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Genetic Variability and Association of Yield and Yield Component Traits of Bread Wheat (Triticum aestivum L.) Genotypes in North Gondar, Ethiopia
By
Mestawut Adane
Advisor: Dr. Alemu Abate
ABSTRACT
Bread wheat variety development plays vital role in enhancing productivity and product quality in Ethiopia, which could be achieved by the information generated from the pre-breeding activity. To achieve this, the study aimed to assess genetic variability, heritability, genetic advance, correlation and path analysis among 49 bread wheat genotypes for 17 quantitative traits. The experiment was conducted at Dabat and Debark research stations of Gondar Agricultural Research Center during the main cropping season of 2022, using a 7 x 7 simple lattice design. The genotypes showed significant variation for most traits, both within and across locations, according to the analysis of variance. The average grain yield of the genotypes varied from 2.3 to 4.37 ton/ha in the two locations. The combined analysis showed that the genotypic coefficient of variation (GCV) ranged from 0.77% for days to maturity to 18.33% for thousand-kernel weight. The phenotypic coefficient of variation (PCV) ranged from 2.41% for starch content to 29.85% for grain yield. The broad-sense heritability (H2b ) ranged from 4.81% for the number of spiklets spike-1 to 89.47% for starch content. The genetic advance as a percentage of mean (GAM) ranged from 0.36% for days to maturity to 23.37% for thousand kernel weight in the combined locations. Grain yield had positive and highly significant genotypic and phenotypic correlations (p≤0.01) with harvest index, hectoliter weight, starch content, thousand kernel weight, number of kernels spike-1, days to maturity, grain filling period and number of spiklets spike-1. The genotypic path analysis showed that grain filling period had the highest positive direct effect on grain yield (0.975), followed by biomass yield (0.373). At the phenotypic level, harvest index had the highest positive direct effect on grain yield (0.787), followed by grain protein content (0.610). The cluster analysis divided the 49 genotypes into five clusters, with cluster III having the highest intra-cluster distance (D2=4.73). The largest inter-cluster distance was between cluster III and V (D2=17.91). Principal components (PCs) with Eigen values >1 explained 79.00% of total variation among genotypes. This research showed the existence of genetic variations among bread wheat genotypes for yield, indicating the potential use in future breeding programs.
Keywords: Cluster analysis, correlation, genetic advance, heritability, path coefficient
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1.1. [bookmark: _Toc155947504]Background and Justification

Bread wheat, scientifically known as Triticum aestivum L., is an annual plant that reproduces through self-pollination. It belongs to the Triticeae tribe in the Gramineae family, also known as Poaceae (Mollasadeghi et al., 2011; Almaz Bedada et al., 2022).The global production of wheat heavily relies on two modern species: common or hexaploid bread wheat (Triticum aestivum) and durum or tetraploid wheat (T. turgidum subsp. durum). These species are known for their high yield and ability to adapt to various regions, making them crucial for providing staple food to a significant portion of the global population, including Ethiopia (Endashaw Girma and Alemnesh Sisay, 2021). Bread wheat (Triticum aestivum L.) holds the prestigious title of the "King of Cereals," being one of the most commonly grown and consumed grains worldwide. Wheat is the second important food crop after rice worldwide (Nishant et al., 2018) and it provides 20% of the calories and protein and feeding about 40% of the world population (Braun et al., 2010; Shiferaw et al., 2013). Sub-Sahara Africa (SSA) produced a total of 7.5 million tones (MT) on a total area of 2.9 million hectares accounting and for 40 and 1.4 percent of the wheat production in Africa and at the global level, respectively (FAO, 2017).

Wheat breeders have conducted extensive selection processes to develop cultivars that meet the standards of both quality and agronomic requirements for a wide range of products (Garome Shifaraw et al., 2022). Ethiopia has established itself as a leading producer of bread wheat, boasting the largest coverage in terms of area, production, and overall productivity among Sub-Saharan countries (Fisseha Zegeye et al., 2020; CSA, 2021). In recent years, Ethiopia has perceived a significant growth in bread wheat production, expansion of cultivated areas, and enhanced productivity (Adugnaw Anteneh and  Dagninet Asrat, 2020). Approximately 2.1 million hectares of land are allocated to bread wheat cultivation, yielding a total of 6.7 million tons of grain during both the irrigation and rain-fed cropping seasons (CSA, 2021).The cultivation of bread wheat in Ethiopia predominantly occurs in regions such as Arsi, Shewa, Bale, Gojam, Gonder and Tigray (Alemu Dabi et al., 2019). These regions are situated in the central and northwestern parts of the country, covering the mid and highland areas. The geographical coordinates of these areas range from 6° to 16° N and 35° to 42° E, with altitudes ranging from 1500 to 3000 meters above sea level (Destaw Mullualem et al., 2020). Despite the strategic importance of bread wheat in Ethiopia, the national average production growth is very low which is 2.54 % (30.46 Qt/ha) (CSA, 2021). As a result, Ethiopia imported an average of 1.5 million tons of wheat, resulting in a cost of 700 million dollars over the past five years (Wuletaw Tadesse et al., 2022). The deficient production can be attributed to various factors. Biotic stresses, including leaf rust, stem rust, stripe rust, common bunt, root rots, Russian wheat aphid, Septoria, Fusarium, and others, pose significant challenges. Additionally, abiotic constraints such as drought, heat, salinity, soil erosion, soil acidity, water logging, pre-harvest sprouting, frost, and poor soil fertility further contribute to the low productivity (Wuletaw Tadesse et al., 2019; Wuletaw Tadesse et al., 2022).

Furthermore, the limited genetic diversity within wheat varieties has reduced their ability to withstand biotic and abiotic stresses (Masresha Gashaw, 2021). Thus lack of variability makes the crops susceptible to diseases and unfavorable climate conditions. Therefore, it is crucial to gather precise information regarding the nature and extent of genetic variability and divergence present in bread wheat, as this knowledge can aid in selecting superior parents for breeding programs (Reta Wakwaya, 2021). It is a well-known fact that having a wide range of diverse genotypes increases the chances of utilizing them to produce productive recombinants and promote broad variability in subsequent generations during genetic improvement. In order to succeed in crop improvement programs, it is crucial to have precise knowledge about the variability of germplasm and the genetic relationships among breeding materials. This knowledge serves as a prerequisite for developing superior recombinants (Reta Wakwaya, 2021). 

1.2. [bookmark: _Toc84136573][bookmark: _Toc84202586][bookmark: _Toc84207641][bookmark: _Toc108673263][bookmark: _Toc155947505] Statement of the Problem
The presence of diverse and important attributable genetic variability among wheat genetic pool plays a pivotal role in enhancing wheat yield and facilitating successful breeding. This abundant genetic diversity provides plant breeders with the opportunity to create new and improved cultivars that possess desirable traits, as diverse plants have a higher likelihood of producing productive recombinants with favorable characteristics (Govindaraj et al., 2015). In order to effectively select for grain yield, it is important to have information and understanding about the genetic variability, heritability, and genetic advance as a percentage of the mean. Additionally, it is crucial to assess the relationship between grain yield and other yield-contributing traits. All these factors play a significant role in making informed decisions regarding grain yield improvement (Almaz Bedada et al., 2022).

[bookmark: _Toc69266165]The significant gap in yield can be attributed to various factors such as the lack of improved varieties suitable for different agro-ecological zones in the country, poor agronomic practices, drought, inadequate soil fertility, diseases, and insect pests (Awale Degewione and Sentayehu Alamerew, 2013). These factors pose major constraints to wheat production in Ethiopia. Therefore, the initial step in the development of new bread wheat varieties is to assess the genetic variability of available genotypes for the traits of interest. This assessment is crucial for the success of a breeding program. Indeed, a greater diversity of germplasms increases the likelihood of harnessing the potential of high heterotic crosses or generating productive recombinants, resulting in broad variability in subsequent generations during genetic enhancement (Garome Shifaraw et al., 2022). In a plant-breeding program, directly selecting for yield alone is insufficient due to its polygenic control. Debark and Dabat are important wheat producing areas of North Gondar; and therefore, enhancing the production and productivity of bread wheat in these areas is essential for production sustainability. Hence, it is important to conduct research on genetic variability as the first step to develop wheat varieties for the study areas. The following objectives guided the present study:

1.3. [bookmark: _Toc155947506] Objective of the Study
[bookmark: _Toc113978744][bookmark: _Toc116539454][bookmark: _Toc155947507]1.3.1. General objective
· [bookmark: _Toc69266166][bookmark: _Toc50486383][bookmark: _Toc113978745][bookmark: _Toc116539455]To develop new varieties that boost production and productivity of bread wheat in North Gonder highlands 
[bookmark: _Toc155947508]1.3.2. Specific objectives
The specific objectives of this study are:
· To estimate the extent of genetic variability, heritability and genetic advance of traits of wheat genotypes; 
· To examine association among traits and thereby estimate the direct and indirect effects of various traits on grain yield; 
· To cluster genotypes into their genetically divergent groups and there by estimate the genetic distance between clusters;
· To identify the traits contributing for much of the total phenotypic variation among the genotypes.
[bookmark: _Toc116539456][bookmark: _Toc155947509]Chapter 2. LITERATURE REVIEW

[bookmark: _Toc155947510]2.1. Botany and Origin of Bread Wheat

Bread wheat is a type of wheat that is widely cultivated around the world as a staple food source (Feldman and Levy, 2012). It belongs to the true grass family Poaceae and is a self-pollinating annual plant. In terms of botanical classification, bread wheat falls under the Division: phanerogams, Sub-division: Angiosperms, Class: Monocotyledon, Series: Glumacea, and Sub-class: Glumiflorae. Its family is known as Poaceae, or formerly "Gramineae," and it belongs to the Tribe: "Triticeae" and Subfamily: pooideae. The chromosome number of bread wheat varies depending on its ploidy level. It can be Diploid: 2n=14, Tetraploid: 2n=28, or Hexaploid: 2n=42 (Feldman and Levy, 2012). The origins of modern bread wheat can be traced back to the Karacadag mountain region in what is now South Eastern Turkiye (Matsuoka, 2011). According to genetic and archaeological evidence, einkorn and emmer wheat, two earlier domesticated varieties were cultivated 12,000 years ago. The earliest form of cultivated wheat discovered so far is wild emmer, which dates back to about 23,000 years ago at the Ohalo II site. These early cultivated forms of wheat were diploid (genome AA) for einkorn and tetraploid (genome AABB) for emmer (Dubcovsky and Dvorak, 2007).

[bookmark: _Toc113978749][bookmark: _Toc116539459]Bread wheat, as we know it today, originated from natural hybrids of three diploid wild wheat progenitor’s native to the Middle East. Firstly, there was an intercrossing between Triticum urartu (containing the A genome) and most likely Aegilops speltoides (containing the B genome). Then, around 6000 BC, the cultivated subspecies Triticum dicoccum, which contained the AB genomes and was cultivated emmer, intercrossed with Aegilops tauschii (also known as goat grass) containing the D genome. This resulted in the development of hexaploid wheat, which contains all three genomes (ABD). Therefore, the genome of Triticum aestivum L. is called the ABD-genome. In Ethiopia, wheat is not a native crop but rather an introduced one. However, its introduction time is difficult to determine as it dates back to ancient times (Riehl et al., 2013).


[bookmark: _Toc155947511]2.2. Agro-ecological Requirements 

Bread wheat is cultivated as a rain-fed crop in temperate areas, in sub-tropical regions with winter rainfall, in tropical regions near the equator, in high-altitude regions exceeding 1500 meters, and in tropical regions situated away from the equator where the rainy season is lengthy, and the crop is grown as a winter crop. In the tropics, wheat is cultivated under irrigation, either in high-altitude regions near the equator or in low-lying regions away from the equator (Mishra et al., 2021). Wheat cultivation encompasses a wide range of soil types, ranging from arid desert soil to heavy clay soil. For irrigated wheat, well-drained and fertile clay loam soil with moderate water holding capacity is considered ideal. In contrast, for dry wheat crops, heavy soil with an open structure that can retain the monsoon rainfall for an extended duration is deemed suitable (Yared Semahegn et al., 2021). The optimal pH level for wheat cultivation falls within the range of 6 to 8, and wheat exhibits moderate tolerance to soil salinity. The soil types used for wheat cultivation vary from well-drained fertile soils to water-logged heavy vertisols (Ehsan et al., 2012).

The growth period of bread wheat typically spans around 120-150 days and necessitates minimal intervention, except for a phase of dry, sunny weather. Ideally, bread wheat requires land free from competition, which could hinder its access to water and sunlight. However, wheat is known for its ability to grow readily even in the presence of weeds (Ehsan et al., 2012). Altitude plays a significant role in determining the distribution of wheat production by influencing rainfall, temperature, and the occurrence of diseases. In the regions of Arsi, Bale, and Shoa, the conditions of the soil, moisture, and disease prevalence within the altitude range of 1900-2300m are highly favorable for cultivating early and intermediate maturing varieties of bread wheat. This particular zone is estimated to contribute 25% of the total wheat production area, while the remaining 75% is found within the altitude range of 2300-2700m. In this higher zone, early, intermediate, and late varieties of wheat are cultivated. Ethiopia's major wheat-producing areas are located in Arsi, Bale, Shoa, Ilubabor, Western Harerghe, Sidamo, Tigray, Northern Gondar, and Gojam zones (Yared Semahegn et al., 2021).



[bookmark: _Toc155947512]2.3. Importance of Bread Wheat 

Bread Wheat holds immense importance globally as it is considered one of the most crucial cultivated crops. Not only is it more nutritious compared to other cereals, but it also remains the primary source of sustenance for human nutrition, securing its position as the foremost crop in feeding the world (Huajie et al., 2020). Worldwide, wheat is used as human food, seed, livestock feed, and as an industrial raw material (Antul et al., 2022). With its significant role in sustaining the lives and livelihoods of millions, wheat accounts for one-fifth of global food production. It boasts the highest protein content among staple foods and contains essential minerals, vitamins, and lipids. Developing countries heavily rely on wheat as their primary source of dietary protein, with approximately 1.2 billion people depending on it for survival (Antul et al., 2022). Furthermore, wheat is utilized in the preparation of a wide variety of products, including traditional fermented thin bread ("injera"), regular bread ("Dabo"), local beer ("Tella"), "dabokolo," "ganfo," "kinche," and various other local food items (Adugnaw Anteneh and Dagninet Asrat, 2020).

[bookmark: _Toc113978751][bookmark: _Toc116539461][bookmark: _Toc155947513]2.4. Wheat Production Constraints in Ethiopia

Wheat cultivation in Ethiopia encompasses both rain-fed and irrigated environments. However, the production of wheat faces numerous challenges stemming from abiotic and biotic factors. Abiotic factors such as drought, high temperatures, soil acidity, erosion, poor soil fertility, waterlogging, excessive rainfall during key growth stages, and the impact of climate change significantly impede crop growth (Wuletaw Tadess et al,. 2019). Moreover, the emergence of new diseases and pests due to climate change further hampers wheat productivity (Crespo-Herrer et al., 2018). Studies by David et al. (2011)reveal that elevated temperatures during the wheat reproductive stages lead to substantial yield loss and reduced grain quality. These effects can be attributed to shortened developmental stages, premature leaf aging, and detrimental physiological and biochemical alterations. In Ethiopia, biotic factors such as diseases, insects, and weeds contribute to complete yield loss. Overall, the combined impact of biotic and abiotic constraints is exacerbated by climate change (Ozlem and Sonmezoglu, 2017).
[bookmark: _Toc155947514]2.5. Yield Related and Quality Traits of Bread Wheat

[bookmark: _Toc155947515]2.5.1. Yield and related traits

Grain yield (GY) is the primary factor that determines the performance of a crop, serving as the ultimate measure of its success. It is the desired outcome of breeding programs and serves as a comprehensive indicator of the interplay between genetic factors and environmental conditions throughout the growing season (Kifle Zerga et al., 2016). The process of achieving grain yield involves a series of interconnected plant growth and development stages, starting from the vegetative phase, progressing to the reproductive phase, and culminating in the grain-filling stage. As a complex polygenic trait, grain yield is under the influence of multiple genes/quantitative trait loci (QTL), with every gene playing a direct or indirect role in determining productivity (James Ganno et al., 2017). While the focus of breeding programs is primarily on grain yield, it is important to recognize that yield enhancement can also be achieved by targeting other related traits. By measuring and analyzing these yield-component traits and their relationship with grain yield, valuable insights into yield potential can be gained (James Ganno et al., 2017). However, improving grain yield poses significant challenges in bread wheat breeding due to its intricate genetic architecture and low heritability (Habtamu Kefale and Ahadu Menzir, 2019).

Agronomic traits, including plant height, harvest index, total biomass, number of productive tillers, grain number per spike, spike length, number of kernels per spike, and thousand seed weight, exert a considerable influence on grain yield in bread wheat (Alemu Dabi et al., 2019). Exploiting these traits in a wheat improvement program, especially through the incorporation of high-performing genotypes, becomes crucial to expedite the development of superior varieties and further enhance grain yield (Yared Semahegn et al., 2021). Notably, agronomic traits possess high heritability and exhibit correlations with grain yield, making them viable indirect selection criteria during breeding and cultivar development, particularly when assessed in small plots during the early stages of breeding programs (Yared Semahegn et al., 2021). A fundamental requirement for developing the perfect plant type through breeding is having a profound understanding of genetic variability, gene action, and the heritability of traits that contribute to yield. Numerous investigations have demonstrated that there exists a direct and favorable association between the harvest index and grain yield (Bhanu et al., 2018).

[bookmark: _Toc155947516]2.5.2. Quality traits in bread wheat

Bread wheat possesses various quality traits that determine its suitability for specific products. Therefore, the quality of any type of wheat cannot be simply described by a single characteristic. Instead, it relies on multiple factors such as milling, chemical composition, baking properties, processing characteristics, and physical dough attributes. Each of these factors plays a crucial role in the production of pastry and pasta items. Grain quality is regarded as a significant breeding objective in many developed nations (Talef Yeshitla et al., 2022). Certain varieties of wheat exhibit visco-elastic properties in their dough, allowing them to produce well-risen bread. For this type of wheat, it is essential to have an adequate quantity of protein and ensure that the initial wheat is in good condition. These varieties are commonly known as "strong" wheat. Conversely, there are varieties that result in non-elastic but highly extensible dough, which is not favorable for bread production but suitable for making biscuits. These varieties fall under the category of "weak" wheat (Kifle Zerga et al., 2016).

