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ABSTRACT 

The characterisation of the small ruminant populations in Ghana will playa major role in 

the maintenance of the genetic resources as the basis for future improvement in livestock 

production. This research was undertaken to characterise the two main breeds of sheep in 

Ghana morphologically by assessing variation within and between breed populations to 

discriminate between breeds as well as develop models for predicting liveweight of sheep 

at market ages. Principal Component Analysis was used to investigate the core structure 

of the body traits, and then Discriminant Analysis was used to discriminate and classify 

the sheep breeds. Regression analysis was used to develop weight prediction models. The 

study revealed significant differences between the morphological characteristics of the 

Sahelian (WALL) and the Djallonke (WAD) sheep breeds. The most discriminating traits 

between Sahelian and Djallonke sheep breeds were rump height, wither height, heart 

girth, neck girth and pin-bone width. The developed discriminant functions clearly 

discriminated and classified the Sahelian and Djallonke sheep into their breeds of origin, 

thus yielding 100%, 93.4% and 90% accurate classification for the rams, ewes and the 

overall sheep populations respectively. Among the simple linear models used, heart girth 

was the best predictor of liveweight, with R;dj values of 84.61 - 92.36% for Sahelian 

sheep and 39.62 - 81.20% for Djallonke sheep. Where multiple traits were used, the best 

liveweight prediction model was a linear model with «: value of 95.53% although the 

quadratic models generally predicted liveweight more accurately than the linear models. 

The best prediction models were obtained for the two years old Sahelian sheep using 

hearth girth and body length as regressors. 
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STRUCTURE OF THE THESIS 

The thesis is organized into five chapters. Chapter one contains the introduction of the 

research work. Chapter tow comprises of literature review. Chapter three outlines the 

methodology employed in this research while chapter four presents the research findings 

and discussions. Chapter five is devoted to conclusions and recommendations 
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CHAPTER ONE 

INTRODUCTION 

1.1 Background 

The livestock sub-sector is an important component of Ghana's agriculture and 

contributes to food security by providing animal protein to enhance the nutritional 

content of the diets of the average Ghanaians. It also provides employment opportunities 

for a large section of the population, especially those in the rural areas. In addition, the 

livestock industry offers prospects for wealth generation, income enhancement and 

improvement in the rural sector besides its estimated contribution of 7% to agricultural 

GDP in 2006 (Oppong-Anane et al., 2008). 

The common sources of the animal protein include ruminant animals (cattle, sheep and 

goats), pigs and poultry. Sheep production has been quite favourable in the world. In 

2004, the world sheep population was 1,059 million heads, almost the same as cattle 

whose population was estimated to be 1,339 million heads. The figure recorded for sheep 

far outnumbered the populations of goat (783 million heads) and pig (948 million heads) 

(Sorensen et al., 2006). In the last decade, sheep population (which fluctuated between 

2.07 and 2.42 million head) was about same as that of goats population (2.13 and 2.53 

million head) but twice as much as cattle population (1.12 and 1.25 million head) in 

Ghana (MOF A, 1999). Sheep rearing is one of the most important means of livelihood 

and food security for the rural population (Ahmed et al., 2000). In Ghana, a bulk of the 

nation's sheep is confmed to the rural areas or villages where almost every family owns a 
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few herd. The small size and early maturity of sheep gives them several distinct 

economic advantages in smallholder situations. 

There are two main sheep breeds in Ghana namely, the West African Dwarf and the West 

African Long-Legged, although hybrids from two or more different breeds also exist. 

These indigenous breeds are an important component of livestock agriculture as they are 

a source of investment as well as food. They have good mothering ability, tolerate 

external and internal parasites and are well adapted to the climatic conditions (Kunene et 

al., 2007). In animal production systems, the value of a species increases in relation to its 

adaptation, capacity to make socio-economic contributions, capacity to fill market 

opportunities and potential for increasing productivity (Mamabolo and Webb, 2005). 

There is a considerable potential for increased sheep production, if proper management is 

employed. However, much of this will depend on the recognition of their values as small 

domestic animals (Chukwuka et al., 2010). 

Apart from the conventional management practices, other common management practices 

are employed in sheep production. Some of these practices help to obtain information 

about sheep that are useful in the control and management of the herd during the entire 

rearing process. Measurement of linear body parameters have been used to estimate 

necessary information (like weight and size) in sheep, while other information are 

estimated by observing certain parameters such as age estimation from the number and 

shape of teeth (incisors) (Hamito, 2009). 

Linear body measurements (LBM) can also be used to assess growth rate, feed utilization 

and carcass characteristics in farm animals (Brown et al., 1973). According to Essien and 
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Adesope (2003), LBM are divided into two groups; these include skeletal and tissue 

measurements. Skeletal measurements include all the height and length measurements 

while tissue measurements include heart girth, chest depth, punch girth and width of hips. 

Live weights and body measurements taken on live animals have been used expansively 

for a diversity of reasons both in experiments and in breeding and selection procedures 

(Cam et al., 2010a). The accuracy of functions used to predict live weight or growth 

characteristics from live animal measurements is of immense financial contribution to 

livestock production enterprises. When the producers and buyers of livestock are able to 

relate live animal measurements to growth characteristics, an optimum production and 

value-based trading systems will be realized from accurate predictions. This will ensure 

that livestock farmers are adequately rewarded rather than the middlemen that tend to 

gain more profit in livestock production business, especially in the rural areas of 

developing countries (Afolayan et al., 2006; Safu et al., 2009). 

A number of studies have been carried out on linear measurements in several African 

sheep breeds. For example, in the characterization of Zulu (Nguni) sheep, Kunene et al. 

(2007) indicated that the results of LBM could be used for prediction of live weight 

efficiently in rural locations. Fourie et al. (2002) found out that body weight is highly 

correlated with heart girth and body length. It is therefore important to study linear body 

measurements of sheep in Ghana because most traditional farmers lack weighing 

scale/bridge and adequate knowledge to understand its manipulation. Besides, little is 

known about works done with regards to the local breeds in Ghana. 
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1.2 Problem Statement 

Indigenous livestock breeds of Africa are well adapted to the local environment even 

though their productivity is generally lower when compared to other parts of the world. 

Attempts by breeders and farmers to improve the performance of the indigenous African 

breeds involve the introduction of exotic animals and crossbreeding practices, which have 

resulted in the contamination of the indigenous genetic resources. This is gradually 

leading to the erosion and complete masking of important survival traits, such as disease 

resistance associated with indigenous livestock as well as the extinction of certain breeds. 

The characterisation of African small ruminant populations will playa major role in the 

maintenance of these genetic resources as the basis for future improvement at both the 

production and the genetic levels. This can be partly achieved through the analyses of 

morphological traits to assess variations within and between populations and to 

discriminate between breeds. Knowledge of morphological parameters and differences 

between/among breeds will be helpful for breed conservation as well as evaluation of 

suitable breeds for production and reproduction. 

The prices of animals mainly depend on body weight. In Ghana, only the few large-scale 

livestock farms have proper weighing scales or bridges and market their animals based on 

weight. In addition to weight, other factors (like sex and purpose) are considered in 

marketing of livestock at the national livestock breeding stations. Within the rural 

communities, proper weighing scales or bridges are neither available nor affordable, but 

even if they were, it would be inconveniencing and a huge task to carry and assembly 

them, each time to weigh animals especially during marketing. Middlemen and butchers 
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therefore move around the villages buying animals from farmers whose pricing system is 

often based on visual appraisal, a practice which does not favour farmers. 

Apart from the conventional use of scales in determining the weight of sheep, weight 

determination by assessing some linear parameters is alternative to the use of scales. The 

knowledge of livestock weight estimation will immensely help livestock farmers in 

carrying out all animal production and marketing practices. The requirements (like 

measuring tape or calibrated stick) for linear parameter measurement for livestock weight 

estimation are within the reach of most farmers and such parameters can be measured 

easily by farmers with minimal training. 

1.3 Objectives 

The main objective of this study was to characterise the two main local sheep breeds in 

northern Ghana using appropriate discriminant function. 

The specific objectives included the following: 

1. To determine the most parsimonious way to distinguish between/among breeds. 

2. To develop a model for predicting the weight of the local sheep at market ages. 

1.4 Research questions 

1. Does the discrimination of sheep breeds on the bases of morphological traits have 

any scientific support? 

2. Which morphological variables discriminate between the breeds? 

3. Do all sheep have the same weight prediction equation at market age? 
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1.5 Scope of the research 

The Ministry of Food and Agriculture under the auspices of Ghana government, has 

established a number of nucleus livestock breeding stations across the country in an 

attempt to improve livestock production in Ghana. The distribution of the breeding 

stations is as follows: grasscutter and large white pigs at Nungua, and diary cattle at 

Amanhia, both in the Greater Accra region; west African dwarf sheep at Ejura in the 

Ashanti region; west African dwarf goat at Kintampo in the Brong-Ahafo region; west 

African dwarf cattle, west African dwarf and Sahelian sheep, Sahelian goats, and pigs at 

Pong- Tamale in the Northern region; and the Asanti black pigs at Babile in the Upper 

West region. Each station is mandated to breed and improve a given livestock breed. 

Having the mandate of breeding and maintenance of livestock genetic resources in 

northern Ghana, the Pong-Tamale breeding station breed and distribute improved animals 

to farmers and sometimes the other breeding stations. The two breeds of sheep raised at 

this station were used as the experimental animals for this research, hence the fmdings 

herein are limited to and/or applicable to only northern Ghana. 
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CHAPTER TWO 

LITERATURE REVIEW 

2.1 Origin and distribution of sheep 

The present day sheep (Ovis aries) of West Africa is a hairy thin-tailed type of sheep, 

which is believed to have originated in western Asia, and entered Africa through the 

Isthmus of Suez and Bab el Mandeb. Domestic sheep had reached Egypt and other parts 

of North Africa by 5000 Be (Epstein, 1971). Of the world's sheep population, about 28% 

is found in the developing countries of the tropics with about 16% being in sub-Saharan 

Africa (F AO, 2003). 
:: 

As outlined in DAGRIS (2005), sheep breeds indigenous to sub-Saharan Africa can be 

categorized into (i) thin-tailed, (ii) fat-tailed and (iii) fat-rumped. Thin-tailed breeds are 

most common in the dry tropics, e.g. the African long-legged type which is predominant 

in the Sahara. This type is usually large and well adapted to a migratory existence, 

examples of which include West African Long-legged, Dongola, Northern Sudanese and 

Zaghawa. In West Africa the thin-tailed sheep, found in the humid areas, are smaller than 

their dry tropic counterparts and are often referred to as the dwarf or forest sheep. Fat 

tailed sheep are predominant in eastern Africa. Breeds of this type are Abyssinian, East 

African Blackheaded and Maasai. Fat-rumped types predominate in north-east Africa but 

are also found in South Africa and other countries of the southern region (DAGRIS, 

2005). 
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One of the hairy sheep breeds found all over West and Central Africa, south of 14° 

latitude is the West African Dwarf (WAD) sheep, commonly called Djallonke. This breed 

is widely distributed throughout the savannah and humid zones and commonly found in 

Nigeria, Benin, Ghana, Ivory Coast, Guinea, Senegal, Cameroon, Gabon, Congo and 

southern Mali (F AO, 1992). The characteristics of WAD sheep include a small mature 

size and short horizontal lop ears. According to DAGRlS (2005), their back is straight, 

their tail is fairly thick at the root growing thinner until it terminates at the hocks. Coat 

colour varies from spotted black and white to solid black or white. Some have tan or 

brown coat colour and black bellies. Females are generally polled while rams are horned. 

These sheep breed is well adapted to these agro-ecological conditions and remain 

productive even in tsetse fly-infested areas where other breeds cannot survive without 

treatment (Okoli et al., 2005; Goossens et al., 1999; Epstein, 1971). 

The West African Long-Legged (WALL) (also known as Fulani, Peul, Bali-Bali, Maure, 

Tuareg, Guinea Long-Legged, Sahelian sheep) is widespread from the Guinea savannah 

through the Sudan to Sahel, primarily in the countries of Mauritania, Mali, Niger and 

Chad (Epstein, 1971). The WALL sheep is hairier, usually white, white and brown, or 

white and black with lop ears. The females are usually polled while the males have long 

twisting pattern horns. When compared to the WAD, the WALL are taller, heavier and of 

poor mutton conformation. The rams do not have a throat ruff or mane (Thomas, 1991). 

2.2 Importance of sheep 

Sheep are widespread in the tropics and are important to the subsistence, economic and 

social livelihoods of a large human population in these areas. They are especially 

important to women, children and the aged, who are often the most vulnerable members 
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of the society in terms of under-nutrition and poverty (Kosgey, 2004). The agricultural 

potential in the tropics varies, and consequently, a wide array of livestock production 

systems with different production goals and priorities, management strategies and 

practices are found (Lebbie and Ramsay, 1999). The major ones are those associated with 

smallholders who practice mixed crop-livestock farming (Kosgey, 2004). Mixed crop 

livestock farming systems are currently on the increase due to increased human 

population pressure on a fmite land base (Steinfeld et al., 1996). 

In these traditional production systems, small ruminants provide both tangible benefits 

(i.e., cash income from animal sales, meat for home consumption, manure, fibre and 

skins) and intangible benefits (like savings, an insurance against emergencies, cultural 

and ceremonial purposes) (Jaitner et al., 2001). In addition, sheep complement other 

livestock in the utilization of available feed resources and provide one of the practical 

means of using vast areas of natural grassland in regions where crop production is 

impractical (Rege, 1994). In the developed world, sheep, goats and cattle are kept for 

economic returns from their products; provision of food, clothing or shelter for the 

owners is a minor consideration. Even so, in the West African sub-region, sale of small 

ruminants like sheep is effectuated to meet family needs, especially before the harvest, at 

the beginning of the new school year and in case of illness, and the preference of sheep 

and goat as slaughter animals at religious purposes is more pronounced (London, 1993; 

Kezie, 1997). According to Oppong-Anane (2001), livestock production is a major 

feature in Ghana's agriculture and contributes largely towards meeting food needs, 

providing draught power, manure to maintain soil fertility and structure, and cash income 

particularly for farmers in the northern part of the country. In drought areas, small 
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- 
ruminants are increasingly playing the role of bridging the gap between good years and 

drought years, years of plenty and years of hunger. Besides, ruminant livestock playa 

major role in the socio-cultural life of the farming communities as a partial determinant 

of wealth, payment of dowry, and act as a bank and insurance in times of difficulty 

(Oppon-Anane, 2001). Sheep and goats are often slaughtered for various occasions and 

functions such as births, funerals and marriages. 

Small ruminants are an important item of trade within humid West Africa. Sheep and 

goat production as a sector of small ruminant production could form a basis for major 

export trade as has been the case in Somalia, where big livestock (cattle and camels) and 

small ruminants (sheep and goats) have made up to 80% of the national export trade, with 

the latter numerically making up 75% of all animals (Mumin, 1986). According to SRID 

(2001), the livestock sector contributes in direct products about 7 percent of agricultural 

GDP excluding manure and draught power that is provided to the crop sector in Ghana. 

Sumberg and Cassaday (1984) reported that demand and consumption patterns for sheep 

and goats are different, but the large importation of northern animals from the north 

indicates a vast potential market in the south for locally produced animals. They 

explained that in Muslim dominated communities, sheep are consumed primarily during 

Muslim religious holidays, while goats are used for all ceremonies throughout the year. 

This results in a clear price premium for (white) male sheep during the festival period, 

and some early purchasing for fattening and re-sale takes place. Sheep appear to yield a 

higher output and rate of return than goats under the predominantly conventional 

management systems. Upton (1984) reported that sheep are bigger, heavier, experience 

lower mortalities and fetch higher prices at markets even though goats are noted for being 
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more prolific. The size of sheep makes them ideal for families. Their upkeep requires 

little capital investment in buildings or other materials and space and maintenance 

requirements are also low. Sheep are suitable for family consumption in the absence of 

refrigeration for storage, or adequate transportation (Ademosun, 1988). 

2.3 Sheep genetic resources 

The sheep is one of the species most widely distributed throughout the world, having a 

high capacity of adaptation which has permitted it to survive in a great variety of 

environments from arid zones and semi-deserts, to cold mountainous regions. According 

to Combellas (1980), about 20% of the world sheep population is located in tropical and 

sub-tropical regions with the production of meat being the main objective and to a lesser 

degree, production of skin, milk, manure and wool. The characteristics of different 

tropical sheep breeds vary slightly according to the environment from which they 

originated and the type of production for which they have been selected. 

Sheep have been increasing in importance in the tropics due to the scarcity of animal 

protein in these areas (Combellas, 1980). Knowledge of genetic parameters and 

differences between breeds are therefore necessary to evaluate the suitability of breeds 

for production, reproduction and crossbreeding and to assess which of the breeds should 

be used as sire and dam, respectively (Brandt et ai., 2010). Farmers' choice in selection 

of animals is often based on evaluation of production and reproduction parameters. The 

production parameters encompass birth weight, weaning weight, live weight gain, yield 

and quality of carcass, milk production, quality of skin and wool yield, while age at 

puberty, litter size, interval between births, seasonality of births, duration and interval 

between oestrus and gestation period fall under reproduction parameters (Combellas, 
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• 
1980). Undoubtedly, these parameters vary both in-between and within breeds and so 

farmers need to select breeds which are superior and quite stable (in terms of output) 

under diverse environments. 

There is an increasing interest in the characterisation of African small ruminant 

populations because of their major role in the maintenance of genetic resources as the 

basis of future improvement at both the production and the genetic levels (Dossa et al., 

2007). The earlier fmdings of several researchers (Bertaudiere, 1979; Dumas, 1980; 

Casey et al., 1988; Greyling, 1988; Ikwaegbu et al., 1996; Manjeli et aI., 1996) which 

were reported by Mamabolo and Webb (2005), have confirmed that indigenous small 

ruminant breeds perform differently in terms of production and reproduction. Hence, the 

estimation and discrimination of the production and reproduction parameters in different 

breeds can be of importance for selection purposes, because those parameters are always 

associated with other important traits. In recent years, livestock research is geared 

towards discrimination and classification of breeds (Taylor et al., 2004; Dossa et al., 

2007; Traore et al., 2008a, b; Yakubu et al., 2010a, b). The main rationale of such 

researches is to explicitly defme breeds in order to preserve the indigenous small 

ruminant genetic resources. 

