroecology. The shape of 𝑋௞  is fully determined by 
the data structure.  
Least square means for the three different traits LBW90, LBW120, and LBW180 were  
estimated by the R package ‘Emmeans’ (Lenth et al., 2018). 
 
Generalized additive models (GAMs)  
Phenotypes are expected to include non-linear responses to environmental 
predictors (Bolker et al., 2013; Oddi et al., 2019; Zuur et al., 2007) violating 
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assumptions made by classical linear approaches (e.g., linear regression or ANOVA). 
Generalized additive models (GAMs) can accommodate this non-linear relationship 
between the response and continuous explanatory variables by making use of non-
parametric smoothers (Crawley, 2012; Wiley and Wiley, 2019). The R package ‘mgcv’ 
(Wood and Augustin, 2002) was used to fit GAMs (Hastie and Tibshirani, 1990). The 
function ‘bam’ was used, that is specifically suitable for large data sets, and we 
invoked a Gaussian smoothing process (bs= ‘gp’ with an identity link function in the 
‘gam’ formula.  
The interaction effect of agroecology and breed (GxE) was investigated by fitting 
GAMs with environmental predictors as smoothing parameters, as follows:  
 𝑔(𝐸(𝑦)) = 𝛼 + 𝛽௜ + 𝛾௝  + 𝛽𝛾௜௝ + 𝑓௞(𝑋௞), 

 
Where ൫𝐸(𝑦)൯ is the  response variable; 𝑔 is the Gaussian distributed exponential 
family with identity link function; 𝛼 is the intercept;   𝛽௜  is the fixed effect the 𝑖th 
breed  (𝑖= 1, 2, 3, 4, 5); 𝛾௝ is the fixed effect of agroecology (𝑗 = 1, 2, 3);   𝛽𝛾௜௝ is the 
linear parameter for the interaction between 𝑖th breed and 𝑗th agroecology; and 𝑓௞ 
are the smoothing term(s) or random effects of selected non-parametric 
environmental predictor covariate(s) 𝑋௞.  
 
4.3 Results  

4.3.1 Contribution of environmental parameters to habitat suitability 
MaxentVariableSelection retained a final set of six least correlated (|r| < 0.6) 
environmental predictors related with habitat suitability of chickens (Figure 4.1). 
These included elevation, solar radiation in May, precipitation of the driest month 
(Bio14), water vapour pressure of May, precipitation of the coldest quarter (Bio19), 
and precipitation of the wettest month (Bio13). Each of the selected predictors had  
contributions  to habitat suitability of chickens of more than 3%. Elevation has the 
highest contribution (48%) to habitat suitability. Soil and vegetation types were 
excluded since they either were highly correlated with the selected predictors or 
contributed insignificantly to habitat suitability.  
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Figure 4. 1. Relative contribution of the six most important environmental predictors selected 
to habitat suitability 
 
The PCA plot showing the contribution of environmental predictors in the 
habitat/niche structure of the chicken breeds is presented in Supplementary Figure 
4.1. Breeds placed close to each other in the plot are similarly affected by those 
environmental predictors. Altogether, PC1 and PC2 explained 71.3 percent of the 
variation. Three of the predictors identified by MaxEnt (elevation, solar radiation of 
May, and water vapour pressure of May) were also identified by the PCA analysis for 
their higher contributions.  
Each of the six most contributing climatic predictors selected by PCA and 
MaxentVariableSelection were used to produce environmental maps of Ethiopia 
(Figure 4.2). The maps show the environmental heterogeneity of the country in 
terms of precipitation, solar radiation, water vapour pressure and elevation, 
indicating that these predictors deserve consideration in the classification of 
agroecologies. 
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Figure 4.2. Environmental maps of Ethiopia based on the six most important environmental 
predictors 

4.3.2 Agroecologies defined from the most contributing environmental 
parameters 
These six most important environmental predictors associated with habitat 
suitability of chickens were used to classify the performance testing sites into three 
distinct agroecologies based on niche overlap statistic (I) (Figure 4.3).  

  
Figure 4.3. Dendrogram of niche overlap statistic (I) for testing sites of introduced chicken 
breeds in Ethiopia. The vertical line indicates the cut-off point to group environments of 
performance testing sites into three agroecologies. 
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Out of the forty-five villages where the improved breeds were distributed into, 16 
villages were assigned into agroecology-I, 10 were assigned into agroecology-II, and 
19 were assigned into agroecology-III (full list in Supplementary Table 4.3). Chicken 
at testing sites within the same agroecology are expected to be affected similarly by 
the environment.  
For each of the three agroecologies, a habitat suitability map based on niche overlap 
was produced by SDMs (Figure 4.4). Most of the suitable areas on the three maps 
are in the northern and central areas of Ethiopia. Areas far in the west, south, and 
north-eastern parts of the country have been shown as the least suitable for chicken 
production. These are characterized by extreme temperatures and high solar 
radiation, and low availability of scavenging feed resources for chicken (Bayou and 
Assefa, 1989; CSA, 2017; Gebrechorkos et al., 2019; Getahun, 1978; Mirkena et al., 
2018).   
 

 

Figure 4.4. Suitability maps of SDM-defined agroecologies for chicken performance testing 
sites  

Colours towards red spectrum in each of the three SDM-defined agroecologies (I, II, 
& III) show better habitat suitability to chickens  

4.3.3 Environmental parameters differ in their contribution to phenotypic 
variation 
Out of the four body weights measured in the present study, LBW150 was highly 
correlated (r>0.8) with both LBW120 and LBW180 and removed from the analysis 
(Supplementary Table 4.4). A phenotypic correlation ranging between 0.3 to 0.9 was 
obtained for live body weight of broilers between different ages (weeks 1 through 6) 
raised in commercial environment (Chu et al., 2020). 
The relative contributions of the six most important environmental predictors to 
female live body weight at the three different ages (LBW90, LBW120, LBW180) were 
predicted by two types of phenotypic distribution models, namely, boosted GLMs 
and boosted GAMs (Table 4.2).  
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Table 4.2. Relative contribution (%) of the six most important environmental predictors to 
female body weight  

Trait Relative contribution (%) estimated by 
boosted GLMs 

Boosted GAMs 

EL SRM Bio13 Bio19 WVP Bio14 df R-sq. 
(adj.) 

Deviance 
(%) 

LBW90 0.49 
** 

0.05 
** 

0.0 
** 

0.03 0.39 
** 

0.04 1441 0.36 37.2 

LBW120 0.48 
** 

0.03 
** 

0.0 
** 

0.04 
** 

0.40 
** 

0.05
** 

1395 0.43 44.8 

LBW180 0.47 
** 

0.04 
** 

0.0 
** 

0.05 
* 

0.41 
** 

0.03
** 

1375 0.48 49.3 

Approximate significance of smooth terms estimated by GAMs (not by boosted GAMs): 0.001 
‘**’, 0.01 ‘*’. EL=elevation; SRM=solar Radiation of May; BIO13= precipitation of the wettest 
month; BI019= precipitation of the coldest quarter; WVP=water vapour pressure of  May; 
BIO14= precipitation of the driest month. 

Four of the six environmental predictors identified by MaxEnt had also a significant 
effect on the prediction of body weight. Elevation, solar radiation of May, 
precipitation of the wettest month (Bio13) and water vapour pressure of May had 
significant but varying contributions to phenotypic differentiation on all the traits. 
Elevation and water vapour pressure in May were most useful for predicting female 
live body weight and were highly significant (p <0.001) at the three different ages (at 
90, 120, and 180-days-of-age). Precipitation of the coldest quarter (Bio19) and 
precipitation of the driest month (Bio14) had no significant contribution to LBW90. 
The selected environmental predictors together explained only about 25 to 40 
percent of the variation in phenotype, the rest of the deviance being attributed to 
other unknown factors.  

4.3.4 Prediction of phenotype with additive models gives a better fit 
Comparison of model efficiency of linear mixed-effects models (LMEM) and General 
Additive Models (GAMs) in predicting live body weight at 90-days-of-age (LBW90) 
and GxE is presented in Table 4.3. Conventionally defined agroecology, fitted as fixed 
effect, had no significant effect (p =0.84) on LBW90 when fitted with LMEM. AIC and 
adjusted R-square values show GAMs had the highest model fit in predicting LBW90. 
GAMs (M3) explained 36 percent of the variation in this trait while the other two 
models (M1 and M2) explained 19 percent. The interaction between breed and 
agroecology was highly significant (p < 0.001) in all the three models (M1,M2, and 
M3). 
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Table 4.3. Model comparison for prediction of live body weight at 90-days-of-age 
and GxE in female chickens  

AE 
Class 

Model Linear predictor  1Random 
effects 

Model fit 
  

AEs 
(n=3) 

Breed 
(n=5) 

AE x 
Breed 
(GxE) 

Climatic 
Predictors 

df *AIC R-sq.  
(adj.) 

§ 

Conventional  
LMM 
(M1) 
 

p=0.84 *** *** BIO13,  
BIO14, 
BIO19,  
SRM,  
WVP,  
EL 

1346 96 0.19 

SDM-based LMM  
(M2)  
 

*** *** ** BIO13,  
BIO14,  
BIO19,  
SRM, 
WVP,  
EL 

1377 92 0.19 

 GAM 
(M3) 

*** *** *** BIO13, 
BIO14,  
BIO19,  
SRM, 
WVP,  
EL 

1441 0 0.36 

 

1Akaike’s information criterion (AIC) and likelihood value AIC were set to zero as reference for 
the best model; AIC = 2× # parameters – 2 × log-likelihood; thus lower values indicate a better 
model. Significant codes: ‘***’ 0.001; ‘**’ 0.01  
1BIO13= precipitation of the wettest month; BIO14= precipitation of the driest month; BI019= 
precipitation of the coldest quarter; SRM=solar Radiation of the month of May; WVP=water 
vapour pressure of the month of May; EL=elevation. M1=Model 1; M2=Model 2; M3=Model 
3. R-square: is adjusted for linear mixed-effects models (M1 and M2); conditional R-square 
calculated for M3.1The six environmental smoothers had significant effect on LBW180 
(p<0.001). §Conventional or traditional AEZ with three classes: I=lowlands (400-1800m.a.s.l.); 
II=1800-2400m.s.a.l.; III=2400-3500m.a.s.l. (Dove, 1890) (MoA, 1998). 
 
The effect of conventionally defined agroecology (AE) was insignificant (p = 0.65) on 
LBW120 in the model fitted by LMEM in Table 4.4. The model fit statistics (AIC and 
adjusted R-square values) show superiority of the GAMs compared to LMEM fitted 
with SDM-defined AEs in predicting LBW120. GAMs (M6) explained 43 per cent of 
the variation in LBW120. Breed and agroecology had highly significant interactions 
(p < 0.001). 
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Table 4.4. Model comparison for prediction of live body weight at 120-days-of-age and GxE in 
female chickens 

AE 
Class 

Model Linear predictor Random 
effects 

Model fit 
 

AEs 
(n=3) 

Breed 
(n=5) 

AE x 
Breed 
(GxE) 

Climatic 
predictors 

df * 
AIC 

R-sq. 
(adj.) 

§ Conventional LMM 
(M4) 

 

p=0.65 *** *** 1BIO1, 
BIO14, 
BIO19, 
SRM, 
WVP, EL 

1275 28 0.16 

SDM-based LMM 
(M5) 

*** *** *** 1BIO13,  
BIO 14, 
BIO19,  
SRM, 
WVP, EL 

1286 35 0.20 

 GAM 
(M6) 

 

*** *** *** 1BIO13,  
BIO14, 
BIO19, 
SRM, 
WVP, 
EL 

1395 30 0.43 

 

1Akaike’s information criterion (AIC) and likelihood value AIC were set to zero as reference for 
the best model; AIC = 2× # parameters – 2 × log-likelihood; thus lower values indicate a better 
model. Significant codes: 0.001; ‘***’  1BIO13= precipitation of the wettest month; BIO14= 
precipitation of the driest month; BI019= precipitation of the coldest quarter; SRM=solar 
Radiation of the month of May; WVP=water vapour pressure of the month of May; 
EL=elevation. M1=Model 1; M2=Model 2; M3=Model 3. R-square: is adjusted for models (M1 
and M2); conditional R-square calculated for M3.1The six environmental smoothers had 
significant effect on LBW180 (p<0.001). §Conventional or traditional AEZ with three classes: 
I=lowlands (400-1800m.a.s.l.); II=1800-2400m.s.a.l.; III=2400-3500m.a.s.l. (Dove, 1890) (MoA, 
1998). 
 
We also performed predictions of performance and GxE for LBW180 using mixed 
models and GAMs (Table 4.5). All three models (M7, M8, M9) detected breed by 
environment interactions. Breed and agroecology had highly significant interactions 
(p < 0.001) in all three models. Based on the AIC values, LMEM fitted with the 
agroecologies AEI, AEII and AEIII defined by SDMs (M8) was better than LMEM fitted 
with conventionally defined AEs (M7). The best prediction of LBW180 was obtained 
by the model fitted by GAMs (M9). Conventionally defined AE had no significant 
effect (p = 0.2) on LBW180. The explained variance (deviance explained) with GAMs 



4 Agroecologies redefined by distribution models  improve GxE predictions 
 

93 
 

was 48.0%. The corresponding R-square value for LMEM fitted with SDM-based AEs 
was only 24%.  
 
Table 4.5. Model comparison for prediction of live body weight at 180-days-of-age and GxE in 
female chickens   

AE 
Class 

Model Linear predictor  Random 
effects 

Model fit 
  

AEs 
(n=3) 

Breed 
(n=5) 

AE x 
Breed 
(GxE) 

Climatic 
predictors 

df * 
AIC 

R-sq.  
(adj.) 