Grain Protein Content: Grain protein content is a crucial quality trait in bread wheat. The concentration of protein in wheat grains can vary from 8% to 17%, depending on genetic factors and external influences associated with the crop. The quality and quantity of protein can significantly impact the end-use quality of wheat flour. Wheat flour is the only cereal whose proteins exhibit unique baking behavior, making it distinct in its dough and baking properties (Yared Semahegn et al., 2021). Numerous studies have examined the relationship between protein content and grain yield. Kifle Zerga et al. (2016) demonstrated that the highest protein levels were obtained under conditions that promoted lower yields. This inverse correlation between protein content and grain yield poses challenges for breeding programs aiming to develop high-yielding bread wheat varieties with high protein content. Similarly, Berhanu Meles et al. (2017) reported a negative and significant correlation between grain yield and grain protein content.

Wet Gluten content: The unique property of wheat flour is that when in contact with water, its water and dilutes salt protein forms, a visco-elastic protein mass known as gluten. Gluten is obtained after soluble proteins and starch are removed by washing the dough with water. Gluten mainly consists of polymeric proteins known as glutenins and monomeric proteins known as gliadins, comprising approximately 78 to 85% of the total protein content of the endosperm (Berhanu Meles et al.,2017). 

[bookmark: _Toc113978752][bookmark: _Toc116539462]Test weight or hectoliter weight: Test weight or hectoliter weight is a widely used physical quality parameter in the cereal industry, which serves as an estimation of bulk density (g/cm3). It is particularly important for the milling industry as it provides a measure of grain quality. Factors such as weathering, shriveling or immaturity of grains, and rain-induced field sprouting can cause a reduction in test weight (Berhanu Meles et al., 2017). The hectoliter weight has also been found to have a positive correlation with grain yield, although it is significantly influenced by environmental conditions (Endashaw Girma and Alemnesh Sisay, 2021). Generally, a high-test weight variety tends to produce a greater amount of flour. Therefore, this characteristic is utilized as an indicator for assessing milling quality (Berhanu Meles et al., 2017).

[bookmark: _Toc155947517]2.6. Genetic Variation in Bread Wheat

[bookmark: _Toc113978753][bookmark: _Toc116539463]Genetic variability is the occurrence of differences among individuals due to differences in their genetic composition and/or the environment in which they are raised (Kifle Zerga et al., 2016). If the trait expression of two individuals could be measured in an environment identical for both, differences in expression would result from genetic control, and hence such variation is called genetic variation (Kifle Zerga et al., 2016). Information on the nature and magnitude of genetic variability present in a crop species is important for developing effective crop improvement programs (Dabholkar, 1999). Genetic variability, which is due to the genetic differences among individuals with in a population, is the core of plant breeding because proper management of diversity can produce permanent gains in the performance of plants and can buffer against seasonal fluctuations (Sharma, 1998). In addition, estimation of the magnitude of variation within germplasm collections for important plant attributes will enable breeders to exploit genetic diversity more efficiently (Jahufer and Gawler, 2000). The environment of an individual is the total of all factors other than the individual concerned. The various factors of the environment are called biotic or abiotic depending upon their biological and/or non-biological nature (Sharma, 1998). Phenotypic variation is, therefore, the outcome of both genotypic variation and environmental deviations (Falconer and Mackay, 1996). When assessing the variability present in breeding populations, there are three approaches: (1) utilizing simple measures of variability such as range, mean, variance, standard deviation, coefficient of variability, and standard error; (2) estimating the various components of variance; and (3) measuring genetic diversity itself (Singh, 1993).

[bookmark: _Toc155947518]2.7. Heritability and Genetic Advance

Quantitative traits are influenced by both genetic and environmental factors. The overall variation observed in a population is the product of the combined effects of genotype and the environment. Heritability refers to the proportion of phenotypic variance among individuals in a population that can be attributed to genetic factors (Wyman and Baker, 1991; Kumar et al., 2014). The genotypic component, which represents the heritable portion of the total variability, plays a crucial role in determining the yield and other component characters that breeders should focus on in their selection strategies (Kumar et al., 2014). For breeders, it is valuable to understand to what extent the phenotypic variability of a trait is influenced by genetic variation versus non-genetic environmental factors. In other words, heritability estimates demonstrate the effectiveness of selecting genotypes based on the phenotypic performance of quantitative traits (Kumar et al., 2014). Therefore, estimating heritability is beneficial for plant breeders as it helps determine which characters to prioritize and how they will respond to selection in future generations. 

Additionally, heritability estimates provide important information about the transmission or degree of inheritance of specific characters from parents to offspring. They also indicate the degree of similarity between relatives, serving as an index of transmissibility (Abhilash et al., 2018) and as a measure of the genetic relationship between parents and progeny (Ali et al., 2010). Broad sense heritability, which compares the magnitudes of genotypic and phenotypic variances for traits, plays a predictive role in selection (Allard, 1960). Studies conducted on wheat by various researchers have examined gene effects and identified the involvement of additive, dominance, and epistatic gene effects in the expression of yield and yield components (Carvalho and Qualset, 1978). Consequently, estimating heritability along with other parameters is crucial for evaluating the relative importance of gene action in genetic variation and aiding our understanding of the types of gene action responsible for character expression (Rajput, 2019).

The heritability of a specific trait can vary among different populations and environments. This variation in heritability among populations can be due to the frequency of alleles, as the additive variance is dependent on these frequencies. Since the heritability value is determined by the magnitude of all components of variance, any changes in these components will have an impact on it. Heritability (H2) represents the proportion of phenotypic variance that can be attributed to genetic variation. It can range from 0% to 100%, indicating the extent to which genes contribute to individual differences in phenotypes (Habtamu Kefale and Ahadu Menzir, 2020). A heritability value of 0% suggests that genes have no role in phenotypic differences among individuals, while a value of 100% indicates that genes are the sole factor responsible for these differences. Therefore, heritability serves as a measure of the consistency of phenotypic variability in a selection program and ultimately determines its success (Habtamu Kefale and Ahadu Menzir, 2020).

Heritability estimates in a broad sense were conducted in the grain yield of bread wheat and high heritability was reported by Yousafet al. (2008); Tilahun Bayisa et al. (2020); Misganaw Ferede and Fisseha Worede (2020). However, Gezahegn Fikre et al. (2015);Birhanu Mecha et al. (2017); Tilahun Bayisa et al. (2020) reported moderate heritability in grain yield. Moreover, Adhiena Mesele et al. (2016) reported low heritability for grain yield, indicating the limited scope of improvement of this trait through selection. Tilahun Bayisa et al. (2020) reported that the heritability estimates in broad sense were higher for plant height, spike length, spikelet spike-1, kernel spike-1, thousand-kernel weight, biomass yield, and harvest index and hectoliter weight. This suggests that these traits exhibit greater genetic variance and are less influenced by environmental factors. Consequently, selection for these traits becomes easier as there is a stronger correlation between genotype and phenotype due to a smaller contribution of the environment. Tilahun Bayisa et al. (2020) reported high heritability estimate for biomass yield and harvest index while.  Adhiena Mesele et al. (2016) and Gezahegn Fikre et al. (2015) reported moderate and low heritability estimate for harvest index and biomass yield, respectively. This indicates that the genetic contribution to biomass yield and harvest index may vary depending on the specific populations and environments being studied.

Genetic advance is a measure of improvement that can be achieved by implementing selection within a population. The estimation of heritability, along with genetic progress, is generally more valuable in predicting outcomes and selecting the most favorable individuals (Johnson et al., 1955). However, estimates of heritability do not directly indicate the level of progress that can be expected from selection. Several factors influence genetic progress, including selection intensity, heritability, and phenotypic variance. When there is both high genetic progress and high heritability, it is an indication of a greater influence of additive gene action (Wani et al., 2018). Plant breeders find heritability, in conjunction with genetic progress, to be a valuable parameter for determining the magnitude of genetic improvement through selection and it plays a crucial role in breeding planning (Wani et al., 2018).

[bookmark: _Toc113978754][bookmark: _Toc116539464]Gezahegn Fikre et al. (2015) found genetic advance expressed as a percentage of the mean from the combined analysis was high for grain yield and harvest index while moderate for days to heading, thousand-kernel weight, and spikes length. On the other hand, low genetic progress as a percentage of the means was recorded for grain yield, harvest index, plant height, spikelets per spike, kernels per spike, days to maturity, and hectoliter weight. According to Tilahun Bayisa et al. (2020), the combined analysis across locations showed that genetic advance as a percent of the mean ranged from 0.9% for spike length to 15.9% for harvest index. Similar low genetic progress as a percentage was observed for days to heading (2.9%), days to maturity (1.9%), grain filling period (2.5%), plant height (3.4%), spike length (0.9%), number of kernels per spike (5.4%), biomass yield (5.5%), grain yield (3.8%), and hectoliter weight (2.6%). Additionally, high heritability accompanied by high genetic progress was observed for characters such as days to heading, days to maturity, thousand-kernel weight, harvest index, spike length, grains per spike, biomass yield, and plant height in bread wheat. 

[bookmark: _Toc155947519]2.8. Correlation among Traits

The various traits of crop plants are generally interrelated or correlated. Such correlations can be either negative or positive. In plant genetics and breeding studies, correlated traits are of prime importance because of genetic causes of correlations through pleiotropic action or developmental interactions of genes and changes brought about by natural or artificial selection (Falconer and Mackay, 1996). Generally, three types of correlations can be discussed in quantitative genetics and these are phenotypic, genotypic, and environmental correlations. 

In the field of quantitative genetics, three types of correlations are commonly discussed: phenotypic, genotypic and environmental correlations. The phenotypic correlation (rp) refers to the association between two observable traits. It quantifies the degree of linear relationship between the two traits by analyzing measurements from individuals within populations. On the other hand, genetic correlation (rg) represents the association between the breeding values, which indicate the additive genetic variance of two traits. It measures the extent to which the same genes or closely linked genes contribute to simultaneous variations in different traits. Finally, environmental correlations (re) encompass the correlation between deviations influenced by both the environment and non-additive genetic factors, such as dominance and epistatic genetic deviations (Falconer and Mackay, 1996). Analyzing genotypic and phenotypic correlations among different traits of crop plants is valuable for planning, evaluating, and establishing selection criteria for the desired traits in breeding programs. The correlations between various traits in a crop plant can arise from either genotypic factors or environmental factors (Falconer and Mackay, 1996).  

Environmental correlations arise from the impact of overall environmental factors, which vary across different environments. Correlations caused by genetic factors primarily result from the pleiotropic effects of genes and the phenomenon of gene linkage, wherein genes that affect different characteristics are inherited together. Pleiotropy refers to the ability of a gene to affect multiple traits, leading to simultaneous variations in both traits when the gene is expressed (Falconer and Mackay, 1996). To determine the nature and strength of the relationship between two measurable characteristics, correlation coefficient analysis is employed. Traits that are challenging to measure or heavily influenced by the environment typically exhibit low heritability ratios. Therefore, it becomes necessary to examine the relationships between various traits. Understanding the existing correlations between important traits can aid in interpreting already obtained results and serve as a foundation for designing more efficient breeding programs. However, as the number of independent variables influencing a specific dependent variable increase, some level of interdependence is anticipated. Consequently, relying solely on correlation may not suffice to explain associations and select between direct or indirect selection strategies (Ariyo et al., 1973). 

Therefore, the correlation may be insufficient to explain the associations in a manner that will enable one to decide on either a direct or an indirect selection strategy (Ariyo et al., 1973). Correlation coefficients range from -1 to +1, with phenotypic correlations generally being accurately estimated. Genetic correlations, on the other hand, often have substantial standard errors due to challenges in mitigating the directional effects of confounding factors such as dominance and epistatic genetic effects on additive genetic correlation estimates. Additionally, genetic correlations are heavily influenced by gene frequencies, thus potentially exhibiting noticeable variations among different populations (Falconer and Mackay, 1996). In addition, genetic correlations are strongly influenced by gene frequencies, and, therefore, may differ markedly in different populations (Falconer and Mackay, 1996).

[bookmark: _Toc113978755][bookmark: _Toc116539465]Estimate of correlations and significance tests was previously discussed by several workers (Robertson, 1959; Sharma, 1998). Depending on the sign genetic correlations between two characters can either facilitate or impede selection progress. Correlation value (r = 1) implies perfect (100%) correlation, where both traits vary hand in hand, r = -1 means there is 100 % correlation between two characters, but they vary in the opposite directions, and r = 0 carries the implication that there is no correlation at all between the two characters (Falconer and Mackay, 1996; Sharma, 1998). 

[bookmark: _Toc155947520]2.9. Path Coefficient Analysis

[bookmark: _Toc113978756][bookmark: _Toc116539466]Path coefficient analysis is a crucial statistical technique that reveals the variables (causes) that exert influence on other variables (effects), while taking into account the impacts of multicolinearity (Akanda and Mundt, 1996). A path coefficient represents a standardized partial regression coefficient and, therefore, estimates the direct influence of one variable on another (Williams  et al.,1990). It allows the separation of correlation coefficients into direct and indirect effects (Akanda and Mundt, 1996). This analysis requires a cause-and-effect relationship between variables. Path coefficient analysis can be defined as the ratio of the standard deviation of the total effect (Falconer and Mackay, 1996). By partitioning the cause-and-effect relationship of different traits, we can gain insights into the factors contributing to the observed correlation. In certain scenarios, correlation alone does not provide an accurate representation of the direct and indirect effects of characters on each other. Therefore, path coefficient analysis is preferable as it can identify the direct and indirect causes of associations and measure the relative importance of each correlation. Analysis aided by path coefficient analysis is a powerful tool for studying character associations (Sharma, 1998).

[bookmark: _Toc155947521]2.10. Genetic Divergence and Clustering of Bread Wheat

The progress of enhancing the genetic traits of any crop primarily relies on the extent of genetic diversity present within the population. The measurement of genetic distances allows us to assess the pattern and level of genetic diversity within a specific gene pool of a crop. Understanding the genetic diversity among closely related crop germplasm is crucial for strategically utilizing genetic resources, enabling us to obtain a greater level of heterotic expression in F1 hybrids and a wider range of variability in subsequent generations (Chowdhury et al., 2020). The limited genetic diversity acts as a major obstacle in crop improvement initiatives. Consequently, selecting diverse parents for hybridization becomes an important consideration in generating new genetic variability. Accurate information regarding the nature and extent of genetic diversity assists plant breeders in choosing suitable parents for purposeful hybridization. For a successful hybridization program, it is imperative that the varieties display significant genetic divergence, particularly for quantitative traits that contribute to yield (Daniel Hailegiorgis et al., 2011). Genetic diversity differs from genetic variability in the sense that the former evaluates the actual variations present in a population, while the latter measures the extent to which a trait or genotype is prone to variation. Genetic diversity encompasses any form of variation in the nucleotides, genes, chromosomes, or entire genomes of organisms(Mohammadi and Prasanna, 2003). 

[bookmark: _Toc113978757][bookmark: _Toc116539467]Cluster analysis is a statistical technique employed to categorize sample genotypes into various groups based on a set of measured variables (Daniel Hailegiorgis et al., 2011). It can be seen as the process of organizing genotypes into homogeneous clusters. This method operates on a dissimilarity (or similarity) matrix that represents the differences between all possible pairs of genotypes being clustered. Clustering using the genetic distance (D2) matrix is particularly helpful for assessing the divergence within a population and identifying genotypic variability. The D2 statistic quantifies the degree of differentiation between clusters and determines the relative contribution of each component trait in driving divergence. Clusters that exhibit the largest D2 value signify the highest levels of divergence, while genotypes within the same clusters or groups are less divergent (Falconer and Mackay, 1996).



[bookmark: _Toc155947522]2.11. Principal Component Analysis

Principal component analysis (PCA) is a method used to reduce data complexity and gain insight into the relationships between multiple characteristics. Its purpose is to divide the overall variance of the original characteristics into a smaller number of independent variables that are not correlated with each other (Fellahi et al., 2013). This enables the visualization of differences among individuals and the identification of potential groups. The reduction is achieved by transforming the original variables into a new set of uncorrelated variables known as principal components (PCs). The significance of each principal component lies in its contribution to the total variation along each axis, which aids in differentiation (Fellahi et al., 2013).

The initial step in PCA involves calculating Eigen values, which indicate the amount of total variation explained by each PC axis. These Eigen values are often used to determine the number of factors to retain, with the sum of Eigen values typically equaling the number of variables (Fellahi et al., 2013). Awale Degewione and Sentayehu Alamerew (2013)observed that characters with greater values in the first principal component, such as grain yield per plot, accounted for a significant portion (27.9%) of the total variation (91.87%) explained by the six principal components. These variables made the most significant contribution and played a crucial role in distinguishing the clusters. Daniel Hailegiorgis et al (2011)conducted a study on 49 bread wheat genotypes, evaluating the genetic diversity for yield and related traits across 17 characteristics, and found substantial variability among the components considered.








[bookmark: _Toc116539468][bookmark: _Toc155947523][bookmark: _Toc116539469]Chapter 3. MATERIALS AND METHODS

[bookmark: _Toc155947524]3.1. Description of the Study Area
	
The field experiments were conducted during the 2022 cropping season at Dabat and Debark Agricultural Research Station under Gondar Agriculture Research Center (GARC). Dabat research station is situated at 13° 09' N latitude and 37° 39' E longitude at an altitude of 2266 meters above sea level (m.a.s.l). The study area is located 75 and 268 km away from Gondar and Bahir Dar towns, respectively. Dabat research site is characterized by unimodal rainfall; starts in April and extends to the end of November, with the maximum rainfall received in June, July, and August. The annual precipitation of the area reaches 750 to 1100 mm and the annual average temperatures ranges from 8.6 to 24.5. The major soil type found in the experiment area is vertisol (Yohannes Azene, 2020).