2.4 The growth of sheep 

One of the most important characteristics of farm animals that carmot be restricted to one 

formal defmition is growth. The concept of growth is easily seen as increase in size. 

According to Tariq et al. (2011), it is defmed as an increase in body size per unit time. It 

is obvious that a growing animal gains weight and undergoes changes in body 
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conformation (development). The growth, influenced by genetic and environmental 

factors, is explained by Brody, Gompertz, Logistic, Richard's, and Bertalanffy growth 

models, each of which is defmed as a non-linear function (Kum et al., 2010). These 

nonlinear models are more effective than linear models because the growth has a sigmoid 

(S-shape) form when live weight is related with age, and is similar in sheep, goats, cattle 

and pigs. A study of Ouda sheep in Nigeria where the rate of growth was observed to 

increase rapidly during earlier stages of life (4-12 months) and then dropped at sharp rate 

at maturity (25-36 months) (Otoikhian et aI., 2008), further attest to the sigmoid shape of 

growth. 

i 

A better way of studying growth of livestock will involve a sequential measurement of 

parameters such as body length, height, girth and weight. According to Rao (1997), the 

traits indicating growth mostly include birth weight, weaning weigh at generally 2-5 

months of age, post weaning weight and gain up to nine months of age and yearling 

weight. The growth models used to describe relationship between lifetime weight and age 

allow us to acquire beneficial information such as determination of fattening 

performance, regulation of feeding regimes, and optimum slaughtering age (Tariq et al., 

2011). Body weight and rate of gain are among the most economically important and 

easily measured traits of sheep. As explained by Rao (1997), knowledge of the particular 

trait and phase of the animal's growth upon which to base selection is of utmost 

importance because, the potential for genetic improvement is largely dependent on the 

heritability of the trait and its relationship with other traits of economic importance. 
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2.5 Morphometric characteristics of sheep 

Phenotypes are an expression of genetic characteristics, modified by environmental 

conditions; and variance in both genetics and environment may affect phenotypic 

variance (Yakubu et al., 2010a). Hence, measurements of various body conformations are 

of value in judging quantitative characteristics of meat and are also helpful in developing 

suitable selection criteria. This is because physical body characteristics or linear 

measurements are less affected by environmental variations and allow for growth 

comparisons of different body parts at any stage or phase of growth (Harnito, 2009). 

Linear measurements have been a recurring interest to the beef cattle industry either to 

supplement body weight as a measure of productivity or as predictors of some less 

visible characteristic (Gilbert et al., 1993). The morphometric and morphological 

characterisation of African animal genetic resources is currently receiving increased 

attention (Ozoje and Mgbere, 2002; Traore et al., 2008a, b; Yakubu et al., 2010a, b). 

Comprehensive breed characterisation studies started on the beef breeds, but, 

unfortunately, small stock has not been characterised to the same extent (Mamabolo and 

Webb, 2005). Gilbert et at. (1993) observed in two temperate cattle breeds that Angus 

was significantly longer in body and had larger heart girths than Hereford at all stages of 

development. In a recent studies of sheep breeds in Burkina Faso, Traore et at. (2008b) 

reported a significant difference among the Sahel, Sudan-Sahel and Sudan sheep in 

regards to average height at withers (69.09 em, 59.58 em, 56.49 ern), average 

thorax/chest depth (29.74 em, 26.20 em, 26.07 em) and average body length (60.81 em, 

54.45 em, 54.10 em) respectively. A similar significant breed difference was observed 

among three goat (Sahel, Sudan-Sahel and Sudan) breeds except that in the later, the 
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Sudan breed was statistically longer and larger by the thorax depth than the Sudan-Sahel 

breed (Traore et al., 2008a). A related study showed that immature Uda sheep were 

6S.83±S.81 em tall from the ground at the withers with the rump height measurement of 

6S.18±6.06 em, body length ofS9.37±4.S0 em and heart girth of71.98±4.S0 em (Salako, 

2006), thereby being larger than even the Sahel breed. One conclusion in that study was 

that the Uda sheep was not sloppy on standing because their wither and rump heights 

were virtually the same. The wither height and body length of young Dorper sheep were 

also reported to range from 62.9 ± .8 - 63.7 ± 2.6 em and 70.9 ± 2.3 - 71.8 ± 2.S cm 

respectively (Fourie et al., 2002). According to the Animal Genetic Resource (DAGRlS, 

200S), mature ewes of the Sahel breed weigh over 3S kg. The characteristics of West 

African Dwarf sheep include a small mature size and short horizontal lop ears. They are 

reported to have a wither height of 40 - 60 em and a matured body weight of about 20 - 

30 kg (DAGRlS, 200S). 

Findings of most of the research works showed varied morphometric structures among 

livestock breeds. The pattern of morphometric distinction detected among the small 

ruminant breeds (both sheep and goats) suggests a direct relationship between the extent 

of morphometric divergence and geographical separation, which might have resulted 

from phenotypic plasticity (Yakubu et al., 2010a). It has been observed that body sizes of 

the small ruminant populations in Western and Central Africa increased with increasing 

distance to the Atlantic coast (Dossa et al., 2007). Large variation within certain 

measurements suggests either the absence of selection, or the parts respond more to the 

environment than others (Salako, 2006). 
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The research data are usually analysed with one or a combination of statistical tools most 

of which are multivariate methods such as factor and principal component analyses, 

cluster analysis and discriminant analysis. 

2.6.1 Factor and Principal Component Analyses 

Factor analysis is a general expression for a group of statistical techniques dealing with , 
the reduction of a set of observable variables in terms of a small number of latent factors. 

It includes both factor analysis (FA) and principal component analysis (peA). 

In India, Pundir et al. (2011) performed factor analysis of biometric traits of Kankrej 

cows to explain body conformation. They realized that three factors (body size, face and 

back view) were extracted, accounting for 66.02% of the total variation. Similarly, 

Yakubu et al. (2009) used factor analysis to study the different biometric traits in White 

Fulani cattle in Nigeria. When Salako (2006) studied the morpho-structural traits ofUda 

sheep in Nigeria, principal component factor analysis was the main statistical tool used in 

the analysis of data. He obtained two principal components where the first (considered as 

a generalized body size factor) explained 67.7% while the second explained only 11.0% 

of the generalized variance in the body measurements. Usually, body traits that record 

lower communalities are taught to be less effective in accounting for total variation of 
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body conformation (Pundir et al., 2011). By use of the PCA, Mulyono et al. (2009) 

observed that chest depth was a good representation of body size for fat-tailed Madura 

and Rote rams while tail width represented body size very well for the Madura ewes. 

Where unrelated traits seem to be explaining a single factor, the underlying phenomenon 

is attributed to pleiotropism (Salako, 2006). 

Beside the study of biometric traits, FA and PCA are also used in other livestock studies. 

In studying the typology of sheep farming systems in different zones from Galicia, 

multivariate analysis (principal components) was used to categorize sheep farms into four 

homogenous groups (Iglesias et al., 2009). Beausoleil et al. (2008) employed factor 

analysis in exploring the basis of divergent selection for 'temperament' in domestic sheep 

in Australia. In that study, two uncorrelated factors (r = -0.02, P = 0.874) were retained to 

explain 85% of the common variation in the behavioural responses of the sheep. 

2.6.2 Cluster analysis 

Cluster analysis was the main multivariate procedure used to objectively classify cows 

into three and four groups (Kastelic et al., 2005). It does not seem to be widely used in 

livestock research by most researchers. Nevertheless, other multivariate methods have 

been used. Multidimensional scaling was used to analyze genetic distance matrices in 

goats in Burkina Faso (Traore et al., 2009). Canonical and correspondence analyses were 

employed together with other methods to perform multivariate analysis on morphological 

traits of goats in Burkina Faso (Traore et al., 2008a). 
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2.6.3 Discrimination and classification 

2.6.3.1 History of discrimination and classification 

The study of ideas associated with discriminant analysis date back to around 1920, when 

the English statistician Karl Pearson (1857-1936) proposed what was called the 

coefficient of racial likeness (CRL) to be an intergroup distance index (Dodge, 2008). 

Around the same time Mahalanobis (1930) was studying another distance index in India. 

The ideas ofR. A. Fisher suggest the involvement and contribution of earlier researchers 

to the development of discriminant analysis and classification. At the suggestion of 

Fisher, M. M. Barnard applied two-group predictive discriminant analysis in studying 

seven Egyptian skulls in 1935. The terminology 'Discrimination' was introduced by 

Fisher (1936) in the first modem treatment of separative problems. He proposed a linear 

discriminant function for separating two groups. The technique of two-group 

classification was later extended to multiple-groups by Rao (1948) when he studied "The 

utilization of multiple measurements in problems of biological classification". Johnson 

and Dean (2007) indicated that a lot of studies on discriminant analysis and classification 

techniques regarding the applications and performances have been done by numerous 

researchers including Bartlett (1951), Hills (1966), Habbema (1974), Efron (1975), 

Eisenbeis (1977), Geisser (1977), Hudlet and Johnson (1977), Breiman et al. (1984), 

Johnson (1987) and Ganesalingam (1989). 

From the 19th through to the 215t century, discriminant analysis technique has been well 

developed and widely applied in studies of diverse phenomena. It has been used to 

classify areas and regions into prevalence categories based on one or more variables, 
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thereby allowing the distribution of a disease agent in livestock to be approximated 

(Ward, 1994). In that same study, the technique was used to select those variables that 

appear to be important in determining the pattern of distribution of a disease. It was 

previously used to study the distribution of vectors and vector-borne diseases. Thus, 

Rogers and Williams (1993) were able to discriminate those areas suitable for vectors of 

African trypanosomiasis using the variable maximum average temperature. Linear 

discriminant analysis has also been used to classify high and low mosquito-producing 

habitats on the basis of remote sensing data (Wood et al., 1991). In anthropological 

studies, linear discriminant analysis was used as a technique to classify Nigerian 

Households into poverty levels and income classes (Adebanji, 2000) and to classify 

children into various nutritional groups (Abukari, 2010). In livestock research, it has 

become a major analytical tool of late (Salako and Ngere, 2002; Traore et al., 2008a, b; 

Yakubu et al., 2010a, b). 

2.6.3.2 Discrimination and Classification of livestock breeds 

Selection and classification of animals into groups/breeds with characteristics of interest 

is a common practice among livestock breeders as well as processors of animals and 

animal products. A critical consideration of most of the scientific researches involving 

livestock shows that they are often conducted with the intention of classifying into one of 

two or several groups based on certain characteristics. In discriminant analysis, the 

classification functions derived for each group are a linear combination of the variables 

that best discriminate that group from the rest of the cases in the sample (Johnson and 

Dean, 2007; Timm, 2002). Discriminating between/among breeds is becoming 

increasingly important as breed names become more widely used as 'brand' names for 
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livestock products in the developed countries (Blott et al., 1999). Researchers usually 

want to utilize the differences between breeds to optimize genetic merit of performance 

traits under various environmental conditions. The breeding or production objectives of 

the farmer as well as technological advancements available, determine the variables 

suitable for discriminating between/among animal groups. 

The assignment of an individual to a population of origin based upon the individual's 

multi-locus genotype (manifested in phenotype) is a statistical problem which must 

consider features of the genetic architecture of the underlying populations from which the 

individual may have originated (Taylor et al., 2004). According to Blott et al. (1999), the 

cumulative effects of genetic drift, caused by founder effects and small population size, 

together with natural and artificial selection has led to the formation of distinct breeds. In 

studies of cattle breed relationships based on genetic markers, the same researchers found 

that breeds are significantly differentiated at the genetic level which is evidenced 

phenotypically. In a theoretical approach to classification of individuals, Taylor et al. 

(2004) assumed that the candidate populations are in Hardy-Weinberg Equilibrium and 

Gametic Phase Equilibrium with respect to the discriminating variables (traits). In this 

sense any individual picked at random for evaluation should possess all or most of the 

discriminating traits. According to Ibrahim (1998), a genetic marker for a trait is a DNA 

segment which always exhibits the same characteristics when present in a genotype. 

Genetic markers serve several uses in conservation of genetic resources which include; 

• Validation of pedigree through the verification of parentage: A correct pedigree is 

important for developing breeding strategies that minimize inbreeding. 
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• Estimation of the level of genetic diversity: Analyses of genetic marker variation 

allows you to objectively measure the genetic variation within the breed. 

• Identification of the breed: Gene markers are used to determine whether an 

individual is a member of a particular breed or to compare breeds by calculating 

genetic similarity or genetic distance. 

Generally, morphological characteristics are the basic machinery for discriminating and 

classifying livestock breeds especially in the developing countries. Y okoo et al. (2010) 

observed that carcass, body weight and scrotal circumference traits of cattle are often 

considered in selection programs where the interest is to obtain meat animals suited to 

specific tropical production systems. In particular, body weight at any age is genetically 

and positively correlated but also subject to environmental variations. A study of two 

cattle breeds revealed that the superior maternal effects of one (Simental) breed reflected 

in higher birth weight, weaning weight and the average daily gain of the offspring, 

thereby favouring the superior breed for selection over the other (German Angus) breed 

(Brandt et al., 2010). However, this alone may not be enough grounds for selection 

against the inferior breed as the later may possess superior attributes in other respects. 

Hence Yokoo et al. (2010) proposed the incorporation of hip height (a linear dimension) 

into cattle breeding programs because it is easily measured and less affected by 

environmental variation, besides having moderate to high heritability of 0.35 to 0.63. 

In a study where the objective was to discriminate among cattle breeds using genetic 

markers, Blott et at. (1999) observed that the number of breeds being compared affects 

the rnisclassification or error rates obtained. They suggested that for lower error rates to 

be achieved when comparing larger number of breeds, then more discriminating variables 
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will be required, particularly if the breeds are closely related. The precise number of 

variables required will depend on the number and type of populations that are to be 

compared (Blott et at., 1999). Recently when attempts were made to characterize goat 

breeds, it was realized that multi-factorial analyses of morphological traits are more 

appropriate to assess variation within and between populations (Dossa et al., 2007) and 

appropriately discriminate different population types because all measured morphological 

variables are considered simultaneously (Traore et al., 2008a). 

The first step of the characterization of local genetic resources falls on the knowledge of 

the variation of morphological traits (Delgado et al., 2001). The morphometric criteria 

generally used to classify West African goats are height at withers (HW), thorax depth 

(TD) and ear length (EL) (Dossa et al., 2007). In a morpho metrical study involving three 

populations of goats in Burkina Faso, Traore et al. (2008a) used discriminant analysis to 

classify Sahel and Sudan-Sahel individuals into their source population (79.29 % and 

82.69 % respectively) whilst the Sudan individuals (93.40 %) were classified as Sudan 

Sahel individuals. The largest Mahalanobis distance was found between the Sahelian and 

Sudan areas (7.50) whilst the goat populations from the Sudan and the Sudan-Sahel areas 

were poorly differentiated (1.15). Similar results were observed in sheep populations 

where most Sahel and Sudan-Sahel individuals were classified into their source 

population (89.46% and 77.86%) whilst most Sudan individuals (60.85%) were classified 

as Sudan-Sahel individuals (Traore et al., 2008b). These large erroneous classifications, 

believed to be the manifestation of introgressions across breeds, is attributed to the 

actions of nomadic stock breeders as well as the general interest of most breeders in 

obtaining products with bigger conformation (Dossa et al., 2007; Traore et al., 2008b). 
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Meanwhile, when Yakubu et al. (2010a) used rump height, body length, horn length, face 

length, chest girth, neck circumference and head width as the most discriminant variables 

in separating WAD and Red Sokoto goats, the resultant discriminant function correctly 

classified 100% of individuals from the sample of known goat populations. Salako and 

Ngere (2002) reported that head width, face length (cephalic characters), body length and 

withers height were among the six variables used to place WAD and Yankasa sheep in a 

determined population, thereby reducing assignment error levels. 

• 

Studies on diversity and variability between indigenous goats as well as sheep breeds on 

the basis of quantitative (morphometric) and qualitative (morphological) variables have 

been extensively carried out on-station and on-farm in Nigeria, with the sole aim of better 

characterising breeds by the use of blood protein and molecular markers as well as linear 

dimensions (Ozoje and Kadri 2001; Ozoje and Mgbere, 2002; Yakubu et al., 2010b). It 

has been shown that differentiation between/among breeds is more appropriately done by 

the use of qualitative traits (for instance, ear position, presence of wattles and beard) 

rather than only body dimensions because, the Mahalanobis distance between breeds may 

be very low and sometimes insignificant thereby resulting in the misclassification of 

some individuals from the discriminant analysis (Traore et al., 2008a). As a result, 

Hamito (2009) suggested the incorporation of more variables where breeds are to be 

discriminated and classified exclusively on morphometric level, which is a common 

practice among the rural populace. 

2.7 Linear body measurements and weight estimation 

Body measurements are considered as qualitative growth indicators which reflect the 

conformational changes occurring during the life span of animals (El-Feel et al. 1990). 
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Although live body weight is an important growth and economic trait, it is not always 

possible to measure it due to mainly the lack of weighing scales, particularly in rural 

areas. Mayaka et al. (1995) suggested that body weight could be reasonably estimated 

from some linear body measurements. They reported that body weight of West African 

Dwarf (WAD) goats was satisfactorily estimated using heart girth as the only regressor. 

Work done on cross breeds of WAD x Nungua Blackhead and Sahel x WAD x Nungua 

Blackhead sheep have shown that body weight can be regressed on heart girth, wither 

height and body length (Arthur and Ahunu, 1989). These authors were able to use linear 

body measurements to give information on differences in body proportion as well as 

short-term fluctuation of body proportion mainly due to weight loss and gut fill. For rural 

livestock enterprises especially those without cooperate characteristics, the accuracy in 

estimation of live weight from live animal's simple body measurements is making a 

fortune (Cam et al., 2010b). Due to profitable aims, a producer can measure all the body 

dimensions easily from a live animal and can determine body weight approximately. 