§ Conventional  LMM 
(M7) 

p=0.2 *** *** 1BIO13,  
BIO14,  
BIO19, 
SRM, 
WVP, 
EL 

1363 45 0.24 

SDM-based LMM 
(M8)  

*** *** *** 1BIO13,  
BIO14,  
BIO19, 
SRM, 
WVP,  
EL 

1361 44 0.24 

 GAM 
(M9) 

*** *** *** 1BIO13,  
BIO14,  
BIO19,  
SRM, 
WVP,  
EL 

1375 0 
 

0.48 

 

1Akaike’s information criterion (AIC) and likelihood value AIC were set to zero as reference for 
the best model; AIC = 2× # parameters – 2 × log-likelihood; thus lower values indicate a better 
model. Significant codes: ‘***’ 0.001. 1BIO13= precipitation of the wettest month; BIO14= 
precipitation of the driest month; BI019= precipitation of the coldest quarter; SRM=solar 
Radiation of the month of May; WVP=water vapour pressure of the month of May; 
EL=elevation. M1=Model 1; M2=Model 2; M3=Model 3. R-square: is adjusted for models (M1 
and M2); conditional R-square calculated for M3.1The six environmental smoothers had 
significant effect on LBW180 (p<0.001). §Conventional or traditional AEZ with three classes: 
I=lowlands (400-1800m.a.s.l.); II=1800-2400m.s.a.l.; III=2400-3500m.a.s.l. (Dove, 1890) (MoA, 
1998). 
 
The effect of environmental covariates on live body weight of female improved 
chickens at 180-days-of-age (LBW180) estimated by GAMs are shown by partial 
dependence plots (PDPs) (Figure 4.5). GAMs revealed non-linear relationships 
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between environmental predictors and the response trait that would not have been 
explained by the linear fixed-effects models. The highest body weight is predicted 
for solar radiation between 22500 and 25000 (Kj/m2/day), elevation below 2400 
m.a.s.l., precipitation in the coldest quarter of about 600 mm/m2, and water vapour 
pressure below 1.3 kPa in May. Precipitation of less than 240 mm/m2  in the wettest 
month and precipitation of less that 5mm/m2 in the driest month affected LBW180 
negatively.  
 

 
Figure 4.5. Generalized additive model partial dependence plots for live body weight in female 
chickens 

Each plot shows a covariate and their partial dependence on LBW180 in the context 
of the model. The y axis shows the mean of observed change in live body weight and 
the x axis the covariate interval. The blue line represents the 95% confidence 
interval. Redline = mean of observed live body weight; blue line=standard error; s = 
smoothed variable; and () = effective degrees of freedom. 

Genotype by agroecology interactions (GxE) 
Figure 4.6 shows least square means of  live body weight (g) with standard deviations 
of female chickens at different ages for improved breeds distributed into three 
different SDM-defined agroecologies in Ethiopia. The Kuroiler and the Sasso breeds 
had the highest live body weight (LBW90, LBW120, and LBW180) across all three 
agroecologies while the locally improved Horro had the smallest. Out of the five 
breeds, the Kuroiler and the SRIR showed an average performance across the three 
environments.  
Colours indicate each of the five chicken breeds with their live body weight (along y-
axis) at different ages a). LBW90; b) LBW120; c). LBW180. The three agroecologies 
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are displayed for each of the plots along the x-axis (AEI = agroecology-I; AEII = 
agroecology-II; AEIII = agroecology-III). 

 

 
Figure 4.6. Bar plots depicting means live body weight with standard deviations of female 
chickens  

Reaction norm plots of live body weight (g) at the three different ages (LBW90, 
LBW120, and LBW180) based on least square means show GxE interactions (Figure 
4.7). Changes in rank or magnitude are observed across agroecologies for the five 
breeds. SRIR performed better than the Koekoek in AEI but not in AEII and AEIII. A 
change in rank was also noted at the same age between the Kuroiler and the Sasso 
between AEII and AEIII. Except for the Horro, which had higher live body weight in 
agroecology-III, for BW90 and LBW120, all the breeds performed the best in 
agroecology-I than in agroecology-II and III, suggesting its better suitability for the 
breeds. Thus, the results showed a clear genotype by environment interaction 
among breeds assigned to the three SDM-defined agroecologies.  
 

 
Figure 4.7. Reaction norm plots for female live body weight at different ages  

Colours indicate each of the five chicken breeds with their live body weight (along y-
axis) at different ages a). LBW90; b) LBW120; c). LBW180. The three agroecologies 
are displayed for each of the plots along the x-axis (AEI = agroecology-I; AEII = 
agroecology-II; AEIII = agroecology-III). 
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4.4 Discussion 
An important reason  for the failure of improved chicken introduction schemes 
designed in the past seventy years to improve smallholder poultry productivity in 
Africa is the lack of proper matching between environement and genotype. Input 
and service delivery systems, in terms of availability of vaccines, chicks (fertile eggs), 
market outlets, and feeds were also not so well developed in these areas to the 
sustain adoption of improved chicken breeds (Magothe et al., 2011; Safalaoh, 2001; 
Tadelle et al., 2000). The poultry production landscape has been positively changing 
in the last few decades to allow the introduction of improved dual-purpose chickens 
as a feasible genetic improvement strategy to raise productivity in a reasonable 
amount of time (Birhanu et al., 2021). Chicken breeds introduced into smallholder 
systems in the present study were managed under reasonably uniform conditions 
(i.e. received vaccines, supplementary feeds, and night shelters).   
Multi-environment performance evaluation of candidate breeds developed 
elsewhere requires proper definition of livestock production agroecologies to 
improve GxE estimations. Knowledge on GxE helps to select breeds adapted to, and 
productive under specific or wider environmental conditions (Birhanu et al., 2021; 
de Kinderen et al., 2020; Lozano-Jaramillo et al., 2019a; Lozano-Jaramillo et al., 
2019b). Existing agroecological zone definitions in Ethiopia (Deressa et al., 2010; 
Dove, 1890; MoA, 1998; Tadesse Mulugeta, 2006) are based on environmental 
predictors that are primarily of agronomic importance. Classifications primarily 
based on predictors such as cropping pattern, land use type, and elevation are not 
sufficient to compare performance of livestock breeds and recommend the best 
performing ones for different environments.  
An analytical framework for classification of poultry production agroecologies and 
predicting GxE among improved chicken breeds distributed to smallholder farmers 
is introduced in the present study. We applied species distribution models (SDMs) to 
identify the most important environmental predictors and used the information on 
these predictors to group environments in chicken performance testing sites into 
distinct agroecologies. These SDM-classified agroecologies were then incorporated 
into phenotypic distribution Models (PDMs) for two purposes. First, Boosted GLMs 
and boosted GAMs were used to predict the relative contribution of selected 
environmental predictors to phenotypic variation of three live body weight traits 
(LBW90, LBW120 and LBW180). Secondly, the PDMs were used to predict 
phenotypic values and GxE for the three live body weight traits (LBW90, LBW120 and 
LBW180).  
Results from Boosted GLMs and boosted GAMs have shown that elevation and water 
vapour pressure of the month of May had the highest contribution to phenotypic 
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differentiation of all three traits. This might be because of the correlation between 
elevation and other environmental predictors. A tight relation is expected between 
elevation and climatic elements (e.g. precipitation, temperature, radiation) (Dinka, 
2019; Fazzini et al., 2015; Gamachu, 1988) in Ethiopia. Effects of elevation, solar 
radiation, and precipitation on performance of traits such as feed consumption, 
growth, meat and egg productivity and quality are well established (Howlider and 
Rose, 1987; Huang et al., 2017; Lara and Rostagno, 2013; Lin et al., 2006; Lozano-
Jaramillo et al., 2019a; Marsden and Morris, 1987; Shane, 1988; Shlomo, 2000). 
Precipitation of the coldest quarter is a quarterly index which approximates the total 
precipitation that prevails during the three months of the year. Kebede et al. (2021) 
suggested precipitation of the coldest quarter above 700mm/m2 might be related 
with less availability of scavenging feed resources and more prevalence of diseases 
and parasites, having adverse effects on mature body weight in indigenous chickens. 
 
4.5 Conclusions 
To the best of our knowledge this is the first attempt to classify livestock 
agroecologies based on environmental predictors identified by species distribution 
models (SDMs) and to compare performance on SDM-defined agroecologies. We 
have demonstrated that better defined agroecology, considering environmental 
predictors associated with habitat suitability for a species, improves the prediction 
of GxE in multi-environment livestock performance evaluations. The use of 
phenotypic distribution models, such as GAMs, is recommended as a powerful 
method to integrate biological (breed and trait) and environmental information in 
breed performance evaluation and comparison programmes. 
Future research can investigate improvements in prediction of GxE for other 
important traits such as egg productivity, robustness, and yield stability for breeds 
introduced into smallholder production systems of diverse agroecologies. We 
anticipate accuracies of predictions by species and phenotypic distribution models 
will increase if the models incorporate additional information (e.g., genomic data).  
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Abstract  

Background: The performance of livestock breeds currently held in smallholder 
systems of the tropics is too low to the meet growing demands for animal source 
proteins. One breeding approach to enhance current levels of productivity and 
address food security is to evaluate candidate improved breeds developed for 
medium-input systems for their productivity and yield stability in smallholder 
systems and introduce them to farmers at scale. The biophysical environmental 
factors and management practices of smallholder livestock farmers are 
heterogenous and require experimental designs and analytical methods which can 
identify breeds that perform optimally in multiple environments. However, there is 
a lack of analytical frameworks for multi-environment livestock breed performance 
evaluation in smallholder (extensive) systems. Experimental designs and methods 
used in plant breeding to predict GxE and test yield stability are applicable to 
evaluate livestock breed performance in different agroecologies. We fitted two of 
such statistical models, namely, additive main effects multiplicative interaction 
model (AMMI) and linear mixed-effects models (LMM) on 5 improved chicken breeds 
to evaluate growth performance and stability until days 90, 120, and 180 (W90, 
W120, and W180). A total of 21, 562 animals were evaluated in 2547 smallholder 
households, distributed across 45 performance testing sites, in three agroecologies 
defined by Species Distribution Models (SDMs) in Ethiopia. 

Results: Our results show that LMM had the best model fit in comparing breeds on 
productivity and yield stability. In both methods of MEPA applied in the present 
study, Sasso and Kuroiler were the most productive breeds for the three traits (W90, 
W120, and W180). Koekoek and SRIR had comparable but average growth 
performance. The ranking of breeds for yield stability varied according to the method 
of MEPA and stability indexes used. However,  the most advanced indexes based on 
LMM revealed those breeds with the highest productive performance were the also 
most stable. 

Conclusion: our findings show that agroecologies defined by Species Distribution 
Model (SDMs) are useful to undertake Multi-environment performance analysis 
(MEPA) in livestock. Our results also demonstrate that existing methods of MEPA are 
applicable to livestock breed performance comparisons. LMM-based productivity 
and stability indexes combine high performance with stability and are considered 
superior for MEPA of livestock in smallholder systems. 
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5.1 Introduction  

Most of the attempts to genetically improve livestock productivity in sub-Saharan 
Africa did not bring the desired results. Interventions aiming at introducing high-
producing breeds developed for intensive temperate livestock systems were not able 
to transform extensive tropical systems primarily because they did not match the 
right genetics with the right environment (Birhanu et al., 2021; Magothe et al., 2012; 
Safalaoh, 2001; Tadelle et al., 2000).  

Sustainability of livestock genetic improvement schemes, particularly in smallholder 
systems, depends on reducing breed by environment interaction (GxE) and 
identifying productive breeds adapted to a wide range of environments  and 
management practices. Evidence for differential performance of livestock breeds in 
response to environmental factors, such as extremes of temperature, solar radiation, 
relative humidity and wind speed have already been documented, in poultry 
(Kebede et al., 2021; Kebede et al., 2022; Lan et al., 2016; Lara and Rostagno, 2013; 
Lozano-Jaramillo et al., 2019a; Mazzi et al., 2003), cattle (Bagath et al., 2019; Brown-
Brandl, 2013), swine (Mayorga et al., 2019; Ross et al., 2015).  

Apart from their level of performance for the trait of interest, candidate breeds need 
to be evaluated on their yield stability before they are introduced at scale to 
smallholder farmers. The concept of ‘yield stability’ or ‘stability’ is closely related 
with terms that are more frequently used by breeders such as ‘phenotypic plasticity’, 
‘developmental plasticity’ and genotype by environment interactions. The subtle 
differences among these terms need be acknowledged to exploit the genetic and 
phenotypic variability among livestock populations and to bring practical 
improvements in performance in smallholder systems.  

Individuals in a population or populations of organisms are called ‘phenotypically 
plastic’ or ‘plastic’ when they show higher phentoypic variability (e.g., 
morphological, behavioural, physiological) across environments (agroecologies) for 
a trait compared to other individuals or populations. The term ‘developmental 
plasticity’ is alternatively used in some literature to describe the permanent 
behavioral, anatomical, or physiological changes in the developmental trajectory 
adopted by an organism during the life span, influenced by external environmental 
factors or other internal physiological factors, and that occurs through gene–
environment interactions (Lafuente and Beldade, 2019). Developmental plasticity 
allows an organism to sense environmental cues in early stages of life and produce 
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phenotypes better adapted to environments encountered later in life (Xue and 
Leibler, 2018). 

Plasticity is thought to be under genetic control (Diouf et al., 2020). Some genes 
control both plasticity and mean phenotype while many others are associated only 
with plasticity (Lafuente and Beldade, 2019; Sieriebriennikov et al., 2018). Stability is 
the ability of a genotype to be less ‘sensitive’ to environmental influences (Becker 
and Leon, 1988; Eberhart and Russell, 1966; Finlay and Wilkinson, 1963; Lin et al., 
1986; Shukla, 1972). Stable genotypes or breeds are populations that show less 
plasticity across environments and are also referred to as ‘robust’ (De Jong and 
Bijma, 2002).  

The outcome of phenotypic plasticity for a quantitative trait shows up during 
genotype by environment interaction (GxE) or breed by environment interaction 
analysis with the help of a reaction norm (Costa, 2021; De Jong and Bijma, 2002; 
Woltereck, 1909). GxE comprises the extent to which genotypes differ in their plastic 
responses to environmental changes for a given trait (Sultan, 2021). Several studies 
have applied reaction norms to describe the response of breeds to environmental 
variation (Chen et al., 2021; Cheruiyot et al., 2020; Oliveira et al., 2018). 

Heterogenous environments (e.g., with diverse climate, management levels) require 
robust experimental designs and analytical methods which can identify breeds that 
perform optimally in multiple environments. Quantifying productivity and yield 
stability across environments (agroecologies) is taken as a strategy in the present 
study to select and recommend improved chicken breeds which are productive and 
widely adapted. Analytical frameworks are not readily available for smallholder 
livestock breed evaluations. On-farm experimental designs and statistical methods 
used in plant breeding trials to predict GxE and to test yield stability across 
environments could be adabted to evaluate breed performances across diverse 
agroecologies. 