Debark is a research station in the Amhara National Regional State of Ethiopia. It lies station is located at a distance of 100 km Gondar, the capital of Central Gondar zone, and 293 km from Bahir Dar, the capital of the region. The station has an elevation of 2850 m.a.s.l and is located at 13°08′N and 37°54′E. The climate of Debark is characterized by a single rainy season that lasts from April to November, with the peak rainfall occurring in June, July and August. The annual rainfall varies from 900 to 1400 mm, and the temperature ranges from 6.5 to 19.8. The main soil type in the station is Cambisol, as reported by Gondar Agricultural Research Center.
[image: ]
[bookmark: _Toc155946058][bookmark: _Toc155947071][bookmark: _Toc116539470]Figure 1: Geographical Map of the Study areas 

[bookmark: _Toc155947525]3.2. Experimental Materials and Design

Forty-nine bread wheat genotypes, obtained from Gonder Agricultural Research Centre, were evaluated for genetic variability and association among traits. The accession no.  description of the studied bread wheat genotypes is presented in Table 1. The experiment was set up using a 7×7 simple lattice design, following the standard procedure for layout and randomization. Each genotype was sown on a plot of (2 m2) consisting of 4 rows, each 2.5m long; the spacing between rows was 20 cm. Spacing between plots and replications was 0.2m and  1.0m respectively. The seed rate was adjusted to 150 kg/ha. A seed rate of 150 kg/ha and a fertilizer rate of 100 kg/ha NPS and 300 kg/ha urea was applied. Planting was done at the onset of rain in the main cropping season. The NPS fertilizer was added during sowing, while the urea fertilizer was applied during both at sowing and the remaining half was top-dressed at the full tillering stage. 
[bookmark: _Toc155946043]Table 1: List of bread wheat genotypes used in the study
	P#
	Genotype
	P#
	Genotype

	1
	EBW149272
	25
	EBW182376

	2
	EBW143783
	26
	EBW180987

	3
	EBW140186
	27
	EBW180028

	4
	EBW149827
	28
	EBW186893

	5
	EBW150562
	29
	EBW188072

	6
	EBW150989
	30
	EBW186388

	7
	EBW151817
	31
	EBW189383

	8
	EBW150287
	32
	EBW180272

	9
	EBW156151
	33
	EBW180674

	10
	EBW150864
	34
	EBW191027

	11
	EBW169612
	35
	EBW191826

	12
	EBW160083
	36
	EBW192312

	13
	EBW160061
	37
	EBW191421

	14
	EBW160065
	38
	EBW191204

	15
	EBW160904
	39
	EBW191138

	16
	EBW160709
	40
	EBW197639

	17
	EBW170906
	41
	EBW193256

	18
	EBW171262
	42
	EBW192481

	19
	EBW170187
	43
	EBW192712

	20
	EBW170856
	44
	EBW192863

	21
	EBW170923
	45
	EBW192754

	22
	EBW179826
	46
	EBW193471

	23
	EBW171873
	47
	EBW192432

	24
	EBW180069
	48
	EBW192437

	
	
	49
	Alidero



[bookmark: _Toc116539471][bookmark: _Toc155947526][bookmark: _Toc116539472]3.3. Data Collection

[bookmark: _Toc155947527]3.3.1. Data collected on a plant basis
	
Plant Height (PH, cm): the height of ten randomly selected plants from each plot was measured starting from the base of the ground to the tip of the terminal spikelet (excluding awns) at physiological maturity. The average of these ten observations was used for further analysis.
Spike Length (SL, cm): Spike Length was measured in cm from the base of the spike to the top of the last spikelet excluding awns of ten plants at maturity.
Number of kernels spike-1 (KPS): The actual count of the number of kernels per spike of the main tillers of each of the ten randomly taken plants for each experimental plot was recorded after threshed manually at the time of harvest and the average of ten plants was used for analysis.
[bookmark: _Toc116539473]Number of Spikelets spike-1 (SPS): Total numbers of spikelets on the main spike of all ten plants from two rows were counted at the time of maturity and the average was recorded and used for analysis.
[bookmark: _Toc155947528]3.3.2. Data collected on a plot basis

Days to heading (DH (days): The number of days from the date of sowing to the stage where 50% of the spikes fully emerged.
Days to maturity (DM) (days): The number of days from sowing to the stage when 90% of the plants in a plot reached physiological maturity (plant's panicle straw got yellow color).
Grain filling period (GFP): The number of days from heading to physiological maturity was calculated as the number of days to maturity minus the number of days to heading.
Biomass Yield (BY) (ton/ha): The plants within the two harvestable row was harvested at the point where they were attached to the ground, collected, and sun-dried until the constant weight was attained and weighed to obtain the biological yield.
Grain yield (GY) (kg/ha): Grain yield in grams obtained from the two harvestable rows (1m2) of each plot was measured using sensitive balance and converted to kilogram per hectare after grain moisture is adjusted to 12.5%.
Harvest index (HI) (%): This was calculated as of the grain yield after grain moisture is adjusted to 12.5% divided by biomass yield with same unit and multiplied by 100.
Thousand Kernels Weight (TKW, g): It was recorded from randomly taken pure thousand kernels from a plot grain yield and weighed in grams using a sensitive balance.
Hectoliter Weight (HLW, kg hL-1): It is a measure of the volume or density of grain per unit. The weight of grain samples was taken into a hectoliter (an apparatus that was calibrated to hold one litre) then the one-litre grain samples were weighed and adjusted at 12.5% moisture content.
Grain Protein Content (GPC): GPC of each genotype was estimated using non-destructive and robust Near-Infrared Reflectance Spectroscopy (NIRS), and was adjusted to 12.5% moisture content prior to statistical analysis. 
Starch content (SC%): The starch content of the seed sample of the genotypes was determined using Near-Infrared Reflectance Spectroscopy (NIRS) by putting 500 g seed samples in the NIR apparatus and calibrating the NIR to provide the information by the infra-red as percent starch content.
Wet Gluten Content (WG, %): the wet gluten content of the sample of 500g seed samples was determined using NIRS. It is expressed in percentage.
Zeleny Sedimentation (ZS) test: Describes the degree of sedimentation of flour suspensions when dissolved in lactic acid solution during a standard time interval and was taken as a measure of baking quality. Here harvested genotypes from two environments were determined using NIR.
N.B. Wheat genotypes were tempered to 12.5% moisture content for 48 h to determine all the
[bookmark: _Toc116539474]above grain physical as well as chemical characteristics of the data. All these works were done at Amhara Region Agricultural Research Institute (ARARI) Grain Quality Analyses Laboratory, Bahir Dar, Ethiopia.

[bookmark: _Toc155947529]3.3.3. Data on disease parameter

[bookmark: _Toc116539475]Disease data were recorded for Septorial blotch when the disease's incidence and severity were observed in the field. The 1-9 scoring scale was adapted to record the data. 

[bookmark: _Toc155947530][bookmark: _Toc116539476]3.4. Statistical Analysis

[bookmark: _Toc155947531]3.4.1. Analysis of variance

The data were analyzed using R software version R-4.3 at each location and across two locations. Normality of data was checked using Shapiro wilks test and Homogeneity of variance was calculated using Bartlett Test in the R-programming language. The combined ANOVA across locations was computed after ensuring the homogeneity of error variances. The ANOVA for individual locations were computed using the following mathematical model:
Pijk = μ + gi+ bk (j) + rj + eijk
Where, Pijk = the observed value of the ith genotype under jth replication and kth incomplete block within replication j; μ =grand mean; gi= the effect of ith genotype; bk (j) =the effect of incomplete block k within replication j; rj=the effect of replication j; and eijk= the residual or effect of random error. Duncan's multiple range test (DMART) was used to compare two means at both 1% and 5% levels of significance.
Pooled analysis of variance over the two location was conducted to measure the total variation among the genotypes using the model:
Pijks = μ + gi+ bk(j)(s) + rj(s) + ls + (gl)is + eijks
Where, Pijks= phenotypic value of ith genotype under jth replication at sth location and kth
incomplete block within replication j and location s; μ =grand mean; gi = the effect of ith genotype; bk(j)(s) = the effect of incomplete block k within replication j and location s; rj(s)=the effect of replication j within location s; is= the effect of locations; (gl) is the interaction effects between genotype and location; and eijks= random error or residual effect of genotype i in block j of locations.
[bookmark: _Toc155946044][bookmark: _Toc155947072][bookmark: _Toc113978768][bookmark: _Toc116539477]Table 2: Analysis of variance for genotypes tested at two locations-combined
	Source of variation
	Degree
of freedom
	Mean square(MS)
	Expected Mean
Square(EMS)

	
	
	
	

	Location
	L-1
	MSL
	σ2e + R σ2gl + G σ2l

	Replication
	R-1
	MSR
	σ2e + G σ2l

	Blocks within
Replication
	R(K-1)
	MSB
	σ2e + R σ2gl + R σ2g

	Genotypes
	G-1
	MSG
	σ2e + R σ2gl + RL σ2g

	GXL interaction
	(G-1)(L-1)
	MSG*L
	σ e 2+ R σ2gl

	Error
	LG(R-1)-(RK)
	MSE
	σ2e


Note: k=represent blocks; σ2g = genotypic variance, σ2e = environmental variance, σ2l =location variance, σ2r = replication variance, and σ2gl = genotype x location interaction variance, l = number of locations, g = number of genotypes and r = number of replications.

[bookmark: _Toc155947532]3.4.2. Estimation of variance components

The phenotypic and genotypic variability of each quantitative trait was estimated as phenotypic and genotypic variances and their respective coefficients of variation. The phenotypic and genotypic coefficients of variation were computed using the formula suggested by (Burton and De Vane, 1953) as follows.
Genotypic variance () = 
Phenotypic variance on a mean basis ( ) =+ , σ2e = 
Where, σ2g = genotypic variance; Msg= mean square of genotypes; Mse = mean square of error; r = number of replications; σ2e = Environmental variance (error mean square); σ2p = phenotypic variance and r= replication.


[bookmark: _Toc116539478]Where, PCV= Phenotypic coefficient of variation; GCV= Genotypic coefficient of variation; and X̅ = population mean of the character being evaluated (Burton and De Vane, 1953).
Variance components for the data combined over locations were computed in a similar fashion as for the individual locations by using the formulae Johnson et al. (1955) as follow:



σ2 p = σ2 g + σ2gl/l + σ2 e/rl
Where: σ2 gl = Gene by location interaction; MSe = Error mean square; MSgl = Genotype by location interaction mean square; MSg = Genotype mean square; r = Replication and l = Location.
Coefficients of variation at phenotypic and genotypic levels for combined over location were estimated using the following formula:



[bookmark: _Toc155947533]3.4.3. Estimation of heritability

Broad sense heritability (H²) for all traits was estimated as the ratio of genotypic variance to the phenotypic variance and expressed in percentage according to the methods suggested by Falconer and Mackay (1996).

Where:
H2 = Heritability in broad sense; σ2g = Genotypic variance and σ2p = Phenotypic variance
Similarly, broad sense heritability for combined over locations was estimated according to the method suggested by Falconer and Mackay (1996) as follow:

[bookmark: _Toc116539479]Where, 𝜎2𝑝 = 𝜎2g+ (𝜎2gl/l) + (𝜎2e/rl) and
[bookmark: _Toc155947534]3.4.4. Estimation of genetic advance

The expected genetic advance expressed under selection in broad sense, assuming a selection intensity of 5% of the superior progeny was estimated following the methodology described by Falconer and Mackay (1996):
GA = (k) (σp) × (H2)
Where:
[bookmark: _Toc116539480]GA = Genetic advance = selection intensity (k = 2.06 at 5% selection intensity), σp = phenotypic standard deviation and H2 = heritability in broad sense.

[bookmark: _Toc155947535]3.4.5. Genetic advance as percent of mean

Genetic advance as a percent of the mean was calculated to compare the extent of the predicted advance of different traits under selection, using the following formula Falconer and Mackay (1996):

Where: GAM = Genetic advance percent of mean; GA = Genetic advance and X = Mean value of the trait. GAM was categorized as low (0–10%), moderate (10–20%), and high. (>20%) (Garome Shifaraw et al., 2022).


[bookmark: _Toc116539481][bookmark: _Toc155947536]3.4.6. Estimation of phenotypic and genotypic correlations

Phenotypic (rp) and genotypic (rg) correlations between two traits were estimated using the formula suggested by Johnson et al.(1955).

Where: rp = Phenotypic correlation coefficient 
Pcovxy = Phenotypic covariance between variables x and y
Vpx = Phenotypic variance of variable x
Vpy = Phenotypic variance of variable y


Where: rg = Genotypic correlation coefficient 
Gcovxy= Genotypic covariance between variables x and y
Vgx = Genotypic variance of variable x
Vgy = Genotypic variance of variable y
The calculated phenotypic correlation values were tested for its significance using the t-test:
t =
Where, rp = Phenotypic correlation; SE (rp) = Standard error of phenotypic correlation obtained using the following formula (Sharma, 1998).
= 
Where, n is the number of genotypes tested, r2p is phenotypic correlation coefficient. 
The coefficients of correlations at genotypic levels were tested for their significance by the formula described by Robertson (1959) as indicated below:

The calculated ''t'' was compared with the tabulated ''t'' value at (n-2) degree of freedom at 5% level of significance. Where n are a number of genotypes.
 = 
Where 
H2x = heritability of trait x 
[bookmark: _Toc116539482]H2y = heritability of trait y

[bookmark: _Toc155947537]3.4.7. Path coefficient analysis
	
Path coefficient analysis was carried out using R software (R core team, 2021) to study the direct and indirect contributions of the traits to the associations. The direct and indirect effects of the independent traits (yield components) on the dependent variable (yield) was estimated as described by Dewey and Lu (1959) using the following formula: 
rij= Pij + Σrikpkj 
Where:- 
rij = mutual association between the ith independent traits and the jth dependent traits as measured by the genotypic and phenotypic correlation coefficient.
Pij = components of direct effects of the ith independent traits on the jth dependent traits as measured by the genotypic and phenotypic path coefficients and 
Σrikpkj = summation of components of indirect effects of a given ith independent traits on given jth dependent via all other k independent traits. 
[bookmark: _Toc116539483]Residual factor (R), the contribution of the remaining unknown factor was estimated using method: R = √ (1- Σrij Pij)

[bookmark: _Toc155947538]3.4.8. Cluster analysis

The cluster analysis was performed by using R software. Cut points, where local peaks of the pseudo F statistic joined with small values of the pseudo t2 statistic followed by a larger pseudo t2 for the next fusion, were examined to decide the number of clusters. Then, the 49 genotypes were clustered with the average linkage method.
The generalized distance between any two populations is expressed as: D2ij = (xi - xj) cov-1 (xi - xj); where, D2 ij =the distance between cases i and j; xi and xj =vectors of the values of the variables for cases i and j; and cov-1 = the pooled within group variance covariance matrix. 
[bookmark: _Toc116539484][bookmark: _GoBack]


[bookmark: _Toc155947539]3.4.9. Principal component analysis

Principal component analysis was performed by R software to evaluate the contribution of each quantitative traits in the total variation of genotypes Number of factors retained was decided by looking at the Eigen values (values > 1.0) (Fellahi et al., 2013). The general formula to compute scores on the first component extracted (created) in a principal component analysis is described:
Yk = Ck1 X1 + Ck2 X2 + …. + CkmXm Where Yk is the k-th principal component k; C ‘s are the coefficients in the table. Where, C1 = the subject’s score on principal component 1 (the first component extracted).
















[bookmark: _Toc155947540]Chapter 4. RESULTS AND DISCUSSION

[bookmark: _Toc155947541]4.1. Analysis of Variance

[bookmark: _Toc155947542]4.1.1. Analysis of variance for individual locations

[bookmark: _Toc142326754]The results of the analysis of variance (ANOVA) for 17 traits of the 49 bread wheat genotypes for individual locations are presented in Table 3. At Dabat, highly significant differences were recorded among tested bread wheat genotypes (P<0.01) for days to heading, days to maturity, septorial, grain filling period, grain yield, biomass yield, harvest index, protein content, starch content, wet gluten content, zeleny sedimentation and hectoliter weight. This implies the presence of sufficient variability among bread wheat genotypes for most of the agronomic and grain quality traits. Thus, it could be used as baseline information for further work in breeding and conservation of these genotypes. In line with the present finding, Gezahegn Fikre et al. (2015) reported the presence of considerable genetic variability for grain yield and its component traits in bread wheat. Similarly, Obsa Chimdesa et al. (2017) reported highly significant differences among the bread wheat genotypes for most of the grain yield and yield-related traits. 

The traits of days to maturity, grain filling period, plant height, spike length, number of spiklets spike-1, number of kernels spike-1, biomass yield, septorial, protein content, starch content, wet gluten content, zeleny sedimentation, hectoliter weight and harvesting index showed significant variation among genotypes at Debark (Table 3). This indicates that there is a lot of variability among genotypes for the traits studied at each location. This provides a good opportunity for breeders to select genotypes based on the trait of interest (Berhanu Melese et al., 2017).

[bookmark: _Toc155946045][bookmark: _Toc155947073]Table 3: Mean squares of 17 traits of 49 bread wheat genotypes studied at Dabat and Debark in 2022
	Dabat
	[bookmark: _Toc155947074]Debark

	Traits
	MSE (36)
	MSR (1)
	MSB (12)
	MSG
(48)
	R2
	CV (%)
	Mean
	RE (%)
	MSE(36)
	MSR(1)
	MSB(12)
	MSG(48)
	R2
	CV(%)
	Mean
	RE (%)

	DH
	1.50
	0.36
	3.85
	28.18**
	0.96
	1.82
	68.24
	120.64
	2.19
	70.36
	3.89
	10.85ns
	0.89
	1.82
	70.62
	100.71

	DM
	0.22
	2.94
	0.13
	18.72**
	0.99
	0.36
	130.13
	89.31
	7.17
	9.46
	10.27
	23.30**
	0.83
	1.94
	135.80
	103.98

	GFP
	2.10
	1.23
	4.38
	41.76**
	0.96
	2.34
	61.89
	112.42
	4.88
	27.07
	8.29
	18.38**
	0.86
	12.87
	65.17
	100.03

	PH
	307.83
	243.89
	331.16
	341.82ns
	0.65
	19.11
	91.81
	100.13
	4.92
	76.21
	14.47
	18.93**
	0.87
	2.46
	89.01
	129.10

	SL
	0.14
	0.03
	0.13
	0.20ns
	0.70
	4.97
	7.39
	100.02
	0.07
	1.30
	0.21
	0.47**
	0.92
	2.97
	8.98
	123.16

	SPS
	0.39
	0.53
	0.35
	0.74*
	0.74
	3.24
	19.31
	97.49
	1.99
	1.48
	1.89
	2.06**
	0.64
	7.83
	18.15
	95.96

	KPS
	4.97
	5.58
	4.02
	6.47ns
	0.67
	4.61
	48.36
	95.22
	66.60
	335.77
	154.38
	123.51**
	0.78
	16.98
	47.58
	117.13

	GY
	0.07
	0.15
	0.25
	1.40**
	0.96
	5.71
	4931.67
	129.99
	0.43
	5.86
	1.24
	2.15 *
	0.89
	16.93
	3809.23
	128.43

	TKW
	93.7
	149.65
	154.41
	175.24*
	0.75
	29.33
	32.99
	105.87
	5.17
	12.86
	4.28
	28.54ns
	0.88
	6.58
	34.22
	100.04

	BY
	0.08
	0.31
	0.24
	1.43**
	0.95
	2.56
	11345.78
	123.74
	0.43
	5.88
	1.25
	2.15**
	0.89
	7.36
	8760.79
	128.43

	HI
	2.64
	0.86
	7.21
	38.84**
	0.95
	3.76
	43.12
	121.85
	21.76
	330.52
	62.51
	113.40*
	0.89
	10.88
	42.30
	127.76

	SEP
	58.51
	444.87
	148.45
	144.73**
	0.81
	34.63
	22.08
	120.35
	79.72
	105.28
	34.00
	149.39**
	0.73
	20.07
	43.89
	85.86

	PC
	0.08
	1.16
	0.24
	1.36**
	0.95
	2.47
	11.90
	112.35
	0.25
	0.07
	0.44
	0.73**
	0.82
	4.60
	10.73
	123.48

	ST
	0.08
	0.58
	0.25
	2.64**
	0.97
	0.46
	63.40
	107.45
	0.12
	0.01
	0.22
	1.59**
	0.95
	0.55
	63.94
	110.89

	WGC
	1.17
	16.16
	3.21
	12.95**
	0.94
	4.31
	25.13
	98.76
	3.38
	11.28
	5.97
	8.80**
	0.81
	8.65
	20.96
	102,35

	ZL
	2.78
	15.44
	3.33
	33.59**
	0.94
	4.95
	33.73
	123.32
	3.66
	0.02
	7.12
	11.55**
	0.83
	6.55
	29.79
	117.98

	HLW
	2.66
	7.60
	7.20
	29.93**
	0.94
	2.18
	75.10
	109.23
	2.90
	27.46
	2.72
	18.30**
	0.9
	2.27
	76.10
	126.64


Note: ns, ** and * indicates non-significant, highly significant at 1% and significant at 5% probability levels, respectively. MSR=mean square of replication; MSG= mean square of genotypes; MSE= mean square of error; MSB= mean square of block; CV=coefficient of Variation; DH=days to heading; DM= days to maturity; GFP= grain filling period; PH= plant height; SL= spike length; SPS= number of spikelet spike-1; KPS= number of kernels spike-1; GY= grain yield; TKW= thousand kernel weight; BY= biomass yield; HI= harvest index; GPC= grain protein content; SC= starch content; WGC= wet gluten content; ZL= Zeleny sedimentation values; HLW= Hectoliter weight; and SEP=septoria.