Using stepwise regression analysis, Cam et al. (2010b) observed that heart girth, chest 

depth, body length, height at withers, ram height and chest width could all be used to 

predict body weight accurately in Karakaya sheep. When each variable was used as a 

regressor in the equation, they obtained R2 values in the ranges of 0.615 to 0.814 for 

rams, 0.336 to 0.782 for ewes and 0.491 to 0.773 for the overall data (males and females). 

Similar results and observations have been made by several researchers (Cankaya et al., 

2009; Afolayan et al., 2006; Riva et al., 2004). 

When direct measurements of the main meat production traits such as body weight and 

carcass traits are not possible, body dimension measurements become particularly useful 
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, 

(El-Feel et al., 1990). It has been observed that weaning system has influenced some 

linear body measurements of cow calves and buffalo calves up to two years of age (EI 

Feel et al., 1990). This same study has also shown that birth season had an influence on 

body measurements of buffalo calves at six months of age. Tuzemen et at. (1993) 

indicated that body weight could be predicted accurately from body measurements in 

calves of dairy cows, when they (the authors) observed a positive and significant 

relationship between body weight and height at withers and heart girth on both types of 

calves. A similar study in Beetal goats revealed that body weight could be estimated from 

body length, height at withers and heart girth (Khan et al., 2006). Through principal 

component analysis of body measurements (Arthur and Ahunu, 1989), it could be 

possible to identify a relatively small number of factors that can be used to describe 

relationship among sets of several interrelated variables. 

Body weight is a very important characteristic in animal husbandry due to selection 

criteria and economical profit. In a study of Karayaka sheep, Cam et at. (2010b) 

mentioned differences in management, environment and enterprise feeding conditions as 

factors that affect the live weight of animals. In that study, gender and farm condition 

were noted to contribute to live weight and body measurement differences between males 

and females, where the males had heavier live weights than females due to their natural 

hormonal status in most animal species. It is obvious that genetic and environmental 

factors such as age, sex, feeding and care influence the body weights of animals. Riva et 

at. (2004) attributed variations observed in the weights of small ruminants to enterprise 

type and farm conditions such as altitude of the pasturelands, quality, quantity and 

availability of grazing feed and health care. Cam et at. (2010b) observed that the highest 
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variation coefficients were found for body weight, chest width and chest depth. It is 

generally known that fattening can affect and change both body weight and body 

measurements. However, the relationships and balance of animals' body parts is more 

stable and reflects breed characteristics when they grow under nearer management 

conditions (Afolayan et ai., 2006). 

Correlation is one of the most common and most useful statistics that describes the 

degree of relationship between two variables, and has been used widely to predict body 

weight from simple body measurements. Highest correlations were found between body 

weights and wither height, heart girth and chest depth and wither height and rump height, 

(Cam et al., 2010b). In Peshawar, Khan et al. (2006) observed in Beetal goats that body 

weight was highly correlated with body length, height at withers and heart girth. They 

concluded that the higher correlations between body measurements and body weight 

could be used as selection criteria. 

In the study of the young Uda sheep in Nigeria, Salako (2006) reported positive and 

highly significant (p < 0.05/0.01) correlations among the study measurements (variables) 

which, he thought, suggested high predictability among the measurements although this 

was not tested. In that study, the highest correlation of 0.99 was between wither height 

and rump height while the least of 0.40 was between rump length and tail length. 

Studying goats under four different age groups (04-12, 13-18, 19-24 and 25-36 months 

and above), Khan et ai. (2006) observed that body weight was correlated with body 

length (0.49,0.12,0.70, and 0.78), height at withers (0.75,0.54,0.62, and 0.72) and heart 

girth (0.64,0.55,0.53, and 0.71). It is obvious that the three later variables appeared to be 

important predictors of body weight in the older (2 years or more) goats than in the 
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younger goats, although height at withers was equally important in the yearlings. The 

significance of correlations between body weight and other body dimensions was earlier 

reported in young Dorper rams by Fourie et ai. (2002). They reported that body weight 

was significantly correlated with heart girth (0.8) and body length (0.76-0.79). 

, 

2.8.0 Weight estimation equations in sheep 

The knowledge of livestock weight assessment remains the backbone on which all animal 

production management practices are hinged, hence the need to use a reasonable and 

simple skill in estimating weight (Otoikhian et ai., 2008). In a study of three different 

populations of commercial sheep in Nigeria, Olatunji-Akioye and Adeyemo (2009) 

observed that mean body weight ranged between 19.8 - 31.2±2.3 kg. They attributed the 

wide variation to the different conditions under which the sheep are raised. The influence 

of environment on body weight was earlier reported by Kunene et ai. (2007) when they 

observed a wide variation (26.76 to 28.05 kg and 39.76 to 40.26 kg) in the weight of 

matured Zulu sheep from one location to another in South Africa. In India, the average 

body weight of Ganjam sheep was reported to be 27.0±0.96 kg and 23.9±0.63 kg for 

rams and ewes respectively (Arora et ai., 2010). Similarly, Afolayan et al. (2006) 

obtained average body weights of Yankasa sheep in Nigeria as 22.25±0.42 kg and 

30.79±0.62 kg for animals aged 1.5-3 and over 3 years respectively. Again, young Dorper 

rams were found to weigh averagely about 57.5 ± 7.0 kg in Free State and 50.8 ± 5.7 kg 

in Northern Cape in South Africa (Fourie et al., 2002). 

••• 

Mathematical equations can be developed based on large number of actual weight and 

linear measurement data. Such equations can then be used to change linear measurements 

into weight estimates in subsequent observations (Hamito, 2009). Bassano et al. (2001) 
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, 
used the linear body measurements to construct regression equations which could be used 

to predict the live body weight of Capra ibex. Researchers are not only interested in 

developing weight estimation equations but also try to establish the particular type (either 

linear or geometric) that estimates weight better (Benyi, 1997; Afolayan et al., 2006) . 

• 

\ 

The relationships between body measurements and weight may appear to differ 

significantly between the two sexes of the same breed of sheep. Two prediction equations 

obtained for each sex group of goats by Adeyinka and Mohammed (2006) suggest that 

one single equation cannot predict the body weight of all members of a species 

accurately. The researchers concluded that accurate prediction equations would be 

obtained if multiple regression analysis is carried out for each sex, rather than one single 

analysis combining data for both sexes. Considering the myriad of problems associated 

with sheep production (Sumberg and Cassaday, 1984) and the wide geographic 

distribution of the species, it is difficult to conclude that a particular weight prediction 

equation is best for all set of sheep (Olatunji-Akioye and Adeyemo, 2009). 

2.S.1 Linear equations 

Linear regression has been used extensively to relate body weight to linear body 

measurements. Using chest girth (CG) as the regressor variable to estimate weight of 

sheep from three different locations, Olatunji-Akioye and Adeyemo (2009) obtained 

W = 18.59 + (0.36)CG, W = 22.4 + (0.29)CG and W = 20.4 + (0.32)CG with associated 

R2 values of 0.80, 0.39 and 0.78 respectively. In an earlier study where the analysis was 

done on basis of breed, W = (0.604)CG-17.5 and W = (0.621)CG-17.9 with associated 
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R2 values of 0.904 and 0.921 were the resultant equations for pure and crossbred West 

African Dwarf goats (Benyi, 1997). 

Although heart or chest girth is considered the most important and single variable for 

predicting body weight (Benyi, 1997; Afolayan et al., 2006; Olatunji-Akioye and 

Adeyemo, 2009), Adeyinka and Mohammed (2006) thought that the inclusion of other 

linear measurements (like height at withers and body length) could improve the 

predictability of the resultant equations. Using heart girth (a), height at withers (b) and 

body length (c) of goats to estimate body weight (y), they obtained 

y = 2.16+ 0.23a-OAlb +0.36c and y = OAOa+0.60c-12.13, with associated R2 values 

of 0.56 and 0.92 for males and females respectively. 

\ In the earlier research on pure and crossbred West African goats, it was revealed that 

weight estimation equations differed by breed and by sex (Benyi, 1997). Working on 

Zulu sheep, Kunene et al. (2007) realized that the differences in live weight between 

males and females increased with increasing age. In a similar research, the difference in 

the body weight prediction equations of the two sexes was also reported by 

Thiruvenkadan (2005) for Kanni Adu goats in India. Hamito (2009) confirmed such 

differences when he reported the [mdings of Getachew (2008) where the two sexes of 

different breeds of sheep had different weight estimation equations at the various stages 

of their growth. This may be explained by the likely difference in fat deposition in the 

two sexes as suggested by Bassano et al. (2001). 

Bassano et al. (2001) and Adeyinka and Mohammed (2006) observed seasonal variations 

in the relationship between body weight and body measurements of goats, as different 
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weight prediction equations were obtained for the same set of animals at different 

seasons. Such variations were thought to arise from seasonal variations in body condition 

caused by seasonal availability of feed and water (Adeyinka and Mohammed, 2006). 

Table 2.1: Regression analysis of liveweight on chest girth and other variables 

Variable 

Gh+Hp -33.61 0.69 0.37 0.90 +0.02 

I - i " I . ~ . ~ . ; 

Gh+Hp+Ht+Lh -39.75 0.50 0.49 0.17 0.18 0.91 +0.03 

Note: Gh = chest girth, Hp = hip width, Ht = height, Lh = length, St = stifle width 

Source: Afolayan et al. (2006). 

fI' 

Olatunji-Akioye and Adeyemo (2009) argued that since chest girth is easy to measure 

and allows for accurate estimation of weight, it could create the basis for the assignment 

of performance recording to the farmers and allow a more efficient planning of the 

selection process as well as an adequate economical qualification of breeds. Afolayan et 

al. (2006) observed that the addition of other measurements to chest girth resulted in 

significant improvements in accuracy of prediction even though the extra gain was small 

(Table 2.1). However, they argued that chest girth alone should be preferably used in live 

weight estimation under field conditions because of the difficulty involved in properly 

restraining sheep to measure the other variables. 
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2.8.2 Geometric equations 

Among West African small ruminants, strong geometric relationship between live weight 

and chest girth have been reported (Benyi, 1997). In that same research, it was reported 

that chest girth explained 98% and 99% of the variation in liveweight in WAD and 

Sahelian x WAD respectively by geometric regression and 90% and 92% respectively by 

linear regression. Afolayan et al. (2006) investigated the geometric relationship between 

body weight and wither height (Ht), body length (Lh) and heart girth (Gh) in Yankasa 

sheep where each predictor variable was used alone. They observed R2 values of 71 %, 

59% and 89% for Ht, Lh and Gh respectively. 

In Ghana, Baffour-Awuah et al. (1999) used body length (BDL), heart girth (HTG) and 

sex of sheep as the regressors and obtained a weight prediction equation as 

BWT=5.05+4.3xl0-5~HTG/ x BDL}+ (2.48)SEX with R2 being 75.2%. They called 

the new variable ~HTG)2 xBDL}, index of volume. However, other researchers are of 

the view that weight estimation regression analyses should be done by sex instead of 

considering sex as a predictor variable because, different equations for males and females 

have been obtained in several experiments (Benyi,1997; Thiruvenkadan, 2005; Adeyinka 

and Mohammed, 2006; Hamito, 2009). On the basis of coefficient of determination (R2), 

Benyi (1997) concluded that geometric equations were better than linear equations in 

weight estimation for chest girth less than 30 cm. This range of chest girth represents 

young animals hence the question is whether geometric equations can still be outstanding 

in weight estimation of matured animals (with heart girth higher than 30 ern). 
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CHAPTER THREE 

RESEARCH METHODOLOGY 

3.1 Experimental site 

The study used animal data from the National Livestock Breeding Station, Pong-Tamale 

in the SavelugulNanton District of the Northern Region, Ghana. Pong-Tamale is located 

between latitude 9°40" N and longitude 0°49" Wand is about 32.7 km north of Tamale, 

the northern regional capital (Encarta, 2009). The annual rainfall pattern is erratic at the 

beginning of the raining season, starting in April and intensifying as the season advances, 

raising the average rainfall from 600 mm to 1000 mm. Temperatures vary greatly, 

ranging from 16°c (December - February) to 42 °c (March - April) with a usually high 

average of about 34°c. Average relative humidity is about 42% between November and 

March and 80% between June and October. The harmattan is experienced between 

October and February (Ghanadistricts.com, 2011). 

• The area is within the guinea savannah zone which is characterised by a large area of 

grassland interspaced with deciduous trees like neem (Azadirachta indica), shea tree 

(Vitellaria paradoxa), dawadawa (Parkia biglobosa) and mahogany (Kaya senegalensis), 

and shrubs. The dominant grasses in the area include Imperata sp., Sporobolus sp., 

Cynodon sp. and Andropogon sp. (Ghanadistricts.com, 2011). Sida acuta is found 

growing everywhere in the area. The availability of these grasses indicates the potential 

for the zone to support large scale livestock farming. 

3.2 Sheep management practices 

The Pong-Tamale livestock breeding station obtained most of the sheep through breeding 

even though a few of them were brought from elsewhere into the station. The sheep were 

32 

www.udsspace.uds.edu.gh 

 

 

 

 



managed semi-intensively. They were housed in properly constructed pens throughout 

the night and during the day when there is the need to restrict their movement. The pens 

are roofed with aluminium and fenced on one side with wire netting. Each pen is divided 

into sub-units to aid the isolation of sheep and the performance of other livestock 

management practices. 

Feed and water are provided for the sheep throughout the year. The station has paddocks 

cultivated with Stylosanthes sp. and Panicum maximum. During the wet season animals 

are sent to graze on the paddocks on rotational basis, and sometimes they are given 

supplementation of corn/maize (Zea mays). Approaching the dry season, the grasses in 

some of the paddocks are harvested and baled. Groundnut vines and rice straw are also 

gathered and baled at this period. Zero grazing is practised in the dry season. The sheep 

are fed on the baled feedstuffs usually starting with the groundnut/peanut (Arachis 

hypogaea) vines. Other feedstuffs fed in the dry season include a mixture of crashed 

corncobs, cotton seed and dried cassava or Cajanus cajan peels, and ground maize. 

To control diseases on the farm, a conventional disease control regime is practised. Sheep 

are dewormed and deticked throughout the year. Vaccination against PPR is done in 

January and July while that against anthrax is done in June. 

There are two breeding seasons namely the first (in February) and the second (in July) 

breeding seasons, and lambs borne are weaned at five months. At one year of age, 

animals are subjected to performance testing for breeding value and then classified into 

three categories based on their performance. The first 10% are retained on the farm for 
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BV; =~(Wli -~)+~(W2i -X2)+~(W3i -x3) 

Where BVi = the breeding value of the ith individual 

h: = heritability of 180 day weight 

h: = heritability of240 day weight 

h3 = heritability of 365 day weight 

WI(1,2,3)i = the weight of the ith individual at (180, 240, 365) days respectively 

X(I,2,3) = the mean (180, 240, 365 days respectively) weight of flock from which 

...... [3.1] 

• 

breeding. The next 40% are sold out to farmers for breeding and the last 50% are raised 

and sold for mutton. The test equation is given by 

selection is being made. 

, The heritability values used on the farm are: h, = 0.40, h2 = 0.40 and h3 = 0.45. 

• 

3.3 Data collection 

Data collection lasted from October to December (dry season). The total number of sheep 

used for the experiment was 293 (WAD and WALL) of which 74 were one year old, 58 

were two years old and 161 were three years old and above. The variables measured 

included, live body weight (L W), body length (BL), heart girth (HO), chest depth (CD), 

height at withers (HW), rump height (RH), neck girth (NO), pin-bone width (PBW), age 

and sex of each animal. 

.. 

3.3.1 Body weight 

The sheep were weighed early in the morning using a hanging scale or bridge. According 

to Hamito (2009), body weight is highly prone to within individual variation due to the 

amount of feed and water in the gut. To minimise variation therefore: 
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a. Weigh at a constant time of day to obtain fasted weight (weighing early in the 

morning before grazing or watering) or full gut weight (weighing in the afternoon 

after animals have grazed as much as they want). 

b. Check the accuracy of scales against a known standard. 

c. A void human errors such as mistaken ear tag numbers or other animal 

identifications, mistaken weight readings and recordings, etc. 

When weighing consecutively, ensure that current weight is compared with previous 

weights to note trends in live weights and guard against mistakes. 

3.3.2 Age and sex determination 

All animals were identified and tagged at birth so the month and year of birth were used 

to indicate the age of each animal. The sex of each animal was noted and coded. 

3.3.3 Linear body measurements 

If the linear dimensions of a sheep are properly taken, they may be used to quantify its 

size and to estimate its weight. However, the body posture and movement of the animal 

and the carelessness of the person involved can introduce errors into measurements which 

will affect further usage of such measurements (data). As described by Hamito (2009), 

the linear dimensions (or traits) considered in this study and the way measurements were 

taken are presented below (Plate 1). 

1. Heart Girth (HG) or Chest Circumference: Heart girth is the circumference around 

the chest just behind the front legs and withers. 

2. Neck Girth (NG) or Neck Circumference: This is the circumference around the 

neck. 
.' 
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3. Chest Depth (CD): Chest depth is the distance from the backbone at the shoulder 

(standardize on one of the vertical processes of the thoracic vertebrae) to the brisket 

between the front legs. 

4. Height at withers (HW): This is the distance from the surface of a platform on 

which an animal stands, to the withers of the animal. 

5. Rump Height (RH): This is the distance from the surface of a platform to the rump. 

6. Body Length (BL): This is the distance from the base of tail (where it joins the 

body) to the base of the neck (first thoracic vertebrae). 

7. Pin-bone Width (pBW): It is the distance between the outer edges of the major hip 

bones on the right and left sides. 

Plate 1: The body traits (variables) measured on each sheep 

.' 
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3.4 Data Analysis 

3.4.1 Theory of Discriminant Analysis 

Discriminant analysis is used to classify individuals or units into one of two or more 

groups based on a set of variables or measurements associated with the groups. It is often 

employed to construct a set of discriminants that may be used to describe or characterise 

group separation based upon a reduced set of variables; to analyse the contribution of the 

original variables to the separation; and to evaluate the degree of separation (Timm, 

2002). The technique is well developed for dealing with two populations even though 

most authors extend it to k populations. 