Livestock species specific definition of agroecologies based on species distribution 
models (SDMs) were proposed by Kebede et al. (2022). SDM-defined agroecologies 
are delineated based on environmental predictors influencing habitat and 
phenotypic differentiation of a livestock species and improve the accuracy of GxE 
predictions compared to conventional agroecologies classified on environmental 
predictors influencing plant growth (e.g., length of growing season). SDM-defined 
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agroecologies have not been tested for their utility in multi-environment 
performance analysis (MEPA) of livestock breeds.  

Two methods of MEPA are commonly used in plant breeding. These include additive 
main effects and multiplicative interaction models (AMMI) and linear mixed-effects 
models (LMM). The pros and cons of using the different models in crop trials are well 
documented. When a standard Additive Main effects and Multiplicative Interaction 
(AMMI) (Gauch Jr, 2013) model provides more accurate estimates compared to 
traditional ANOVA (Van Eeuwijk et al., 2016). AMMI is a family of robust multi-
environment analytical techniques which is widely used to study GxE interactions 
(Barhdadi and Dubé, 2010; Culman et al., 2009; Mukherjee et al., 2012; Rincent et 
al., 2019; Rodrigues et al., 2016). LMMs through REML/BLUP are predictively more 
accurate than AMMI (Piepho, 1994; Van Eeuwijk et al., 2016). Combining different 
analytical approaches helps identify stable and productive breeds across 
environments (Olivoto et al., 2019a; Olivoto et al., 2019b). The different MEPA tools 
also vary in terms of their graphical outputs which limits the applicability of some 
methods to prioritize breeds based on productivity and stability.  

The relative efficiency of different MEPA models in analysing productivity levels and 
yield stability among livestock breeds has not been investigated. The objectives of 
the present study are to 1) evaluate two commonly used methods of MEPA for their 
applicability in livestock breed performance comparisons in smallholder systems 
based on agroecologies defined by species distribution models (SDMs); and 2) apply 
MEPA to compare productivity and yield stability of improved chicken breeds across 
SDM-defined agroecologies and recommend superior ones for wider use by 
smallholder farmers.  

5.2 Material and methods 

5.2.1 Phenotypic data 
Five improved chicken breeds (Improved Horro or Horro, Kuroiler, Potchefstroom 
Koekoek or Koekoek, Sasso, and SRIR) were evaluated for their growth performance. 
Three traits were measured, namely, live-body-weight-at-90, 120, and 180-days 
(W90, W120, W180). Additional information on the breed of chickens and the 
dataset used in the present study is available in Kebede et al. (2022). 
Every bird was individually identified with a wing-tag and its live body weight was 
measured every two weeks with digital weighing scale (10g accuracy). The scale was 
calibrated to “0.0” after hanging a plastic bucket and before each chicken was placed 
inside for measurement. Once all chickens in a household were measured, the 
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average weight of the flock at that specific datapoint was reported in near real time 
to a central computer server via ODK collect, an Android based mobile application 
(Hartung et al., 2010).  
Chicks were vaccinated against major diseases (Newcastle disease, Gumboro, fowl 
typhoid, fowl pox, and Marek’s) and brooded to the end of 42-days-of-age before 
they were distributed to households. Participant farmers received training on basic 
chicken husbandry practices. Enumerators monitored households to ensure they 
had constructed night shelters for their birds and provided 30% of their daily feed 
requirement as a supplement, on top of scavenging.  

5.2.2 Environmental data 

Individual households at performance testing sites were georeferenced and 
important environmental variables were extracted for their locations 
(Supplementary Tables 5.1 and 5.2). The classification of chicken performance 
testing sites into three agroecologies (AEI, AEII, and AEIII) thorough Species 
Distribution Models (SDMs) by Kebede et al. (2022) was adopted in the present 
study.  

5.2.3 Experimental design 

The study was designed in a Randomized Complete Block. The chicken breeds (n=5) 
were assigned as treatments (GEN) into each of the three agroecologies (ENV). 
Performance testing sites within each ENV were considered as environmental 
replicates (REP) or blocks. The administrative concepts of village and districts were 
not relevant in the design of the present study and were ignored.   

The assignment of breeds into households within a performance testing site was 
completely at random. A household received 25 brooded chicks of one of the five 
breeds. Performance data was collected on a total of 21,562 female chickens 
distributed to 2547 households across 45 performance testing sites (Supplementary 
Table 5.3).  

Data preparation for MEPA 

Supplementary Figure 1 shows that the performance data meets the assumptions 
of parametric analysis. Data inspection identified 8 possible outliers in the dataset 
for W90 and 9 possible outliers for W120 based on interquartile range (IQR). IQR is 
not affected by extreme values and has an advantage over standard deviation as a 
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measure of dispersion. Low outliers (below Q1 - 1.5*IQR) and high outliers (above 
Q1 + 1.5*IQR) of live body weight at a specific age were removed from further 
analysis. No outlier was detected for W180.  The focus of the study was on 
comparison of breed performance within and between SDM-defined agroecologies 
and we used flock average of each household rather than individual weights from 
each household in our analysis.  

5.2.4 Modelling of multi-environment performance data 

The term ‘stability’ is used in the present study to describe the level of fluctuation in 
growth performance until specific time points of breeds across production 
environments (i.e., three SDM-defined agroecologies; AEI, AEII, and AEIII). Level of 
performance and yield stability of the breeds for three different traits (W90, W120, 
and W180) was evaluated through two different approaches with the R package 
metan (Olivoto and Lúcio, 2020).  

5.2.4.1 AMMI-based productivity and stability analysis 

Additive Main effects and Multiplicative Interaction (AMMI) model works under a 
fixed-model framework and is fitted at two stages. First, the main effects of the 
model (i.e., the effects of breeds and environments) are estimated using the additive 
two-way analysis of variance (ANOVA) least squares. Then, PCA is applied to the 
residuals of the ANOVA, which includes the interaction, to obtain the multiplicative 
terms of the AMMI model (Gauch Jr, 1992; Rodrigues et al., 2014; Zobel et al., 1988). 
The estimate of the response variable in a completely randomized design, can be 
obtained by the following model: 

𝑌௜,௝ = 𝜇 + 𝛽௜ + 𝜏௝  + ෍  𝜆௞𝛾௜,௞𝛿௝,௞௡
௞ୀଵ + 𝜌௜,௝ + 𝜖௜,௝,௞, 

where 𝑌௜,௝ is the response variable (i.e., average live body weight in grams) of the 𝑖th 
breed (𝑖= 1, 2, 3, 4, 5) in the 𝑗th environment (𝑗 = 1, 2, 3); 𝜇 is the grand mean; 𝛽௜ are 
the breed deviations from 𝜇; 𝜏௝ are the environment deviations from 𝜇; 𝜆௞ is the 
singular value for the 𝑘th interaction principal component (IPC) axis;  𝛾௜,௞ is the 𝑖th 
element of the 𝑘th eigenvector; 𝛿௝,௞ is the 𝑗th element of the 𝑘th eigenvector; 𝜌௜,௝ is 
the residual, containing all multiplicative terms not included in the model;  𝜖௜,௝,௞ is 
the experimental error; and 𝑛 is the number of principal components retained in the 
model.  
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We have chosen the AMMI stability value (ASV) and Yield and Stability Index (YSI) to 
analyse our data out of several AMMI based stability measures available in the plant 
breeding literature. The ASV is a relatively simple estimate based on IPCA1 and IPCA2 
scores and can be more clearly explained in terms of environmental and / or 
biological factors. Moreover, according to Purchase et al. (2000), ASV is shown to be 
highly corelated with other stability measures such as those of Eberhart and Russel 
(Eberhart and Russell, 1966), Wricke (Wricke, 1964) and Shukla (Shukla, 1972). AMMI 
stability indexes were computed using the R package agricolae (de Mendiburu, 
2021). The AMMI stability value (ASV) was computed from the first and the second 
interaction principal components (IPCA1 and IPCA2) of the AMMI model in line with 
Purchase et al. (2000). 

ASV = ට[ூ௉஼஺ଵೄೠ೘ ೚೑ ೞ೜ೠೌೝ೐ೞூ௉஼஺ଶೄೠ೘ ೚೑ ೞ೜ೠೌೝ೐ೞ (𝐼𝑃𝐶𝐴1௦௖௢௥௘)]ଶ + (𝐼𝑃𝐶𝐴2௦௖௢௥௘)ଶ .   

The yield and stability index (YSI) was calculated by adding together the AMMI 
stability value (ASV) with the rank of mean growth yield of breeds (RY) across 
environments (i.e., 𝑌𝑆𝐼 =  rASV +  RY). The advantage of YSI is that it incorporates 
both mean yield and stability into a single criterion. Low values of both parameters 
(i.e., ASV and YSI show desirable breeds with high stability). 

Graphic nominal AMMI yield plot (Gauch Jr and Zobel, 1997) as a function of the 
environmental IPCA1 scores was used to visualize yield stability of the five improved 
chicken breeds across agroecologies for live body at the three different ages (WW90, 
W120, and W180). The winner breed in a given environment has the highest nominal 
yield in that environment.  

5.2.4.2 LMM-based productivity and stability analysis 

We have analysed our productivity data with four linear mixed-effects models 
(LMMs). In model 1, we fitted environment (ENV) as a fixed effect and included 
breed (GEN) and breed by environment interactions (GXE) as random effects. In 
model 2, we fitted breed (GEN) as a fixed effect and included replication (ENV), 
environment  (ENV) and breed by environment interactions (GXE) as random effects. 
In model 3, we fitted breed (GEN), replication (ENV), environment (ENV) and breed 
by environment interactions (GXE) as random effects. In model 4, we fitted breed 
(GEN), replication (ENV), environment (ENV) and breed by environment interactions 
(GXE) as random effects. The best LMM model will be selected based on Akaike 
information criterion (AIC). 
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LMM for model 1, for instance, was fitted for the three live body weight traits (W90, 
W120, and W180) as follows: 𝑦௜,௝,௞ = 𝜇 + 𝛽௜ + 𝜏௝  + (𝛽𝜏)௜௝ + 𝛾௝௞ + 𝜖௜,௝,௞, 
where 𝑌௜,௝,௞ is the response variable (i.e., average live body weight in grams at a 
household) observed in the 𝑘th site of the 𝑖th breed in the 𝑗th environment (𝑖= 1, 2, 
3, 4, 5;  𝑗 = 1, 2, 3; 𝑘 = 1, 2, ..11); 𝜇 is the grand mean; 𝛽௜ is the random effect of the 𝑖th breed; 𝜏௝ is the fixed main effect of the 𝑗th environment; (𝛽𝜏)௜௝ is the random 
interaction effect of the 𝑖th breed with the 𝑗th environment; 𝛾௝௞ is the fixed effect of 
the 𝑘th block (REP) within the 𝑗th environment; and 𝜖௜,௝,௞, is the random normally 
distributed error. 

We computed the harmonic mean of the relative performance of genotypic values 
(HMRPGV) of the five improved chicken breeds for three traits (W90, W120, and 
W180). HMRGV proposed by Resende (2007) was used efficiently as LMM-based 
stability index to select genotypes with high adaptability and stability (Azevedo 
Peixoto et al., 2018; Colombari Filho et al., 2013; Dias et al., 2018). 

WAASB biplots (WAASBY stability index biplots) are generated based on LMM 
predictions (Olivoto et al., 2019a). WAASBY stability index biplots allow weighing and 
visualizing between stability (y-axis) and performance (x-axis) of the different 
chicken breeds across three agroecologies. 

5.3 Results 

5.3.1 AMMI-based productivity and stability analysis  

A visual inspection of performance W90 (Figure 5.1a,b,c) shows that the productivity 
of breeds at specific ages varies across agroecologies (AEI, AEII, and AEIII). 

 
Figure 5.1. Visual inspection  of performance data to see a change in the productivity of breeds 
(GEN) across environments, characterizing a cross-over interaction  
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The AMMI analysis of variance indicated highly significant (p <0.001) effects of 
genotype, environment, and their interaction for all traits (Table 5.1).  

Table 5.1. Results of AMMI models for three traits (W90, W120 and W180) of improved 
chicken breeds  

Trait Source DF SS MS p-
value 

§Percent 

W90 Environment 
(ENV) 

2 2,992399 1496199 * 15.35 

 Replicate/ 
Environment 

(REP) 

20 12,768165 638408 *  

 Breed (GEN) 4 14,212622 3553155 * 72.92 
 Interaction 

(GXE) 
8 2,286701 285838 * 11.73 

 PC1 5 237797 47559 * 65.90 

 PC2 3 123029 41010 * 34.10 

 Residuals 1376 52,503613 38157   
 Total 1418 85,124326 60031   

W120 Environment 
(ENV) 

2 7,410000 3706919 * 26.46 

 Replicate/ 
Environment 

(REP) 

20 27,100000 1356594 *  

 Breed (GEN) 4 18,600000 4655698 * 66.42 
 Interaction 

(GXE) 
8 1,990000 249274 * 7.10 

 PC1 5 270000 54032 * 86.20 
 PC2 3 43300 14431 * 13.80 
 Residuals 1324 81,400000 61508   
 Total 1366 137,000000 100229   

W180 Environment 
(ENV) 

2 21,800000 11835319 * 47.29 

 Replicate/ 
Environment 

(REP) 

20 57,900000 3602218 *  

 Breed (GEN) 4 18,600000 14636059 * 40.35 
 Interaction 

(GXE) 
8 5,700000 1344379 * 12.36 

 PC1 5 961000 191910 * 68.40 
 PC2 3 94600 147610 * 31.60 
 Residuals 1340 153000000 129221   
 Total 1382 258,000000 245711   

W90, W120, and W180 denote live body weight of female chickens at different  days of age  
(at 90, 120 and 180). *Significant (p < 0.001) value. §Values obtained from AMMI analysis.  
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The treatment the sum of squares (SS) for growth performance is partitioned into 
three sources: the genotype main effect (GEN), the environment main effect (ENV), 
and the interaction (GXE)(Table 5.1). Genotype sum of squares (GEN SS) accounted 
for larger proportion of the treatment sum of squares (SS) for W90 (72.9%) and 
W120 (66.4%) compared to ENV SS (15.4% and 26.5%, respectively for the two traits) 
indicating the higher influence of breed on productivity. Environment (ENV SS) had 
higher contribution to productivity of W180 (47.3%) compared to breed (40.4%). This 
suggests that comparison of growth performance of breeds for W180 might be 
difficult based on AMMI analysis because of too much confounding between ENV 
and GEN. The AMMI analysis has identified only two principal components for having 
effects on productivity. Both the first and the second principal component (PCs) or 
Interaction Principal Component Axes (IPCAs) had significant effect (p < 0.001) on 
productivity of the three traits (W90, W120, and W180). PC1 or IPCA1 explained 
most of the GxE interaction for the three traits i.e., 65.9% for  W90, 86.2 % for W120, 
and 68.4% for W180. Higher values of principal component (PC1) indicate GxE 
interaction (GXE) is important in explaining phenotypic variation in the dataset. The 
contributions of Interaction Principal Component axis 1 (IPCA1) and  Interaction 
Principal Component axis 2 (IPCA2) to GXE sum of squares (SS) are used in the AMMI 
stability analysis of the breeds. 