[bookmark: _Toc155947543]4.1.2. Analysis of Variance across locations

The results of the combined analysis of variance (ANOVA) across locations of 17 traits for the 49 bread wheat genotypes are presented in Table 4. Highly significant differences (P<0.01) were found among the tested genotypes for most of the studied traits including days to heading, days to maturity, grain filling period, plant height, spike length, grain yield, thousand kernel weight, biomass yield, harvest index, septoria, grain protein content, starch content, wet gluten content and zeleney sedimentation. These results indicate the presence of considerable variability among the genotypes, which can be exploited through selection and hybridization. The significant differences among genotypes for the studied characters also provide justification for further genetic analysis. This significant genetic variation among genotypes suggested that the genotypes were genetically diverse and it could be a good opportunity for breeders to select genotypes for the trait of interest for variety development (Adhiena Mesele et al., 2016).

[bookmark: _Toc155946046][bookmark: _Toc155947075]Table 4: Mean squares of 17 traits of bread wheat genotypes tested across the two locations (Dabat and Debark) in 2022
	Traits
	Mean
	Minimum
	Maximum
	Range
	MSR (1)
	MSB
(12)
	MSG
(48)
	MSE
(36)
	CV
(%)
	R2

	DH
	68.13
	61.32
	73.68
	12.36
	47.91
	2.82
	34.91**
	3.04
	2.01
	0.84

	DM
	132.95
	127.49
	137.49
	10
	526.48
	10.86
	22.45**
	9.46
	1.43
	0.72

	GFP
	64.09
	59
	72.5
	13.5
	328.85
	15.37
	27.41**
	13.56
	2.91
	0.62

	PH
	90.41
	84.1
	104.95
	20.85
	242.42
	168.36
	207.09**
	157.40
	3.83
	0.44

	SL
	8.19
	7.5
	10.25
	2.75
	41.19
	0.20
	0.63**
	0.12
	3.92
	0.91

	SPS
	18.73
	17.55
	21.23
	3.68
	22.77
	1.30
	1.54*
	1.23
	5.86
	0.54

	KPS
	47.97
	35.65
	58.58
	22.93
	117.92
	78.76
	63.59*
	47.84
	12.35
	0.48

	GY
	4.37
	2.3
	5.89
	3.59
	22.91
	0.84
	2.29**
	0.66
	11.39
	0.72

	TKW
	33.61
	21.24
	59.62
	38.38
	77.24
	81.76
	136.78**
	56.30
	20.90
	0.57

	BY
	10.05
	7.97
	11.57
	3.6
	111.40
	0.81
	2.34**
	0.66
	4.98
	0.86

	HI
	42.71
	28.72
	51.06
	22.34
	134.93
	38.07
	92.80**
	31.04
	8.08
	0.61

	SEP
	32.98
	11.21
	51.03
	39.82
	7975.55
	116.72
	186.39**
	86.13
	25.01
	0.78

	GPC
	11.31
	10.05
	13
	2.95
	23.05
	0.47
	1.69**
	0.24
	3.59
	0.85

	ST
	63.67
	62.02
	68.35
	6.33
	4.97
	0.27
	4.48**
	0.13
	0.51
	0.94

	WGC
	23.05
	19.85
	28.88
	9.03
	293.17
	6.13
	16.82**
	3.01
	6.48
	0.84

	ZL
	31.76
	17.2
	40
	22.8
	258.53
	7.88
	40.61**
	4.72
	5.72
	0.84

	HLW
	75.60
	68.01
	80.75
	12.74
	27.68
	4.61
	40.12**
	4.97
	2.23
	0.78


Note: ns, ** and * indicates non-significant, highly significant at 1% and significant at 5% probability levels, respectively. MSR=mean square of replication; MSG= mean square of genotypes; MSE= mean square of error; CV=coefficient of variation; DH=days to heading; DM= days to maturity; GFP= grain filling period; PH= plant height; SL= spike length; SPS= number of spikelet spike-1; KPS= number of kernels spike-1; GY= grain yield; TKW= thousand kernel weight; BY= biomass yield; HI= harvest index; GPC= grain protein content; SC= starch content; WGC= wet gluten content; ZL= Zeleny sedimentation values; HLW= Hectoliter weight; and SEP=septoria.

[bookmark: _Toc155947544]4.2. Mean Performance of Genotypes

The mean and range of 17 traits for Dabat and Debark are presented in Table 5. Among these traits, grain yield stands out as a key trait, attracting particular attention from wheat breeders actively involved in improving crop improvement programs (Gebeyehu Chala et al., 2022). At Dabat, the mean grain yields of genotypes varied from 2658.01 kg/ha for genotype 4 to 6725.15 kg/ha for genotype 46 with an average grain yield of 4931.67kg/ha. At Debark, the average grain yield ranged from 786.20 kg/ha for genotype 22 to 5988.20 kg/ha for genotype 35 with mean value of 3809.23 kg/ha. Similarly, Upadhyay et al. (2019) reported that grain yield ranged from 2160 to 4430 kg/ha, with an average of 3160 kg/ha. Gebeyehu Chala et al. (2022) also revealed an average grain yield of 3971 kg/ha, ranging from 3419 kg/ha to 4443 kg/ha. Additionally, Garome Shifaraw et al. (2022) reported that the grain yield varied between 2435 kg/ha and 5092 kg/ha, with an average value of 3330kg/ha. However, on the contrary to the present findings, Obsa Chimdesa et al. (2017) found a wider range of grain yield, varying from 3750 to 7830 kg/ha, with a mean value of 6320 kg/ha. Almaz Bedada et al. (2022) also noticed a higher range in grain yield ranging from 3731 to 6234 kg/ha, with a mean of 5230.6 kg/ha.

Regarding biomass, the maximum value was recorded at Dabat with mean value of 11,345.78 kg/ha, while the average biomass yield at Debark was 8,760.79 kg/ha. A previous study conducted by Upadhyay et al. (2019) revealed a biomass yield ranging from 6,500 to 11,200 kg/ha with mean of 8860 kg/ha. However, the study conducted by Tamiru Olbana (2020) revealed higher values than the present finding with performance of genotypes for biomass yield varied between 7,570 to 15,500 kg/ha, with mean of 11,810 kg/ha. Over all, the higher mean values of grain and biological yields at Dabat suggest that the crop exhibited better performance at Dabat compared to Debark.

At Dabat, the average spike length, number of spikelets per spike, numbers of kernels per spike and thousand-kernel weight were recorded as 7.39 cm, 19.31, 48.36, and 32.99 g, respectively. On the other hand, at Debark, the mean values for spike length, number of spikelets per spike, number of kernels per spike, and thousand-kernel weight were 8.98 cm, 18.15, 47.58, and 34.22 g, respectively. The highest spike length of 9 cm was recorded from standard check (genotype 49), while low spike length of 6.9 cm was from genotype-3 at Dabat. At Debark, the highest spike length (11.5 cm) was recorded from standard check and the lowest spike length (7.9 cm) was from genotype-37. There were almost similar trend of values for the above parameters for both locations. 

[bookmark: _Toc142326756]The traits that exhibited the highest average values at the Dabat location were harvest index, plant height, number of kernels per spike, number of spikes per spike, biomass yield, grain yield, grain protein content and Zeleny sedimentation. At Debark, traits such as days to heading, days to maturity, grain filling period, spike length, thousand kernel weight, septorial, starch content and grain protein content showed the highest mean values than at Dabat. In addition, the individual genotypes showed varied results for the same traits even in the same location. This indicates that there is a wide range of variation among the forty-nine bread wheat genotypes for the traits. This variation suggests that there is a significant for plant breeders to select superior and desirable genotypes for further enhancements and improvements.

The combined analysis revealed that the average grain yield for all genotypes was 4370kg/ha (Table 4). The highest grain yield was obtained from genotype 45, which yielded 5890 kg/ha followed closely by genotype 46 with a yield of 5780kg/ha. On the other hand, genotype 4 had the lowest grain yield of 2300kg/ha. It is noteworthy that a previous study conducted by Kedir Tesi (2022) reported lower grain yield with an average yield of 2485 kg/ha. This discrepancy highlights the variability in grain yields across different studies. The biomass yield ranged from 7970 kg/ha (genotype 4) to 11570 kg/ha (genotype 45), with average biomass yield of 10050 kg/ha at both locations indicated in the Table 4. In agreement with this finding, Tilahun Bayisa et al. (2020) reported a higher mean biomass yield of 11500 kg/ha, ranging from 7000 to 14800 kg/ha.  



[bookmark: _Toc155946047]Table 5: The mean and range of 49 genotypes of bread wheat evaluated for 17 traits at Dabat and Debark in 2022
	Dabat
	Debark

	Traits
	Mean 
	Min. 
	Max. 
	Range
	
	Mean 
	Min. 
	Max. 
	Range

	DH
	68.24
	60.50
	77.50
	17.00
	
	70.62
	63.50
	102.00
	38.50

	DM
	130.13
	124.00
	135.00
	11.00
	
	135.80
	128.50
	144.00
	15.50

	GFP
	61.89
	51.50
	72.50
	21.00
	
	65.17
	36.00
	72.50
	36.50

	PH
	91.81
	84.60
	177.60
	93.00
	
	89.01
	81.60
	101.60
	20.00

	SL
	7.39
	6.90
	9.00
	2.10
	
	8.98
	7.90
	11.50
	3.60

	SPS
	19.31
	17.90
	21.00
	3.10
	
	18.15
	16.50
	21.45
	4.95

	KPS
	48.36
	42.70
	51.60
	8.90
	
	47.58
	22.00
	70.25
	48.25

	GY
	4931.67
	2658.01
	6725.15
	4067.14
	
	3809.23
	786.20
	5988.20
	5202.00

	TKW
	32.99
	17.05
	85.38
	68.33
	
	34.22
	25.43
	41.05
	15.62

	BY
	11345.78
	9057.13
	13124.27
	4067.14
	
	8760.79
	5737.75
	10939.76
	5202.01

	HI
	43.12
	29.31
	51.20
	21.89
	
	42.30
	13.43
	54.72
	41.29

	SEP
	22.08
	7.20
	47.94
	40.74
	
	43.89
	15.02
	60.70
	45.68

	GPC
	11.90
	10.10
	14.45
	4.35
	
	10.73
	9.75
	12.15
	2.40

	SC
	63.40
	61.65
	68.60
	6.95
	
	63.94
	62.05
	68.10
	6.05

	WGC
	25.13
	21.95
	34.10
	12.15
	
	20.96
	17.45
	25.75
	8.30

	ZL
	33.73
	15.45
	47.10
	31.65
	
	29.79
	18.95
	35.05
	16.10

	HLW
	75.10
	65.58
	81.45
	15.87
	
	76.10
	66.35
	80.30
	13.95


Note: DH=days to heading; DM= days to maturity; GFP= grain filling period; PH= plant height; SL= spike length; SPS= number of spikelet spike-1; KPS= number of kernels spike-1; GY= grain yield; TKW= thousand kernel weight; BY= biomass yield; HI= harvest index; GPC= grain protein content; SC= starch content; WGC= wet gluten content; ZL= Zeleny sedimentation; HLW= Hectoliter weight; SEP=septoria
Grain protein content was ranged from 10.05 (genotype 49) to 13.00% (genotype 4). Starch content was ranged from 62.02% for genotype 12 to 68.35% for genotype 49. Wet gluten content was also ranged from 17.2% (genotype 49) to 40.00% (genotype 4). Berhanu Meles et al. (2017) reported 11.9-15.4% for grain protein content, and 61.1-65% for starch content. The results demonstrate that there are observed differences between genotypes in terms of growth characteristics, yield and quality, implying the ability to identify and select genotypes exhibiting superior growth and yield (Kedir Tesi, 2022).

[bookmark: _Toc155947545]4.3. Estimates of Genetic Variability
	
[bookmark: _Toc155947546]4.3.1. Phenotypic and genotypic coefficients of variation	
				
The phenotypic variance (σ2p), environmental variance (σ2e) and genotypic variance (σ2g) for each location are presented in Table 6. The phenotypic variance varies across different traits, ranging from 1.85 for starch content to 777.58 for biomass yield at Dabat and 0.35 for spike length to 117.17 for septorial at Debark. The genotypic variance ranges from 0.18 for spikelets spike-1 to 656.54 for biomass yield and 0.14 for number of spikelets spike-1 to 50.54 for septorial at Dabat and Debark locations, respectively. Traits with higher phenotypic and genotypic variances suggest a greater variability.

At Dabat, the variation in GCV was ranged from 1.77% for starch content to 25.56% for septorial. Similarly, PCV ranged from 1.85% for starch content to 48.12% for septorial. The PCV and GCV values can be categorized as low (<10%), moderate (10-20%), and high (>20%) (Sivasubramanian and Menon, 1973). High GCV (>20%) was observed for septorial (25.56%), while grain yield (16.18%), thousand kernel weight (17.49%) and zeleny sedimentation (11.61%) showed moderate GCV. The rest of the traits revealed low genotypic coefficient of variation (Table 6). Similarly, Kedir Tesi (2022) reported low GCV for days to maturity, days to heading and biomass yield. Regarding PCV, higher values (>20%) were recorded for septorial (48.12%) and thousand kernel weight (36.14%). On the other hand, moderate PCV values (10-20%) were observed for Zeleny sedimentation (12.67%), harvest index (10.70%), grain yield (17.65%) and wet gluten content (10.76%). The remaining traits exhibited low PCV values. Similarly, Gezahegn Fikre et al. (2015) reported moderate PCV values for grain yield and harvest index in sixty-four different bread wheat genotypes.

At Debark, grain yield exhibited the highest GCV value of 23.37%. This indicates grain yield is more likely to be successfully improved through selective breeding. However, biomass yield, harvest index and septorial showed moderate GCV percentages of 10.16%, 15.30% and 16.20%, respectively. Higher GCV values suggest a substantial genetic diversity that can be potentially targeted for breeding purposes. The remaining characteristics including days to maturity, grain filling period, plant height, spike length, number of spikelets per spike, number of kernels per spike, grain protein content, starch content, wet gluten content, zeleny sedimentation and hectoliter weight, displayed a low level of GCV. The percent of PCV ranged from 1.67% (starch content) to 31.23% (grain yield). Garome Shifaraw et al. (2022) reported PCV values ranged from 4.91% for days to maturity to 22.35% for the grain yield. Notably, high PCV values were observed for grain yields (31.23%), septorial (24.67%) and the number of kernels per spikelet (21.61%). Furthermore, moderate PCV values were recorded for biomass yield (13.58%), weight gluten content (12.06%) and zeleny sedimentation (10.58%). There were lower values of GCV and PCV for days to maturity (2.14 and 2.97%), grain filling period (3.89 and 5.29%), plant height (3.06 and 4.30%), spike length (5.55 and 6.58%), number of spiklets spike-1 (2.03 and 7.93%), grain protein content (4.42 and 6.70%), starch content (1.52 and 1.63%) and hectoliter weight (3.66 and 4.27%), respectively. Similarly, Gezahegn Fikre et al. (2015) reported low PCV and GCV values for days to maturity and number of spikelet spike-1.