Classification analysis is concerned with development of rules for allocating observations 

to groups with certain characteristics. According to Timm (2002), classification analysis 

seeks to create rules for assigning observations to groups that minimize the total 

probability of misclassification or the average cost of misclassification. This requires 

more knowledge about the parametric distribution of the groups. 

Discriminant analysis was introduced by Fisher (1936) to develop linear discriminant 

function that would maximize separation among three species of iris flowers. Further 

development of the technique and its applications to different areas of study is now based 

on the earlier discriminant functions developed by Fisher. In this study it is used to 

discriminate and classify sheep into one of the two groups namely, West African Dwarf 

(WAD) or Djallonke and West African Long-Legged (WALL) or Sahelian. 

- 
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3.4.1.1 Assumptions under Discriminant Analysis 

Discrimination and classification of groups require certain statistical considerations that 

have to do with distributional properties of observations, measures of separation among 

groups, algorithms for carrying out both stages of the discriminant analysis and the study 

of the properties of proposed algorithms. The following required assumptions should not 

be violated otherwise the error rate is affected (Abukari, 2010). 

• Independence of observations 

• Multivariate normality 

• Homogeneity of covariance matrices 

However, some of the assumptions may be violated and yet the output of discriminant 

analysis will still be acceptable because the procedure of Fisher's Linear Discriminant 

Functions is robust to such violations (especially) of multivariate normality and 

homogeneity of covariance matrices (Stevens, 1996). 

3.4.1.2 The discriminant function for two groups 

Consider the samples YII 'YI2""'Yln, and Y21,y22""'Y2n2 with the common covariance 

matrix 1:: but distinct mean vectors )'1 and )'2' Let Y if consists of measurements on k 

variables. The objective is to obtain the vector a, so that Z j will be the discriminant 

score of the /h observed individual. The discriminant function will be a linear 

combination of y's and a k-dimensional vector of weights that transforms each 

observation vector to a scalar: 

i = 1,2, ... ,~ 
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...... [3.3] 

i = 1,2, ... ,~. ...... [3.2] 

YII Y21 

Y12 Y22 The n = nl + n2 observation vectors in the two samples, Y = 

, 

are then transformed to scalars as: 

The means of the scalars are obtained by: 

• 
1~ 

where YI = - LYli and 
~ ;=1 

There is the need to fmd a vector a that maximises the standardized difference: 

t ...... [3.4] 

where Sz =a'Sp/a is the within group sum of squares and Sp/ is the pooled sample 

covariance matrix of the two samples given by: 

S / = 881 +882 = (~-l)s; +(n2 -l)si 
p ~+n2-2 ~+~-2 

...... [3.5] 

! To avoid the incidence of (ZI - Z2) / S z being negative, the squared distance is used, say: 

(ZI - Z2)2 [a'(YI -Y2)f 
s; a'Sp/a 

...... [3.6] 

Then the maximum separation between the discriminant scores in [3.6] occurs at 
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...... [3.7] 

or when a is any multiple of S~~(YI -Y2)' Provided that S~~ is non-singular (i.e. 

~ + nz - 2> k), then [3.7] gives k normal equations which can be solved for k unknowns. 

If [3.7] is substituted into [3.6], the resulting equation is equivalent to Mahalanobis' D2 

statistic: 

...... [3.8] 

It is worth noting that the vector a = S~~(YI -Y2) is not unique but its direction is unique. 

According to Hair et ai. (2006), the Mahalanobis' D2 procedure is based on generalised 

squared Euclidean distance that adjusts for unequal variances and has the advantages of: 

1. Being computed in the original (not collapsed) space of the predictor variables 

11. Allowing for incorporation of more .predictor variables without any reduction in 

dimensionality. A loss in dimensionality would cause a loss of information because 

it decreases variability of the independent variables. 

Letting a'= (Yl -Y2)'S~~, and substituting it into [3.8] yields the following: 

...... [3.9] 

The question is, at what point should an observation be classified as belonging to group 1 

or 2? Adebanji (2000) and Johnson and Dean (2007) explained how the classification rule 

is developed and used to classify observations. 

The discriminant function is 

...... [3.10] 
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Z2 = ~Y12 +a2Y22 +···+akYk2 = alY2 ...... [3.11] 

Zl =alYlI+a2Y21+···+akYkl =aIYI 

If it is assumed that the cost of misclassification is the same for each group, that is 

C(1I2) = C(21l) = ~ and that ZI > Z2' the familiar halfway classification rule stipulates 

that an individual with observed vector y be classified into group 1 if, 

a'y > HZI +Z2) 

=> a'y > tealYI + a1Y2) 

=> a'y > tal(YI +Y2) 

= (YI -Y2)'S;~y > HYI _Y2)IS;~(YI +Y2) 

and to group 2 if, 

(YI -Y2)'S;~y s HYl -Y2)'S;~(YI +Y2) 

...... [3.12a] 

...... [3.12b] 

When an observation is to be classified into one of p groups (p > 2), the discriminant 

function can also be used. The procedure is to compute the linear discriminant scores, 

Wij = (yl-1(YI +Y2)'S;~(YI-Y2)) [3.13] 

and assign to group 1 if Wi/ > 0 for i =:/= j. Since Wij = -Wij' only p -1 linearly 

independent scores can be computed. 

There are several ways of choosing a cut-off point "C". It can be chosen so that the 

number misclassified of some of the p training samples is as small as possible. If the k 

variables used in the discrimination are normally distributed and if their covariance 

matrices are equal in say, two groups/populations, then a frequently used cut-off point is 

.- 
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...... [3.14] 

Let i(g) be some estimate of n(g), the priori probability that an individual to be 

classified comes from group g (Tl ,'), Given that two groups or populations are normally 

distributed with equal covariance matrices, then equation [3.14] is the best possible 

classification rule because the expected probability of misclassification is as small as 

possible. That is, 

...... [3.15] 

is minimized, where p(i I j) is the probability of misclassifying an individual from n j 

as II;. When little is known about the relative population sizes, it is usual to set 

...... [3.16] 

3.4.1.3 Inferential procedures in Discriminant Analysis 

It is possible that not all the k independent variables will significantly discriminate 

between the breeds of sheep. This necessitates the test of hypothesis, significance of 

discrimination, homogeneity of groups and significance of canonical correlation. The 

tests procedures used by Adebanji (2000) and later by Abukari (2010) are employed in 

this study. 

3.4.1.3.1 Wilks' Test Statistic 

The Wilks' lambda (A) is defmed as the ratio of the determinants of the within group 

sum of squares and products matrix (say E) to the total sum of squares and products 

matrix (say E + H): 

42 

www.udsspace.uds.edu.gh 

 

 

 

 



A= lEI 
IE+HI ...... [3.17] 

The test Ho : JLi = JL, i = 1,2, ... , g is a test of homogeneity of groups, or even as a test of 

the treatments represented by the groups; it was formulated by Wilks (1932) in terms of 

the distribution of a ratio of determinants. Ho is rejected if A ~ Aa k v v . A value of A 
, , H, E 

close to 1 indicates that almost all of the variability in the discriminator variables is due 

to within-group difference, and a value close to 0 indicates that almost all of the 

variability in the discriminator variables is due to group difference (Tinsley and Brown, 

2000). 

3.4.1.3.2 Box's M Test 

This test criterion is used to test for the homogeneity of covariance matrices. In the case 

of this study, the null hypothesis is that the covariance matrices of the two sheep breeds 

are homogenous (i.e. Ho: L:\ = L:2). As presented by Box (1949), M statistic is based on 

the likelihood-ratio test and is defmed as: 

...... [3.18] 

where ni is the sample size for the ith group, S i is the ith group sample covariance matrix 

and S pi is the pooled sample covariance matrix. 

If the null hypothesis is true, the statistic will be relatively small but large otherwise 

(Johnson and Dean, 2007). Many researchers rather ignore the test for homogeneity 

group dispersion on the basis that Wilks' test is probably fairly robust under departures 

from its assumptions (Adebanji, 2000). 
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3.4.1.4 Estimation of Misclassification Probabilities 

Haven obtained a classification rule; there will be the need to evaluate its performance in 

assigning an observation to the correct population. Many procedures have been proposed 

(Rencher, 2002; Thrun, 2002; Johnson and Dean, 2007) and have been used to estimate 

the error rates in anthropological (Adebanji, 2000; Abukari, 2010) and livestock (Dossa 

et al., 2007; Traore et al., 2008a, b; Yakubu et al., 2009 and 2010a, b) studies. 

Re-substitution procedure: After developing the classification rule, each observation 

vector y ij is submitted to the classification function and assigned to a group. Consider PI 

to be the misclassification probability of erroneously assigning an observation to group 

i(GI) when the observation belongs to group j(G2) and vice versa for P2' with PI and 

P2 as the sample proportions of misclassified observations. This gives the apparent error 

rate which is usually consistent but can be severely biased. 

Leave-one-out procedure: One observation is omitted at a time, and the classification rule 

is recalculated from the remaining nl + n2 -1 observations. The omitted observation is 

then classified. This process is repeated until all observations are classified. Counting the 

errors of misclassification yields an almost unbiased estimate of the error rate although 

the estimate has a large variance. 

. ~ 

Cross-validation procedure: The training sample is split into k parts, uses all but one 

observation to develop the classification rule and classifies the left out part. The process 

is repeated k times, and error rates are averaged. This method is nearly unbiased. 

Boot strap method: This combines the best features of cross-validation and the re 

substitution method. It has small variance and almost unbiased . 
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The use of the above procedures yields the following error rates: 

1. The Optimum error rate; the error rate which would hold in the presence of all 

parameters. 

2. The Actual error rate; this is applicable for a classification rule under consideration 

when it is used to classify all possible future samples. 

3. The Apparent error rate; the rate obtained by re-substituting the training samples 

and determining the misclassifications. 

The re-substitution method is used in this study to estimate the apparent error rate. Also, 

the cross-validation method is used because it yields almost unbiased estimates of the 

misclassification probabilities. 

3.4.2 Theory of Regression Analysis 

A simple linear regression explains the linear cause-consequence relationship between an 

independent variable x and a dependent variable y. Most often, it is necessary to analyse 

effects of two or more independent variables on a dependent variable. The variability ofa 

dependent variable y can be explained by a function of several independent variables, Xl, 

X2, ... , xp. Rencher (2002) categorized regression models into three according to the 

number of variables inclusive in the model: 

1. Simple linear regression: one dependent variable y and one independent variable X 

2. Multiple linear regression: one y and several x's. It is also called Univariate 

Multiple regression. 

3. Multivariate multiple regression: several y' s and several x's. 

v- 
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According to (Kaps and Lamberson, 2004), the goals of multiple regression analysis 

include to find a model (function) that best describes the dependent with the independent 

variables, predict values of the dependent variable(s) based on new measurements of the 

independent variables, and analyze the importance of particular independent variables. 

Statistics arising out of the analysis of linear models typically take on one of four forms 

namely: Linear Transforrnations tay], Quadratic Forms (Y'Qy), Ratios of [~J, 
y'Qy 

and (Y'QHyJ. In this research the concentration is on linear and quadratic regressions 
y'Q£y 

and the traits for the analysis include one dependent variable (live body weight) and 

several independent variables (body length, heart girth, height at withers, rump height 

and neck girth). 

3.4.2.1 The linear regression equation 

Several authors (Kaps and Lamberson, 2004; Rencher, 2002; Timm, 2002; Montgomery, 

2001) have treated the topic of multiple linear regression extensively. When k variables 

are measured on n individuals/objects, the multiple regression equation can be written as: 

i = 1, ... ,n ...... [3.19a] 

Using matrix notation, the regression model can be written as: 

Y =XP+E ...... [3.19b] 

where: y = the (n x 1) vector of observations of a dependent variable 

x = the (nx p) matrix of observations of independent variables 

P = the (p x 1) vector of parameters and p = k + 1 is the number of parameters 

46 

www.udsspace.uds.edu.gh 

 

 

 

 



E = the (n xl) vector of random errors 

The assumptions of the model are: 

1. H(E) = 0 

2. COV(E) = (J21 

3. Usually, it is assumed that errors have a normal distribution 

The following model properties follow directly from the model assumptions: 

1. H(y) = Xp 

2. Cov(y) = (J2[ 

For estimation and testing purposes, it is required that n > p, thus X'X be non-singular. 

3.4.2.2 Estimation of the Regression Parameters 

Regression parameters of a population are usually unknown, and they are estimated from 

data collected on a sample of the population. The aim is to determine a line that will best 

describe the linear relationship between the dependent and independent variables given 

data from the sample. Parameter estimators are usually denoted by /10 , PI ,/12 , ... , /1k or 

bo, b., b2, •.• , bk. Therefore, the regression line E(y I Xi) is unknown, but can be 

estimated by using a sample with: 

y = Po + PIXI + P2X2 + ... + AXk or y = bo +bIxI +b2x2 + ... +bkxk """ [3.20] 

This line is called the estimated or fitted regression line or model. The best fitted line will 

have estimates of bo, b, and b2 such that it gives the least possible cumulative deviations 

from the given Yi values from the sample, so that the line is as close to the dependent 

variable as possible. Numerous procedures have been developed for parameter 
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estimation, with each method differing in computational simplicity of algorithms, 

presence of a closed-form solution, robustness and theoretical assumptions needed to 

validate desirable statistical properties such as consistency and asymptotic efficiency. 

The least squares procedure is employed in this study because it minimises the sum of 

squared residuals and gives unbiased and consistent estimators under the condition that 

the errors have finite variance and are uncorrelated with the regressors (Wikipedia, 2011). 

3.4.2.2.1 Least squares estimation 

estimate the [J's and thereby estimate ECy;). Denoting the estimates of P by /Jo,/Jp".,A, 

gives 

...... [3.21] 

The least squares estimates of f3o,/3p".,/3k minimize the sum of squares of deviations of 

the n observed y' s from their "modeled" values, y; predicted by the model. 

n n 

SSE = LS;2 = LCY; - y;)2 
;=1 ;=1 

...... [3.22] 

We wish to find the vector of least square estimators, p, that minimizes 

n 

SSE = L = L£;2 = E'E = (y - XP)'(y - XP) 
;=1 

= y'y - P'X'y - y'XP + P'X'Xp 

= y'y - ZP'X'y + P'X'Xp ...... [3.23] 

The least square estimators must satisfy 
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...... [3.25] 

aLI = -2X' + 2X'XP~ = 0 ap p Y ...... [3.24] 

Which simplifies to give the least squares normal equation as: 

x'xl1 = X'y 
Thus the least squares estimator of P is 

The diagonal elements of X'X are the sums of squares of the elements in the columns of 

X, and the off-diagonals are the sums of cross-products of the elements in the columns 

of X. The elements of X'y are the sums of cross-products of the columns of X and the 

observations (Yi)' 

3.4.2.3 Quadratic regression equation 

A Quadratic form u = x' Ax is a function of a n x 1 random vector x ~ (p, v) and a 

known n x n constant matrix A. Without loss of generality if A is assumed to be a 

symmetric matrix, then x' Ax = .!. x' (A + A')x. The quadratic form is an extension of the 
2 

linear models that involves the squares of the variables in the study. The regression 

parameters are estimated as outlined in section 3.4.2.2 above. 

3.4.2.4 Inferential procedures in regression analysis 

Inferential procedures for tests of hypothesis about the model parameters were carried out 

in this study. Under linear regression, hypothesis testing requires that the error terms e, in 

the regression model are normally and independently distributed with mean zero and 

variance if. The following hypothesis testing procedures are considered for this study. 
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HI : Pj ::t:- 0 for at least one j ...... [3.27] 

3.4.2.4.1 Test of hypothesis - F test 

According to Montgomery (2001), the test for significance of regression is a test to 

determine if there is a linear relationship between the response variable y and any of the 

regression variables xi, X2, ••• ,Xk. The overall regression hypothesis that none of the x's 

predict y is expressed as: 

...... [3.26] 

We do not include Po = 0 in the hypothesis so as not to restrict y to have an intercept of 

zero. The alternative that at least one of the x's predict y is expressed as: 

If at least one of the regressor variables Xl, X2, ... ,Xk contributes significantly to the model, 

then H« is rejected. The test procedure involves an analysis of variance partitioning of the 

total sum of squares SST into a sum of squares due to the model (or to regression) and a 

sum of squares due to residual ( or error), say 

...... [3.28] 

Now if Ho : PI = P2 = ... = fJk = 0 is true, SSR/if is distributed as X~, with k degrees of 

freedom being the number of regressor variables in the model. Again, SSE/ if is 

independent of SSR/ if but also distributed as X ;-k-I' The F-test statistic is a ratio of the 

two chi-squares, that is: 

Fa = (SSR / ()"2)/ k = MSR 
(SSE / ()"2)/(n_ k -1) MSE 

...... [3.29] 

Then H; is rejected if Fo exceeds Fa k n-k-I' The alternative is to use the P-value and 

reject Ho if the P-value for the Fa statistic is less than o: 
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The F test may lead to the rejection of Ho indicating that the regression is significant. 

However, some of the regressor variables may not be contributing significantly to the 

model and should be deleted. In an attempt to simplify the model, there is the need to test 

the hypothesis that some of the [J's are zero. This is achieved through the partial F test 

(Rencher, 2002, Section 10.2.5). 

3.4.2.4.2 Coefficient of determination 

The coefficient of multiple determination, R2, is used as a statistic to assess the fit of the 

model. Computationally, 

...... [3.30] 

The R2 is a measure of the proportion of the (corrected) total variability of y that can be 

attributed to the regressor variables Xl, X2, ..• ,Xk in the model (Kaps and Lamberson, 

2004). However, a large value of R2 does not necessarily imply that the regression model 

is a good one because adding a variable to the model will always increase R2 , regardless 

of whether the additional variable is statistically significant or not. Montgomery (2001) 

stated that the adjusted coefficient of determination, R;dj gives better insight into the 

significant contribution of each regressor variable than the R2 . It is given by: 

...... [3.31] 

Where: n = number of observations, 

p = number of parameters in the model 
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Usually, the value of R;dj will not always increase with addition of variables to the 

model. It often decreases when unnecessary terms are added to the model. A dramatic 

difference between R2 and R;dj is an indication of the possibility of inclusion of non- 

significant terms in the model. The R;dj is particularly a useful statistic for comparison 

across regression equations involving different numbers of independent variables, 

differing sample sizes or both, because it makes allowances for the degrees of freedom 

for each model (Hair et ai., 2006). 