Table 5.2 shows AMMI stability indexes computed for W90. Breeds of average 
productivity (SRIR and Koekoek) are the most stable breeds based on rankings by 
AMMI stability value (rASV) while Sasso and Horro are the least stable. This is unlike 
the rankings by yield and stability index (rYSI) which identifies Sasso as the most 
stable breed followed by Kuroiler. The results suggest that the yield and stability 
index (YSI) is more influenced by productivity of the genotypes, giving higher stability 
values to higher performing breeds.  

Table 5.2. AMMI stability indexes to analyse yield stability for W90 in improved chickens 

Breed Trait Stability index 
W90 (g) ASV YSI rASV rYSI 

Horro 454.3 8.2 9 4 5 
Koekoek 621.0 7.2 6 2 4 
Kuroiler 735.1 7.8 5 3 2 
Sasso 785.5 10.0 6 5 1 
SRIR 654.2 5.8 4 1 3 

rASV = rank (AMMI stability value) and rYSI = rank (yield and stability index). 
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The AMMI stability indexes calculated for W120 and presented in Table 5.3 show the 
same rankings by the two indexes. Breeds with the highest productivity (Sasso and 
Kuroiler) are ranked as the most stable both by rASV and rYSI while breeds with the 
lowest productivity are ranked the least stable ( Horro and SRIR). 

Table 5.3. AMMI stability indexes to analyse yield stability for W120 in improved chickens 

Breed Trait Stability index 
W120 (g) ASV YSI rASV rYSI 

Horro 693.2 162.2 10 5 5 
Koekoek 936.9 25.9 6 3 3 
Kuroiler 1000.2 4.9 4 2 2 
Sasso 1043.7 0.9 2 1 1 
SRIR 892.7 138.3 8 4 4 

rASV = rank (AMMI stability value) and rYSI = rank (yield and stability index). 

Table 5.4 shows the AMMI stability indexes (rASV and rYSI) computed for W180. 
Sasso, the breed with the highest performance was identified as the most stable 
breed by both indexes. The rankings given by the two indexes for this trait were less 
correlated for the other breeds. 

Table 5.4. AMMI stability indexes to analyse yield stability for W180 in improved chickens 

Breed Trait Stability index 
W180 (g) ASV YSI rASV rYSI 

Horro 1132.3 13.1 8 3 5 
Koekoek 1477.5 22.9 8 5 3 
Kuroiler 1692.6 15.5 6 4 2 
Sasso 1697.7 9.5 2 1 1 
SRIR 1455.2 10.7 6 2 4 

rASV = rank (AMMI stability value) and rYSI = rank (yield and stability index). 

AMMI nominal yield plots presented in Figure 5.2 show the stability of the five 
improved chicken breeds for live body weight at three different ages (W90, W120, 
and W180) in three different agroecologies (AEI, AEII, and AEIII). The nominal yield 
plots have a complementary advantage over AMMI stability indexes because they 
integrate and visualize information on productivity and stability by agroecology. 
Koekoek was the most stable for W90. Sasso and Kuroiler are stable both across 
favourable (AEI) and unfavourable environment (AEIII) for W120. SRIR was the most 
stable for W180 across the three environments but not the most productive one. 
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Figure 5.2. AMMI nominal yield plots showing mean growth performance and stability of five 
improved chicken breeds introduced into three different agroecologies. a)W90 b)W120 and 
c)W180 

5.3.2 LMM-based productivity and stability analysis 
The linear mixed-effects model (LMM) comparisons for three live body weight traits 
(W90, W120, and W180) of improved chicken breeds using AIC are presented in 
Table 5.5.  
 
Table 5.5. Comparison of models fitted with linear mixed-effects model (REML) for three traits 
(W90, W120, and W180) of improved chicken breeds using AIC1 

Model Fixed effect Random effect AIC values for different traits 
   W90 W120 W180 

1 ENV + REP (ENV) GEN 60 0 1226 
  GXE 69 20 1263 
   * * * 

2 GEN REP(ENV) 468 496 1829 
  ENV 237 197 1448 
  GXE 258 224 1491 
   * * * 

3  GEN 295 254 1506 
  REP(ENV) 515 543 1880 
  ENV 283 244 1498 
  GXE 303 272 1542 
   * * * 

4 ENV+GEN+GXE  486 523 1853 
   * * * 

1Akaike’s information criterion (AIC) and likelihood value AIC were set to zero as reference 
for the best model; AIC = 2× # parameters – 2 × log-likelihood; thus lower values indicate a 
better model. *Significant (p < 0.001) value. 
The model with the best fit (lowest AIC value) had environment (ENV) and 
environmental replicates (REP) as a fixed effect, and breed (GEN) and breed by 
environment interaction (GXE) as random effects (model 1)( Table 5.5).  
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Table 5.6.  Harmonic mean of the relative performance of genotypic values (HMRPGV) 
stability index based on linear mixed-effect model 

Breed Trait 
 W90 W120 W180 
Horro 0.70 0.77 0.76 
Koekoek 0.95 1.03 0.99 
Kuroiler 1.13 1.09 1.13 
Sasso 1.20 1.14 1.14 
SRIR 1.00 0.97 0.97 

 
Table 5.6 shows harmonic mean of the relative performance of genotypic values 
(HMRPGV) stability index based on the best fit linear mixed-effect model (model 1). 
In the HMRPGV method for stability analysis, the breeds are simultaneously sorted 
by values for yield and stability using the harmonic means of the LMM so that the 
smaller the standard deviation of breed performance among the agroecologies, the 
greater the Harmonic Mean of Genotypic Values. The breeds with the highest 
stability (highest HMRPGV) in  all the three traits (W90, W120, and W180) were Sasso 
and Kuroiler.  

 

Figure 5.3. WAASB biplots generated based on LMM analysis showing mean growth 
performance (x-axis) and stability (four-quadrants) of five improved chicken breeds 
introduced into three different agroecologies. a)W90 b)W120 and c)W180. 

The results of WAASB stability analysis based on based on the best fit LMM (model 
1) are displayed in Figure 5.3. The four quadrants in each of the three biplots 
represent classifications regarding the joint interpretation of mean performance and 
stability. The breeds or agroecologies included in quadrant I are considered unstable. 
Besides, breeds or agroecologies in this quadrant represent high discriminatory 
ability and having productivity level below the grand mean. Unstable breeds with 
productivity above the grand mean are included in quadrant II. The only breed which 
fell into this category is Kuroiler ( for W90). Breeds withing quadrant III (Horro for 
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W90; SRIR for W180) have low productivity but can be considered stable due to the 
lower value of WAASB. The lower the WAASB value, the more stable the breed can 
be considered. The agroecology included in the third quadrant are considered as 
unfavourable and having low discrimination ability. The breeds within quadrant IV 
(Sasso and Kuroiler) are considered highly productive and broadly adapted for W180.  

5.4 Discussion 

Breeds in tropical smallholder systems are locally adapted to challenging 
environments (e.g., to low availability of feeds, diseases, climatic extremes), but they 
are not productive enough to achieve economic efficiency. One approach to enhance 
the existing levels of  performance in smallholder systems is introducing more 
productive breeds developed for similar management systems (Alabi et al., 2020; 
Birhanu et al., 2021). Candidate breeds need to be evaluated for their performances 
before they are introduced at scale to farmers.  

Analytical frameworks (experimental designs and evaluation methods) are not 
available to compare candidate breeds and identify those with optimal productive 
performance and adaptability for wider use by smallholder farmers. Previous 
researches that focused on estimating GxE in smallholder poultry systems (Alemu et 
al., 2021; de Kinderen et al., 2020; Lozano-Jaramillo et al., 2019a; Lozano-Jaramillo, 
2019) did not consider evaluation of yield stability in livestock performance analyses. 
Yield stability refers to the ability of a breed to be less affected by environmental 
influences and to provide reasonable yield. Evaluating breeds for yield stability apart 
from productivity levels helps to recommend those populations of animals having 
both of these qualities. Plant breeders have long exploited the concept of yield 
stability (phenotypic plasticity) in their desire to select and recommend productive 
and adaptive genotypes. The most commonly used procedures of stability analysis 
include Additive Main Effects and Multiplicative Interaction Methods (AMMI; (Gauch 
Jr, 2013)) and Linear Mixed-effect Models (LMM; (Piepho, 1994; Piepho and 
Möhring, 2005)). 

In the present study we have used chicken agroecologies defined by species 
distribution models (SDMs;(Kebede et al., 2021; Kebede et al., 2022)) to group 
environments of smallholder farmers based on environmental predictors influencing 
habitat suitability and phenotypic differentiation of the species. Then we adapted 
two methods (AMMI and LMM) for multi-environment performance analysis to 
evaluate productivity and yield stability of five improved chicken breeds distributed 
to smallholder farmers in Ethiopia.  
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In both methods of MEPA applied in the present study, breed by environment 
interaction (GxE) was detected and Sasso and Kuroiler were identified as the most 
productive breeds for the three growth traits (W90, W120, and W180). Koekoek and 
SRIR had comparable but average productive performance for these traits. The 
locally improved Horro had the lowest productive performance. This is not surprising 
given that Improved Horro is a breed under development and has only been selected 
for ten generations from the population of indigenous Horro chickens when it was 
included in the performance comparison trial.  

The ranking of breeds for yield stability varied according to the method of MEPA and 
stability indexes used and was not consistent. However, the most advanced indexes 
based on LMM favoured the breeds with superior productive performance (Sasso 
and Kuroiler). Studies comparing the different methods (AMMI versus BLUP) are 
documented for other species (Balestre et al., 2009; Sa’diyah and Hadi, 2016). LMM 
models allow fitting of random effects to improve model efficiency. After comparing 
Eberhart-Russel, AMMI, and mixed-models, Ferraudo and Perecin (2014) concluded 
that the three methods detected GxE differently but effectively, with mixed models 
showing the highest sensitivity. Some of the indexes (e.g. WAASB) can even integrate 
the features of AMMI and LMM techniques and display their results on performance 
using biplots (Olivoto et al., 2019a). Biplot-based interpretation of MEPA on LMM 
results helps easily identify ‘which breed wins where’ and facilitates 
recommendation of specific breeds for specific agroecologies. LMMs such as the best 
linear unbiased prediction (BLUP) and restricted maximum likelihood estimation 
(REML) are more predictively accurate than AMMI and the main advantages of these 
methods can be combined to recommend highly productive and stable individuals 
or populations (Olivoto et al., 2019a; Van Eeuwijk et al., 2016). Kuroiler (W120 and 
W180) and Sasso (W180) were identified as breeds combining high growth 
performance with high stability based on WAASB biplots of LMM. Interpretations 
regarding performance (stability and productivity) of the breeds shall better be 
decided based on W180 considering that that the chickens have stayed long enough 
in the respective agroecologies to experience the challenges and express their 
genetic potential compared to the other two traits (W90 and W120). AMMI (rASV 
and rYSI) and LMM (HMRPGV) stability indexes have converged at W180 and jointly 
identified Sasso as the most stable of the five chicken breeds evaluated in this study 
for live body weight.   

The importance of reducing possible confounding between management practices 
of individual households and the biophysical environmental factors (e.g., climate, 
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geography) should be underscored in multi-environment performance evaluation 
studies of livestock. In the present study, we tried to standardize the management 
practices of the farmers by taking precautionary measures. The amount of feed 
supplemented to the chickens on daily basis on top of scavenging was regulated, 
animal health practices were reasonably kept uniform, and night enclosures were 
put in place in all the households. It is also essential to include sufficiently large 
sample size in such on-farm performance evaluations to offset possible variations in 
the management of flocks between households. Putting experimental units 
(households) that are similar as possible (i.e., have access to similar feed resources, 
comparable level of health services, and share common culture) and assigning all 
types of breeds into each performance testing site (block) can further help reduce 
experimental error. 

There was no pedigree information and genomic data available in the present study 
to fit in mixed models and estimate important genetic parameters (e.g., variance 
components, heritability) that would have improved the predictive ability of MEPA. 
Future research may consider incorporation of additional sources of information 
(e.g., egg productivity, survival, economic efficiency, farmers’ trait and breed 
preferences) which contribute to better identification/recommendation of suitable 
breeds and their sustained adoption by smallholders. 

5.5 Conclusion 

The present study has demonstrated that agroecologies defined by Species 
Distribution Models (SDMs) are useful to undertake multi-environment performance 
analysis (MEPA) in livestock. Our results also show that existing methods of MEPA 
from plant breeding are equally applicable to livestock breed comparison in 
smallholder systems. Based on the results of the present study and the existing 
literature, LMM-based productivity and stability indexes/biplots combine 
information on productivity with yield stability and are strongly recommended for 
wider use in livestock breed performance comparisons across agroecologies.  

5.6 Data availability statement 

The datasets analysed during this study and supporting its conclusions are available 
in the data repositories of International Livestock Research Institute (ILRI) 
https://data.ilri.org/portal/dataset/acggonfarmeth
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6.1 Introduction 
Smallholder chicken production is an integral part of the farming system in tropical 
regions of the world. Chickens kept in smallholder systems account for 80% of the 
poultry flock in sub-Saharan Africa and significantly contribute to income generation, 
food security, ecosystem services, and cultural values (Birhanu et al., 2022; FAO, 
2020). Chicken meat and eggs are a relatively affordable source of animal protein to 
millions of people who live in sub-Saharan Africa and Southeast Asia.  
 