[bookmark: _Toc142326757][bookmark: _Toc155946048][bookmark: _Toc155947076]Table 6: Phenotypic and genotypic variances and coefficients of variations, heritability in broad sense, and genetic advance as a percentage of mean for traits of 49 bread wheat genotypes at Dabat and Debark locations
	Dabat
	Debark

	
Traits
	σ2e
	σ2g
	σ2p
	ECV (%)
	GCV (%)
	PCV (%)
	H2
(%)
	GA

	GAM
	
Traits
	σ2e
	σ2g
	σ2p
	ECV (%)
	GCV (%)
	PCV (%)
	H2 (%)
	GA

	GAM

	
	
	
	
	
	
	
	
	
	
	
	
	
	
	
	
	
	
	
	

	DH
	2.14
	13.34
	15.48
	2.14
	5.35
	5.76
	86.18
	6.98
	10.23
	DM
	7.86
	8.45
	16.30
	2.06
	2.14
	2.97
	51.84
	4.31
	3.17

	DM
	0.20
	9.26
	9.46
	0.34
	2.34
	2.36
	97.89
	6.20
	4.77
	GFP
	5.63
	6.65
	12.28
	3.58
	3.89
	5.29
	54.15
	3.91
	5.90

	GFP
	2.67
	19.54
	22.21
	2.64
	7.14
	7.62
	87.98
	8.54
	13.80
	PH
	7.21
	7.43
	14.65
	3.02
	3.06
	4.30
	50.72
	4.00
	4.49

	SPS
	0.38
	0.18
	0.56
	3.19
	2.18
	3.87
	32.14
	0.49
	2.54
	SL
	0.10
	0.25
	0.35
	3.55
	5.55
	6.58
	71.43
	0.86
	9.63

	GY
	120.51
	636.95
	757.46
	7.04
	16.18
	17.65
	84.1
	1507.63
	30.57
	SPS
	1.94
	0.14
	2.07
	7.67
	2.03
	7.93
	6.76
	0.19
	1.07

	TKW
	108.88
	33.27
	142.15
	31.63
	17.49
	36.14
	23.4
	5.75
	17.43
	KPS
	87.47
	18.20
	105.67
	19.66
	8.97
	21.61
	17.22
	3.65
	7.67

	BY
	121.04
	656.54
	777.58
	3.07
	7.14
	7.77
	84.43
	1533.75
	13.52
	GY
	0.62
	0.79
	1.42
	20.72
	23.37
	31.23
	55.63
	1.37
	36.02

	HI
	3.77
	17.53
	21.30
	4.50
	9.71
	10.70
	82.3
	7.82
	18.14
	BY
	0.62
	0.79
	1.42
	9.01
	10.16
	13.58
	55.63
	1.37
	15.66

	SEP
	81.04
	31.84
	112.88
	40.77
	25.56
	48.12
	28.21
	6.17
	27.96
	HI
	31.51
	41.89
	73.40
	13.27
	15.30
	20.25
	57.07
	10.07
	23.81

	GPC
	0.13
	0.62
	0.78
	2.97
	6.61
	7.25
	79.49
	1.48
	12.42
	SEP
	66.63
	50.54
	117.17
	18.60
	16.20
	24.67
	43.13
	9.62
	21.92

	SC
	0.13
	1.26
	1.38
	0.56
	1.77
	1.85
	91.3
	2.20
	3.47
	GPC
	0.29
	0.22
	0.52
	5.04
	4.42
	6.70
	42.31
	0.64
	6.01

	WGC
	1.68
	5.63
	7.32
	5.16
	9.44
	10.76
	76.91
	4.29
	17.07
	SC
	0.15
	0.94
	1.09
	0.60
	1.52
	1.63
	86.24
	1.86
	2.91

	ZL
	2.92
	15.33
	18.25
	5.07
	11.61
	12.67
	84
	7.39
	21.92
	WGC
	3.96
	2.43
	6.39
	9.49
	7.44
	12.06
	38.03
	1.98
	9.46

	HLW
	3.81
	13.07
	16.88
	2.60
	4.81
	5.47
	77.43
	6.55
	8.73
	ZL
	4.74
	5.19
	9.93
	7.31
	7.64
	10.58
	52.27
	3.39
	11.38

	
	
	
	
	
	
	
	
	
	
	HLW
	2.81
	7.75
	10.56
	2.20
	3.66
	4.27
	73.39
	4.91
	6.46


Note: DH=days to heading; DM= days to maturity; GFP= grain filling period; PH= plant height; SL= spike length; SPS= number of spikelet spike-1; KPS= kernel spike-1; GY= grain yield; TKW= thousand kernel weight; BY= biomass yield; HI= harvest index; GPC= grain protein content; SC= starch content; WGC= wet gluten content; ZL= Zeleny sedimentation; HLW= Hectoliter weight; SEP=septoria; σ2e = environmental variance; σ2g = genotypic variance; σ2p = phenotypic variance; ECV (%) = environmental coefficient of variation; GCV (%)= genotypic coefficient of variation; PCV (%) =phenotypic coefficient of variation; H2(%) = heritability in broad sense; GA = genetic advance; and GAM =genetic advance mean.

The combined results from Dabat and Debark are described in Table 7. The measurement of GCV varied from 0.77% for days to maturity to 18.33% for thousand-kernel weight. In connection with this study, Tilahun Bayisa et al. (2020) reported GCV values ranged from 2.6% for days to maturity to 19.6% for grain yield. None of the tested traits exhibited a high GCV. In contrast, Tadiyos Bayisa and Mihratu Amanuel (2020) revealed high GCV for grain yield, biomass yield and harvest index. Arya et al. (2017) also reported high GCV for grain yield (38.75%),plant height (37.17%), thousand-kernel weight (36.93%) and number of spikelets per spike (35.46%).

Moderate levels of GCV (10-20%) were observed for grain yield (17.50%), thousand kernel weight (18.33%), harvest index (12.79%) and zeleny sedimentation (12.24%). On the other hand, the remaining traits such as days to heading, days to maturity, grain filling period, plant height, spike length, number of spikelets per spike, number of kernels per spike, biomass yield, grain protein content, starch content, wet gluten content, and hectoliter content exhibited relatively low GCV percentages. Similarly, Garome Shifaraw et al. (2022) revealed moderate GCV values for thousand kernel weight (14.8%) and for grain yield (15.48%). Adhiena Mesele et al. (2016)also reported moderate GCV for grain yield. On the contrary to the present findings, Kifle Zerga et al. (2016) reported medium GCV values for number of kernels spike-1 (11.39%) and spike length (10.10%). 

Additionally, the PCV values for the combined locations exhibited a range from 2.41% for starch content to 29.85% for grain yield. Notably, grain yield attained the highest PCV value of 29.85%, closely followed by thousand-kernel weight at 29.60%. These finding is in close agreement with the study conducted by Upadhyay et al. (2019); Tilahun Bayisa et al. (2020); Tadiyos Bayisa and Mihratu Amanuel (2020) who reported high PCV for grain yield. Furthermore, Adhiena Mesele et al. (2016); Kifle Zerga et al. (2016); Dargicho Dutamo et al. (2015) found high PCV values for grain yield. 

On the other hand, moderate PCV was recorded for harvest index (18.58%), biomass yield (16.15%), number of kernels spike-1 (15.94%), wet gluten content (15.74%), zeleny sedimentation (15.90%), plant height (14.98%) and spike length (10.93%) (Table 6). In harmony with the present findings, Tilahun Bayisa et al. (2020) revealed moderate PCV for harvest index (16.9%) and biomass yield (16.0%). The traits with the lowest GCV and PCV values were days to heading (5.80 and 6.45), day to maturity (0.77 and 3.48%), grain filling period (2.93 and 7.63%), number of spikelets per spike (1.49 and 6.78%), grain protein content (6.08 and 9.75%), starch content (2.28 and 2.41%) and hectoliter weight (5.53 to 6.30%), respectively. These results suggest existence of limited potential for improving these traits through direct selection of superior genotypes. Hence, improving such traits is challenging and practically unfeasible due to limited variations within populations. Similarly, Obsa Chimdesa et al. (2017) found low GCV and PCV values for grain filling period, days to maturity, days to heading and spikelet spike-1, which support the present results. Talef Yeshitlaet al. (2022) also reported low values of both GCV and PCV for number of spikelets per spike, days to heading, grain-filling period, hectoliter weight, days to maturity, grain protein content and starch content.

The difference between PCV and GCV was relatively small for traits such as days to heading, days to maturity, grain filling period, starch content, hectoliter weight, grain protein content and zeleny sedimentation. This implies that environmental factors had a limited impact on the phenotypic expression of traits, indicating a greater likelihood of improving these traits through direct selection based on phenotype performance. The difference between PCV and GCV showed relatively high for biomass yield, grain yield, thousand kernel weight, number of kernels per spike, plant height and wet gluten content (Table 7). These results imply that environmental factors play a larger role than genotype in influencing the expression of these traits. Alternatively, the observed variations among the genotypes for each trait may not solely be attributed to genetic effects but also influenced largely by environmental influences (Kedir Tesi, 2022). Consequently, this indicates a greater influence of environmental factors on the phenotypic expression of these traits, making it challenging or practically impossible to use phenotypic performance as a basis for genotype selection to enhance these traits.

[bookmark: _Toc155947547]4.3.2. Heritability in broad sense (H2)

Estimate of broad sense heritability of bread wheat genotypes at individual location ranged from 23.4% for thousand-kernel weight to 97.89% for days to maturity at Dabat and 6.76% for number of spiklets spike-1 to 86.24% for starch content at Debark (Table 6). Heritability can be categorized into three levels as low (0-30%), moderate (30-60%), and high (60% and above) as described by Robinson et al. (1949). Traits with high heritability estimates are more likely to respond positively to selection, as they are less influenced by environmental factor.

At Dabat, high heritability estimates were recorded for days to maturity (97.89%), starch content (91.3), zeleny sedimentation (84%), grain filling period (87.98%), days to heading (86.18%), grain yield (84.1%), biomass yield (84.43%), harvest index (82.3%), grain protein content (79.49%), wet gluten content (76.91%) and hectoliter weight (77.43%). These results illustrates that the observed variation in the trait is primarily driven by genetic differences among individuals. Hence, traits with high heritability estimates are more likely to respond positively to selection. Similarly, Birhanu Mecha et al.(2016); Habtamu Kefale and Ahadu Menzir (2019) reported high heritability for days to heading and hectoliter weight. Moderate heritability was observed for number of spikelet spike-1 (32.14%). On the other hand, low estimate of heritability was recorded for septorial (28.21%) and thousand-kernel weight (23.4%). This indicates that the observed variation in the traits is primarily influenced by environmental factors rather than genetic differences.  

At Debark, high heritability was noted for starch content (86.24%), hectoliter weight (73.39%) and spike length (71.43%). Moderate heritability was recorded for harvest index (57.07%), grain yield (55.63%), biomass yield (55.63%), grain filling period (54.15%), days to maturity (51.84%), plant height (50.72%), septorial (43.13%), grain protein content (42.31%), wet gluten content (38.08%) and zeleny sedimentation (52.27%). These results showed considerable contribution of genotype for the expression of these traits and for positive responses to selection. On the other hand, number of kernels spike-1 (17.22%) and number of spiklets spike-1 (6.76%) scored low heritability.

For combined analysis, estimated heritability of 17 traits of bread wheat genotypes ranged from 4.81% for number of spiklets spike-1 to 89.47 % for starch content, respectively (Table 7). High heritability was recorded for starch content (89.47%), days to heading (80.88%) and hectoliter weight (77.06%). These results indicate that the variation observed on these traits was mainly under genetic control and was less influenced by the environment. Therefore, these traits can be improved via selection for the two locations. Similarly, Tilahun Bayisa et al. (2020) reported high heritability estimate for days to heading (90.6%) and hectoliter weight (80.1%). In addition, Garome Shifaraw et al. (2022) reported high heritability for days to heading (80.6%).  
Moderate estimate of heritability were observed for zeleny sedimentation (59.23%), harvest index (47.39%), grain protein content (38.85%), thousand kernel weight (38.33%) and grain yield (34.37%) (Table 7). These findings suggest that the observed variation in these traits can mainly be attributed to environmental factors. Similarly, moderate estimates of heritability was recorded for thousand kernel weights (55.11%) and harvest index (46.69%) (Endashaw Girma and Alemnesh Sisay, 2021).Habtamu Kefale and Ahadu Menzir (2019) also reported moderate heritability estimates for harvest index (57.07%), grain yield (55.63%), zeleny sedimentation (52.27%) and grain protein content (42.31%). In addition, Alemayehu Zemede et al. (2019) reported moderate heritability values for zeleny sedimentation (59.23%), grain yield (34.37%), harvest index (47.39%), grain protein content (38.85%) and thousand kernel weight (38.33%).

On the other hand, low heritability was estimated for wet gluten content (27.81%), spike length (21.99%), grain filling period (14.78%), plant height (12.9%), number of kernel spike-1 (8.81%), biomass yield (11.09%), days to maturity (4.96%) and number of spiklets spike-1 (4.81). These results revealed that selecting for these traits may not be effective due to greater contribution of environment for the expression of these traits in this particular population. In agreement with the present findings, Habtamu Kefale and Ahadu Menzir (2019) reported low heritability for number of kernel spike-1 (17.22%) and number of spiklets spike-1 (6.76%). Gezahegn Fikre et al. (2015) also reported low heritability for biomass yield (18.25%).

[bookmark: _Toc155947548]4.3.3. Genetic advance (GA) and genetic advance as a percentage of the mean (GAM)

The estimated genetic advance and expected genetic advance as a percentage of the mean (GAM) for the traits examined at individual and combined locations presented in Tables 6 and 7. 

At Dabat, the genetic advance represented as a proportion of the average GAM varied from 2.54% for the spiklets spike-1 to 30.57% for grain yield (Table 6). Johnson et al., 1955) categorized the genetic advance as a percentage of the mean into low (0-10%), medium (10-20%) and high (>20%). High genetic advance as percentage of mean was recorded for grain yield (30.57%), septorial (27.96%) and zeleny sedimentation (21.92%). Moderate GAM was recorded for harvest index (18.14%), thousand-kernel weight (17.43%), wet gluten content (17.07%), grain filling period (13.80%), biomass yield (13.52%), grain protein content (12.42%) and days to heading (10.23%). These results indicate greater contribution of genetic factor for the expression of these traits and possibility of improving these traits through direct selection. Whereas low GAM was recorded for hectoliter weight (8.73%), days to maturity (4.17%), starch content (3.47%) and number of spiklets spike-1 (2.54%). These results indicate the difficulty of improving these traits through direct selection.

At Debark, GAM was varied from 1.07% for the number of spiklets spike-1 to 36.02% for grain yield (Table 6). A notably high rate of GAM was observed for grain yield (36.02%), harvest index (23.8%) and septorial (21.92). In agreement with the present results, Talef Yeshitla et al. (2022); Garome Shifaraw et al. (2022); Alemu Dabi et al. (2019) reported high GAM for grain yield with values of 40.02%,22.03% and 28.45%, respectively. Genetic advance as a percent of mean was moderately notable for biomass yield (15.66%) and zeleny sedimentation (11.38%). Similarly, Masresha Gashaw (2021); Berhanu Meles et al. (2017)reported that biomass yield and zeleny sedimentation showed moderate GAM. These results indicate the possibility of improving these traits through direct selection. However, the remaining traits exhibited low.

The combined analysis revealed a range of 0.36% for days to maturity to 23.37% for thousand-kernel weight. The combined analysis indicated that thousand kernel weight (23.37%) and grain yield (21.13%) were classified as demonstrating high GAM. Similarly, high GAM were recorded for grain yield (Talef Yeshitla et al., 2022). Breeders can focus on these traits to develop superior bread wheat varieties with desirable traits. This suggests that selection methods may be effective in the early generations for these traits. These estimates aid in comprehending the type of gene action involved in the manifestation of different polygenic characteristics. If the genetic advance values are high, it indicates the presence of additive gene action, whereas low values point towards non-additive gene action (Birhanu Mecha et al., 2016).

[bookmark: _Toc142326758]GAM was moderate for zeleny sedimentation (19.40%), harvest index (18.14%) and days to heading (10.74%), indicating the possibility of improving via selection. In line with the present study, Adhiena Mesele et al. (2016) reported moderate GAM for days to heading (11.96%) and harvest index (10.09%). On the other hand, low GAM was recorded for days to maturity, grain-filling period, plant height, spike length, number of spiklets spike-1, number of kernel spike-1, biomass yield, grain protein, starch content, wet gluten content and hectoliter weight, indicating minimal possibility of improvement of these traits through selection in subsequent generations. Similarly, Alemayehu Zemede et al. (2019) who revealed low GAM values for grain filling period, days to maturity and number of spikelets spike-1. Over all, low heritability and low genetic advance were found for days to maturity, grain filling period, plant height, spike length, number of spiklets per spike, number of kernels per spike, biomass yield, and wet gluten content. This suggests that the expression of these traits is predominantly influenced by non-additive gene action. As a result, exploiting the genetic potential of such traits would be best achieved through heterosis breeding followed by recurrent selection.

[bookmark: _Toc155946049][bookmark: _Toc155947077]Table 7: Phenotypic and genotypic variances and coefficient of variations; heritability in broad sense, genetic advance and genetic advance as a percentage of mean for 17 traits of 49 bread wheat genotypes for combined locations
	Source 
	σ2e
	σ2g
	σ2p   
	ECV (%)   
	GCV (%)
	PCV (%)   
	H2 (%)       
	GA
	GAM

	DH
	3.69
	15.61
	19.30
	2.82
	5.80
	6.45
	80.88
	7.32
	10.74

	DM
	20.32
	1.06
	21.38
	3.39
	0.77
	3.48
	4.96
	0.47
	0.36

	GFP
	20.35
	3.53
	23.88
	7.04
	2.93
	7.63
	14.78
	1.49
	2.32

	PH
	6.78
	1.18
	7.96
	13.98
	5.38
	14.98
	12.9
	3.60
	3.98

	SL
	0.98
	0.18
	1.15
	12.07
	5.13
	10.93
	21.99
	0.41
	4.95

	SPS
	1.69
	0.08
	1.77
	6.95
	1.49
	6.78
	4.81
	0.13
	0.67

	KPS
	53.29
	5.15
	58.44
	15.22
	4.73
	15.94
	8.81
	1.39
	2.89

	GY
	1.12
	0.58
	1.70
	24.18
	17.50
	29.85
	34.37
	0.92
	21.13

	TKW
	61.02
	37.92
	98.94
	23.25
	18.33
	29.60
	38.33
	7.85
	23.37

	BY
	2.93
	0.29
	3.22
	17.02
	5.38
	16.15
	11.09
	0.37
	3.69

	HI
	33.13
	29.84
	62.97
	13.48
	12.79
	18.58
	47.39
	7.75
	18.14

	GPC
	0.74
	0.47
	1.22
	7.63
	6.08
	9.75
	38.85
	0.88
	7.8

	SC
	0.25
	2.11
	2.36
	0.78
	2.28
	2.41
	89.47
	2.83
	4.45

	WGC
	9.50
	3.66
	13.16
	13.37
	8.30
	15.74
	27.81
	2.08
	9.02

	ZL
	10.40
	15.11
	25.51
	10.15
	12.24
	15.90
	59.23
	6.16
	19.40

	HLW
	5.20
	17.47
	22.67
	3.02
	5.53
	6.30
	77.06
	7.56
	9.99


Note: DH=days to heading; DM= days to maturity; GFP= grain filling period; PH= plant height; SL= spike length; SPS= number of spikelet spike-1; KPS= kernel spike-1; GY= grain yield; TKW= thousand kernel weight; BY= biomass yield; HI= harvest index; GPC= grain protein content; SC= starch content; WGC= wet gluten content; ZL= Zeleny sedimentation; HLW= Hectoliter weight; SEP=septoria; σ2e = environmental variance; σ2g = genotypic variance; σ2p = phenotypic variance; ECV (%) = environmental coefficient of variation; GCV (%)= genotypic coefficient of variation; PCV (%) = phenotypic coefficient of variation; H2 (%) = heritability in broad sense; GA = genetic advance; GAM = genetic advance mean.