3.4.2.4.3 Analysis of residuals 

A residual is the difference between the observed and the estimated values of the 

dependent variable (Kaps and Lamberson, 2004): 

...... [3.32] 

The analysis of the residuals provides information about any possible problem of analysis 

and also a check on the violation of any of the statistical assumptions. According to Hair 

et al. (2006), the assumptions of the residuals (error terms) required to produce valid 

results from regression analysis include the following: 

• Linearity of the phenomenon measured 

• The error terms are homoscedastic (constant) 

• Independence of the error terms 

• Normality of the error term distribution 

52 

www.udsspace.uds.edu.gh 

 

 

 

 



3.5.1 Statistical Analyses 

The SPSS, version 16 (2007) was used to obtain descriptive statistics of the sheep breeds. 

The data was grouped by sex and evaluated for violations of statistical assumptions using 

the Kolmogorov-Srnirnov as well as Box's M tests of the SPSS, version 16 (2007) as 

shown in Appendix Table AI. SAS, version 9.1 (2003) was used for the analysis of the 

Principal Components. Afterwards the discriminant analysis was performed using the 

SPSS to categorise the sheep into breeds. The Excel of Microsoft Office (2007) was used 

to plot the graphs of the discriminant scores. 

After breed categorisation, the data were further grouped by age into six groups namely; 

Breedl-Agel (one year old WALL), Breedl-Age2 (two years old WALL), Breedl-Age3 

(three years old and above WALL), Breed2-Agel (one year old WAD), Breed2-Age2 

(two years old WAD) and Breed2-Age3 (three years old and above WAD) for regression 

analyses. Each group was tested for normality assumption using the Kolmogorov 

Srnirnov test of the SPSS. According to Rencher, (2002); Timm, (2002) and Johnson and 

Dean, (2007), it is necessary that data meet certain statistical assumptions before it is 

used for regression analysis based rnajorly on the normality of the distribution of the data. 

The test results (Appendix Tables A2 and A3) revealed that LW was not normally 

distributed in all the groups except in Breed 1- Age 1 and Breed2- Age3, due to the large 

variations among the weights of the sheep. In order to stabilise the variance and avoid 

violating the normality assumption required for regression analysis therefore, L W was 

log-transformed before used in the analyses for the four groups. Predicted L W must be 

antilog-transformed to obtain live body weight (in kg). 
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Regression analysis was carried out using the regression procedure of SAS, version 9.1 

(2003). The stepwise procedure of PROC REG was used to select the significant 

variables for each linear model. All variables selected in the linear models were then 

included in the quadratic regression models. 

3.5.2 Models for the Statistical Analyses 

(i) Principal Component Analysis 

Let L be the covariance matrix associated with the random vector of traits 

X'= [HG,NG,CD,HW,RH,BL,PBW]. Let L have the eigenvalue-eigenvector pairs 

(~,el), (~,e2)"'" (~,e7) where ~ ;::: ~ ;::: ... ;::: ~. Then the ith PC is given by: 

...... [3.32] 

Where Yi = the ith principal component 

e if = the weight (loading) of the /h trait on the ith PC. 

(ii) Discriminant Functions Analysis 

The discriminant function model for separating the two breeds of sheep is given by: 

...... [3.33] 

Where Zi = the discriminant score for the ith individual 

ei = the contribution (magnitude) of the ith trait on the discriminant function. 

(iii) Regression Analysis 
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...... [3.34] 

For the simple linear regression, the regression model for the ith group of sheep is: 

Where Y i} = the weight of the r individual in the ith group 
Pi = the average weight (intercept) of the ith group 

Pi = the regression coefficient for the ith group 

Xi} = the trait (HG, HW, RH or BL) value of the /h individual in the ith group 

£i} = the error associated with the weight of the /h individual in the ith group 

The quadratic form of model [3.34] is given by: 

...... [3.35] 

For the multiple linear regression, the regression model is given by: 

...... [3.36] 

Given that out of the five (5) traits in equation [3.36] above, only Xl' X2 , .•. , Xk are the k 

(k<5) traits that are selected and retained through the stepwise regression procedure, then 

the quadratic regression model of these selected traits would be: 

The syntaxes used for the analyses in (ii) and (iii) above are given in Appendices Band C 

respectively. 
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CHAPTER FOUR 

RESULTS AND DISCUSSION 

4.1 Results 

4.1.1 Descriptive Statistics 

The descriptive statistics of the Sahelian (WALL) and Djallonke (WAD) sheep are 

presented in Tables 4.1 and 4.2 respectively. Live weight (L W) and Heart Girth (HG) 

were the most varied variables in this study as indicated by the standard error. 

Table 4.1: Descriptive statistics of the WALL (Sahelian) sheep 

Variable One year old Two years old Three years & above 

Mean± s.e. Mean± s.e. Mean± s.e. 

LW 15.53±1.1 26.46±2.8 34. 13±1.3 

BL 50.97±1.0 61.25±1.8 65.44±O.9 

HW 57.04±O.9 65.27±1.8 68.98±O.9 

RH 57.96±O.9 66.40±1.9 69.01±1.5 

HG 59.50±1.6 72.88±2.6 79.49±1.0 

CD 24.42±O.5 29.31±1.3 31.01±O.7 

NG 30.91±O.8 39.54±2.5 40.31±1.1 

PBW 10.79±O.4 12.93±O.3 14.57±O.1 

Sample size n= 16 n= 12 n= 35 

Among the yearlings, the variable with the highest variability was HG followed by L W, 

while Pin-bone Width (PBW) was the least varied across all age groups (Table 4.1). 

Among the two years old WALL sheep, live weight still appeared to be the most varied 

trait followed by HG. But among the Djallonke sheep (Table 4.2), neck girth (NG) was 

the most varied trait in both the one and two years old sheep. For the three years and 
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above old sheep group, the most varied trait was HG (Table 4.2). PBW was however, 

least varied trait across all ages among the Djallonke sheep. 

Table 4.2: Descriptive statistics of the WAD (Djallonke) sheep 

Variable One year old Two years old Three years & above 

Mean± s.e. Mean± s.e. Mean± s.e. 

LW 15.43±0.6 22.62±0.7 22.21±0.3 

BL 51.19±0.6 55.37±0.7 55.24±0.3 

HW 53.61±0.5 58.01±0.5 56.75±0.3 

RH 52.62±0.5 56.83±0.5 55.62±0.3 

HG 58.87±0.8 66.68±0.8 65.33±0.4 

CD 23.15±0.2 26.01±0.3 25.69±0.2 

NG 31.76±0.9 34.47±1.0 31.74±0.3 

PBW 10.88±0.1 13.07±0.1 13.09±0.1 

Sample size n= 58 n=47 n= 125 

A consideration of the average absolute values showed that the Sahelian breed was 

progressively taller at the rump than at the withers (Table 4.1). The average difference 

being about 0.92 ern, 1.13 em and 0.03 em respectively among the yearlings, two years 

old and three years and above sheep. Among the Djallonke, wither height values were 

higher than the rump height by 0.09 em, 1.18 em and 1.13 em respectively among the 

yearlings, two years old and three years old and above sheep (Table 4.2). The average 

increase in all the measured traits appeared to be higher in early stages of life (between 

one to two years) as compared to the later stages (beyond three years) (Table 4.1). It can 

also be seen from Table 4.2 that all the traits ofDjallonke sheep had lower values among 

the older sheep (three years and above) than those that were two years old with the 
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exception of pin-bone width. This result is expected since the animals are still growing 

between one and two years but growth slows down as the animals approach maturity. 

4.1.2.1 Data exploration 

In order to evaluate the various assumptions required for statistical analyses, the data was 

first grouped by sex and subjected to Kolmogorov-Smirnov as well as Box's M tests. 

Apart from PBW, all other discriminating variables (in the rams, ewes and overall sheep 

samples) were significant (p <0.05), indicating deviation from normality (Appendix AI). 

The Box's M tests for each sample of sheep (rams, ewes and overall sheep) were 

significant. This means samples have none-equality covariance matrices. 

Again, when the data were categorised into breeds and age groups (section 3.5.1) and 

tested for normality before being used for regression analysis, the results of the 

Kolmogorov-Smirnov test revealed that L W was significant in all groups except in the 

groups of Breedl-Agel and Breed2-Age3 (Appendix Tables A2 and A3). This implied 

that L W was normally distributed for sheep within Breed 1- Age 1 and Breed2- Age3. L W 

was however, not normally distributed in the rest of the four groups. Also, BL and RH 

were not normally distributed for sheep in Breedl-Age2. 

4.1.2.2 Correlation among the morphometric traits 

All the measured variables (traits) were subjected to correlation analysis usmg the 

Pearson correlation method to examine the pattern of association between pairs. From 

Table 4.3, the correlation coefficients among all the traits were positives and highly 

significant (p < 0.05/0.01). The values ranged from 0.413 (between NG and PBW) to 

0.946 (between HW and RH). Of particular interest is that live weight is highly correlated 
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with all the body dimensional traits, ranging from 0.749 (between LW and NG) to 0.909 

(between L Wand HG). 

Table 4.3: Pearson correlation coefficients among the morphometric traits 

LW HG NG CD HW RH BL PBW 

LW 1.000 

HG 0.909 1.000 

NG 0.749 0.735 1.000 

CD 0.864 0.819 0.692 1.000 

HW 0.860 0.857 0.699 0.875 1.000 

RH 0.802 0.790 0.653 0.827 0.946 1.000 

BL 0.849 0.796 0.673 0.808 0.846 0.804 1.000 

PBW 0.765 0.716 0.413 0.671 0.653 0.589 0.703 1.000 

Note: All correlations are significant at the 0.01 level (2-tailed) 

Since the correlations from the analysis were all significant, further assessment of the 

data was carried out through Principal Component Analysis to check if the traits could be 

reduced to uncorrelated dimensions for use in further analysis. 

4.1.2.3 Principal Component Analysis 

The principal component analysis (PCA) was carried out to investigate the core structure 

of the sheep traits. The eigenvalues in Table 4.4 accounted for the variances of the 

principal components (PC's). The first and largest eigenvalue (5.481) which is associated 

with the first principal component explained about 78.3% of the total variation in the 

traits under study. The second principal component which was orthogonal in direction to 

the first principal component had a maximal variance of 8.5%. When the second principal 
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component was added to the first, the total variation of the traits that was explained by 

the principal components increased to 86.8%. 

Table 4.4: Eigenvalues of the correlation matrix 

Principal Eigenvalue Difference Proportion of Cumulative 

component variance variance 

1 5.481 4.885 0.783 0.783 

2 0.596 0.224 0.085 0.868 

3 0.372 0.169 0.053 0.921 

4 0.203 0.031 0.029 0.950 

5 0.172 0.038 0.025 0.975 

6 0.133 0.090 0.019 0.994 

7 0.043 0.006 1.000 

It was interesting to note that after the second principal component, the proportion of 

variations explained by the subsequent principal components decreased dramatically 

(Table 4.4). In that regard, only the first two PC's might be retained to explain about 

86.8% of the total variation as the elbow curve occurs at the second PC (Figure 1). 

Scree Plot 

5 

4 

3 

2 

o 

2 3 4 

Root 
5 6 7 

Figure 1: Scree plot of the principal components 
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The corresponding eigenvectors of the eigenvalues are presented in Table 4.5. This shows 

the contributions of the variables (body dimensional traits) to the principal components. 

The sign (- or +) indicates the direction of the variable on the principal component. 

From Table 4.5, all the traits are evenly spread on the first principal component; hence it 

is unclear as to which trait explicitly dominates on that principal component. The largest 

eigenvector of HW (0.408) did not appear to be far from the least eigenvector (0.325) 

recorded by PBW. On the second principal component, PBW recorded the highest 

coefficient of 0.762 while CD had the least coefficient (-0.012). The contribution of CD 

was highest (-0.868) on the fifth principal component. BL contributed highest (0.854) on 

the fourth principal component. HW appeared to be the dominant trait on the first (0.408) 

and seventh (-0.807) principal components. If Yi is the ith principal component, then the 

first one ( i = 1) is given (in 2 decimal places) by: 

YI = AO(HG) +.34(NG) + AO(CD) +A1(HW) + AO(RH) +.40(BL) +.33(PBW) [4.1] 

Table 4.5: Eigenvectors 

Trait I Principal components 

1 2 3 4 5 6 7 

HG 0.395 0.017 0.244 -00448 0.387 -0.643 0.144 

NG 0.335 -0.626 0.598 0.066 -0.005 0.365 -0.005 

CD 0.395 -0.012 -0.119 -0.205 -0.868 -0.162 0.093 

HW 00408 -0.071 -0.360 -0.112 0.157 0.104 -0.807 

RH 0.390 -0.116 -0.550 -0.082 0.265 0.371 0.564 

BL 0.390 0.088 -0.021 0.854 0.042 -0.326 0.046 

PBW 0.325 0.762 0.369 -0.061 0.023 00416 -0.001 
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4.1.3 Results of Discriminant Function Analysis (DF A) 

The result of the principal component analysis indicated that all the measured body traits 

were relatively important in describing the sheep breeds. Hence all the traits were 

included in the discriminant analysis. However, the stepwise procedure was employed to 

achieve a parsimonious discrimination between the breeds. 

4.1.3.1 Relative importance of the discriminating variables 

The canonical correlations between the discriminating variables and the associated 

discriminant functions are presented in Table 4.6. The significant (p < 0.05) 

discriminating variables are arranged in order of their contributory importance to the 

developed discriminant functions. These variables were selected through the stepwise 

discriminant procedure. Across the three sample groups of sheep, the most important 

discriminating variable was the rump height (RH) which recorded the highest correlations 

of 0.506, 0.688 and 0.853 for 'rams', 'ewes' and 'overall' sheep respectively. Neck girth 

(NG) was the least contributor to separation between the two breed of rams. 

It is interesting to note that heart girth (HG) was an important discriminator only for rams 

(Table 4.6). Height at withers (HW) assumed importance in distinguishing between the 

two breeds of the ewes as well as in the overall sheep (overall = rams + ewes). Also, 

PBW appeared to be a good discriminator between sheep breeds under the study although 

its contribution was the least in the ewes and the overall sheep groups. 
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Table 4.6: Canonical correlations 

Animal group Discriminators Function 

RH 0.506 

PBW 0.381 
Rams (n = 36) 

HG 0.214 

NG 0.112 

RH 0.688 

HW 0.678 
Ewes (n = 257) 

NG 0.499 

PBW 0.125 

RH 0.853 

HW 0.817 
Overall (n = 293) 

NG 0.396 

PBW 0.219 . ~ 
4.1.3.2 The discriminant functions 

Descriptive discriminant analysis usually involves the categorisation of observations into 

k-groups. As such, k -1 discriminant functions will be developed. In this study, the sheep 

samples were categorized into two distinct breeds hence one discriminant function was 

developed for each sample. Both the standardised and the unstandardised discriminant 

function coefficients are presented in Table 4.7. 

The standardized discriminant function coefficients showed the relative contribution of 

each discriminating variable in the presence of the other discriminating variables present 

in the discriminant function where as the unstandardised coefficients showed the 

univariate contribution of each discriminating variable. When unstandardised 

discriminant function coefficients are to be used in a model, the overall mean obtained 
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from the contribution of all the variables involved will be required in the discriminant 

model. This is not the case with the standardised coefficients. It is necessary to consider 

the (multivariate) contribution of each variable in the presence of other variables if proper 

discrimination between the two breeds is to be achieved. 

Table 4.7: Discriminant function coefficients 

Animal group Discriminators Canonical discriminant function coefficients 

Standardised U nstandardised 

RH 2.281 0.417 

PBW 0.692 0.603 

Rams HG -1.356 -0.151 

NG -1.138 -0.142 

Constant - -15.673 

RH 0.311 0.063 

HW 1.003 0.234 

Ewes NG 0.512 0.135 

PBW -1.197 -0.814 

Constant - -11.034 

RH 0.571 0.110 

HW 0.960 0.208 

Overall NO -0.317 -0.055 

PBW -0.666 -0.452 

Constant - -10.838 

It can be seen from Table 4.7 that only four morphometric traits (variables) each are 

required to discriminate between Sahelian (WALL) and Djallonke (WAD) breeds of 

sheep in the three different samples under this study. 
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z = 0.311(RH) + HW + O.512(NG) -1.197(PBW) ...... [4.3] 

For the rams, the discriminant score, z, depends on the sum of rump height (RH) and 

pin-bone width (PBW) and their difference from heart girth (HG) and neck girth (NG). 

The resultant standardised discriminant model is therefore given by: 

z = 2.281(RH) + O.692(PBW) -1.356(HG) -1.138(NG) ...... [4.2] 

For discriminating between Sahelian (WALL) and Djallonke (WAD) ewes, the four most 

important morphometric traits included rump height, height at withers (HW), neck girth 

and pin- bone width. The resultant standardised discriminant model is given by: 

When the data of both the rams and the ewes were put together as the overall sample and 

subjected to the analysis, the resultant discriminating morphometric traits were the same 

as those used for the ewes. The only difference was in the coefficients as well as the sign 

of the NG trait. The standardised model is given by: 

z = O.571(RH) + O.96(HW) - 0.317(NG) - O.666(PBW) ...... [4.4] 

4.1.3.3 Breed centroids 

The breed centroids are average values of the discriminant scores of members of each 

breed obtained from a given discriminant function. The two breed centroids for each pair 

of breeds form a kind of Mahalanobis distance that provides a maximum separation 

between the breeds, and show how the two breeds are separated from each other. The 

results showed that on the basis of the breed centroids, the WALL rams clustered around 

the positive (4.391) end of the discriminant function, while the WAD rams clustered 

around the negative (-1.255) end (Table 4.8). Again it is obvious from Table 4.8, that the 

centroids that separated the ewes as well as the overall sheep groups were very similar to 
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that of the rams, thus clearly retaining majority of observations from the WALL breed at 

the positive ends and most of the members of the WAD breed at the negative ends. 

When an individual animal is to be classified into one of the two breeds (WALL or 

WAD), the discriminant score of the individual is calculated and compared to each group 

centroid so that the probability of group (breed) membership is calculated. If the score is 

closer to a breed centroid, its probability of belonging to that breed is greater. 