The demand for animal source foods will increase substantially in these regions in 
the coming decades (Desiere et al., 2018). Asian countries increase consumption 
because of rapid economic development while the increased demand in African 
countries is driven mainly by human population growth (ILRI, 2019). The demand for 
meat (beef, sheep, goat, poultry, and pork combined) could reach around 221 million 
tonnes (MTs) in Asia and 58 million MTs in Africa by 2050 (Robinson et al., 2015). The 
projected increase in egg consumption between 2005 and 2015 was 26 percent in 
these regions, compared with only 2.4 percent in the most developed countries 
(Windhorst, 2008). 
 
Smallholder chicken production system in Africa is characterized by low input-low 
output production system and is unable to meet the growing demands. Chickens 
kept by smallholder have small body size (low nutritional maintenance requirement) 
and low egg production performance (18 to 100 eggs per year; with small egg size of 
34 to 48 grams). Sexual maturity delays up to 36 weeks of age and clutch size varies 
from 2 to 12 eggs, with a predominant inclination to broodiness. Local males reach 
a live weight of 1.5kg at 6-months-of-age while females weigh 30 percent less at a 
similar age (Sonaiya and Swan, 2007). The reproductive cycle takes about 74 days 
(16 days for egg laying and clutch formation, 21 days for hatching, and 37 days for 
chick rearing) in total (Dessie, 2003b; Getachew et al., 2016).  
 
With appropriate genetic interventions and development strategies, smallholder 
poultry enterprises have the potential to transform the livelihoods of smallholder 
farmers (Birhanu et al., 2021; Birhanu et al., 2022). Attempts at enhancing chicken 
productivity in many parts of Africa have relied on the introduction of best 
performing breeds. Most of these breeds were developed and perform well in 
temperate production systems (i.e., in areas with less environmental stressors) and 
are not expected to exhibit similar performance in smallholder systems of the 
tropics. The lack of proper matching between the right genetics and the right 
environment is a major factor for low productivity (de Kinderen et al., 2020; Lozano-
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Jaramillo et al., 2019b). Testing candidate breeds and accounting for genotype by 
environment (GxE) interactions is essential to identify the most productive and 
adaptive breeds for a new environment. However, current approaches of evaluating 
GxE for chicken breeds introduced into smallholder systems have significant 
drawbacks to achieve this goal. Firstly, breed comparison studies are based on 
agroecologies defined on suitability of the environment for major crops. GxE 
estimates based on these agroecologies may not give accurate results for levels of 
GxE. Conventional definition of agroecology in Ethiopia considers agronomic 
parameters such as the length of crop growing period, soil types, and the types of 
major crops cultivated (Hurni, 1998; MoA, 1998, 2000). Secondly, current 
agroecological definitions consider an agroecology as a homogenous class and treat 
its effects as a whole. There is little effort to identify and evaluate the contributions 
of individual environmental predictors within that environmental class. Model fit and 
accuracy of GxE predictions for a livestock species might improve if the 
agroecological classes are defined and performance is predicted considering the 
most important environmental predictors influencing habitat suitability and 
phenotypic variation for that species. The influence of certain climatic factors such 
as extremes of temperature and solar radiation on performance, physiology and 
behaviour of chickens has been documented (Bettridge et al., 2018; Gicheha, 2021; 
Lara and Rostagno, 2013). Thirdly, the existing agroecological classes assume all 
livestock species have similar environmental requirements and hence breeds of any 
species can be compared for performance and adaptability based on the existing 
classes. However, livestock species vary in their environmental requirements (e.g., 
chicken vs camels) and livestock-species-specific agroecologies may allow a more 
accurate comparison of performance among breeds within a species. Fourthly, 
current approaches of studying GxE in smallholder livestock systems that consider 
the environment as a continuous gradient often assume a linear relationship 
between breed performance for a trait and an environmental class. To explain such 
relationships, they use reaction norm plots (e.g. the change of body weight of breeds 
1 and 2 in response to a range of values for an environmental parameter). Analytical 
methods developed in ecology, geographic information system, and machine 
learning can be applied to overcome limitations of conventional GxE prediction 
methods in the context of smallholder livestock systems.  
 
In part-I of my thesis, I studied indigenous chicken populations kept by smallholder 
farmers. Indigenous chickens are managed for generations with minimum external 
input, in semi-feral status (i.e., they mate at random, are nondescript, they fulfil their 
daily nutritional requirements through scavenging or semi-scavenging, spend the 
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night in simple enclosures) and have direct contacts with the physical environment. 
As such, they are suitable to investigate the effects of evolutionary selective forces 
on adaptive phenotypic and genetic variation. I applied species distribution models 
(SDMs) to identify the most important environmental predictors contributing to 
habitat suitability of chickens.  
 
Once I identified the most important environmental predictors with SDMs, I used 
them to redefine chicken production agroecologies. Along with the new 
agroecological classes, the most contributing climatic predictors were individually 
considered to improve model fit in GxE predictions through phenotypic distribution 
models (PDMs). Instead of reaction norm plots, I used partial dependence plots to 
explain the relationship between phenotypic values for a trait and a specific 
environmental predictor. PDMs such as generalized additive models, allow 
incorporation of the effects of specific predictors on top of agroecological classes for 
each species and estimating phenotypic values.  
 
PDMs are useful to overcome certain shortcomings linked with SDMs. SDMs were 
initially developed for wild populations and lack the concept of breed or sub-
populations, which are important in animal breeding. SDMs (Phillips et al., 2006) 
implement a correlative approach to establish relationships between species 
occurrence and habitat suitability and are also not suitable to declare cause-effect 
relationships when used alone. By use of PDMs, we can combine suitability 
information derived from SDMs (on agroecology and most important environmental 
predictors) with breed (ecotype) information to predict performance across the 
environmental landscape of present and future production conditions for livestock.  
 
In a separate chapter in part-I, I continued to use the most important environmental 
predictors identified through SDMs to identify genes that are putatively associated 
with local adaptation. I wanted to test whether phenotypic differentiation among 
indigenous chicken populations along the environment has a genetic basis. I followed 
a robust sampling strategy and study design which allowed inclusion of sample 
chicken populations from different environments and geographies. Based on higher 
matching percentage between the presence of distinct phenotypes and specific 
environmental niches, I grouped the Ethiopian indigenous chicken populations into 
three ecotypes. I did signatures of selection analyses with two different methods 
( 𝐹ௌ்   and XP-EHH) at three analytical layers (between gradients, between 
agroecologies across gradients, and between agroecologies within gradient) and 
looked for overlap between their respective results. I performed redundancy 
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analysis (RDA) to detect the association between environmental predictors and 
genomic variation. I also performed RDA to explain variation in the chicken genome 
associated with phenotypic variability. In doing so, I demonstrated that RDA is 
applicable in indigenous livestock as an alternative method to undertake genome-
wide association analysis (GWAS). I show that the results from RDA are supported 
by the outputs from signatures of selection analyses (  𝐹ௌ்   and XP-EHH). I 
demonstrate that signatures of selection analysis with the two methods ( 𝐹ௌ்  and 
XP-EHH) can be used complementarily with RDA to shed light on the relationship 
between genomic, phenotypic, and environmental variation in local adaptation 
studies in indigenous chickens. 
 
In part-II of my thesis, I wanted to validate if SDMs can be applied to identify 
environmental predictors influencing habitat suitability for improved chicken breeds 
introduced into smallholder systems. I also wanted to improve model fit in GxE 
predictions and to compare performance among breeds. Improved chicken breeds 
have been artificially selected for specific traits (e.g., growth, egg production or both) 
and are useful to fit models quantifying breed by environment interactions. I 
followed a different approach to establish my sampling frame and to analyse 
environmental and phenotypic data through SDMs and PDMs. This included taking 
large sample size for phenotypic and environmental data, clustering environments 
to represent contrasting habitats where chickens can be potentially kept, and using 
a large number of background points for environmental analysis. Background or 
pseudo-absence data were drawn at random from the entire country, while 
occurrence locations are spatially biased toward chicken performance testing areas. 
By including sufficient number of background points, we can improve the accuracy 
of our species distribution models (Phillips et al., 2009). I used SDM-identified 
environmental predictors for chicken performance testing sites to redefine 
agroecologies, and showed that this improves model fit in GxE predictions. I also 
adapted two commonly used methods in plant breeding to perform multi-
environment performance analysis (MEPA) for chicken breeds. Apart from growth 
performance, I was interested in comparing breeds on their phenotypic plasticity in 
different SDM-defined agroecologies. This approach helped to identify those chicken 
breeds with the best productive performance and with wider adaptability in 
smallholder systems. 
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6.2 Distribution models identify environmental variables 
linked with habitat suitability and phenotypic variation 
Understanding the relations between phenotypic variation and environmental 
variation is useful to predict populations’ response to environmental change and 
expected levels of animal productivity. Evidence on presence of phenotypic 
differentiation in response to climatic and other environmental variables among 
Ethiopian indigenous chicken populations was not available. 
 
In chapter 2 of this thesis, I sampled Ethiopian chickens from different locations and 
analysed their environmental and phenotypic data. I used environmental-gradation 
approach to survey populations across all possible agroclimatic clines in the country. 
This approach was not followed by previous studies conducted on Ethiopian chickens 
(Adebabay, 2018; Gheyas et al., 2021; Vallejo-Trujillo et al., 2021). I employed 
different analytical techniques (e.g., distribution modelling, cluster analysis) and 
combined environmental and phenotypic data to detect population differentiation 
in the environmental space. I found that Ethiopian chickens have differentiated 
phenotypically most probably in response to environmental variation (chapter 2). I 
fitted Species distribution modelling (SDMs) to produce habitat suitability maps for 
indigenous chicken breeds. The habitat suitability maps were produced based on a 
final set of nine most contributing and least correlated environmental predictors 
identified through variable selection (Jueterbock et al., 2016) out of an initial set of 
34 predictors. Habitat suitability in this thesis refers to a set of environmental 
conditions favouring better reproductive (egg number) and productive (growth rate) 
performance for the species. Eight, out of the nine SDM-identified predictors also 
had significant effects on phenotypic differentiation of quantitative traits. Several of 
these SDM-identified environmental predictors, such as temperature, precipitation, 
and solar radiation were reported in earlier studies for their influences on availability 
of feed and prevalence of diseases and parasites (Bettridge et al., 2018; Lozano-
Jaramillo et al., 2019b). On the other hand, starting from the same set of 34 
environmental predictors, only six were identified for their relationship with habitat 
suitability of improved chickens.  
 
Out of the six, three of the predictors (solar radiation in May, water vapour pressure 
in May, and precipitation of the coldest quarter) were commonly identified by SDMs 
for both indigenous and improved chickens indicating their strong influences on 
habitat suitability at species level. Differences in the sets of environmental predictors 
identified for the two types of populations suggests that predictor selection by SDMs 
is probably influenced by sampling strategy. Attention should be given to the choice 
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of species occurrence locations, background locations, and sample size. Be it for 
indigenous or improved breeds, the sampling frame for SDMs should be developed 
considering environmental variability, geography, and the presence of chicken as a 
species as opposed to considering the distribution of introduced breeds. Distributing 
the breeds and then using the occurrence points of the chicken performance testing 
sites for habitat suitability mapping may lead to bias. In our case, while we followed 
a hybrid sampling strategy (considering environmental and geographic variability) 
for both types of chicken populations, the number of locations used for variable 
selection step in SDMs for indigenous chickens (n = 260) was lower than those used 
for introduced breeds (n = 2547) probably having consequences on the number and 
type of predictors selected and eventually on the habitat suitability maps produced. 
Apart from the environmental values of each of the most influential predictors 
identified by SDMs, the inclusion of genomic information from the animals may 
improve predictive ability of phenotypic distribution models (PDMs). More studies 
need to be conducted to evaluate the effects of sampling strategy and inclusion of 
additional sources of information on predictive ability of PDMs in livestock. 
 
Out of 19 traits measured on adult birds, eight traits were most useful in explaining 
the influence of environmental predictors on phenotypic variation in indigenous 
chickens. These included body length, wingspan, comb length, comb width, live body 
weight, earlobe width, wattle width, and beak length. Adaptive roles of quantitative 
phenotypic traits included in the present study are documented in literature. For 
instance, comb shape is linked with adaption to cold stress (Wright et al., 2009). The 
pea-comb, a dominant mutation in chickens, drastically reduces the size of the comb 
and wattle, decreasing heat loss and making the chicken less susceptible to frost 
lesions (Wright et al., 2009). Histological analysis of dermal papillary layer has 
revealed that red earlobes have many more blood vessels and were associated with 
thinner skin than that of white earlobes (Luo et al., 2018) indicating the role of 
earlobes in thermoregulation. 
 
SDM identified environmental predictors can be incorporated into phenotypic 
distribution models (PDMs) to improve model fit in GxE predictions. PDMs based on 
Generalized additive models (GAMs) were applied to integrate environmental and 
biological information (e.g., type of breed or ecotype) and predict phenotypic values 
for specific traits across the environmental landscape in chapter 4. The study 
demonstrated that GAMs achieve acceptable goodness of fit when investigating 
complex (e.g., non-linear) relationships between phenotypes and environmental 
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predictors. I investigated the effects of SDM-defined-agroecology, chicken breed, 
and their interactions on three growth traits.  
 
6.3 Distribution-model-defined-agroecologies improve 
model fit in GxE  
Agroecological zonation refers to the spatial classification of the geographic and 
environmental landscape into units, each of them with similar agricultural and 
ecological characteristics within. Such classifications into roughly similar units has 
been used in agronomy and forestry to compare agroclimatic conditions and manage 
land resource conditions considering soil, water, vegetation, topography parameters 
(Hurni, 1998). There were some attempts to use agroecological zonation in animal 
production as an operational framework to improve productivity (Dumont et al., 
2014; Soussana et al., 2015). However, proper methodologies for definition of 
species-specific livestock agroecologies for use in animal breeding programmes were 
not available.  
 