[bookmark: _Toc155947549]4.4. Genotypic and Phenotypic Correlation Coefficients	

[bookmark: _Toc155947550]4.4.1. Genotypic correlations of grain yield with other traits

In the present study, the combined correlation analysis revealed highly significant and positive correlation (p< 0.01) of grain yield  with harvest index (0.98**), hectoliter weight (0.88**), biomass yield (0.79**), starch content (0.71**), thousand kernel weight (0.69**), number of kernels spike-1 (0.62**), days to maturity (0.60**), grain filling period (0.53**) and number of spiklets spike-1 (0.31**) at the genotypic level (Table 8).The positive and significant correlations of these traits with grain yield might be due to the close association of genes. Hence, it is advantageous to choose genotypes with high average values for these traits when aiming to enhance wheat production, rather than solely focusing on yield. The results suggest possibility of enhancing these traits simultaneously through indirect selection. Similar results were reported by Ashebr Baye et al. (2020) who found significant positive correlation of grain yield with harvest index, days to maturity, hectoliter weight, grain-filling period, thousand kernel weight, biomass yield and number of kernels spike-1 at genotypic level. Talef Yeshitla et al. (2022); Birhanu Mecha et al. (2016) also reported that grain yield had positive significant correlation with biomass yield, harvest index and number of kernels spike-1 at genotypic level. In addition, Alemu Dabi et al. (2019) reported that biomass yield, thousand kernel weight, harvest index and hectoliter weight exhibited a noteworthy positive association with grain yield at the genotypic level.

Besides with this, grain yield exhibited non-significant positive correlations with days to heading (0.03ns) and spike length (0.27ns). In connection with this study, Masresha Gashaw (2021) reported days to heading (0.18ns) and spike length (0.20ns) showed non-significant positive correlations with grain yield. These results indicate absence of association between grain yield and these two traits and implying impossibility of simultaneous improvement grain yield with these traits. On the other hand, grain yield displayed negative significant correlations with septorial (-0.86**), grain protein content (-0.93**), wet gluten content (-0.88**) and zeleny sedimentation (-0.76**) (Table 8). These results implying the presence of contradicting association between these traits and impossibility of improving grain yield with corresponding traits simultaneously. In parallel with this finding, Garome Shifaraw et al. (2022) reported that grain yield exhibited negative and significant genotypic correlation with grain protein content. 
[bookmark: _Toc155947551]4.4.2. Genotypic correlation coefficients of other traits

In the present study, the combined correlation analysis revealed strong and significant (p<0.01) correlation of days to heading with days to maturity (0.78**), plant height (0.52**) and spike length (0.47**) (Table 8). These findings suggest that genotypes that exhibit early heading tend to also mature earlier. This indicates that increasing days to heading would increase days to maturity and plant height. In consistent with this report, Birhanu Mecha et al. (2017) revealed that days to heading exerted significant positive correlation with days to maturity (0.42**) at genotypic level. Also, Kedir Tesi (2022); Ashebr Baye et al. (2020) corroborated this finding by reporting a strong positive genetic association between days heading with days to maturity and plant height.

Days to maturity showed high significant (p<0.01) and positive genotypic correlation with days to heading (0.78**), biomass yield (0.70**), spike length (0.57**), harvest index (0.56**), hectoliter weight (0.52**) and starch content (0.39**). Similar results was reported by Ashebr Baye et al. (2020) who revealed that days to maturity showed significant positive correlation with biomass yield and hectoliter weight. Also days to maturity had significant and negative correlation with septorial (-0.78**), grain protein content (-0.63**), wet gluten content (-0.59**) and zeleny sedimentation (-0.73**) at genotypic level. Berhanu Meles et al. (2017) reported negative and significant correlation between days to maturity and grain protein content, which agree with the present results.

The spike length at the genotypic level displayed a highly significant positive correlation (p<0.01) with traits such as plant height (0.60**), days to maturity (0.57**), days to heading (0.47**) and number of spikelets spike-1 (0.34**). This implies that taller plants and those that take longer to reach heading tend to have longer spike lengths. Furthermore, there was a notable negative association between spike length and wet gluten content, as well as zeleny sedimentation at the genotypic level. Kedir Tesi (2022) provided evidence that spike length has a strong positive genotypic association with the number of spikelets spike-1 and a negative genotypic association with wet gluten content. 

Strong and positive correlations were observed at the genotypic level between the number of kernels per spike with biomass yield (0.95**), harvest index (0.85**) and hectoliter weight (0.34**). However, the trait showed a negative and significant association with the thousand kernels weight (-0.25*). On the other hand, the thousand kernels weight exhibited a strong negative correlation with days to heading (-0.60**), number of spikelets per spike (-0.44**), days to maturity (-0.39**), and number of kernels per spike (-0.25*). Additionally, it showed a strong positive association with grain filling period (0.76**) and hectoliter weight (0.39**) at the genotypic level.

Positive correlations were observed between biomass yield and various traits, including with harvest index (0.98**), number of kernels per spike (0.95**), days to maturity (0.70**), number of spikelets per spike (0.74**), thousand kernel weight (0.74**), hectoliter weight (0.72**), grain filling period (0.69**) and starch content (0.53**). This finding indicates that genotypes with higher biomass yield also tend to have higher harvest index. On the other hand, a significant negative association was found between biomass yield and traits such asseptorial (-0.86**), grain protein content (-0.91**), wet gluten content (-0.93**) and zeleny sedimentation (-0.75**).However, a study conducted by Berhanu Meles et al. (2017)reported non-significant and negative genotypic correlations between biomass yield and wet gluten content, as well as zeleny sedimentation values.

Hectoliter weight displayed a strong positive correlation with various traits such as harvest index (0.84**), thousand kernel weight (0.70**), grain filling period (0.64**), biomass yield (0.58**), zeleny sedimentation (0.54**), days to maturity (0.52**), plant height (0.45**) and number of kernels spike-1 (0.37**). On the other hand, there was a negative correlation observed at the genotypic level between hectoliter weight and grain protein content (-0.77**), wet gluten content (-0.71**) and zeleny sedimentation (-0.60**) at genotypic level. Similarly, in a study conducted by Birhanu Mecha et al. (2017), there were significant positive associations found between hectoliter weight and grain filling period (0.50) as well as thousand kernel weight (0.39).

The harvest index displayed a strong and positive correlation with biomass yield (0.98**), number of kernels spike-1 (0.85**), hectoliter weight (0.84**), thousand kernel weight (0.69**), starch content (0.65**), days to maturity (0.56**) and grain filling period (0.45**). Whereas, harvest index exhibited a negative genotypic correlation with septorial (-0.81**), grain protein content (-0.87**), wet gluten content (-0.81**) and zeleny sedimentation (-0.72**).Wet gluten content had a negative genotypic association with all traits studied except for grain protein content, zeleny sedimentation value and septorial. 

[bookmark: _Toc142326759][bookmark: _Toc155946050][bookmark: _Toc155947078]Table 8: Genotypic correlation coefficients among studied traits combined over location
	Traits 
	DH
	DM
	GFP
	PH
	SL
	SPS
	KPS
	GY
	TKW
	BY
	HI
	SEP
	GPC
	SC
	WGC
	ZL
	HLW

	DH
	1**
	
	
	
	
	
	
	
	
	
	
	
	
	
	
	
	

	DM
	0.78**
	1**
	
	
	
	
	
	
	
	
	
	
	
	
	
	
	

	GFP
	-0.79**
	-0.23 ns
	1**
	
	
	
	
	
	
	
	
	
	
	
	
	
	

	PH
	0.52**
	0.80**
	0.27 ns
	1**
	
	
	
	
	
	
	
	
	
	
	
	
	

	SL
	0.47**
	0.57**
	0.28 ns
	0.60**
	1**
	
	
	
	
	
	
	
	
	
	
	
	

	SPS
	0.10 ns
	0.23*
	0.07 ns
	0.11 ns
	0.34**
	1**
	
	
	
	
	
	
	
	
	
	
	

	KPS
	0.19 ns
	-0.12 ns
	-0.41**
	-0.42**
	0.29*
	0.29**
	1**
	
	
	
	
	
	
	
	
	
	

	GY
	0.03 ns
	0.60**
	0.53**
	0.31*
	0.27 ns
	0.31**
	0.62**
	1**
	
	
	
	
	
	
	
	
	

	TKW
	-0.48**
	-0.12 ns
	0.61**
	0.29*
	-0.01 ns
	-0.06 ns
	-0.37**
	0.69**
	1**
	
	
	
	
	
	
	
	

	BY
	0.13 ns
	0.70**
	0.69**
	0.32*
	0.27 ns
	0.74**
	0.95**
	0.79**
	0.74**
	1**
	
	
	
	
	
	
	

	HI
	0.06 ns
	0.56**
	0.45**
	0.31*
	0.27 ns
	0.29**
	0.85**
	0.98**
	0.69**
	0.98**
	1**
	
	
	
	
	
	

	SEP
	-0.36*
	-0.78**
	-0.59**
	-0.84**
	-0.55**
	-0.06 ns
	-0.21 ns
	-0.86**
	-0.35*
	-0.86**
	-0.81**
	1**
	
	
	
	
	

	GPC
	-0.09 ns
	-0.63**
	-0.47**
	-0.17 ns
	-0.08 ns
	-0.27**
	-0.22 ns
	-0.93**
	-0.64**
	-0.91**
	-0.87**
	0.44**
	1**
	
	
	
	

	SC
	-0.07 ns
	0.39**
	0.49**
	0.40**
	0.23ns
	0.27**
	0.22ns
	0.71**
	0.59**
	0.53**
	0.65**
	-0.54**
	-0.80**
	1**
	
	
	

	WGC
	-0.07 ns
	-0.59**
	-0.46**
	-0.02 ns
	-0.06 ns
	-0.26**
	-0.21ns
	-0.88**
	-0.54**
	-0.93**
	-0.81**
	0.36*
	0.93**
	-0.60**
	1**
	
	

	ZL
	-0.28 ns
	-0.73**
	-0.28 ns
	-0.48**
	-0.50**
	-0.34**
	-0.52**
	-0.76**
	-0.49**
	-0.75**
	-0.72**
	0.60**
	0.85**
	-0.81**
	0.79**
	1**
	

	HLW
	-0.09 ns
	0.52**
	0.64**
	0.45**
	-0.03 ns
	0.21*
	0.37**
	0.88**
	0.70**
	0.58**
	0.84**
	-0.28ns
	-0.77**
	0.54**
	-0.71**
	-0.60**
	1**


Note: DH=days to heading; DM= days to maturity; GFP= grain filling period; PH= plant height; SL= spike length; SPS= number of spikelet spike-1; KPS= kernel spike-1; GY= grain yield; TKW= thousand kernel weight; BY= biomass yield; HI= harvest index; GPC= grain protein content; SC= starch content; WGC= wet gluten content; ZL= Zeleny sedimentation; HLW= Hectoliter weight; SEP=septoria

[bookmark: _Toc155947552]4.4.3. Correlation of grain yield with other traits at phenotypic level

Phenotypically, the result of the combined correlation analysis as shown by their coefficients of correlation reveals that grain yield displays highly significant and positive correlation with harvest index (0.97**), number of spiklets spike-1 (0.54**), biomass yield (0.51**), starch content (0.45**), grain filling period (0.32**), number of kernels spike-1 (0.30**), thousand kernel weight (0.30**) and days to maturity (0.28**) at phenotypic level (Table 9).The strong association between the grain yield and days to maturity indicates a direct link between late maturity traits and grain yield, which is considered beneficial during extended rainy periods. In contrast, Obsa Chimdesa et al. (2017) observed a negative correlation between grain yield and days to maturity. High significant negative correlation (P<0.01) of grain yield were recorded for septorial (-0.42**), zeleny sedimentation (0.47**), wet gluten content (-0.53**) and grain protein content (-0.58**). This suggested that selection for these traits would not improve grain yield. In parallel with this finding, Garome Shifaraw et al. (2022); Talef Yeshitla et al. (2022) reported that grain yield exhibited negative and significant phenotypic correlation with grain protein content. 

[bookmark: _Toc155947553]4.4.4. Phenotypic correlation coefficients of among other traits

The correlation values in Table 9 represent the strength and direction of the relationship between each pair of traits. Days to heading displayed a notably high and positive phenotypic correlation with spike length (0.85**) and days to maturity (0.29**). The result showed that early heading genotypes would have a probability to mature early with better spike length. In agreement with the present study, Birhanu Mecha et al. (2017) reported that days to heading exerted significant and positive phenotypic correlation with days to maturity (0.64**). 

Plant height revealed a positive highly significant correlation with spike length (0.74**), number of spiklets spike-1 (0.44**) and biomass yield (0.41**) and negative highly significant association with septorial (-0.27**). Similarly, Talef Yeshitla et al. (2022) revealed that plant height have a positive significant correlation with biomass yield. This trait also showed anon-significant correlation with days to maturity, number of kernels spike-1, thousand kernel weights, harvest index, grain protein content and wet gluten content. Spike length showed a positive highly significant correlation with number of kernels spike-1 (0.83**), starch content (0.72**) and number of spiklets spike-1 (0.65**). It also showed a negative correlation with grain filling period (-0.72**), septorial (-0.34**), grain protein content (-0.34**) and zeleny sedimentation (-0.79**).

[bookmark: _Toc142326760][bookmark: _Toc155946051][bookmark: _Toc155947079]Table 9: Phenotypic correlation among studied traits combined over locations
	Traits 
	DH
	DM
	GFP
	PH
	SL
	SPS
	KPS
	GY
	TKW
	BY
	HI
	SEP
	GPC
	SC
	WGC
	ZL
	HLW

	DH
	1**
	
	
	
	
	
	
	
	
	
	
	
	
	
	
	
	

	DM
	0.29**
	1**
	
	
	
	
	
	
	
	
	
	
	
	
	
	
	

	GFP
	-0.56**
	0.63**
	1**
	
	
	
	
	
	
	
	
	
	
	
	
	
	

	PH
	0.15*
	-0.04 ns
	-0.16*
	1**
	
	
	
	
	
	
	
	
	
	
	
	
	

	SL
	0.85**
	-0.02 ns
	-0.72**
	0.74**
	1**
	
	
	
	
	
	
	
	
	
	
	
	

	SPS
	0.06 ns
	0.39**
	0.23 ns
	0.44**
	0.65**
	1**
	
	
	
	
	
	
	
	
	
	
	

	KPS
	0.04 ns
	0.20**
	0.14*
	0.02 ns
	0.83**
	0.49**
	1**
	
	
	
	
	
	
	
	
	
	

	GY
	-0.09 ns
	0.28**
	0.32**
	0.13 ns
	-0.17 ns
	0.54**
	0.30**
	1**
	
	
	
	
	
	
	
	
	

	TKW
	-0.19**
	0.01 ns
	0.16*
	0.04 ns
	0.10 ns
	0.28*
	0.09 ns
	0.30**
	1**
	
	
	
	
	
	
	
	

	BY
	-0.04 ns
	0.34**
	0.42**
	0.41**
	0.10 ns
	0.04 ns
	0.34**
	0.51**
	0.46**
	1**
	
	
	
	
	
	
	

	HI
	-0.08 ns
	0.29**
	0.32**
	0.12ns
	-0.19ns
	0.55**
	0.35**
	0.97**
	0.28**
	0.98**
	1**
	
	
	
	
	
	

	SEP
	-0.22*
	-0.54**
	-0.45**
	-0.27**
	-0.34**
	-0.26*
	-0.18ns
	-0.42**
	-0.29**
	-0.42**
	-0.39**
	1**
	
	
	
	
	

	GPC
	-0.07ns
	-0.28**
	-0.18*
	-0.10ns
	-0.35*
	-0.49**
	-0.22**
	-0.58**
	-0.33**
	-0.43**
	-0.52**
	0.44**
	1**
	
	
	
	

	SC
	-0.04ns
	0.19**
	0.20**
	0.16*
	0.72**
	0.55**
	0.12 ns
	0.45**
	0.32**
	0.39**
	0.39**
	-0.39**
	-0.74**
	1**
	
	
	

	WGC
	-0.05ns
	-0.28**
	-0.20**
	-0.05ns
	-0.23ns
	-0.43**
	-0.21**
	-0.53**
	-0.27**
	-0.40**
	-0.48**
	0.42**
	0.94**
	-0.57**
	1**
	
	

	ZL
	-0.22**
	-0.29**
	-0.07ns
	-0.15*
	-0.79**
	-0.57**
	-0.20**
	-0.47**
	-0.26**
	-0.40**
	-0.42**
	0.51**
	0.87**
	-0.75**
	0.80**
	1**
	

	HLW
	-0.05ns
	0.22**
	0.23**
	0.16*
	-0.02ns
	0.46**
	0.20**
	0.60**
	0.37**
	0.44**
	0.53**
	-0.28**
	-0.68**
	0.51**
	-0.58**
	-0.53**
	1**


Note: DH=days to heading; DM= days to maturity; GFP= grain filling period; PH= plant height; SL= spike length; SPS= number of spikelet spike-1; KPS= kernel spike-1; GY= grain yield; TKW= thousand kernel weight; BY= biomass yield; HI= harvest index; GPC= grain protein content; SC= starch content; WGC= wet gluten content; ZL= Zeleny sedimentation; HLW= Hectoliter weight; and SEP=septoria.


[bookmark: _Toc155947554]4.5. Path Coefficient Analysis

[bookmark: _Toc155947555]4.5.1. Direct and indirect effects of various traits on grain yield at genotypic level

In the present study, grain yield selected as dependent variable and the other that showed significant difference in analysis of variance were selected as casual variable. The genotypic direct and indirect effects of different traits on grain yield ranged from positive to negative, indicating the strength and nature of the relationship between the traits and grain yield (Table 10). Traits such as grain filling period (0.975), biomass yield (0.373), days to heading (0.292), harvest index (0.275), hectoliter weight (0.104), number of kernels spike-1 (0.029), grain protein content (0.028), starch content (0.028), septorial (0.022), thousand kernel weight (0.019) and plant height (0.015) exerted direct positive effect on grain yield. From these, grain filling period, biomass yield and days to heading had relatively high direct effects, indicating their direct greater contribution to grain yield and are important traits to be considered for simultaneous improvement of grain yield through indirect selection. The positive direct effect of these traits on grain yield indicates that improvement on these traits will increase grain yield and selection for these traits will be effective. Similarly, Talef Yeshitlaet al.(2022) reported that plant height, starch content and thousand kernels weight had positive direct effect on grain yield. On the other hand, the direct effect exerted by days to maturity (-0.766), spike length (-0.5), number of spiklets spike-1 (-0.013), wet gluten content (-0.445) and zeleny sedimentation (-0.123) was negative, indicating that selection for the improvement of these traits will decrease the grain yield of genotypes considered. On the contrary, Birhanu Mecha et al. (2017) reported negative effects of plant height and hectoliter on grain yield. 