Table 4.8: Breed centroids 

Sample (sheep group) Breed Function 1 

WALL 4.391 
Rams 

WAD -1.255 

WALL 2.270 
Ewes 

J WAD -0.618 = 

WALL 1.878 
Overall 

WAD -0.514 

4.1.3.4 Discrimination and classification between the breeds 

The discriminant functions that were developed were eventually used to classify 

observations in each sample into two breeds (WALL or WAD). The accuracy of a 

discriminant function in assigning individuals to groups is determined by the associated 

misclassification error. The methods of estimating misclassification error were outlined 

in section 3.4.1.4. The re-substitution and the cross-validation (or leave-one-out) methods 

were employed in this study to evaluate the performance of the discriminant functions. 
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The results showed that all the rams were correctly classified into the appropriate breeds 

of origin, thus yielding 100% of accurate classification for each breed (Table 4.9). It can 

be seen in Figure 2 that clear differences existed between WALL and WAD rams and as 

such, no single observation was misplaced. The number of points on the graph indicates 

the sample size (number) in each breed. The two methods of estimating misclassification 

errors both recorded 0.0% error rates each. Expectedly, this classification was significant 

(p < 0.01) with a X2 = 61.501, df = 4. 
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Figure 2: Plot of breed membership for rams 

In the second sample of ewes, about 83.6% of WALL breed were correctly classified as 

belonging to their breed of origin, while 96.0% of the WAD breed were correctly 

classified into their breed of origin (Table 4.9). The misclassified individuals could be 

seen as the misplaced points lying in the zones of the opponent breed (Figure 3). In all, 
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about 93.4% of the ewes were correctly classified into their breed of origin. The 

classification was also significant (p < 0.01) with a.%2 = 223.012, df = 4. 
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Figure 3: Plot of breed membership for ewes 

When the classification was carried out on the overall sheep population (comprising of 

both rams and ewes), a good number (30-32%) of the original WALL breed were 

misclassified as belonging to WAD breed. Such misclassifications are clearly shown in 

Figure 4 as the misplaced points located in the zones of the opponent breed. However, 

about 96.5% of WAD was correctly classified into their breed of origin. In all, about 90- 

91 % correct classification was realised. 

: 
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Table 4.9: Classification into two sheep breeds 

Sheep Classification Breed Prediction Breed Total Overall 

type method membership classification 

WALL WAD (%) 

WALL 8 0 8 
Count 

WAD 0 28 28 
Original 100.0 

WALL 100.0 0.0 100.0 
% 

WAD 0.0 100.0 100.0 
Rams 

WALL 8 0 8 
Count 

Cross- WAD 0 28 28 
100.0 

validation WALL 100.0 0.0 100.0 
% 

WAD 0.0 100.0 100.0 

WALL 46 9 55 
Count 

WAD 8 194 202 
Original 93.4 

WALL 83.6 16.4 100.0 
% 

WAD 4.0 96.0 100.0 
Ewes 

WALL 46 9 55 
Count 

Cross- WAD 8 194 202 
93.4 

validation WALL 83.6 16.4 100.0 
% 

WAD 4.0 96.0 100.0 

WALL 44 19 63 
Count 

WAD 8 222 230 
Original 90.8 

WALL 69.8 30.2 100.0 
% 

WAD 3.5 96.5 100.0 
Overall 

WALL 43 20 63 
Count 

Cross- WAD 8 222 230 
90.4 

validation WALL 68.3 31.7 100.0 
% 

WAD 3.5 96.5 100.0 

1 

~ 

r 

a. The stepwise procedure retained only four variables for each sample. 
b. In cross-validation, each case is classified by the function derived from all cases 

other than that case. 
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It suffices to say that, among the sheep considered for this research, breed differences 

existed between rams. However, when all the animals were grouped together and 

discriminated using the same discriminant function, a reasonable number of the WALL 

were misclassified. 

6 

5 

4 

3 

-4- 

Individual 

Figure 4: Plot of breed membership for the 'overall' sheep 

4.1.4 Weight estimations 

As shown in Table 4.3, all the traits were positively correlated with each other. However, 

some of the traits are known to be more directly related such that the measurement of one 

directly affects the other, for instance, HG and CD. Also the higher the positive 

correlations the more significantly related the traits are. This was however used as a 

guide in selecting traits used for regression analyses. 
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Besides, the result of the Principal Component Analysis revealed that all the traits were 

almost equally important in dimensional characterisation of the sheep (Table 4.5). 

Despite this, the slightest differences in the contributions of the traits to explaining the 

first PC could serve as bases for ranking them. This idea of ranking coupled with the 

knowledge of the correlations among the traits led to the selection ofHG, HW, RH and 

BL as the candidate traits for regression analysis. NG was only included in the multiple 

regression. The results of the regression of live body weight (L W) on the selected traits 

are shown in Tables 4.10, 4.11 and 4.12. 

4.1.4.1 Liveweight prediction based on linear models 

Using one trait as a regressor, the results revealed that the linear regression ofL Won HG 

had the highest adjusted coefficient of determination (R;dj= 86.03%), while the 

regression ofLW on BL recorded the least «: value of53.20% for Breed1-Agel (Table 

4.10). The second most important trait for predicting L W in this group was HW which 

accounted for about 68.78% of variation in live body weight of the WALL sheep. 

Notably the intercepts (a) of the regression lines of all the traits were negatives for 

animals in this group. If HG is used to predict the weight of a one year old and two years 

old WALL sheep in this study for instance, the respective models required would be: 

£W = 0.63(HG) - 21.966 ...... [4.5] 

LW =antilog(lw) = 0.218+ 0.016(HG) ...... [4.6] 

Where L W = predicted live body weight of sheep 

lw = predicted live body weight (this value is in logarithms form). 
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To obtain the predicted LW values of equation [4.6] in kg, then the value LW must be 

• antilog-transformed. This is because LW was log-transformed before used for the 

regression analysis in equation [4.6]. It is also applicable to the equations of WALL (Age 
_,._ 

= 2, 3 and above) in Table 4.10 and WAD (Age = 1, 2) in Table 4.11 because their L W' s 

were log-transformed before used in the analysis. 

Table 4.10: Regression of body weight on body traits in WALL sheep 

~ 

Age Variable Linear Quadratic 

(years) a b, R;dj a bl b2 R;dj 

HG -21.966 0.630 86.03 62.306 -2.153 0.023 92.92 

HW -43.518 1.035 68.78 219.655 -8.159 0.080 71.58 
1 

RH -41.075 0.977 66.56 295.416 -10.630 0.010 72.29 

BL -25.075 0.797 53.20 168.299 -6.913 0.076 59.42 
/ 

HG 0.218 0.016 92.36 0.633 0.005 2.3E-4 91.60 

HW -0.010 0.022 82.23 2.500 -0.054 6.4E-4 81.81 
2 

RH 0.058 0.020 80.43 0.634 0.003 1.2E-4 78.36 

BL 0.061 0.022 76.60 1.931 -0.038 4.7E-4 74.82 

HG 0.469 0.013 84.61 0.982 0.001 1.2E-4 84.33 

HW 0.507 0.015 72.58 0.629 0.011 2.4E-5 71.73 
~3 

RH 1.041 0.007 49.04 1.657 -0.017 2.1E-4 72.35 

BL 0.633 0.014 61.99 2.924 -0.056 5.3E-4 64.88 
- -- 

.•. ~- 

J\ 
<, 

-/ 

• <, 

1 

(i) All models were highly significant at 0.01 level. 

(ii) a = intercept of the model. 

(iii) b, = parameter estimate of the ith variable. 

~ 

(iv) pE - q = p x 1 o-q , where p and q are constants. 

The trend of importance of the traits in L W prediction among the two years old WALL 

sheep was very similar to that of the one year old WALL sheep. HG stood out over other 
~ 
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. •• traits as a better estimator ofLW, recording a very high R;dj value of92.36%. However, 

all the traits appeared to predict L W better in the two years old (R;dj range of 76.60 - 

•. 92.36%) than the one year old (R;dj range of 53.20 - 86.03%) and three years old and 

, above (R;dj range of 49.04 - 84.61%) WALL sheep (Table 4.10). Live body weight 

predictability from body traits was generally lower in the older (Age -3 years and above) 

WALL sheep. Interestingly, BL assumed more importance (R;dj= 61.99%) in predicting 

LW than RH (R;dj= 49.04%) in this last group. 

For the WAD sheep, the trend of importance of weight prediction using the linear body 

traits was very similar to that of the WALL except that the amount of variations 

explained by the regressors were generally lower in the former (Table 4.11). Expectedly, 

HG was the best trait for predicting L W across all ages for the breed with R;dj values of 

81.20%, 63.38% and 39.62% for one year old, two years old and three years old and 

above WAD sheep respectively. It can be seen from Table 4.11 that BL and RH are not 

• good predictors of L W especially in the 0 lder (three years and above ) WAD sheep in this 

study, although BL was better than RH for the two years old sheep. 

The results of the multiple linear regression of L W on the body traits are presented in 

Table 4.12. Only traits that were significantly selected and retained through the stepwise 

regression procedure are reported. The results indicated that only two traits were required 

to predict L W in all the sheep and across all ages, except in the one year old WAD where 

three traits namely HG, HW and BL were required. It is interesting to note that HG was 

the single most important trait required for weight estimation in all the sheep samples in 
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t these study. Even though BL predicted L W abysmally when it was used as the only 

regressor (Tables 4.10 and 4.11), paradoxically it was retained alongside HG in most of 

the samples (Table 4.12). This implies that BL is important in weight prediction when 

used alongside HG than when used alone. 

Table 4.11: Regression of body weight on body traits in WAD sheep 

'" - 

Age Variable Linear Quadratic 

(years) a bl R;dj a bl bz R;dj 

HG 0.114 0.018 81.20 -1.242 0.064 -3.8E-4 83.66 

HW -0.447 0.030 67.70 1.050 -0.026 5.2E-4 67.38 
1 

RH -0.372 0.029 66.86 1.186 -0.030 5.7E-4 66.63 

BL 0.024 0.022 60.58 -1.230 0.071 -4.7E-4 61.07 

HG 0.465 0.013 63.38 1.751 -0.025 2.8E-4 64.11 

HW 0.175 0.020 47.50 0.524 0.008 1.0E-4 46.33 
2 

RH 0.269 0.019 40.86 0.053 0.027 -6.7E-5 39.52 

BL 0.579 0.014 54.54 0.199 0.027 -1.2E-4 53.69 

HG -6.263 0.436 39.62 114.978 -3.298 0.029 49.82 

HW -11.619 0.596 35.22 22.948 -0.616 0.011 34.96 
~3 

RH -10.465 0.587 34.86 25.512 -0.697 0.011 34.66 

BL -3.178 0.460 25.34 -50.055 2.123 -0.015 25.37 

4 

(i) All models were highly significant at 0.01 level. 

(ii) a = intercept of the model. 

(iii) b, = parameter estimate of the ith variable. 

(iv) pE - q = p x 1 o-q , where p and q are constants. 

The combination ofHG and BL ensured a better estimation of live weight among the two 

years old WALL sheep (95.53%) than in the two years old (72.11%) and three years old 

and above (51.64%) WAD sheep. NG together with HG was quite important in predicting 
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LW in the one year old WALL sheep, as both traits accounted for 89.21% of the variation 

in live weight (Table 4.12). Again, RH was an important trait for predicting LW in the 

oldest group (3 years old and above) WALL sheep where it was retained together with 

HG to account for 86.72% of the variation in L W. 

4.1.4.2 Liveweight prediction based on quadratic models 

The results of the quadratic regressions of the traits (in the simple and multiple linear 

equations) are presented in Tables 4.10, 4.11 and 4.12. Each quadratic model comprises 

of a linear component and a quadratic component, the later being the square of the 

variables (traits) in the former. Assuming that the weight of a yearling WALL sheep is to 

be predicted from the value of its HG or the combination of its HG and NG, the required 

models would be: , 
LW = 62.306-2.153(HG)+0.023(HG2) ...... [4.6] 

LW = 18.691-3.573(HG)+ 5.424(NG)+0.035(HG2)-0.087(NG2) •••••• [4.7] 

Obviously, the adjusted coefficients of determinations (R;dj) associated with the 

quadratic models of the yearling WALL sheep were generally higher than those 

associated with the linear models (Tables 4.10 - 4.12). Nevertheless, the R;dj values of 

the quadratic models were comparatively lower (74.82 - 91.60%) than those of the linear 

models (76.60 - 92.36%) for the two years old WALL breed. The quadratic equations of 

HG and HW had R;dj values of 84.33% and 71.73%, being almost the same as those of 

the linear equations for the WALL sheep that were three years old and above (84.61 % 

and 72.58%). A remarkable observation among the three years and above WALL sheep 
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was the good performance of the quadratic model (72.35%) ofRH compared to its linear 

model (49.04%) in LW prediction. Within each age group of the WAD sheep, the HW 

and RH accounted for almost the same variation (R;dj) in their linear and quadratic 

equations (Table 4.11). 

Clearly for the yearlings of both breeds, the quadratic models (with multiple traits as 

regressors) predicted liveweight better than their corresponding linear models (Table 

4.12). Moreover, among the two years old WALL sheep, the amount of variation 

accounted for by HG and BL in the linear equation (95.53%) was slightly higher than that 

(94.39%) in the quadratic equation. 

In addition, comparing the R;dj values in Tables 4.10 and 4.11, it can be seen that the 

quadratic equations of all traits accounted for higher variation in WALL breed (59.42 - 

92.92%) than in the WAD breed (25.37 - 83.66%). A similar observation is presented in 

Table 4.12, even though the combination of traits in the equations differed between the 

two breeds across all ages. 
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Table 4.12: Multiple regression of body weight on body traits of sheep 

Parameter estimates 
Age Breed Model Variables «; a hI h2 h3 h4 h5 h6 

Linear HG+NG -25.242 0.417 0.516 - - - - 89.21 
WALL 

Quadratic HG+NG+HG~+NG~ 18.691 -3.573 5.424 0.035 -0.087 - - 93.72 
I 

Linear HG+HW+BL -0.214 0.012 0.007 0.006 - - - 85.28 
WAD 

Quadratic HG+BL+HW+HG~+ BV+HW~ 1.079 0.064 0.015 -0.107 -4.3E-4 -8.3E-5 1.1£-3 87.32 

Linear HG+BL -59.979 0.702 0.576 - - - - 95.53 
WALL 

Quadratic HG+BL+HG~+BV -23.938 1.631 -1.684 -0.007 0.019 - - 94.39 
2 

Linear HG+BL 0.337 0.009 0.007 - - - - 72.11 
WAD 

Quadratic HG+BL+HGL+BV 1.056 -0.043 0.044 3.8E-4 -3.3E-4 - - 73.92 

Linear HG+RH 0.480 0.011 0.002 - - - - 86.72 
WALL 

Quadratic HG+RH+HG~+RH~ 1.111 -0.003 -3.0E-5 8.1E-5 2.1E-5 - - 86.36 
~3 

Linear HG+BL -19.994 0.368 0.329 - - - - 51.64 
WAD 

Quadratic HG+BL+HG~+BV 33.502 -2.593 1.891 0.023 -0.014 - - 57.37 

(i) All models were highly significant at 0.01 level. (ii) a = intercept of the model. 

(iii) hi = parameter estimate of the ith variable. (iv) pE - q = p x l O'" , where p and q are constants. 
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4.2 Discussion 

4.2.1 Descriptive Statistics 

The descriptive statistics of the Sahelian (WALL) sheep showed that members of this 

breed continued to grow until they are about two years of age (Table 4.1). A comparison 

of Tables 4.1 and 4.2 revealed that on the average, WALL sheep was proportionately 

larger than the Djallonke (WAD) breed. The WALL appeared to be slightly tilted to the 

front as their RH was averagely taller (1.1 ern) than the HW even at two years of age. 

This kind of body conformation changes after two years old, becoming more flattened 

with increase HW. At three years of age and above, WALL sheep were rather flat like 

Uda sheep according to Salako, (2006). The WAD sheep was virtually flat (DAGRIS, 

2005) even though their withers (HW) appeared slightly taller on average than their 

rumps (RH). The HW of WAD sheep in this study was within the range of 40-60 em 

reported by DAGRIS (2005), which indicated how small the breed is across different 

environments. 

• 

The results obtained in this study reveal that the WALL sheep had higher dimensions of 

height (HW and RH) than length (BL). Thus WALL is a typical tropical breed, being 

taller than long. This is in agreement with the report of Salako (2006) who stated that 

young Uda sheep were taller by height than their body length. However, the WALL 

yearlings in this study were far smaller in body size (HW = 57.04±0.9 cm, RH = 

57.96±0.9 em, BL = 50.97±1.0 em and HG = 59.50±1.6 em) compared to the yearlings of 

the Uda sheep (HW = 65.83±5.81 cm, RH = 65.18±6.06 em, BL = 59.37±4.50 em and 

HG = 71.98±4.50 ern) reported by Salako (2006). On average, a two year old WALL 

sheep in this study is comparable in size to a yearling Uda sheep in Nigeria. Compared to 
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the yearling Dorper sheep in South Africa, which weighed between 50.8 ± 5.7 to 57.5 ± 

7.0 kg with a heart girth of 88.3 ± 4.2 to 92.8 ± 5.0 em (Fourie et al., 2002), the WALL 

sheep can be classified as a small breed of sheep. 

, 

However, the body length (BL) of matured Sahel (WALL) sheep in this study, which 

ranged from 61.25±1.8 to 65.44±0.9 em, is slightly higher than the value (60.81 em) 

reported for the same breed of sheep in Burkina Faso and far higher than those of Sudan 

Sahel (54.45 ern) and Sudan (54.10 em) sheep according to Traore et al. (2008b). The 

matured WAD sheep in this study is shorter in length (BL = 55.37±0.7 em) than a young 

Uda sheep (59.37±4.50 em) according to Salako (2006) and the Sahel sheep but longer 

than the Sudan-Sahel and Sudan sheep in Burkina Faso (Traore et al., 2008b). 