The SDM-identified environmental predictors from chapter 4 of this thesis were used 
to group the locations of chicken performance testing sites into agroecologies. The 
newly defined agroecologies were used in phenotypic distribution models (PDMs) to 
predict phenotypic values of three production traits (female live body weight at 90-, 
120- and 180-days-of-age (i.e., W90, W120, and W180). I hypothesized that model 
fit in GxE predictions could be improved if I redefine agroecologies for chicken 
production based on environmental predictors influencing habitat suitability for 
chickens. This is unlike previous GxE studies conducted on introduced chickens (de 
Kinderen et al., 2020; Lozano-Jaramillo et al., 2019a) which relied on conventional 
agroecological classifications to evaluate performance. My findings suggest that this 
grouping of environments into environmentally homogenous units based on the 
most contributing environmental predictors is useful to improve model fit in GxE 
estimations. The AIC values for PDMs fitted on SDM-classified agroecologies were 
lower. The study also demonstrates that PDMs like boosted GAMs and boosted 
GLMs are useful in animal breeding to integrate environmental and phenotypic data 
and predict phenotypic values.  
 
6.4 Improved chicken breeds introduced into smallholder 
systems show different levels of productivity  
Three main genetic improvement strategies could be considered to improve the 
productivity of chickens in smallholder systems: selection, cross-breeding, and the 
introduction of improved breeds. Introducing productive and adaptive breeds to 
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smallholder systems can potentially enhance productivity in a relatively short period. 
It helps to improve household nutrition, increase farm income, create employment 
opportunities, and contribute to gender empowerment.  
 
In chapters 4 and chapters 5 I evaluated the growth performance of improved dual-
purpose chicken breeds (i.e., developed both for meat and eggs) introduced to 
Ethiopian smallholder farmers in different agroecologies. The five chicken breeds can 
be grouped into three types based on their genetic backgrounds: composite breed 
(Potchefstroom Koekoek), commercial hybrids (Kuroiler, Sasso, and SRIR), and locally 
improved chicken (Improved Horro). Koekoek is a composite breed and is described 
in more detail in (Fourie and Grobbelaar, 2003; Grobbelaar, 2008; Grobbelaar et al., 
2010; Wondmeneh et al., 2011). The Kuroiler is a commercial hybrid which 
originated from the crossing of the Rhode Island Red, the White Leghorn, the Barred 
Plymouth Rock and two Indian indigenous chicken breeds. Introgression of a broiler 
genotype was also made to incorporate broiler characteristics into the breed (Ahuja 
et al., 2008b; Isenberg, 2007). The Sasso is a dual-purpose commercial hybrid 
developed by a poultry breeding company in Europe (IPP, 2018). The SRIR is a hybrid 
closely related with the Sasso, with some genetic introgression from another dual-
purpose chicken genotype. Improved Horro originates from the indigenous, non-
descript, Horro chickens kept by smallholder farmers in Horro district of Western 
Ethiopia, in Oromia region (Esatu, 2015; Wondmeneh et al., 2011).  
 
The analyses on the growth performance of the five chicken breeds until selected 
time points show that two of the breeds (Sasso and Kuroiler) were the most 
productive and two had near average performance (SRIR and Koekoek). The 
performance of the locally improved breed (Horro) was not as good as the other four 
strains in the test. This is not surprising given that Horro had only been selected for 
10 generations at the time of the on-farm performance evaluation. The performance 
of improved Horro was reported in other studies to be significantly higher than 
unimproved local Horro chickens (Esatu, 2015; Wondmeneh et al., 2011). The 
economic efficiency of the five breeds has not been investigated in the present study. 
Improved Horro might still be an appropriate choice for introduction in areas with 
lower access to poultry inputs and services (e.g., formulated feeds, market 
infrastructure) to sustain commercial hybrids and sell their products.  
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6.5 MEPA combines productivity and yield stability to 
identify the best breeds  
Statistical frameworks for multi-environment performance analysis (MEPA) are 
common in plant breeding to compare different genotypes in different 
agroecologies. Such frameworks can benefit animal breeding programmes that are 
aiming at testing candidate genotypes (breeds/strains/lines) for introduction at scale 
into new environments. Especially when the environment of introduction is not 
uniform, a simple experiment that does not consider the environmental 
heterogeneity and specific breed responses is not sufficient to make performance 
evaluations.  
 
In chapter 5, I evaluated different MEPA models for their use in comparison of 
chicken breeds for growth performance and yield stability. Yield stability means 
there is less phenotypic plasticity for the yield traits. Three live body weight traits in 
female chickens, namely body weight at 90-, 120-, and 180-days-of-age were 
evaluated. I used the SDM-based agroecological classification that was developed in 
chapter 4 of this thesis to evaluate the performance and yield stability of Sasso, SRIR, 
Kuroiler, Horro and Koekoek breeds in smallholder systems of Ethiopia. Two MEPA 
methods were applied: additive main effects and multiplicative interaction (AMMI) 
models, and linear mixed-effects models (LMM). While their approaches of 
estimating GxE varied, both multi-environment breed performance comparison 
methods were found applicable to identify more productive and stable breeds 
before wider introduction to smallholder systems. LMMs, more specifically, best 
linear unbiased prediction (BLUP) and restricted maximum likelihood estimation 
(REML) give more accurate predictions than AMMI (chapter 5). Combining the 
features of different models of multi-environment performance analysis such as 
through the use of more advanced indexes like WAASB  helps overcome limitations 
associated with the use of a single method (e.g. in terms of visualization of results) 
and provides wider insights on stable and productive genotypes (Olivoto et al., 
2019a). I used the WAASB biplot to show productive yet stable chicken breeds in 
different SDM-defined agroecologies. 
 
Ranking of breed productivity and yield stability could be summarized based on 
indexes developed for such purposes. Based on the findings of the present study and 
documented literature (Balestre et al., 2009; Sa’diyah and Hadi, 2016), LMM-based 
performance indexes are powerful to rank genotypes by taking into account high 
productive performance with stability. Hence, they can help identify and 
recommend based on information of ‘which breed wins where’. The chicken breeds 
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which were evaluated in the present study were phenotypically plastic (showed 
varying yield or were less stable) for growth probably due to their different genetic 
backgrounds (e.g., selection history, levels of inbreeding, or presence of different 
sets of responsible genes for plasticity). Inbreeding may directly affect plasticity by 
altering phenotypic expression in one environment or by altering the organism’s 
ability to detect or respond appropriately to different environmental conditions 
(Auld and Relyea, 2010; Smith, 1956). The consequences of inbreeding on 
phenotypic and behavioural plasticity varies with the organism being studied 
(Murren and Dudash, 2012; Schlichting and Levin, 1986; Schou et al., 2015).  
 
6.6 Candidate genes linked with local adaptation and 
phenotypic variation 
Landscape genomics combines environmental, genomic, and phenotypic 
information in studying adaptive variation. The presence of several climatic 
conditions and rich domestic animal genetic diversity in Ethiopia makes it an ideal 
place for landscape genomic studies. Altitude ranges from 125 m below sea level in 
the Danakil Depression to as high as 4620 m above sea level in the Semien 
Mountains, creating a striking geographic contrast in the country. 
 
Evidence on population differentiation of Ethiopian chickens (chapter 2) alone was 
not enough to claim that phenotypic variation has a genetic basis. Hence, genomic 
analysis of sample populations (chapter 3) was undertaken. I implemented a hybrid 
sampling strategy that captured adaptive and neutral genomic variation of 
indigenous chickens across the environmental space in Ethiopia. With a landscape 
genomics approach, I synthesized genetic, phenotypic, and environmental 
information to get evidence of local adaptation.  
 
Confounding between neutral and adaptive variation becomes a serious problem in 
detection of selection signals when populations are characterized by high genetic 
structure. I clustered the environments in chicken sampling sites into geographic 
(latitude and longitudes) and agroecological (based on elevational classes influencing 
climate) classes and considered these sources of variations in my analytical models. 
I estimated 𝑭𝑺𝑻  values to quantify genetic differentiation between environmental 
classes (gradients and agroecologies). A different approach can be followed to detect 
neutral variation i.e., by measuring additional population genetic parameters such 
as effective population size, inbreeding, and linkage disequilibrium).  
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The results from structure analysis showed the presence of two major ancestral gene 
pools in Ethiopian chickens. Populations of gradient-II clearly separated from 
populations of the other three gradients (-I, -III, and -IV) during principal component 
(PCA) analysis suggesting that evolutionary forces like geographic distance (drift) and 
migration history might have played a role in genetic differentiation of Ethiopian 
chickens in addition to adaptive processes in different agroecologies (natural 
selection driven by environmental variation). Neutral variation in this chapter needs 
to be analyzed using additional population genetics parameters (e.g., on gene flow, 
effective population size, inbreeding, and linkage disequilibrium).  
 
Out of the populations studied in chapters 2 and 3, morphologically unique 
phenotypes were seen at higher frequencies in populations derived from 
environmental gradient-III (in Metekel zone of Benishangul-Gumuz region of 
Ethiopia), particularly in populations sampled from lowlands between 500 to 1000 
meters above sea level (Figure 6.1).  
 

 
Figure 6.1. Unique morphological phenotypes sampled from sample populations in gradient-
III. (A) Frizzle feathered cockerel from Bengo; (B) Feathered shank(feathered foot) cockerel 
from Bengo; (C) Frizzle chicks from Bengo; (D) Naked-neck hen from Tumi; (E) Stunted tail 
(tailless) cockerel from Zigh; (E) Dwarf hen from Zigh. 
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Phenotypes such as naked-neck, frizzle feather, feathered shank (feathered feet) 
have roles in thermoregulation and are considered beneficial to environmental 
adaptation to hot climates. These unique phenotypes (with underlying mutations) 
are present in higher frequency in lowland populations of the district. The maximum 
temperature in Guba district from where these populations were sampled can reach 
as high as 480C. These areas have also less access to other parts of the country 
because of their geographic distance, and are shown to be biodiversity hot spots for 
chickens. High phenotypic variation has also been reported in this district for other 
livestock species (Getachew et al., 2016), cattle (Fasil Getachew, 2020), and donkeys 
(Mustefa et al., 2020).  
 
Figure 6.1 A and C show frizzle feather phenotypes. Frizzle feather chicken are highly 
valued in Africa and the trait is speculated to confer adaptability to tropical climates 
(Adomako et al., 2014). Frizzle plumage may cause the acceleration of basal 
metabolism due to the loss of body heat (Ng et al., 2012). The frizzle phenotype is 
due to an alpha-keratin (KRT75) mutation (Ng et al., 2012). Preliminary analysis of 
structural chromosomal variants in my sequence dataset revealed a novel mutation 
of 16 kb deletion at the KRT75 instead of 84bp deletion reported by Ng et al. (2012). 
The presence of novel mutations in Ethiopian indigenous chickens indicates 
phenotypic variability at individual and population level may have a unique genetic 
basis which needs to be explored further. Phenotypic variability that warrants 
further investigation into its genetic control includes sample chickens showing feet 
feathering (ptilopody) (Figure 6.1 B). Mutations causing feathered shank (foot 
feathering) in chickens and pigeon was investigated in Bortoluzzi et al. (2020). They 
found a parallel genetic origin of foot feathering in the two species. I would like to 
find out if the same genes affect molecular pathways leading to foot feathering in 
indigenous chickens Figure 6.1 D shows a hen with naked neck phenotype. The 
naked neck mutation was described as an insertion of ~180bp in GDF7 protein coding 
gene and is suggested to contribute to heat tolerance and robustness through 
efficient dissipation of heat from the body (Desta, 2021). Some chickens have 
stunted tails (Figure 6.1 E) compared to the normal phenotype with long tails. 
Stunted tail is also called rumpless when this abnormal phenotype is caused by a 
reduction in the number of coccygeal vertebrae in some breeds of chickens (Dunn, 
1925). Stunted tail chickens may possess the normal number of coccygeal vertebrae 
but have abnormal feather development because of a 
pseudogene LOC431648 located on the Z chromosome (Wang et al., 2017).  
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A hen with a mature live body weight of only 750 grams (Figure 6.1 C) was the lightest 
of all the 380 adult females measured in entire dataset. The average weight for 
female chickens for all samples collected in the country was 1000g and this small hen 
was suspected to be carrying a mutation causing dwarfism. A novel nonsense 
mutation in the TMEM263 gene is reported as associated with dwarfism in Dutch 
bantam chickens (Wu et al., 2021).  
 
Some of these major phenotypic differences explained above could be adaptive. In 
cases when adaptive variations cannot be recognized phenotypically, cross-
population differences in allelic and haplotype frequencies should be detected. I 
applied two of such techniques ( 𝐹ௌ்   and XPEHH ) in chapter 3.  𝐹ௌ்  measures 
population genetic differentiation based on the variance of allele frequencies 
between populations while XP-EHH measures reduction in haplotype diversity 
between populations by computing the probability that two extended haplotypes 
around a given locus are the same. The presence of considerably large overlap 
indicates that both methods capture regions under selection. The overlap between 
the two methods was also large (19.2%) during pairwise gradient comparisons that 
did not consider the effects of agroecological variations. This suggests that 
populations in different geographies may have been exposed to different 
environmental selective pressures.  
 
A relatively low overlap (13.4%) between the two methods in pairwise agroecological 
comparisons across gradients and high overlap (20.9%) for pairwise agroecological 
comparisons within a gradient shows that the two methods are better at detecting 
signatures of selection when the confounding between neutral processes (e.g., 
genetic drift and gene flow associated with specific geography) and adaptive 
processes (i.e., natural selection associated with environmental variations between 
agroecologies) is reduced. That is achieved by undertaking the analysis within the 
same gradient.  
 
The selection signals seem to have been diluted when comparisons between 
agroecologies are made without considering their gradients. Populations from 
gradient-II have a different demographic history (constitute a different genetic 
structure) and that may have also contributed to higher overlap between the two 
methods within this gradient. I hypothesise that stronger signals by 𝐹ௌ்  over XP-EHH 
shows the influence of neutral processes is higher while stronger signal by XP-EHH 
over  𝐹ௌ்  shows the influence of selective processes is higher. The overlap between  𝐹ௌ்  and XP-EHH was generally larger than what was previously reported by Gheyas 
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et al. (2021) on Ethiopian indigenous chickens (4.9%). In their study the sampling 
strategy that did not consider environmental gradation. 
 