Spike length (2.464) showed the highest positive indirect genotypic effect on grain yield through days to heading. Also, starch content (0.984), days to maturity (0.952), hectoliter weight (0.931) and biomass yield (0.905) showed the highest indirect effect via grain filling period. However, zeleny sedimentation (-0.983), grain protein content (-0.967) and wet gluten content (-0.943) showed the highest negative genotypic indirect effect on grain yield via grain filling period (Table 10). 

[bookmark: _Toc142326761][bookmark: _Toc155946052][bookmark: _Toc155947080]Table 10: Estimates of direct (diagonal and bold) and indirect (off diagonal) genotypic effects of 16 traits on grain yield at genotypic level in 49 bread wheat genotypes over two locations (Dabat and Debark)
	Traits  
	DH
	DM
	GFP
	PH
	SL
	SPS
	KPS
	TKW
	BY
	HI
	SEP
	GPC
	SC
	WGC
	ZL
	HLW

	DH
	0.292
	-0.432
	0.649
	-0.022
	-0.044
	-0.001
	0.0174
	0.0211
	-0.060
	-0.269
	-0.002
	-0.554
	0.0555
	0.189
	0.088
	0.019

	DM
	0.237
	-0.766
	0.952
	-0.019
	0.001
	-0.005
	-0.010
	0.022
	0.065
	-0.112
	-0.003
	-0.025
	0.084
	0.439
	0.122
	0.083

	GFP
	0.194
	-0.724
	0.975
	-0.016
	0.037
	-0.003
	-0.019
	0.020
	0.095
	-0.044
	-0.0003
	-0.009
	0.087
	0.397
	0.124
	0.099

	PH
	-0.427
	0.267
	-0.069
	0.015
	-0.091
	-0.019
	-0.016
	-0.001
	0.178
	0.297
	0.001
	0.304
	-0.084
	-0.694
	-0.133
	-0.042

	SL
	2.464
	0.047
	-0.546
	0.0159
	-0.052
	-0.008
	-0.031
	-0.005
	-0.027
	-0.118
	-0.008
	0.012
	-0.009
	-0.021
	0.125
	-0.0002

	SPS
	0.157
	-0.962
	0.807
	0.013
	-0.034
	-0.013
	-0.018
	-0.015
	0.209
	0.338
	-0.010
	0.016
	-0.007
	-0.039
	0.090
	0.0057

	KPS
	0.175
	0.612
	-0.650
	-0.008
	-0.043
	-0.006
	0.029
	-0.009
	0.272
	-0.394
	-0.022
	0.835
	-0.053
	-0.427
	-0.061
	-0.133

	TKW
	0.327
	-0.055
	0.044
	-0.001
	0.004
	-0.007
	-0.014
	0.019
	0.373
	-0.245
	-0.013
	-0.877
	0.124
	0.112
	0.173
	0.122

	BY
	-0.468
	-0.425
	0.905
	0.004
	0.004
	-0.007
	-0.027
	-0.031
	0.373
	0.618
	-0.013
	0.029
	-0.008
	-0.071
	0.106
	0.012

	HI
	-0.286
	0.722
	-0.155
	0.016
	0.010
	-0.007
	-0.042
	-0.017
	0.370
	0.275
	-0.012
	0.735
	-0.016
	-0.659
	-0.035
	0.036

	SEP
	-0.272
	0.347
	-0.060
	0.0004
	0.019
	0.006
	0.038
	0.017
	-0.220
	-0.347
	0.022
	-0.024
	0.006
	0.064
	-0.131
	-0.007

	GPC
	-0.224
	0.763
	-0.967
	0.017
	0.018
	0.006
	0.012
	-0.027
	-0.317
	0.100
	0.015
	0.028
	-0.085
	-0.440
	-0.123
	-0.088

	SC
	0.188
	-0.725
	0.984
	-0.015
	-0.037
	-0.007
	-0.018
	0.027
	0.234
	-0.052
	-0.010
	-0.012
	0.086
	0.412
	0.123
	0.098

	WGC
	-0.240
	0.759
	-0.943
	0.018
	0.012
	0.006
	0.009
	-0.028
	-0.291
	0.125
	0.015
	0.021
	-0.084
	-0.445
	-0.121
	-0.082

	ZL
	-0.209
	0.761
	-0.983
	0.016
	0.041
	0.007
	0.014
	-0.027
	-0.251
	0.078
	0.018
	0.027
	-0.086
	-0.432
	-0.123
	-0.092

	HLW
	0.055
	-0.415
	0.931
	-0.006
	0.001
	-0.006
	-0.037
	0.022
	0.348
	0.095
	-0.012
	-0.714
	0.081
	0.146
	0.109
	0.104


Note: DH=days to heading; DM= days to maturity; GFP= grain filling period; PH= plant height; SL= spike length; SPS= number of spikelet spike-1; KPS= kernel spike-1; GY= grain yield; TKW= thousand kernel weight; BY= biomass yield; HI= harvest index; GPC= grain protein content; SC= starch content; WGC= wet gluten content; ZL= Zeleny sedimentation; HLW= Hectoliter weight; SEP=septoria

[bookmark: _Toc155947556]4.5.2. Direct and indirect effects of various traits on grain yield at phenotypic level

In the present study, traits harvest index (0.787), grain protein content (0.610), biomass yield (0.373), hectoliter weight (0.131), number of kernels spike-1 (0.082), thousand kernel weight (0.023), and plant height (0.016) showed positive phenotypic direct effect on grain yield (Table 11). In agreement with the present study, Obsa Chimdesa et al. (2017) reported that harvest index, biomass yield, number of kernels spike-1and thousand kernel weight had positive phenotypic direct effect on grain yield. Rajput (2019)also reported that biomass yield, harvest index and thousand-kernel weight exerted positive phenotypic direct effect on grain yield. In addition, Demeke Zewud (2023) revealed that biomass yield (0.572), harvest index (0.491), thousand kernel weight (0.026), number of kernel spike-1 (0.011) and plant height (0.006) showed direct positive effect on grain yield at phenotypic level. However, zeleny sedimentation (-0.150), days to maturity (-0.148), wet gluten content (-0.138), days to heading (-0.088), grain filling period (-0.080), spike length (-0.034), number of spiklets spike-1 (-0.018) and starch content (-0.013) showed negative phenotypic direct effect on grain yield. Similar to the present findings, Rajput et al. (2019) revealed that days to maturity and spike length had negative direct effect on grain yield.

Plant height (2.464) revealed highest positive indirect effect on grain yield through days to heading. Following plant height, biomass yield (0.905) and spike length (0.807) showed the highest positive indirect phenotypic effect on grain yield via grain filling period. However, the highest phenotypic indirect effect were recorded from spike length (-0.962) and biomass yield (-0.425) through days to maturity.


[bookmark: _Toc142326762][bookmark: _Toc155946053][bookmark: _Toc155947081]Table 11: Phenotypic direct (diagonal and bold) and indirect (off diagonal) effects of 16 traits on grain yield for combined data over two locations
	Traits  
	DH
	DM
	GFP
	PH
	SL
	SPS
	KPS
	TKW
	BY
	HI
	SEP
	GPC
	SC
	WGC
	ZL
	HLW

	DH
	-0.088
	-0.033
	0.018
	0.000
	0.000
	0.012
	0.004
	0.001
	-0.060
	-0.264
	-0.002
	-0.194
	-0.003
	0.046
	0.045
	0.008

	DM
	-0.020
	-0.148
	-0.072
	0.000
	0.005
	0.017
	0.011
	0.002
	0.065
	0.042
	-0.003
	-0.368
	-0.006
	0.085
	0.076
	0.025

	GFP
	0.019
	-0.133
	-0.080
	0.000
	0.003
	0.002
	0.009
	0.002
	0.095
	0.160
	-0.000
	-0.283
	-0.004
	0.065
	0.056
	0.022

	PH
	2.464
	0.047
	-0.546
	0.016
	-0.052
	-0.008
	-0.031
	-0.005
	0.179
	-0.118
	0.001
	0.012
	-0.009
	-0.021
	0.125
	-0.000

	SL
	0.157
	-0.962
	0.807
	0.013
	-0.034
	-0.013
	-0.018
	-0.015
	-0.027
	0.338
	-0.008
	0.016
	-0.007
	-0.039
	0.090
	0.006

	SPS
	0.001
	0.037
	0.020
	0.001
	-0.013
	-0.018
	0.003
	0.000
	0.209
	0.096
	-0.010
	0.018
	-0.009
	-0.008
	-0.003
	0.013

	KPS
	-0.005
	-0.020
	-0.009
	0.000
	-0.006
	-0.037
	0.082
	0.003
	0.272
	0.183
	-0.022
	-0.075
	-0.001
	0.017
	0.012
	0.020

	TKW
	-0.005
	-0.014
	-0.006
	0.000
	-0.004
	-0.047
	0.012
	0.023
	0.220
	0.075
	-0.007
	-0.111
	-0.002
	0.024
	0.025
	0.027

	BY
	-0.468
	-0.425
	0.905
	0.004
	0.004
	-0.007
	-0.027
	-0.031
	0.373
	0.618
	-0.013
	0.029
	-0.008
	-0.071
	0.106
	0.012

	HI
	0.030
	-0.008
	-0.016
	0.000
	-0.007
	-0.029
	0.019
	0.002
	0.370
	0.787
	-0.012
	-0.054
	-0.001
	0.010
	0.012
	0.040

	SEP
	-0.272
	0.347
	-0.060
	0.000
	0.019
	0.006
	0.038
	0.017
	-0.220
	-0.347
	0.022
	-0.024
	0.006
	0.064
	-0.131
	-0.007

	GPC
	0.028
	0.089
	0.037
	0.000
	0.006
	0.033
	-0.010
	-0.004
	-0.317
	-0.070
	0.015
	0.610
	0.011
	-0.135
	-0.141
	-0.068

	SC
	-0.022
	-0.067
	-0.028
	0.000
	-0.007
	-0.029
	0.008
	0.004
	0.234
	0.082
	-0.010
	-0.523
	-0.013
	0.113
	0.122
	0.073

	WGC
	0.029
	0.092
	0.038
	0.000
	0.006
	0.032
	-0.010
	-0.004
	-0.291
	-0.057
	0.015
	0.598
	0.010
	-0.138
	-0.137
	-0.057

	ZL
	0.027
	0.075
	0.030
	0.000
	0.007
	0.0360
	-0.006
	-0.004
	-0.251
	-0.062
	0.018
	0.576
	0.010
	-0.126
	-0.150
	-0.066

	HLW
	-0.005
	-0.028
	-0.013
	0.000
	-0.005
	-0.029
	0.013
	0.005
	0.348
	0.241
	-0.012
	-0.317
	-0.007
	0.060
	0.075
	0.131


Note: DH=days to heading; DM= days to maturity; GFP= grain filling period; PH= plant height; SL= spike length; SPS= number of spikelet spike-1; KPS= kernel spike-1; GY= grain yield; TKW= thousand kernel weight; BY= biomass yield; HI= harvest index; GPC= grain protein content; SC= starch content; WGC= wet gluten content; ZL= Zeleny sedimentation; HLW= Hectoliter weight; and SEP=septoria.


[bookmark: _Toc155947557]4.6. Clustering of Bread Wheat Genotypes

[bookmark: _Toc155947558]4.6.1. Clustering of genotypes

[bookmark: _Toc142326763]The 49 bread wheat genotypes were grouped into five clusters (Table 12). Each cluster represents a group of genotypes that share similar traits. Cluster I is the largest cluster, comprising 17 genotypes, representing 34.69% of the total. Cluster II follows closely, with 15 genotypes, accounting for 30.61% of the total genotypes. Cluster III contains 13 genotypes, representing 26.53% of the total genotypes. Cluster IV is with only three genotypes, making up 6.12% of the total genotypes. Lastly, cluster V had the lowest number of genotypes, comprising only one genotype (2.04%). Clustering of genotypes into such distinct groups implies the existence of a considerable level of genetic variation among the diverse bread wheat genotypes. These clusters provide valuable insights into the genetic diversity and variation within the bread wheat genotypes. The distribution of genotypes into different clusters suggests the presence of distinct groups with unique traits. This information can be useful for understanding and utilization of genetic resources with desired traits for the improvement bread wheat (Masresha Gashaw, 2021). Different authors reported the presence of diversity among bread wheat genotypes classifying into different number of distinct clusters. Gezahegn Fikre et al. (2015) classified 64 bread wheat genotypes into nine clusters. Arya et al. (2017) also grouped 49 wheat genotypes into eight clusters and Dargicho Dutamo et al. (2015) classified 68 bread wheat genotypes in to six groups. 

[bookmark: _Toc155946054]Table 12: Distribution of 49 bread wheat genotypes in to their respective clusters
	Cluster 
	No. of genotypes
	Proportion (%)
	Genotypes

	I
	17
	34.69
	G5,  G13,   G11,   G9,  G43,  G15,  G28, G17,  G14,  G29, G20,   G6,   G8,   G16,   G19,  G47,  G48

	II
	15
	30.61
	G30,  G40,  G18,  G26,  G31,  G3,   G41,  G7,     G21,  G42,  G25,  G36, G22,  G34, G33,

	III
	13
	26.53
	G37,    G27,   G38,   G32,  G45,   G46,   G1,  G24,     G2,   G23,   G35,   G39,  G44

	IV
	3
	6.12
	G4,    G10,     G12

	V
	1
	2.04
	G49

	Total
	49
	100
	49
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[bookmark: _Toc155946059][bookmark: _Toc155947082]Figure 2: Dendrogram showing clusters of bread wheat genotypes 

[bookmark: _Toc155947559]4.6.2. Cluster mean analysis

[bookmark: _Toc142326764]From the cluster analysis, the mean values of 17 different traits revealed considerable differences among the five clusters of bread wheat genotypes (Table 13). Genotypes grouped in cluster III had the maximum cluster mean values for most traits including days to heading (73.68 days), days to maturity (136.99 days), plant height (104.95 cm), spike length (10.25 cm), number of spiklets spike-1 (21.23), number of kernels spike-1 (51.05), grain yield (5.27), biomass yield (11.20), harvest index (47.48) starch content (68.35%) but scored least for septorial (11.21), grain protein content (10.05%), wet gluten content (21.05%) and zeleny sedimentation (17.20). Therefore, genotypes in these clusters could be used as a parent for crossing to develop high-yielding bread wheat varieties. Cluster I had characteristics feature of relatively least in grain yield (3.99), biomass yield (9.67), plant height (88.92cm), thousand-kernel weight (30.16 g) and harvest index (40.55). However, it showed greater number of spiklets spike-1 but less than cluster III. Cluster analysis revealed that genotypes grouped in cluster II had the maximum septorial (41.89), grain protein content (12.56%), wet gluten content (26.97%) and least in the remaining traits. Cluster IV showed high characteristics with grain filling period (65.75 days), thousand kernel weight (37.70 g) and septorial (35.81) but least in days to heading (65.40 days), days to maturity (131.87 days), spike length (8.00 cm), number of spiklets spike-1 (18.45) and number of kernels spike-1 (46.56). While genotypes in cluster V characterized by maximum cluster mean values for hectolitre weight (78.31).
[bookmark: _Toc155946055][bookmark: _Toc155947083]Table 13: Pooled mean values of five clusters for 17 traits of 49 bread wheat genotypes
	Variables 
	Cluster I
	Cluster II
	Cluster III
	Cluster IV
	Cluster V
	Grand mean 

	DH
	70.74
	67.15
	73.68
	65.40
	68.61
	69.12

	DM
	133.33
	129.79
	136.99
	131.87
	134.23
	133.24

	GFP
	61.86
	61.90
	62.50
	65.75
	64.86
	63.37

	PH
	88.92
	85.25
	104.95
	89.35
	90.10
	91.71

	SL
	8.40
	8.17
	10.25
	8.00
	8.08
	8.58

	SPS
	19.04
	18.46
	21.23
	18.45
	18.69
	19.17

	KPS
	47.75
	47.13
	51.05
	46.56
	49.26
	48.35

	GY
	3.99
	3.03
	5.27
	4.25
	5.02
	4.31

	TKW
	30.16
	25.32
	37.67
	37.70
	34.60
	33.09

	BY
	9.67
	8.71
	11.20
	9.92
	10.70
	10.04

	HI
	40.55
	34.34
	47.46
	42.11
	46.57
	42.21

	SEP
	33.21
	41.89
	11.21
	35.81
	29.38
	30.30

	GPC
	11.70
	12.56
	10.05
	11.37
	10.76
	11.29

	SC
	62.76
	62.40
	68.35
	63.91
	64.14
	64.31

	WGC
	23.83
	26.97
	21.05
	23.35
	21.36
	23.31

	ZL
	32.89
	36.70
	17.20
	32.32
	30.07
	29.84

	HLW
	73.68
	70.19
	76.65
	75.46
	78.31
	74.86


Note: DH=days to heading; DM= days to maturity; GFP= grain filling period; PH= plant height; SL= spike length; SPS= number of spikelet spike-1; KPS= kernel spike-1; GY= grain yield; TKW= thousand kernel weight; BY= biomass yield; HI= harvest index; GPC= grain protein content; SC= starch content; WGC= wet gluten content; ZL= Zeleny sedimentation; HLW= Hectoliter weight; SEP=septoria

[bookmark: _Toc155947560]4.6.3. Inter and intra cluster distances

[bookmark: _Toc142326765]High intra cluster distance was recorded by cluster III (D2=4.73) followed by cluster II (D2=4.21), cluster I (D2=3.42) and cluster IV (D2=3.03), while the lowest was by cluster V (D2=0.00) (Table 14). These results indicated the presence of considerable variation within clusters and therefore, these clusters can be source of multiple desirable genes for stability of the genotypes and for self-improvement of genotypes of the same cluster. This is because genotypes within cluster with high degree of variation would produce more desirable traits for attaining the maximum genetic advance.