Nevertheless all the breeds of sheep in this study were in no way comparable to the 

young Dorper sheep which were about 70.9 ± 2.3 - 71.8 ± 2.5 em long and generally 

large (Fourie et al., 2002). 

The observation of Doss a et al. (2007), that body sizes of the small ruminant populations 

in West and Central Africa increase with the distance to the Atlantic coast, was rather 

contradicted by the result of this study when compared with the results of Traore et al., 

(2008b) because the Sahel sheep in this study had average body height and length traits 

higher than those of their counterparts in Burkina Faso, even though Ghana is closer to 

the Atlantic coast than Burkina Faso. All the same, these differences may be attributed to 

the fact that the sheep in this study were reared at a breeding station and so could have 

been well managed than the farmer-reared sheep used by Traore et al. (2008b). Yakubu et 

al. (2010a) suggested that phenotypic plasticity could result in morphometric divergence 

and geographical separation among breeds of small ruminants. When animals grow under 
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different management conditions, the relationships and balance of their body parts cannot 

be stable to reflect breed characteristics (Afolayan et al., 2006); hence certain amount of 

variation may be observed within members of a breed located in different environments. 

I 

The live weight (L W) of matured WAD sheep observed in this study was within the 

range of20-30 kg reported for the same breed (DAGRIS, 2005), and the range of 19.8- 

31.2±2.3 kg reported for commercial sheep in Nigeria (Olatunji-Akioye and. Adeyemo, 

2009). In an earlier study of Yankasa sheep in Nigeria, Afolayan et al., (2006) reported 

average L W of22.25±0.42 kg for 1.5 - 3 years old sheep. This was very similar to that of 

WAD but far lower than that of WALL observed in this study. The WALL sheep that 

were over two years old in this study were much heavier (34.13± 1.3 kg) than the Yankasa 

sheep (30.79±0.62 kg) that were over three years old in Afolayan et al., (2006) report, but 

far lighter than Zulu sheep (39.76-40.26 kg) from South Africa (Kunene et al., 2007). It is 

clear that the LW of sheep varied greatly within and among breeds (Kunene et al., 2007). 

Such wide variations have been attributed to the different conditions under which the 

sheep are raised (Olatunji-Akioye and Adeyemo, 2009). 

I 
Among all the measured traits of sheep under study, HG was the most varied. This could 

be due to the fact that HG is often affected by gut fill and so is usually the most varied 

according to Salako (2006). Characteristically, PBW being a pelvic measurement 

exhibited very little variability. Some of the sheep appeared emaciated at the time the 

data were obtained and the unstable body condition could have accounted for the 

variations associated with L W. Cam et al. (2010b) observed that differences in 

management, environment and enterprise feeding conditions are factors that can affect 

the live weight of animals. In addition, management practices is said to have influence 
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4.2.2.1 Data exploration 

The results of the Kolmogorov-Smirnov test, as well as the box plots of the 

discriminating variables indicated that most of them were not normally distributed 

(Appendix A (i-iv)). However, the use of the Fisher's Linear Discriminant function 

ensured that the violations of the assumptions of normality did not cause any alarming 

effects because that procedure does not require any distributional property (Rencher, 

2002). The Box's M test for each population of sheep was significant hence the two 

sheep breeds had unequal covariance matrices, perhaps due to the unequal representation 

of the breeds in the samples. Nevertheless, the issue of unequal covariance matrices was 

catered for by the fact that the sample size of each sheep used was reasonably larger than 

the number of discriminator variables (Stevens, 1996). The discriminant analysis could 

therefore be done to yield meaningful results. 

on some linear body measurements of some animals (cow calves and buffalo calves up to 

two years of age) according to El-Feel et al. (1990). Since sheep studies are often carried 

out on-station or on-farm in different environments, the suggestion of Salako (2006) that 

large variation with certain measurement traits is an indication of absence of selection, or 

that those traits respond more to the changes in the environment than others, is supported. 

4.2.2.2 Correlation among the morphometric traits 

Correlations among traits are very important in the study of sheep morphometric 

characters because they (the correlations) give indication of the magnitude and direction 

of one trait as affected by another. In the present study, the pearson correlation 

coefficients among all the traits were positive and highly significant. The highest 

81 

www.udsspace.uds.edu.gh 

 

 

 

 



observed correlation of 0.95 between rump (RH) and withers (HW) heights was similarly 

reported in previous studies by Cam et al., (2010b) among the Karakaya sheep and 

Salako (2006) among the young Uda sheep of Nigeria. 

In most researches, particular interest is paid to the correlations between live (body) 

weight and other body dimensional traits. The present study showed that L W was highly 

correlated with HG (0.91), CD and HW (0.86), BL (0.85) and RH (0.80). The fact that 

HG was highly related with LW confirmed the findings of Fourie et al. (2002), Khan et 

al. (2006) and Cam et al. (2010b) who eventually used HG to predict LW. With the 

knowledge of correlations, other researchers (Cankaya et al., 2009; Afolayan et al., 2006; 

Riva et al., 2004) were able to estimate L W from some linear body measurements traits 

thereby confirming the rationale of predicting L W from linear body measurements traits, 

especially when weighing scales are not available. 

Besides weight estimations, linear body measurements (traits) of sheep could be used in 

other statistical analysis for different purposes such as discrimination, clustering or 

characterization of breeds. In these form of analyses, high correlations among the many 

traits could pose statistical consequences such as multicollinearity according to Rencher, 

(2002) and Timm, (2002). In order to ascertain that the higher correlations observed in 

this study will not significantly affect the output of discriminant analysis undertaken, 

Principal Component Analysis (PCA) was first employed to categorize the traits into few 

uncorrelated components in other to address such statistical issues (Rencher, 2002; 

Timm, 2002; Johnson and Dean, 2007). 
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4.2.2.3 Principal Component Analysis 

The assessment of the traits studied using PCA helps to clarify how each trait contributes 

to the body conformation of the sheep. From Table 4.4, it was concluded that about 

78.3% of the total variation in the traits was explained by the first principal component. 

Addition of the second PC increased the variance explained to about 86.8% and 

eventually to 92.1 % when the third PC is added. The question of how many PC's should 

be retained to explain maximal variation of the traits used was resolved with the 

guidelines outline by Rencher (2002) which is to construct a scree plot of the eigenvalues 

and retain those eigenvalues in the steep curve before the first one on the straight line 

with shallow slope. The result of this study agreed with the reports of Salako (2006) and 

Yakubu et al. (2009) in which they each retained two PC's to explain the variations 

accounted for by the traits in sheep and cattle respectively. 

! 

It was observed that all the traits used in this analysis were almost equally (0.325-0.408) 

represented on the first PC which was at variance with the findings in other researches. 

Salako (2006) had seven measurements traits (foreleg length, tail length, face length, 

rump height, wither height and heart girth) which were highly loaded (0.72-0.89) on the 

first PC to indicate body size; Pundir et al. (2011) reported five measurements traits 

(body length, heart girth, paunch girth, height at withers and height at knee) which 

recorded significant positive high loadings on the first PC to represent general body size 

of cows. Retaining the first two PC's implied the use of all the traits since they were all 

equally important in defming the first PC (see equation 4.1). This could mean that 

pleiotropism is implicated in this observation, as all the traits seem to be explaining a 

single factor despite the fact that some of them are unrelated (Salako, 2006). 
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4.2.3.1 Relative importance of the discriminating variables 

Although no trait appeared totally superior to the other through the Principal Component 

Analysis, it is plausible to assume that all the traits cannot be equally important as 

discriminators. In that regard all the traits were used to run stepwise discriminant analysis 

and only selected traits were then retained and are reported. Rencher (2002) explained 

that the discriminatory importance of each variable shown by the correlation coefficient 

(as in Table 4.6) is in univariate context, thus showing how each variable by itself 

separates the groups. The results revealed that RH was the single most important trait that 

clearly differentiates WALL from WAD sheep in all the three sampled groups, while HW 

was a very important discriminator in the ewes and in all sheep grouped together (Table 

4.6). This is laudable because RH and HW represent height and WALL sheep are 

generally taller than WAD sheep when animals of equal age groups of both breeds are 

compared and appraised visually. 

The PBW and the NG were also important discriminators between the two breeds in all 

the sampled groups under this study. These traits indicate both the anterior and posterior 

dorso-lateral condition of the sheep, implying that the broadness by the neck and pin 

bone are good discriminators between these two breeds. It is however argued that since 

the correlation coefficients (between the variables and the discriminant functions) do not 

provide information about how the variables contribute jointly to separating the breeds, 

they become misleading if used for interpretation of discriminant functions (Rencher, 

2002). Hence, the selected traits are very important (univariate) discriminators between 

the two breeds but, their joint discriminatory power will be best assessed in a multivariate 

discriminant function. 
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4.2.3.2 The discriminant functions and breed centroids 

The two main breeds involved in the study required only one discriminant function to 

separate them. The Mahalanobis distance procedure of the stepwise process was used for 

the discriminations because it allowed for the maximal use of all information available on 

the breeds in their original space (Hair et aI., 2006). Equations 4.2-4.4 gave the 

standardized discriminant functions that maximally separated the rams, the ewes and the 

all sheep grouped together into WALL and WAD breeds respectively. The use of 

standardised discriminant functions coefficients is preferable to the unstandardised 

coefficients because the later reflect the univariate contribution of each variable to 

separation of the breeds. According to Rencher (2002), the objection to the use of the 

standardised discriminant function coefficients (as in the case of this study) is based on 

the argument that they are "unstable" because they change if some variables are deleted 

and others added. However, this dependency behaviour is actually necessary so as to 

make the functions reflect the mutual influence of the traits on each other. In a 

multivariate analysis, interest is centred on the joint performance of the set of variables at 

hand (Rencher, 2002). The use of the standardized coefficients also allows for the 

incorporation of variables simultaneously even if they were measured on different scales. 

For the purpose of classification, the unstandardised discriminant functions were used to 

calculate the discriminant scores. As outlined above, the averages of members in each 

breed of sheep used were calculated and presented as breed centroids (Table 4.8). Based 

on the discriminant functions, most members of the WALL breed scored positive values 

which lied very close to the positive ends (centroids). These affirmed the fact that 

members of the WALL breed are larger and are expected to score larger values than their 
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counterparts in the WAD breed which are relatively smaller. The result of this study was 

in agreement with the fmding of Abukari (2010) who observed that among Ghanaian 

children, individuals with better body conditions were classified at the positive end of a 

discriminant function. 

Interestingly, all the four variables in each equation that separated breeds in each sampled 

groups represented body size. In particular, RH, PBW and NG were required to 

discriminate between the two breed. This implied that the main difference that existed 

between WALL and WAD breeds of sheep was their body sizes, where the former was 

generally larger than the later. Again, the traits that caused the marked difference were 

among those proposed by Yokoo et al. (2010) who suggested the inclusion of linear 

dimensions in breeding programs because such traits were easily measured and less 

affected by environmental variations. A clear distinction between breeds is very 

necessary to the livestock farmers and livestock product consumers. The magnitude of 

such knowledge is well presented in the developed countries where breed names become 

more widely used as 'brand' names for livestock products (Blott et al., 1999). 

! 

!. 

4.2.3.3 Discrimination and classification between the breeds 

The performances of the developed discriminant functions were tested by using them for 

classification. The error of misclassification associated with each function is an indication 

of the performance of the function in question. In this study, the first discriminant 

function correctly classified all the rams into their breeds of origin. Both the re 

substitution and cross-validation methods yielded 100% correct classification of the rams. 

It implied that the traits selected as the most discriminant variables explicitly 

differentiated between the rams of WALL and WAD. Expectedly, WALL rams were 
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taller in height (RH) and larger in size (NG, HG and PBW) than the WAD rams. This 

result was comparable to that of Yakubu et al. (2010a) where the use of rump height, 

body length, horn length, face length, chest girth, neck circumference and head width as 

the most discriminant variables separating WAD and Red Sokoto goats yielded 100% 

correct classification. However, the 100% correct classification in this study was higher 

than the 89.46% correct classification for Sahel sheep (Traore et al., 2008b) and 79.29% 

correct classification for Sahel goats (Traore et al., 2008b) obtained in Burkina Faso. 

Among the ewes, the lower overall misclassification rate (6.6%) is an indication of the 

goodness of the discriminant function. It can be seen from Table 4.9 that the two methods 

used to validate the discriminant function both indicated high performance rate. Again 

comparing this result to the work of Traore et al. (2008b), the 83.6% correct 

classification of WALL ewes into their breed of origin was slightly lower than 89.46% 

for Sahel but higher than 77.86% for Sudan-Sahel sheep breeds. In fact, the WAD ewes 

in this study were better classified (96%) than all sheep breeds used by Traore et al. 

(2008b) and all goat breeds also reported by Traore et al., (2008a) in Burkina Faso. 

In the combined population of the sheep used, a very high (90.4 - 90.8%) number of the 

individuals were correctly classified into their breeds of origin. However, about 30 - 31 % 

of WALL breed were erroneously classified as belonging to WAD breed. In this case 

gene introgression may be implicated since some of the sheep were brought to the 

experimental site (Pong-Tamale livestock breeding station) from elsewhere. Also, some 

attempts have been made by the stockmen at the breeding station to crossbreed, which 

suggests that the genetic resources of these two breeds of sheep are contaminated. Dossa 

et al. (2007) and Traore et al. (2008b) have attributed the cause of large 
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misclassifications to the manifestation of introgressions across breeds resulting from the 

actions of most stock breeders who intend to obtain products with bigger conformations. 

The lower misclassification errors of the WAD breed in each sample may be an 

indication of more uniformity of this breed than the WALL, which may mean that the 

former breed is genetically more homogenous than the later in this study. It also confirms 

the assertion that the WAD sheep is generally small in body size (DAGRlS, 2005) and so 

most of them could not have been wrongly categorized as belonging to the large body 

sized WALL breed. 

The performances of the discriminant functions in this study were generally good. One 

key thing to note is the conditions under which the experimental animals were kept. 

Whereas the sheep in this study were managed on-station, their counterparts in Traore et 

al. (2008b) and the goats in Dossa et al. (2007), Traore et al. (2008a) and Yakubu et al. 

(2010a) were sourced from on-farm. It implies that the management and breeding 

programs significantly differed as most farmers do not control breeding of their stock. 

Besides, the good performances in the case of this study could be due to the fact that the 

four discriminant traits in each sample group were selected through the stepwise 

discriminant procedure as the most discriminatory traits. In discriminating between WAD 

and Yankasa sheep using six variables, Salako and Ngere (2002) eventually observed that 

effectual reduction in the assignment error levels was achieved through the use of only 

four variables (head width, face length, body length and withers height). It therefore 

suffices to say that a parsimonious discrimination between sheep breeds may be achieved 

by using few discriminant traits provided those traits are carefully selected through a 

statistically appraised procedure. The characterisation of sheep in this study will be 
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helpful to livestock farmers and researchers in preserving the genetic resources of some 

of the indigenous African sheep breeds. Again, it will be an aid to livestock farmers and 

dealers in livestock products in the production, processing and marketing of livestock and 

livestock products. 

4.2.4.1 Weight prediction from linear models 

The live body weight (L W) of sheep is the single most important growth and economic 

trait that most stockmen and processors of sheep products pay keen attention to. Accurate 

knowledge of L Wand ways of predicting it are therefore imperative for maximisation of 

its benefits by farmers and livestock processors. The use of conventional weighing scales 

is the best way of determining L W of an animal. Nonetheless, linear body measurements 

can also be used for weight prediction (Kunene et al., 2007; Hamito, 2009). 

The results of this study revealed that HG was the most important trait that could be used 

to predict live body weight of sheep with higher accuracy. Irrespective of the breed or age 

of the sheep, HG stood out among all other traits in weight estimation when each trait 

was used as a predictor variable in simple linear regression. With HG as a predictor, the 

R;dj values of 86.03%, 92.36% and 84.61 % obtained for one year old, two years old and 

three years old and above WALL sheep respectively, were higher than the R2 values of 

39%, 78% and 80% reported for three populations of commercial sheep in Nigeria by 

Olatunji-Akioye and Adeyemo (2009). About 88% accuracy of predicting live body 

weight from HG was reported in Yankasa sheep of Nigeria (Afolayan et al., 2006). In an 

earlier study of two breeds of goats in Ghana, Benyi (1997) reported L W prediction 
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accuracy of 90.40% and 92.01% from HG which was comparable to the performance of 

HG in this study even though Benyi's work was on a different genus (Capra). 

A consideration of the adjusted coefficients of determination associated with the simple 

linear models of the other traits (HW, RH and BL) suggested that live body weight could 

be predicted from these traits with a reasonable accuracy in the sheep under the present 

study, except in the oldest class (3 years and above) WAD sheep, where the predictive 

abilities of all the traits were awfully low (R;dj range of25.34 - 39.62%). These low R;dj 

values were only comparable to the 39% obtained for commercial sheep (Olatunji 

Akioye and Adeyemo, 2009) but far lower than those reported for animals from on-farm 

or on-station by Benyi (1997), Adeyinka and Mohammed (2006) and Afolayan et al. 

(2006). It implied that all the traits were not good predictors of live body weight of WAD 

sheep that were over two years old. This may be attributed to the disproportionate L W 

values associated with sheep of this group. Kunene et al. (2007) and Olatunji-Akioye and 

Adeyemo (2009) attributed the lower predictability of live body weight from linear body 

dimensions to wider variations in the actual (observed) live weight caused by differences 

in environmental conditions. However, the sheep in the present study were all housed and 

reared under the same environmental conditions. It is therefore conceivable that an 

unidentified underlying factor may be implicated. 

The results of the multiple linear regressions analysis revealed the palpable significance 

of HG and BL in live body weight prediction of sheep under this study. HG was 

particularly required alongside another trait to predict L W in all the samples of sheep. 