In chapter 3 I also performed Redundancy Analysis (RDA). The use of RDA in genome-
wide association studies (GWAS) in animal breeding is not common. However, RDA 
is a powerful approach that can be utilized in GWAS studies in livestock (Kess and 
Boulding, 2019; Torrado et al., 2020; Valette et al., 2020). Phenotype association 
analysis was performed with RDA to explain variation in the genome associated with 
five quantitative traits (mature live body weight, beak length, comb width, wattle 
width and earlobe width).  
 
Information on genomic regions associated with quantitative traits, such as body 
weight, can be useful to develop breeds with wider environmental adaptation and 
better performance. Significant candidate SNPs (p < 0.01) associated live body 
weight of chickens (r > |0.3|) were identified by RDA. Body weight associated 
genomic regions were also identified in some African and Asian indigenous chicken 
populations through conventional genome-wide association studies (Cha et al., 
2021; Habimana et al., 2021). Chapter 3 demonstrates that RDA was able to identify 
SNPs that are associated five quantitative traits, selected for their usefulness in 
discriminating (classifying) sample chicken populations on phenotype. These SNPs 
may have roles in adaptive phenotypic variation among indigenous chickens in 
response to environmental variation. More studies, comparing the outputs of RDA 
analysis with conventional GWAS need to be conducted to promote its use in animal 
breeding. In theory, variation in RDA identified SNPs can be incorporated into 
genomic selection programmes to improve prediction of performance and stability. 
The contributions of candidate SNPs should also be supported by additional studies 
(e.g., functional annotation, gene expression). 
 
6. 7 Recommendations and future research areas 

6.7.1 Multi-environment genetic evaluations should be based on 
agroecologies defined for the targeted species 
Classifications of environments into agroecologies provides an analytical framework 
for breeders to make performance comparisons among different genotypes for 
wider introduction into smallholder systems. A common practice for livestock 
breeders aiming at identifying best breeds for specific environments has been to 
adopt agroecologies classified for crops. For instance, all agroecologies in Ethiopia 
were defined considering environmental parameters influencing the suitability of a 
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given agricultural area for major crops, such as the length of growing the period. 
Classification of agricultural production areas into agroecologies based on predictors 
such as cropping pattern and land use type is less informative to evaluate the 
performance of livestock breeds.  
 
The analytical framework used for the classification of poultry production 
agroecologies in the present study was based on Species Distribution Models 
(SDMs). SDM-defined agroecologies could be developed for specific livestock species 
(e.g., cattle, small ruminants, swine) and utilized for breeding and production 
purposes in low- and medium-input systems. To define agroecology, we need to 
identify the most important environmental predictors associated with suitability of 
habitat. This can be done using machine learning algorithms like MaxEnt. Because of 
differences in occurrence locations for the different species (e.g., chickens versus 
camels in extreme case), the predictors that will be identified by the models and 
resultant suitability maps will be species-specific. The values extracted for each of 
the most contributing environmental predictors from global climatic/environmental 
databases will be used as inputs to calculate habitat suitability scores (niche 
suitability scores) (Warren et al., 2011; Warren et al., 2010). These scores are then 
used to cluster the species occurrence locations into distinct agroecologies with SDM 
models (chapters 2 and 3). 
 
These SDM-classified agroecologies can be incorporated into phenotypic distribution 
Models (PDMs) via other machine learning based models like Boosted GLMs and 
boosted GAMs to predict the relative contribution of selected environmental 
predictors to phenotypic variation of traits of interest (e.g., live body weight, egg 
production, survival). The use PDMs is advantageous in multi-environment genetic 
evaluations because of their ability to combine biological information (e.g., breed, 
age, sex, genetic variability ) with environmental information (e.g., agroecological 
class, important climatic predictors influencing performance). PDMs can also show 
complex relationship between a trait and environmental predictor which are difficult 
to grasp by conventional linear models. Such relationships can be visualized by 
partial dependence plots.  
 
Our study demonstrates that the model fit of GxE predictions in PDMs improves 
when agroecologies are fitted based on SDM-identified environmental predictors 
compared to those fitted on conventional agroecologies (i.e., defined on predictors 
influencing suitability of the environment for crops). Theoretically, predictions of 
livestock performance with distribution models can be done both for present and 
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future production scenarios. Future model predictions of performance require the 
use of climatic projections from the coming decades which are readily available on 
global databases. Such predictions are useful to forecast how much the performance 
of livestock in smallholder systems will be affected by climate change and to take 
mitigation measures in time. Depending on geography, undesirable consequences of 
climate change might include reduced feed and water availability, high disease and 
parasitic prevalence, and extremes of climate (e.g., high solar radiation and high 
temperature) having negative impacts on productivity. 

6.7.2 Yield stability is an important parameter to be considered in breed 
performance evaluation for smallholders 
Apart from evaluation of the levels of productivity for traits of interest, comparison 
of breed performance for wider introduction into smallholder systems should 
consider yield stability. Smallholder livestock keepers in extensive (low- and 
medium-input) systems of Africa are prone to be affected by changes in production 
conditions and traits such as yield stability and resilience are of paramount 
importance.  
 
Combining productivity with yield stability improves economic efficiency and 
contributes to sustainable adoption of genetic technologies (improved breeds). 
Phenotypic plasticity or trait plasticity is the ability of an organism to alter its 
physiology, morphology, behaviour, or development in response to changes in its 
environment (Debat and David, 2001). A GxE refers to a change in relative 
performance of two or more breeds measured in two or more environments 
(Bowman, 1972). Animals that combine high production potential with resilience to 
external stressors, allowing for unproblematic expression of high production 
potential and less phenotypic plasticity in a wide variety of environmental conditions 
are regarded as ‘robust’ (Knap and Su, 2008). Their finding implies that  robust 
animals do not need to be plastic to cope up with environmental variations. Plasticity 
has a genetic basis and needs to be exploited by animal breeders. Discovery of loci 
that influence plasticity implies that animals vary in their plastic responses to 
environmental challenges. While some genes control both plasticity and mean 
phenotype, many others are associated only with plasticity (Sieriebriennikov et al., 
2018) (Lafuente and Beldade, 2019). 
 
Quantifying phenotypic and adaptive genetic variation among indigenous chickens 
informs long-term genetic improvement programmes. The genetics of phenotypic 
plasticity (yield stability) supported by evidence of population differentiation along 
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environmental gradients can be incorporated in breeding programs to develop 
animals suitable for varying agroecologies, or that are adapted to both current and 
future environmental conditions.  
 
Studies have not been carried out on yield stability under smallholder management 
conditions in livestock. There is a need to conduct more studies within and between 
breeds, and this brings about a need for developing appropriate analytical 
frameworks to make statistical comparisons. Integrating stability in breeding 
programs for smallholder management systems might be problematic because of 
the confounding effects of environment and genotype. Under such conditions, 
careful considerations of on-farm experimental design such as sample size, 
randomization, blocking, and replication are vital to ensure sound statistical 
inferences. In chapter 4, we carried out our measurements on 21,562 female 
chickens of five chicken breeds in randomized block design (RBD) and paid attention 
to these important statistical aspects (sample size, randomization, heterogeneity of 
households in terms of their management of animals, and replication).  
 
There were some limitations regarding the study we carried out on yield stability in 
this thesis that could be addressed to get better results in the future. There was a 
lack of performance data on other economically traits besides body weight (e.g., egg 
productivity, survival, resilience). In addition, there was no pedigree and genomic 
information on the animals to fit different breeding models and select individuals or 
populations on stability. Models applicable to plasticity in evolutionary biology and 
animal breeding are reviewed by De Jong and Bijma (2002) and can be used in 
selective breeding to improve plasticity within breed. Developing new 
methodologies of multi-environment breed evaluation should consider additional 
sources of information besides environmental, phenotypic, and genetic data. 
Evidence obtained through socio-economic analyses on consumers’ preferences, 
farmers’ trait and breed preferences (likability), benefits of improved breeds to 
nutrition of vulnerable groups in the household (children and lactating women), and 
contributions to household economic gain will lead to more informed policy 
decisions regarding the choice of suitable of breeds and species across geographies 
and environments.  
 
Commercial breeding companies will also benefit from developing productive and 
stable breeds which can provide optimal yield across agroecologies. Changing 
livestock production conditions (e.g., climate change, emerging diseases, 
management decisions, animal welfare standards) force commercial farms to revise 
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their breeding goals and incorporate additional parameters besides productivity 
(e.g., resilience, disease tolerance). Resilient animals are minimally affected by 
disturbances in the environment and return to their state before the disturbance 
(Berghof et al., 2019; Colditz and Hine, 2016). The link between yield stability and 
resilience has not been clearly established in livestock.  

6.7.3 Improved tropical breeds enhance livestock productivity for 
smallholders 
It is necessary to take advantage of steady improvements in input and service 
delivery in smallholder systems to increase chicken productivity, meet the growing 
market demands for meat and eggs, improve livelihoods, and boost economic profits 
of farmers and other actors in the value chain . Sustained adoption of tropically 
adapted improved breeds by smallholders, enhances productivity, and leads to 
better nutritional outcomes in farming households (Birhanu et al., 2022; Passarelli et 
al., 2020).  
 
Better purchasing power of the rising middle class and rapid urbanization are 
contributing to the emergence of new business opportunities for poultry industries 
in Africa. Recent trends show multi-national poultry breeding companies are 
expanding their markets to this region (Carmody, 2017). These multi-national 
companies already have the highest capacity to deliver specialized chicken breeds 
(broilers and layers) suitable for intensive commercial farms. Specialized chickens 
are not suitable to the needs of smallhoder farmers in Africa considering their high 
management demands. The breeding companies need to invest in their research and 
development programmes to meet the growing demands for adaptive and 
productive dual-purpose chickens suitable for smallholder systems in the tropics. 
The number of such breeds developed so far is too few to provide choices to farmers 
and consumers in different geographies and environments.  
 
Breeding programmes in large poultry companies conventionally put most emphasis 
on productivity traits such as growth rate and egg laying performance and less on 
resilience and yield stability (Neeteson-van Nieuwenhoven et al., 2013). Attention 
should also be paid to exploit existing genetic variation in indigenous chickens for 
adaptive traits because indigenous chickens serve as a reservoir of genes linked with 
local adaptation, product quality and consumer preference (e.g., coat colour type 
and pattern, taste of meat and eggs, meat, and egg quality). These adaptive and 
preference genes can be utilized through tailored breeding programmes or 
biotechnology.  
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Tropically adapted and productive chickens targeting the needs of tropical 
smallholder farmers can be of different genetic backgrounds: composites, 
commercial hybrids, or improved pure-bred populations. The advantages and 
disadvantages of each of these types of chickens for smallholders has not been 
comprehensively documented to inform policy decisions. Composites, hybrids, or 
pure-bred populations do differ in their utility for tropical smallholder farmers. 
Composite constitutes a population made up of two or more component breeds, 
designed to retain heterosis (hybrid vigour) in future generations without the need 
for crossbreeding, and is maintained like a purebred. A composite breed combining 
relative strengths of different breeds can be created to meet the needs of specific 
natural and production environments. Composite breeds like Koekoek produce eggs 
that can be hatched by local hens to sustain themselves. This self-sustaining quality 
of flocks is important at least in areas where farmers do not have access to artificial 
incubators, or delivery schemes for day-old-chicks and fertile eggs. 
 
Commercial hybrids are developed by crossing (e.g., through two-way, three-way, or 
four-way crosses) of different chicken breeds or lines to produce chickens specialized 
for fast growth (broilers), high egg production (layers), or optimal yields of growth 
and eggs (dual-purpose). More information on commercial hybrids potentially 
suitable to African smallholder systems (e.g., Shika-Brown, Kuroiler, Sasso, Noiler) 
can be found in the following sources (Adeyinka, 1998; Ajayi et al., 2020; Isenberg, 
2007; Kabir and Muhammad, 2012). Designing breeding programmes aiming at 
developing high producing but adapted hybrid chickens is feasible to enhance 
productivity and economic gains in areas with better access to markets, inputs, and 
services. Traits which are well regarded by smallholder farmers but are not included 
in conventional breeding programmes should not be overlooked (e.g., resilience, 
yield stability; ability to escape from predators because of non-uniform coat colour 
serving as a camouflage or alertness; scavenging ability in the free range; and 
tolerance to diseases and parasites). 
 
The Improved Horro is the only representative of an improved local chicken breed, 
developed through a selective breeding programme in Ethiopia. The Horro selective 
breeding program was started in Ethiopia in the year 2004 to improve survival and 
productivity (growth and eggs) using mass selection. Both sexes were selected for 
growth-at-16-weeks-of-age while egg-number-at-45-weeks was the criterion for 
females. Breeding goals were identified in consultation with local farmers and 
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comprised age-at-first-egg, egg production, body weight, and survival (Dana et al., 
2011; Esatu, 2015).  
 
Selective breeding on indigenous chickens requires more resources than breed 
introduction, but once genetic progress is made it holds many advantages for 
smallholder farmers compared to commercial hybrids. To mention but a few 1) the 
chickens can be used by farmers without intellectual property right (IP) restrictions; 
2) the chickens of such breeds can be used to hatch their own eggs in areas with no 
access to electricity to run artificial incubators; 3) they have well established 
consumer and producer preference or niche market for their appearances, product 
quality and sociocultural values; 4) genetic gains are permanent and such breeds can 
be used in cross-breeding programmes with introduced or other local breeds; 5) they 
have certain adaptive qualities making them suitable for smallholder systems (e.g., 
alertness, scavenging ability, and adaptability to harsh environmental conditions); 
and 6) the development of such breeding programs promotes sustainable utilization 
and conservation of local genetic resources.  
 
Considering the dire need to address nutritional security and to unleash the 
potentials of the poultry sector to spur economic growth, different types of breeding 
strategies or programmes (e.g., use of selected pure-breeds, composites, hybrids) 
can be implemented in African countries in tandem but strategically. The choice of 
the genetic intervention depends on the socio-economic and bio-physical context. 
For instance, farmers close to urban and peri-urban areas have better access to 
markets, inputs and services and will benefit if they keep hybrids. Pure-breeds and 
composites are more suitable to be used in areas far from major towns.  
 
Genetic improvement schemes on local chickens, like the Horro breeding 
programme, are promising and lead to the development of productive yet adaptive 
breeds suitable to the needs of smallholder farmers in Ethiopia. But breeding 
programmes have a long gestation period to come to fruition. It is also essential to 
learn from success stories and failures of chicken breeding programmes in other 
tropical countries of Africa and Asia (Lwelamira and Kifaro, 2010; Niknafs et al., 2012; 
Nwagu et al., 2007; Okeno et al., 2013; Singh, 2002; Venkatramaiah et al., 1986). 