The maximum inter cluster distance was recorded between cluster III and V (D2=17.91), followed by cluster II and V (D2=14.02), whereas, the smallest inter cluster distance was recorded in cluster II and IV (D2=7.51), followed by cluster I and IV (D2=7.93). From this result, genotypes under cluster III and V are highly divergent and would generate a wide range of segregation in the following generations, which in turn allows for more opportunities for selection and improvement. The greater distance between clusters, indicating that the genotypes included in these clusters revealed broad spectrum of genetic diversity and may be used in hybridization programme for wheat improvement. Hence, crossing genotypes between these two clusters could result better genetic recombinant. On the other hand, the minimum inter-cluster distances had the lowest degree of divergence between clusters and the genotypes were relatively close to each other than genotypes grouped in other clusters. This indicated that the existence of closer proximity between these clusters as compared with other clusters. Consequently, crossing genotypes between these two clusters could result poor genetic recombinant and is not advisable.
[bookmark: _Toc155946056][bookmark: _Toc155947084]
Table 14: Intra (bold diagonal) cluster distance and Inter (off bold) cluster distance of 49 bread wheat genotypes in to five different clusters
	Clusters 
	I
	II
	III
	IV
	V

	I
	3.42
	8.64
	13.41
	7.93
	12.85

	II
	
	4.21
	11.08
	7.51
	14.02

	III
	
	
	4.73
	8.66
	17.91

	IV
	
	
	
	3.03
	12.80

	V
	
	
	
	
	0.00



[bookmark: _Toc155947561]4.7. Principal Component Analysis

In the present study, the first four principal components (PCs) accounted for 76.76% of the total observed variation. The Eigen values of these four principal components ranged from 1.072 to 6.581. Together, they explained 79.00% of the total variance (Table 15). The first principal component (PC I) stood out with the highest eigenvalue of 6.581explaining about 38.70% of the total variation. This was primarily due to its strong positive loadings from grain protein content (1.233), wet gluten content (1.172), zeleny sedimentation (1.054), septorial (0.839), days to heading (0.374), spike length (0.273), days to maturity (0.270), and number of spiklets spike-1 (0.231). The second principal component (PC II) shared about 23.30% of the total variation and the major positively contributing characters were spike length (1.052), plant height (0.999), days to heading (0.949), number of spikelet spike-1 (0.929), days to maturity (0.928), starch content (0.833), hectolitre weight (0.026) and biomass yield (0.011). Whereas, the rest traits were observed negative loading effect, including grain protein content (-0.086), harvest index (-0.086), number of kernels spike-1 (-0.095), grain yield (-0.102), wet gluten content (-0.108), thousand kernel weight (-0.326), grain filling period (-0.365), zeleny sedimentation (-0.566) and septorial (-0.777) had highest negative loading effect in PC II.

The third principal component (PCIII) had proportion variability of 10.7% from the total variation. The main positive loading effect was the traits like number of kernels spike-1 (0.888), days to heading (0.512), harvest index (0.384), thousand kernel weight (0.321), grain yield (0.214), days to maturity (0.25), plant height (0.15), spike length (0.211), biomass yield (0.185), number of spiklets spike-1 (0.140), wet gluten content (0.066),grain protein content (0.041) and septorial (0.012), while grain filling period, plant height and zeleny sedimentation exhibiting negative loading effect to PC III. 

Finally, the fourth principal component (PC IV) accounted for 6.3% from the total variation. Variation was chiefly attributed due to days to maturity (0.765), days to heading (0.421), spike length (0.352), hectolitre weight (0.278), grain filling period (0.237), zeleny sedimentation (0.145), septorial (0.123), grain yield (0.090), biomass yield (0.084) and harvest index (0.049).Whereas, number of kernels spike-1 (-0.069), grain protein content (-0.107), plant height (-0.138), starch content (-0.215), wet gluten content (-0.239), number of spiklets spike-1 (-0.431) and thousand kernel weight (-0.636) had highest negative loading effect for PC IV. Kedir Tesi (2022) reported that, the third principal component explained 12% of total variation with most importantly contributed traits being days to 50% heading, number of spikelets per spikes, and percent protein. The fourth principal component explained 8.85% of total variation with most important contributed traits being hectolitre weight. Almarri et al. (2023) classified 22 genotypesfor16 agro-morphological traits in to six principal components, which showed 78.47% cumulative variance. Among the principal components, PC1 contributed maximum variability of 30.74 %, followed by PC2 (15.64 %), PC3 (9.34 %), PC4 (8.79 %), PC5 (7.3 %), and PC6 (6.65 %), respectively.
[bookmark: _Toc142326766]







[bookmark: _Toc155946057][bookmark: _Toc155947085]Table 15: Vector loadings and variation by principal components of 17 traits of 49 bread wheat genotypes over two locations (Dabat and Debark)
	Traits
	PC1
	PC2
	PC3
	PC4

	DH
	0.374
	0.949
	0.512
	0.421

	DM
	0.270
	0.928
	-0.198
	0.765

	GFP
	-0.252
	-0.365
	-0.966
	0.233

	PH
	-0.231
	0.999
	-0.401
	-0.138

	SL
	0.273
	1.052
	0.211
	0.352

	SPS
	0.231
	0.929
	0.140
	-0.431

	KPS
	-0.292
	-0.095
	0.888
	-0.069

	GY
	-1.227
	-0.102
	0.214
	0.090

	TKW
	-0.795
	-0.326
	0.321
	-0.636

	BY
	-1.222
	0.011
	0.185
	0.084

	HI
	-1.162
	-0.086
	0.384
	0.049

	SEP
	0.839
	-0.777
	0.012
	0.123

	GPC
	1.233
	-0.086
	0.041
	-0.107

	SC
	-0.047
	0.833
	-0.643
	-0.215

	WGC
	1.172
	-0.108
	0.066
	-0.239

	ZL
	1.054
	-0.566
	-0.026
	0.145

	HLW
	-0.908
	0.026
	-0.259
	0.278

	Eigenvalue
	6.581
	3.958
	1.825
	1.072

	Proportion Explained
	0.387
	0.233
	0.107
	0.063

	Cumulative Proportion
	0.387
	0.620
	0.727
	0.790

















Note: DH=days to heading; DM= days to maturity; GFP= grain filling period; PH= plant height; SL= spike length; SPS= number of spikelet spike-1; KPS= kernel spike-1; GY= grain yield; TKW= thousand kernel weight; BY= biomass yield; HI= harvest index; GPC= grain protein content; SC= starch content; WGC= wet gluten content; ZL= Zeleny sedimentation; HLW= Hectoliter weight; and SEP=septoria.
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[bookmark: _Toc155946060][bookmark: _Toc155947086]Figure 3: Bi plot of PC1 and PC2 showing the relationships of genotypes by traits. Blue color represents genotypes (n=49) and the green color represents the traits under study.


[bookmark: _Toc155947562]Chapter 5. CONCLUSIONS AND RECOMMENDATIONS

[bookmark: _Toc155947563]5.1. Conclusion

The progress of crop improvement program depends on the extent of variability present in the germplasm, and the knowledge of associations of quantitative traits. Hence, the general objective of the present study was to assess genetic variability and association of traits in bread wheat genotypes. Accordingly, the analysis of variance revealed the presence of considerable variability and heritability of traits in bread wheat genotypes, indicating the possibility of improving bread wheat genotypes through direct selection. In addition, grain yield showed positive and highly significant correlation with days to maturity, grain filling period, number of spiklets spike-1, number of kernels spike-1, thousand kernel weight, biomass yield, harvest index, starch content and hectolitre weight both at genotypic and phenotypic level, suggesting that grain yield potential can be improved simultaneously through selection of these traits. From the cluster analysis, high inter cluster distance was observed between cluster III and V, indicating the presence of high genetic diversity that can be exploited through hybridization. The principal component analysis revealed that four principal components with Eigen values greater than one, explained 79.0% of the total variability.

[bookmark: _Toc155947564]5.2. Recommendations 

From the overall results of the present research findings, based on the mean performance of grain yield, genotype 24 (EBW180069), genotype 27 (EBW180028), genotype 32 (EBW180272), genotype 35 (EBW191826) and genotype 45 (EBW192754) were performed better than all genotypes including check variety (genotype 49). Therefore, it is recommended to include in the trials that advance genotypes for new variety development in the breeding program.
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	Gen
	DH
	DM
	GFP
	PH
	SL
	SPS
	KPS
	GY
	TKW
	BY
	HI
	SEP
	PC
	ST
	WtG
	ZL
	HC

	1
	67.75
	131.99
	63.5
	90.15
	8.53
	18.25
	51.02
	5.08
	36.29
	10.87
	46.54
	23.66
	10.62
	64.15
	19.85
	29.32
	78.42

	2
	69.23
	133.74
	63.75
	88.88
	8.03
	18.73
	51.78
	4.86
	33.12
	10.54
	46.2
	29.53
	10.6
	64.75
	21.77
	29.58
	75.88

	3
	65.28
	132.74
	66.75
	92.62
	7.52
	18.55
	44.85
	3.87
	33.21
	9.54
	38.3
	30.66
	11.15
	64.17
	22.72
	30.9
	76.46

	4
	70.71
	130.99
	59.5
	87.2
	8.18
	18.27
	35.88
	2.3
	21.24
	7.97
	28.72
	51.03
	13
	62.27
	28.88
	40
	68.01

	5
	67.25
	130.99
	63
	84.72
	7.85
	18.1
	58.05
	3.07
	23.52
	8.75
	35.28
	41.15
	12.3
	62.52
	26.15
	34.67
	72.17

	6
	62.56
	128.24
	65
	89.75
	8
	18.35
	46.35
	3.99
	38.4
	9.67
	41.25
	41.15
	11.78
	64.12
	24.5
	35.45
	73.21

	7
	65.28
	131.49
	65.5
	90.92
	8.22
	18.12
	45.12
	4.2
	37.28
	9.88
	41.41
	33.02
	11.1
	64.33
	22.45
	32.02
	74

	8
	63.3
	128.74
	64.75
	88.35
	8.05
	18.23
	48.8
	4.12
	38.11
	9.8
	41.63
	38.07
	11.82
	63.52
	26.05
	35.48
	78.51

	9
	68.24
	130.74
	61.75
	87.05
	8.5
	18.62
	47.52
	3.75
	34.64
	9.43
	38.32
	33.44
	11.57
	63.3
	24.32
	33.38
	76.78

	10
	66.02
	127.49
	60.75
	84.1
	8.25
	18.3
	45.98
	3.32
	26.75
	9
	36.68
	37.86
	12.7
	62.33
	27.55
	37.7
	70.22

	11
	70.96
	131.24
	59.5
	86.67
	8.38
	18.85
	58.58
	3.62
	30.45
	9.29
	39.16
	35.29
	11.53
	62.88
	23.05
	31.75
	73.24

	12
	69.73
	130.74
	60.25
	85.22
	8.43
	19.1
	45.4
	2.99
	26.91
	8.66
	33.96
	34.05
	12.7
	62.02
	27.73
	36.98
	68.35

	13
	62.06
	128.74
	66
	85
	8.15
	18.52
	50.35
	3.49
	28.19
	9.17
	37.07
	45.37
	12.1
	62.85
	24.55
	34.17
	72.22

	14
	71.95
	134.24
	61.5
	88.83
	8.45
	19.03
	48.55
	3.96
	29.21
	9.64
	41.21
	33.23
	12.1
	62.33
	24.95
	34.17
	71.65

	15
	73.19
	134.49
	60.5
	86.83
	8.55
	18.6
	47.42
	4.26
	29.85
	9.94
	43.08
	31.07
	11.43
	62.75
	22.85
	31.77
	74.28

	16
	67.5
	134.49
	66.25
	88.5
	8.43
	18.38
	48.23
	3.72
	32.66
	9.39
	39.47
	33.64
	11.68
	63.8
	24.27
	32.5
	77

	17
	72.2
	131.99
	59
	89.12
	8.6
	19.62
	50.7
	4.15
	28.89
	9.83
	42.47
	30.97
	12.1
	62.48
	25.48
	34.27
	72.79

	18
	68.24
	133.99
	65
	91.78
	8.43
	19.7
	48.7
	4.46
	32.9
	10.13
	44.02
	30.76
	10.93
	63.02
	20.92
	29.55
	77.08

	19
	66.02
	133.99
	67.25
	89.05
	8.1
	18.2
	47.5
	3.49
	30.76
	9.16
	36.69
	38.79
	11.65
	63.75
	23.5
	32.65
	74.25

	20
	64.53
	127.74
	62.5
	89.8
	8
	18.15
	47.92
	4.6
	39.09
	10.28
	44.95
	31.58
	11.25
	63.17
	22.25
	31.48
	75.95

	21
	67.5
	134.24
	66
	90.53
	8
	18.42
	44.88
	4.3
	35.45
	9.98
	41.55
	17.7
	10.85
	64.88
	22.7
	32.25
	78

	22
	68.98
	132.49
	62.75
	88.9
	8.22
	18.55
	35.65
	3.2
	32.16
	8.88
	30.08
	30.35
	11.18
	62.95
	21.3
	31.23
	75

	23
	68.98
	133.49
	63.75
	88.47
	8.05
	18.8
	51.38
	5.2
	35.67
	10.88
	47.96
	31.17
	10.72
	64.03
	19.95
	29.88
	79.95

	24
	68.98
	134.74
	65
	92.88
	8.5
	18.8
	49.15
	5.43
	37.89
	11.1
	48.68
	24.28
	10.7
	64.17
	19.95
	30.1
	79.64

	25
	68
	133.49
	64.75
	92.58
	8
	18.62
	47.1
	4.75
	36.71
	10.43
	45.48
	28.6
	11.2
	63.58
	21.98
	29.23
	78.55

	26
	68
	134.99
	66.25
	89.45
	7.95
	18.95
	46.98
	4.7
	36.72
	10.37
	44.63
	31.79
	11.68
	63.23
	23.98
	32.9
	77.33

	27
	65.77
	136.24
	69.75
	89.25
	8
	19.12
	50.23
	5.57
	37.4
	11.25
	49.73
	28.7
	11.22
	63.72
	22.25
	31.77
	79.69

	28
	71.7
	133.99
	61.5
	87.92
	8.4
	19.15
	48.92
	4.37
	29.86
	10.04
	43.6
	27.37
	11.57
	62.55
	23.4
	32.1
	72.69

	29
	71.21
	135.49
	63.5
	92.05
	8.57
	19.42
	48.2
	4
	27.68
	9.68
	41.59
	33.33
	11.8
	62.42
	23.92
	33.23
	72.83

	30
	72.45
	137.49
	64.25
	91.4
	8.05
	18.68
	53.38
	4.29
	29.83
	9.96
	42.11
	28.91
	10.8
	63.7
	22.08
	29.55
	76.53

	31
	69.23
	135.24
	65.75
	89.7
	8.35
	19.5
	48.17
	4.33
	31
	10
	43.41
	36.52
	11.9
	62.75
	24.6
	33.62
	73.6

	32
	69.23
	134.24
	64.25
	89.4
	7.82
	17.55
	52.42
	5.41
	37.26
	11.08
	48.76
	35.29
	11.07
	63.38
	22.58
	31.2
	77.14

	33
	65.77
	131.49
	65
	92.2
	8.05
	17.85
	43.58
	4.43
	39.12
	10.11
	43.33
	30.04
	11.1
	64.5
	22.58
	29.95
	74.74

	34
	68.49
	132.49
	63.25
	94.4
	8.03
	19.05
	45.33
	3.91
	22.06
	9.59
	40.02
	40.95
	11.65
	62.85
	22.65
	32.65
	68.95

	35
	69.97
	134.24
	63.5
	88.2
	8.03
	18.55
	49.3
	5.43
	36.67
	11.1
	48.94
	33.95
	10.53
	64.95
	21.6
	29.8
	78.75

	36
	66.51
	133.99
	66.75
	90.15
	7.78
	18.35
	48.17
	4.76
	30.26
	10.43
	45.3
	29.53
	11.07
	63.45
	21.98
	30.58
	79.03

	37
	66.02
	130.24
	63.5
	84.95
	7.5
	20.02
	44.17
	4.09
	59.62
	9.77
	41.38
	33.02
	11.07
	63.62
	22.7
	30.88
	76

	38
	61.32
	134.49
	72.5
	88.92
	8.18
	18.77
	46.6
	5.07
	38.57
	10.74
	47.09
	37.35
	11.38
	63.88
	23.7
	32.8
	77.3

	39
	70.47
	132.99
	61.75
	91.07
	8.18
	18.8
	49.1
	4.83
	34.26
	10.5
	45.95
	29.22
	10.43
	64.03
	20.55
	28.9
	79.03

	40
	72.69
	137.24
	63.75
	87.35
	7.95
	18.45
	43.88
	4.61
	30.38
	10.29
	44.19
	32.51
	10.47
	64.08
	20.85
	29.1
	79.22

	41
	64.78
	132.74
	67.25
	90.3
	8.05
	18.48
	49.38
	4.35
	36.55
	10.03
	43.32
	30.76
	11.45
	64.3
	23.62
	32.75
	73.3

	42
	67.75
	134.99
	66.5
	90.03
	7.97
	18.75
	46.58
	4.75
	34.16
	10.43
	45.74
	27.98
	10.62
	64.15
	20.95
	29.95
	75.67

	43
	71.95
	134.24
	61.5
	86.62
	8.38
	19.05
	46.23
	4.36
	35.91
	10.03
	43.09
	32.82
	11.88
	63.08
	25.65
	33.67
	78.72

	44
	69.73
	133.74
	63.25
	89.75
	8.32
	19.3
	48.1
	4.94
	31.54
	10.62
	45.83
	30.14
	10.88
	64.4
	22.82
	30.83
	78.72

	45
	66.26
	131.74
	64.75
	88.3
	7.82
	18.3
	50.3
	5.89
	35.66
	11.57
	51.06
	32.72
	10.68
	64.75
	21.48
	30.77
	77.58

	46
	65.52
	133.49
	67.25
	91.67
	8.05
	19.32
	51.23
	5.78
	37.29
	11.46
	50.22
	34.16
	10.28
	65.28
	20.18
	28.98
	80.75

	47
	68.74
	134.24
	64.75
	89.38
	8.07
	18
	46.27
	4.32
	34.6
	9.99
	43.27
	41.67
	11.1
	63.9
	21.92
	30.7
	72.25

	48
	66.51
	130.49
	63.25
	86.7
	7.92
	18.25
	46.15
	4.48
	33.09
	10.15
	42.77
	49.79
	10.97
	64.4
	22.65
	32
	76.2

	49
	73.68
	136.99
	62.5
	104.95
	10.25
	21.23
	51.05
	5.27
	37.67
	11.2
	47.46
	11.21
	10.05
	68.35
	21.05
	17.2
	76.65

	Mean
	68.13
	132.95
	64.09
	90.41
	8.19
	18.73
	47.97
	4.37
	33.60
	10.05
	42.71
	32.98
	11.31
	63.67
	23.05
	31.76
	75.60
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