The two traits (HG and BL) are a representation of body volume index of the animal 
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(Baffour-Awuah et al., 1999). This finding was in agreement with other researches where 

heart girth was found to be the most important and single variable for predicting body 

weight (Benyi, 1997; Afolayan et al., 2006; Olatunji-Akioye and Adeyemo, 2009). For 

the one year old WALL and WAD sheep, the most important traits required for L W 

prediction were HG and NG for the former breed and HG, HW and BL for the later 

breed. This implied that the entire body conformation of a one year old WAD was 

necessary for attainment of 85.28% accuracy in LW prediction, since the traits (HG, HW 

and BL) are an indication of its body conformation. The model with the highest accuracy 

of weight prediction was that of the two years old WALL sheep in which HG and BL 

accounted for about 95.53% of the variation in the model. Besides, these two traits were 

the most important in most of the sheep sampled, which suggest that the knowledge of 

the heart girth and the body length are indispensable in liveweight prediction of WALL 

and WAD sheep. 

Adeyinka and Mohammed (2006) suggested that the addition of other linear 

measurements (like height at withers and body length) to heart girth could improve the 

predictability of the resultant equations. Such a suggestion was supported by the fmdings 

of the present study since the multiple (two or three traits) linear models predicted live 

body weight of sheep better than the simple (one trait) linear. However, a further addition 

of traits to a model in this study did not suggest further improvement in liveweight 

predictability because the adjusted coefficient of determination (R;dj = 85.28%) of the 

only three-trait (HG, HW and BL) model for one year old WAD sheep was not much 

larger than 81.20% obtained from the use of only HG in a simple linear equation for the 

same group of animals. 
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It was obvious that apart from heart girth which was basically required in every model, 

the number and particular type of traits required in a model depended on the breed and 

age of the sheep population. This observation was in line with the findings of most 

researchers (Benyi, 1997; Thiruvenkadan, 2005; Kunene et al., 2007; Hamito, 2009) who 

suggested the development of separate models for different breeds, different sexes and 

different ages of livestock. The existence of seasonal variations between body weight and 

body measurements of small ruminants even led to the development of different weight 

prediction equations for the same set of animals at different seasons (Bassano et al., 

2001; Adeyinka and Mohammed, 2006). The present study also revealed that liveweight 

prediction was generally more accurate among two years old WALL sheep. For the WAD 

sheep, liveweight prediction was more accurate among the one year old. The use of these 

linear models suggested that the best time to sell sheep on the bases of their liveweight is 

when they are just attaining maturity weight, especially at one year old for WAD, and 

two years old for WALL sheep because their liveweight could best be predicted during 

these ages respectively. Unless weighing scales are available, it may not be economical to 

keep and raise sheep beyond two years because the liveweight predictability of such older 

sheep is quite low and livestock producers, majority of whom are rural folk, may not be 

able to price their stock appropriately, besides incurring more cost to feed and manage 

the animals up to that age. 

4.2.4.2 Weight prediction from quadratic models 

The growth of an animal is clearly seen in the increment in its body mass (weight) and 

the changes in its body conformation. Growth is known to follow a geometric distribution 

and so is best explained by nonlinear models (Kum et aI., 2010). It is best measured by 
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observing the weight of an animal over a period of time. In the present study, all the traits 

that were used for the linear regression of liveweight were also used to run quadratic 

regressions of liveweight. 

A notable observation from the models (Tables 4.10, 4.11 and 4.12) was the fact that the 

parameter estimates (hi) of the quadratic terms of most of the equations were negligible 

and so could only be displayed when written in more than three decimal places. 

Interestingly, these phenomena were associated with the models in which the L W was 

log-transformed before being used in the regression analysis. This suggested that log 

transform of the dependent variable might have effects on the magnitude of the 

regression parameter estimates (hi). However, the performances of the models were not 

affected by the transformation because an evaluation of the predicted values of L W from 

the models indicated that the predictions were very similar to the observed. 

It was observed from the results that some of the quadratic models comparatively 

recorded higher values of coefficients of determination ( R;dj) than the respective linear 

models, even though some of the differences between the respective values were minute. 

In particular, in the one year old WALL sheep, the accuracy of liveweight prediction 

from the quadratic models (R;dj range of 59.42 - 92.92%) were higher than those from 

the linear models (R;dj range of 53.20 - 86.03%) respectively, with the heart girth being 

the best predictor. However, the linear weight predictability of HG in this study was 

higher than 73% for billy goats but quite lower than 99% for nanny goats reported by 

Adeyinka and Mohammed (2006). Probably, the differences in the predictive accuracies 

of the models in different researches might arise from the seasonal variations in the 
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weights of animals since the animals and data gathering periods may vary from one study 

to another. In an earlier study, Adeyinka and Mohammed (2006) observed that season 

affected liveweight and hence the accuracy of its prediction from linear body 

measurements. 

The main exception in the present study was in the two years old WALL sheep, where 

the accuracies of liveweight prediction of all the linear models were better than those of 

the quadratic models. This suggests that among the two years old WALL sheep, 

liveweight prediction is easier and better done with the use of linear models than 

quadratic models irrespective of the linear body measurement (trait) used as the 

regressor. It is noteworthy that the choice of the model type (linear or quadratic) based on 

the accuracy of liveweight prediction, is affected by the particular sheep population 

involved and the type of body traits used as the predictor variable(s). The superiority of a 

quadratic model was particularly observed in the three years old and above WALL sheep 

where the accuracy of liveweight prediction from the rump height was explicitly better in 

a quadratic model (R;dj = 72.35%) than in a linear model (R;dj = 49.04%). Further more, 

very similar results were realised in multiple regressions of the traits where most of the 

quadratic models had higher R;dj values than the respective linear models. This implies 

that when more than one trait is used as the regressors, weight prediction is essentially 

best explained by nonlinear models (Kum et al., 2010). 

The higher R;dj values of the quadratic models under multiple regressions implied that 

live body weight of sheep was better estimated from linear body traits in quadratic 

models than in linear models. This confirmed the report of Benyi (1997) that geometric 
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models were better than linear models in liveweight prediction, although Benyi (1997) 

used only one regressor. All the R;d/ values obtained in the present study were lower than 

98% and 99% reported for WAD and Sahel x WAD breeds of goat in southern Ghana 

(Benyi, 1997). HG predicted liveweight better in the one or two years old WALL sheep 

under this study as compared to the 89% prediction accuracy obtained in Yankasa sheep 

of Nigeria (Afolayan et al., 2006). Also, the wither height (HW) explained the variation 

in liveweight better (71.58 - 81.81 %) in the WALL sheep, but worst (34.96 - 67.38%) in 

the WAD sheep when compared to the 71% reported for Yankasa sheep (Afolayan et al., 

2006). The amount of variation in liveweight accounted for by HG and BL were still 

lower in the three years old and above WAD sheep irrespective of the type of model used 

in the prediction. Nevertheless, predictability was better in the three year old and above 

WALL sheep, indicating that the relationship between liveweight and linear body 

dimensions was better in the later breed than in the former breed. 

The pattern of performance of the quadratic models was very similar to that of the linear 

models across the breeds and ages. However, it cannot be said that either one of the 

model types (linear or quadratic) is completely superior to the other in prediction of live 

body weight of sheep across all breeds and ages under the current study. The best 

prediction linear and quadratic models were obtained from the two years old WALL 

sheep using HG and BL as the regressors. In the use of more than one body trait as 

predictors in most sheep populations, the accuracy of prediction of live body weight of 

sheep from linear body traits would be higher when quadratic models are used. 

Meanwhile, the calculations involved in the quadratic models are more complicated than 

those in the linear models. Hence, where the appropriate computer software is not 
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available for use in the predictions, the linear models will be preferably used since only a 

little or even no amount of prediction accuracy will be compromised, besides the fact that 

the computations involved in the linear models are easier and straight forward. 

4.2.4.3 Validation of models 

In this study all the predictor variables in the multiple linear models are significant 

because they were selected through the stepwise regression procedure. The assessment of 

the significance of the quadratic terms was accomplished by evaluating incremental 

adjusted coefficients of determination, R;dj' and not the significance of individual 

coefficients (Hair et al., 2006). The goodness offit of the prediction models was assessed 

using the R;dj associated with each model. This method of model assessment was 

preferred because the R;dj handles the problem of model over fitting, caters for the 

addition of variables that do not contribute significantly to predictive accuracy, and 

allows for comparison of different models involving different numbers of independent 

variables (Hair et al., 2006). The models that recorded higher values of R;dj were 

considered to be better in predictive accuracy than those with lower values. 

Furthermore, the examination of the plots of the residuals versus the predicted variables 

(liveweight) for all the models indicated that the statistical assumptions required for 

regression analysis (see section 3.4.2.4.3) were not violated. The plots associated with the 

use of the heart girth in quadratic models are shown in Appendix D. With the required 

statistical assumptions met, then the developed models are valid and could be interpreted 

as such practically. 
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CHAPTER FIVE 

CONCLUSION AND RECOMMENDATION 

5.1 Conclusion 

The main difference that exists between the Sahelian (WALL) and the Djallonke (WAD) 

l
·s their body sizes. Such difference is especially indicated in their 

breeds of sheep 

morphological characteristics which include rump height, wither height, heart girth, neck 

girth and pin-bone width. In this study, these traits explicitly and appropriately 

b d . t their breeds of origin using 
discriminated and classified the two sheep ree s m 0 

. t di . in ant functions It resulted in the correct classification of all the rams appropna e iscrim . 

(100%) and most of the ewes (93.4%). The Sahel sheep is proportionately larger and 

weighs more than the Djallonke sheep. 

Among the linear body measurement traits, heart girth was the best predictor of 

liveweight irrespective of the breed or age of the sheep in this study. In multiple linear 

regressions it was clear that different traits, each measured together with heart girth, were 

required to estimate the liveweight of sheep of different ages and different breeds. 

However, the two main traits required to predict liveweight accurately were heart girth 

and body length. In the use of more than one trait in liveweight prediction, the accuracy 

of predicting live body weight of sheep from linear body measurements was generally 

better with quadratic models as compared to linear models. This study also revealed that 

in each breed, weight estimation was better in the growing (1 - 2 years) sheep groups 

than the matured ones (3 years and above). The best liveweight prediction model was a 

linear model for the two years old Sahelian sheep. Generally, liveweight predictability 

accuracies were higher for the Sahelian sheep than the Djallonke sheep. 
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5.2 Recommendation 

Based on the outcome of this research study, it is believed that the under-listed 

recommendations will significantly improve animal production at large. 

• The rump height, wither height, heart girth and pin-bone width should be 

considered as the main features differentiating between Sahel and Djallonke sheep. 

• It is believed that the genetic resources of on-farm small ruminants (sheep) in the 

tropics are diluted because of indiscriminate crossbreeding. As such, it is advisable 

to use discriminant functions to appropriately characterise these animals. 

• Farmers should be educated on the significance of properly characterising livestock 

breeds, as such knowledge will help in improving livestock production. 

• The heart girth should be used as the main predictor of liveweight in all Sahel and 

Djallonke sheep. Also, the body length should be used alongside the heart girth for 

better prediction of liveweight of sheep. 

• The age of the sheep and the body trait(s) as predictor(s) should be considered in 

deciding between the use of linear and quadratic models. In using multiple traits, 

where it is computationally possible, quadratic models should be preferably used 

for liveweight prediction in sheep. 

• Since liveweight prediction from linear body traits of sheep is easier and better at 

two years of age, it is advisable that sheep farmers take market decisions on their 

flock when they are about two years old. 
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APPENDIX 

Appendix A 

Table AI. Kolmogorove-Smirnov test of normality 

Variable Kolmogorov-Smirnov Test 

Rams Ewes All sheep 

Statistic Df Sig. Statistic Df Sig. Statistic df Sig. 

HG .160 36 .000 .071 257 .003 .087 293 .000 

NG .172 36 .021 .105 257 .000 .132 293 .000 

CD .234 36 .009 .073 257 .002 .100 293 .000 

HW .239 36 .000 .103 257 .000 .110 293 .000 

RH .356 36 .000 .119 257 .000 .125 293 .000 

BL .273 36 .000 .106 257 .000 .114 293 .000 

PBW .136 36 .088 .093 257 .000 .077 293 .000 

Sig. = test is significant at the 0.05 level. 

Table A2. Kolmogorove-Smirnov test of normality 

Variable Kolmogorov-Smirnov Test 

Breed1-Age1 Breed1-Age2 Breed1-Age3 

Statistic Df Sig. Statistic Df Sig. Statistic df Sig. 

LW .159 16 .200 .248 12 .040 .173 35 .009 

HG .160 16 .200 .162 12 .200 .132 35 .128 

NG .178 16 .188 .200 12 .198 .178 35 .006 

CD .139 16 .200 .233 12 .071 .231 35 .000 

HW .157 16 .200 .236 12 .064 .119 35 .200 

RH .144 16 .200 .274 12 .013 .207 35 .001 

BL .163 16 .200 .248 12 .040 .122 35 .200 

PBW .281 16 .001 .115 12 .200 .117 35 .200 

Sig. = test is significant at the 0.05 level. 
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Table A3. Kolmogorove-Smirnov test of normality 

,,- 

Variable Kolmogorov-Smirnov Test 

Breed2-Age1 Breed2-Age2 Breed2-Age3 

Statistic Df Sig. Statistic Df Sig. Statistic df Sig. 

LW .152 58 .002 .125 47 .062 .066 125 .200 

HG .098 58 .200 .115 47 .151 .065 125 .200 

NG .173 58 .000 .193 47 .000 .133 125 .000 

CD .078 58 .200 .088 47 .200 .097 125 .006 

HW .069 58 .200 .119 47 .095 .063 125 .200 

RH .070 58 .200 .074 47 .200 .072 125 .187 

BL .103 58 .197 .100 47 .200 .119 125 .000 

PBW .073 58 .200 .076 47 .200 .060 125 .200 
- L_ ___ -------- - 

Sig. = test is significant at the 0.05 level. 

Appendix B 

B 1. The SPSS syntaxes for discriminant analyses by sex 
~ 

GET DATA 

ffYPE=XLS 

IFILE='C:\Users\TERRY\Oesktop\PROJECT FINAL\DATA FINAL_old.xls' 

ISHEET=name'Sheet3' 

ICELLRANGE=full 

lREADNAMES=on 

I ASSUMEDSTR WIDTH=32767. 

DATASET NAME DataSet! WINDOW=FRONT. 

SORT CASES BY SEX. 

SPLIT FILE SEPARATE BY SEX. 

DISCRIMINANT 

IGROUPS=BREED(l 2) 

N ARIABLES=HG NG CD HW RH BL PBW 

I ANAL YSIS ALL 

113 

www.udsspace.uds.edu.gh 

 

 

 

 



IMETHOD=WILKS 

IFIN=3.84 

IFOUT=2.71 

!PRIORS SIZE 

/HISTORY 

ISTATISTICS=MEAN STDDEV UNIVF BOXM COEFF TABLE CROSSV ALID 

!PLOT=CASES 

ICLASSIFY=NONMISSING POOLED. 

B2. The SPSS syntaxes for discriminant analyses of the overall sheep 

SPLIT FILE OFF. 

DISCRIMINANT 

IGROUPS=BREED(1 2) 

N ARIABLES=HG NG CD HW RH BL PBW 

I ANAL YSIS ALL 

IMETHOD=WILKS 

IFIN=3.84 

IFOUT=2.71 

!PRIORS SIZE 

/HISTORY 

ISTATISTICS=MEAN STDDEV UNIVF BOXM COEFF TABLE CROSSVALID 

IPLOT=CASES 

ICLASSIFY=NONMISSING POOLED. 

Appendix C 

1. The linear regressions were done using the following SAS syntaxes. Note that x 

represents the predictor variables HG, HW, RH and BL. 

Cl. 

Data sheep3; 

Set sasuser.sheep2; 
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*1w=loglO(lw); 

*hg=loglO(hg); 

Bl=log 1 O(bl); 

Rh=loglO(rh); 

Proc sort data=sheep3; 

by breed age; 

Proc reg data=sheep3; 

by breed age; 

modellw=x; 

output out=pet residual=res predicted=lwpred; 

*data pete; 

*set pet; 

*proc print data=pete; 

*proc gplot data=pete; 

By breed age; 

Plot lw*hg/cframe=ligr; 

Run; quit; 

, 

C2. 

Set sasuser.sheep2; 

*1w=loglO(lw); 

*hg=loglO(hg); 

*bl=loglO(bl); 

*rh=loglO(rh); 

Proc sort data=sheep3; 

by breed age; 

Proc reg data=sheep3; 

By breed age; 

Modellw=hg bl rh pbw hw ng cd/selection=stepwise sls=0.05 sle=0.05; 

Output out=boy residual=resit predicted=lwpred; 

Data mine; 

Set boy; 

:. 
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*lwpredl =1 0* * (lwpred); 

*lw1 =1 O**lw; 

Resid= lw 1-lwpred 1 ; 

Proc print data=mine; 

Run; 

*proc gplot data=mine; 

*by breed age; 

*plot resid*lwl ='+' lwpredl *lwl; 

Run; quit; 

2. The quadratic regression analyses were done using the following SAS syntaxes. Note 

that x and y represent the predictor variables HG, HW, RH and BL 

C3. 

data sheep3; 

set sasuser.sheep2; 

*lw=logl O(L W); 

*hg=log 1 O(HG); 

*bl=loglO(BL); 

*rh=loglO(RH); 

proc sort data=sheep3; 

by breed age; 

proc glm data=sheep3; 

by breed age; 

modellw= x x * x ; 

output out=boy residual=resit predicted=lwpred; 

data mine; 

set boy; 

*lwpredl =1 0* * (lwpred); 

*lwl =lO**lw; 

resid=lwl-Iwpredl; 
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; 

proc print data=mine; 

run; 

*proc gplot data=mine; 

*by breed age; 

*plot resid*lwl='+' lwpredl *lwl; 

run; quit; 

C4. 

data sheep3; 

set sasuser.sheep2; 

*lw=log 1 O(lw); 

*hg=loglO(hg); 

*bl=loglO(bl); 

*rh=loglO(rh); 

proc sort data=sheep3; 

by breed age; 

proc glm data=sheep3; 

by breed age; 

modellw= x y... x * x y * y ... ; 

output out=boy residual=resit predicted=lwpred; 

data mine; 

set boy; 

*lwpredl =1 0* * (lwpred); 

*lwl =10**lw; 

resid= lw l-lwpred 1 ; 

proc print data=mine; 

run; 

*proc gplot data=mine; 

*by breed age; 

*plot resid*lwl ='+' lwpredl *lwl; 

run; quit; 
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Appendix D 
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