6.7.4 Genomics to inform the development of adaptive breeds for smallholders  
There is a strong need to harness local adaptive variation to improve food security, 
sustain economic growth, and strengthen resilience of production systems in 
developing regions of the world. Indigenous livestock have been exposed to selective 
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pressures for many generations and harbour useful genes conferring local 
adaptation (e.g., disease resistance, tolerance to extreme climate, feed utilization). 
On the other hand, improved breeds are selected for specific traits and excel in 
productive performance under optimal environmental conditions. Advances in 
genomics, breeding, machine learning, ecological niche modelling, and gene editing 
have created opportunities to combine the merits in different populations (breeds) 
and produce genotypes with optimum productivity and resilience. Lack of genomic, 
phenotypic and environmental information and unavailability of suitable analytical 
methods had so far prevented integrative approaches that might lead to 
development of such breeds in a shorter time.  
 
Both commercial and smallholder systems benefit from the discovery and utilization 
of genes related with local adaptation (e.g., climate change, management levels, 
diseases and parasites, market preferences). Several studies show that beneficial 
alleles/variants in indigenous chickens can be introduced into commercial chickens 
through breeding programmes (e.g., cross-breeding, composite development) 
(Horst, 1989; Sheng et al., 2013) or genome editing (Khwatenge and Nahashon, 2021; 
Oishi et al., 2016) (Ballantyne et al., 2021).  
 
In chapter 3, I focused on the use of single nucleotide polymorphisms (SNPs) in my 
analyses. However, the variation between genomes can cover bigger areas, from a 
kilobase, or even megabase sized structural variants (SVs), such as deletions, 
insertions, inversions, and more complex rearrangements. Future studies may 
consider investigating these differences between populations to further improve our 
understanding of adaptive phenotypic and genetic variation (e.g., comb shape, 
feathering pattern, muscle development, immunity, disease, and resilience traits). 
The results from SV analysis of short-read WGS data (from Illumina platform) can 
also be complemented by outputs of long-read sequencing (Oxford Nanopore 
Technology-ONT or Pacific-Bioscience-PacBio). Considering its relatively affordable 
cost, long-read sequencing is promising for the comprehensive discovery of SVs at 
population scale (Beyter et al., 2021; Jiang et al., 2020). 
 
Screening of genes associated with environmental and phenotypic variation and 
their inclusion in genomic selection is useful to improve prediction of estimated 
breeding values  including those traits with low heritability and develop breeds for 
specific or wider agroecologies (Brito et al., 2021; Ruane and Sonnino, 2007). There 
are a few studies demonstrating the direct application of genomic information and 
phenotypic variability to enhance resilience and likability under tropical poultry 
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production systems. The introduction of the frizzle feather phenotypes into the light 
Sussex temperate chicken breed and removal of the dominant white phenotype 
from white leghorn chicken breed to develop socially acceptable breeds by certain 
communities (Ballantyne et al., 2021) are two examples of the direct application of 
genomic and phenotypic information to enhance resilience and likability under 
tropical poultry production systems.  
 
Harnessing other ~omics technologies (e.g. to measure gene expression, epigenetic 
variation, and proteins) advances our understanding of phenotypic and genetic 
variation and provides more power to detect genomic regions associated with 
evolutionary processes such as natural selection,  and gene flow (Rajora, 2019). For 
instance, spatial variation in protein expression among stonefly species (Plecoptera) 
sampled from four geographic regions along a latitudinal gradient was highly 
positively correlated with water temperature suggesting that regulation of protein 
expression in different environments relates to local adaptation (Gamboa et al., 
2017). 
 
Transcriptomic and metatranscriptomic data such as the one generated from 
metagenomics (e.g., microbes from chicken gut, faeces) collected from different 
environmental gradients across space and time may also add to our understanding 
of adaptive phenotypic and genetic variation in indigenous chickens. Productivity 
traits (e.g., growth, feed conversion efficiency), nutrient absorption, physiology and 
fitness (immunity, adaptability) in chickens are influenced by gut microbiota (Choi et 
al., 2015; Diaz Carrasco et al., 2019; Pedroso and Lee, 2015) and the environment. 
For instance, Kumar et al. (2020) and Banos et al. (2020) identified antibiotic and 
disease resistance genes in the microbiomes of Ethiopian chicken populations.  
 
Combined analysis of multiple but independent data types (e.g., geography, 
environment, behaviour, ecology, physiology, transcriptomics, and genomics) 
maximizes the power and reliability of delineating adaptively differentiated 
populations (Allendorf and Luikart, 2009). Improvements in predictive ability of 
distribution models is achieved when environmental information is used along with 
genomic information (Gotelli and Stanton-Geddes, 2015; Razgour, 2015). 
 
The different studies described in this section, including marker assisted selection, 
structural variation, metagenomics, and epigenetics, demonstrate how genomic 
information can be combined with phenotypic and environmental information to 
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improve our understanding of adaptive genetic and phenotypic variation and 
develop breeds suitable for smallholders.  

6.7.5 Conservation and sustainable utilization of genetic resources shall 
never be neglected  
Genetic diversity is the raw material for breeders to work with and offers the 
solutions which are needed to respond to future changes in production conditions. 
Without conservation and sustainable utilization of domestic animal biodiversity, it 
would be difficult to mitigate the undesirable effects of climate change, continuously 
improve genetics, respond to shifts in consumer demands, overcome challenges 
from emerging diseases and parasites, and alleviate other unforeseen problems.  
Most of the indigenous chicken populations in Ethiopia and other tropical developing 
countries face a risk of extinction from rapid introduction and replacement by exotic 
chicken strains (composites, commercial hybrids) (Scherf and Pilling, 2015). The 
urgency of food insecurity in sub-Saharan African countries and the arguments 
behind introducing more productive strains are plausible. However, the necessity for 
in situ conservation (in their natural habitats) and/or ex situ conservation (outside 
their natural habitats either in vivo or in vitro) of the indigenous chicken genetic 
resources should also not be overlooked.  
 
Designing long-term breeding programmes is an avenue for sustainable utilization of 
chicken genetic resources. To this end, chickens should be sourced from biodiversity 
hot spot areas of the country such as Guba district in Benishangul-Gumuz region, 
Horro, Jarso and Girawa districts in Oromia region, Karat district in Southern region, 
and Guagusa Shekudad in Amhara region (Dessie, 2003a; Desta, 2015; Getachew et 
al., 2016). Information on neutral and adaptive variation of individuals and 
populations from landscape genomic studies is applicable to making conservation 
priority decisions at national level. Policy makers, commercial breeders, researchers, 
and development practitioners should also consider taking different conservation 
management steps such as restricting the introduction of exotic breeds into selected 
biodiversity hot spot areas, improving the awareness of producers and consumers 
on the virtues of local genetic resources, and developing niche markets for products 
from indigenous chickens at premium price. Apart from this, establishment of 
experimental flocks at poultry research facilities can be used to, in the short-run, 
conserve populations (individuals) with unique phenotypes ex-situ and serve as 
experimental flocks for in depth studies (e.g., molecular, physiological, 
immunological, behavioural, and phenotypic).  
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Chicken genetic resources conserved in situ as live populations are at risk of loss due 
to disease outbreaks, genetic disorders, inbreeding, natural and human-made 
disasters. Hence ex-situ conservation through cryobanking of semen and primordial 
germ cells (PGCs) should be considered. Conservation of PGCs has an added 
advantage because it allows long-term storage of precursor cells for the gametes of 
both sexes. The technologies for avian PGC manipulation and cryoconservation are 
constantly being refined and seem highly promising (Mucksová et al., 2019; 
Nakamura, 2016; Nandi et al., 2016). 

6.7.6 Concluding remarks 
Smallholder chicken production can serve as a way out of poverty for millions of 
farmers in developing regions of the world. However, improving levels of 
productivity and production require more than availing the best performing breeds 
to smallholder farmers. Increasing the production efficiency of the smallholder 
poultry farmers in tropical developing countries requires careful examination of 
other interrelated factors besides delivering improved genetics. This entails a 
comprehensive analysis of the poultry-value-chain and the production system (e.g., 
reproduction strategy, germplasm sourcing, germplasm dissemination, marketing, 
health, feeds, management decisions, agroecology/environment, quality grading of 
poultry products and inputs, policy matters, and legal aspects governing intellectual 
property rights and product development). Economic, social, technical, and 
ecological viability; and access to efficient input and output markets are vital for 
sustained adoption of agricultural technologies such improved chicken breeds by 
smallholder farmers (Birhanu et al., 2022).  
 
Tropical poultry production systems are complex. Phenotypic and genetic variation 
exhibited by indigenous chicken populations in these systems are the result of an 
interplay between genetic and environmental factors (e.g., climate, geography, 
management decisions). Phenotypic and genetic variation observed in indigenous 
and improved chicken populations reared in low- and medium-input systems offer 
opportunities to improve the economic efficiency of smallholder and commercial 
systems.  Changes in production scenarios (e.g., climate, diseases and parasites, 
consumer preferences) require development of breeds that combine superior 
productive performance with traits such as robustness, resilience, and likability.  
 
In this PhD thesis, I studied adaptive phenotypic and genetic variation among 
indigenous and improved breeds of chickens raised in smallholder systems. The 
rationales for undertaking this PhD research were the unavailability of analytical 
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approaches that integrate genomic, phenotypic, and environmental information to 
investigate adaptive phenotypic and genetic variation. Proper methodologies need 
to be developed to match the right breeds with the right environment and to 
enhance productivity. I applied advances in ecology, statistical genetics, and 
landscape genomics to identify the most important climatic predictors influencing 
chicken productive performance and adaptability. I used this information to redefine 
agroecologies for the species, to improve model fit in GxE predictions for improved 
breeds, and compare breeds on growth performance and yield stability. I also used 
the most informative environmental predictors and quantitative morphological 
traits to find associated variability in the chicken genome. The approaches applied in 
this thesis can be used to study adaptive phenotypic and genetic variation in other 
livestock species. Exciting opportunities lie ahead to exploit adaptive phenotypic and 
genetic variation in chickens to enhance productivity and resilience and improve 
economic efficiency in smallholder systems. 
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Smallholder chicken production is dominant in many tropical developing countries 
and contributes significantly to sustainable livelihoods. As a low input-low output 
production system, it has low efficiency to meet growing demands for meat and eggs 
in these regions. The lack of productive breeds and inadequate understanding of the 
roles of local adaptation are major factors contributing to poor performance. 
Knowledge on adaptive phenotypic and genetic variation is essential to design 
sustainable chicken genetic improvement and development programmes.  
 
In this thesis I aim to address two overarching research questions:  
What are the environmental drivers of local adaptation, and phenotypic and genetic 
differentiation in indigenous chickens?  
How do improved chicken populations that are introduced into smallholder systems 
respond phenotypically to environmental variations? To answer these questions, I 
follow a landscape genomics approach and integrate genetic, phenotypic, and 
environmental information in my study design and statistical analyses. 
 
In the first part of the thesis I investigate phenotypic and genetic differentiation in 
indigenous chickens. In chapter 2, I perform species distribution models (SDMs) and 
apply correlative methods to identify environmental predictors associated with 
habitat suitability and phenotypic differentiation in Ethiopian indigenous chickens. I 
report that the presence of population differentiation among Ethiopian chickens is 
probably in response to environmental variation. I use habitat suitability maps 
produced by SDMs to show that populations went through different environmental 
selective pressures. Based on the matching between the presence of distinct 
phenotypes and availability of unique environmental niches, I classify the Ethiopian 
indigenous chicken populations into three ecotypes. 
 
In chapter 3, I look for candidate genes and regions under positive selection in 
different agroecologies (lowland, midaltitude, and highland) and environmental 
gradients (clines in different geographies). I show that phenotypic differentiation in 
Ethiopian indigenous chickens has a genetic basis. I look at independent results and 
overlaps between two methods of signatures of selection ( 𝐹ௌ்  and XP-EHH). I show 
that that Ethiopian chicken populations differentiated the most between gradients 
but selection pressures leading to adaptive variation are stronger between 
agroecologies. These results lead to the hypothesis that evolutionary processes 
other than natural selection, such as gene flow and genetic drift may have 
contributed to genetic divergence among populations sampled from different 
gradients.  



Summary 

171 
 

 
I perform Redundancy analysis (RDA) and show that SDM-identified environmental 
predictors and quantitative traits are useful to explain variations in the genome. I 
demonstrate that RDA can be used as an alternative approach to GWAS in random 
mating, indigenous livestock populations which have sufficiently interacted with 
the environment. I indicate that the results from RDA are supported by the outputs 
from signatures of selection analyses (  𝐹ௌ்   and XP-EHH). I demonstrate that 
signatures of selection analysis with the two methods ( 𝐹ௌ்  and XP-EHH) can be 
used complementarily with RDA to shed light on the relationship between 
genomic, phenotypic, and environmental variation in local adaptation studies in 
indigenous chickens.  
 
In the second part of the thesis, I evaluate the performance of improved chicken 
breeds introduced into smallholder systems. In Chapter 4, I apply distribution 
models to compare performances of improved chicken breeds introduced into 
smallholder systems. I show that classifying agroecologies based on environmental 
variables associated with habitat suitability and phenotypic differentiation of a 
livestock species improves model fit in GxE predictions. I demonstrate that 
phenotypic distribution models (PDMs) like boosted GAMs and boosted GLMs are 
valuable tools in animal breeding to integrate environmental and phenotypic 
information and predict phenotypic values.  
 
Finally, in chapter 5, I utilize the concept of phenotypic plasticity to evaluate yield 
stability among improved chickens distributed to smallholder farmers. I implement 
two methods of multi-environment breed performance analysis (MEPA), namely, 
additive main effects and multiplicative interaction model (AMMI) and linear mixed-
effects model (LMM) to identify and recommend more productive and stable breeds 
for wider dissemination into smallholder systems. I report that that improved 
chicken breeds introduced into different agroecologies significantly vary in growth 
performance and yield stability probably owing to their different genetic 
backgrounds.  
 
Together, I demonstrate in this thesis how adaptive phenotypic and genetic variation 
can be exploited to enhance performance of chickens in smallholder systems.
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