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ABSTRACT
Tomato is a major vegetable crop in Ethiopia, contributing to nutrition, household income, and
serving as a raw material for agro-processing and export markets. However, national tomato
productivity remains low due to the prevalence of diseases, insect pests, and weeds. The shortage
of improved varieties with high yield, superior fruit quality, and resistance to both biotic and
abiotic stresses further limits production. Developing high-yielding OPVs and hybrids with
superior fruit quality and tolerance to biotic and abiotic stresses is essential to enhance tomato
productivity and utilization in Ethiopia. Therefore, the study aimed to develop high-yielding and
fruit-quality varieties with large fruit size, and extended shelf life to contribute to improvement in
productivity and utilization. The specific objectives were to: (i) assess the phenotypic diversity
among tomato germplasm; (i1) determine the interrelationships among yield, yield-related, and
fruit quality; (iii) determine molecular genetic diversity and population structure using SNP
markers; (iv) identify QTLs or genomic regions associated with yield, yield-related, and fruit
quality; (v) estimate combining ability and heterosis and identify parental lines for the production
of hybrids that combine high yield and fruit quality. One hundred and forty-three (143) tomato
genotypes were characterized for 15 quantitative and 18 qualitative traits for two seasons in 2021
and 2022. Most traits showed a highly significant difference (p<0.0/) among tomato germplasm.
The genotype-by-season interaction was also highly significant (p<0.01) for some traits. High (79—
92%; 24-84%) to medium (41-46%; 12—13%) broad sense heritability and genetic advance as a
percent of the mean, respectively, were detected for most traits. Fruit size traits (fruit weight, fruit
length, fruit width, fruit shape index, and pericarp thickness), along with days to 50% flowering,
fruit number per plant, fruits per cluster, and total soluble solids, showed strong genetic

correlations with marketable and total yield. These correlations ranged from —0.552 to +0.55 and



were highly significant (p < 0.07). Principal component analysis showed that the first five
components together accounted for 82.86% of the total variation. The first two components
explained 51%, primarily contributed by fruits per plant, fruit weight, fruit width, fruit length,
number of locules, and fruit skin thickness. Genetic diversity was also observed for 18 qualitative
traits, including flower, growth pattern, and fruit traits. Genotypes were classified into three
groups, with multiple correspondence analysis (MCA) biplots capturing 18.5% of the total
variation. A molecular diversity analysis was conducted on 187 tomato germplasm, including 63
fresh-market, 112 processing, and 12 cherry types, using 4,729 high-quality SNP markers
generated through DArTseq. The study revealed low to moderate gene diversity (0.04—0.50),
polymorphic information content (0.04—0.37), and minor allele frequency (0.02-0.497). Two
distinct population structures and admixtures comprising 6, 172, and 9 genotypes were detected.
PCoA revealed two distinct genetic clusters and admixtures, with PCoA; (29.02%) and PCoA2
(10.78%) accounting for 39.8% of the total molecular genetic diversity. Analysis of molecular
variance further elucidated high or moderate and highly significant genetic differentiation among
the structured (FST = 0.496, p< 0.001) and pre-defined (FST = 0.134, p< 0.001) populations. The
variation within a cluster (50%) was comparable to the variation accounted for among the
population (50%) for the structured population; variation within the predefined population (87%)
was much higher than among populations (13%). A genome-wide association study using 2,709
informative SNP markers identified 121 marker-trait associations (—loglOp > 3.5; FDR < 0.05)
related to ten traits. These associations corresponded to 104 QTLs, which were clustered based on
linkage disequilibrium decay (0.157-28.826 Mbp at 1> = 0.2) for each chromosome. Some of the
identified QTLs were located in the vicinity of previously identified marker-trait associations,

while others were new. A combining ability study was conducted using five male and five female



parental lines selected for phenotypic diversity in yield per plant, fruit size, fruit number per plant,
fruit shape, and total soluble solids (TSS). The study revealed highly significant genetic variation
(p < 0.01) among hybrids, parents, their specific combining ability (male % female), and
interactions with the environment. The additive and dominance genetic variances were important,
while the additive variance dominated for most traits. The highest positive midparent (81%) and
better parent (75%) were recorded for fruit yield per plant for the hybrid G2xG7. Female parental
line G2 was the best combiner for fruit yield and number per plant, and parental line G3 was the
best for fruit number per plant. Male parental lines G7 and G10 were the best combiners for fruit
weight, fruit wall thickness, and fruit width. Hybrids G2 x G7, G3 x G7, and G3 x G6 showed high
positive specific combining ability effects, better performance per se, and heterosis over the mid

and better parent for yield and related traits.
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CHAPTER ONE

1.0 GENERAL INTRODUCTION

Tomato (Solanum lycopersicum L.) is an essential vegetable crop worldwide, mainly grown for
nutrition and economic value and consumed as fresh and different processed products (Quinet et
al., 2019). It is the world’s second most important vegetable after potato in terms of production
(Sahu and Chattopadhyay, 2017; Quinet ef al., 2019). It is an essential component of food and
nutrition security in developing countries (Schreinemachers ef al., 2018). Tomato is a rich source
of vitamins A, C and E, minerals (potassium, magnesium, and calcium), lycopene and beta-
carotene (Ali et al., 2021; Hedges & Lister, 2005; Le Van Trong et al., 2024). Globally, tomato
production has been increasing, with over 5.17 million hectares of land being planted, with China,
India, Turkey, the USA, and Italy being the top five producers. In Africa, 1.55 million hectares of

tomato were planted, yielding 21.38 million metric tons (FAOSTAT, 2022).

Tomato is a diploid and highly self-pollinating species with a chromosome number of 2n = 2x =24 and a
genome size of 914 Mb (Barone ez al., 2008). It belongs to the genus Solanum (Sahu &
Chattopadhyay, 2017), the largest Solanaceae family, with over 2000 species distributed

throughout tropical and subtropical regions (Kaunda & Zhang, 2019).

It is not well known when tomato was first introduced to Ethiopia, but cherry tomatoes have been
grown in urban areas and small gardens (Desalegne, 2002). Over time, it has expanded to
commercial production for domestic consumption, export markets, and agro-processing

(Desalegne, 2002). Now, it is an important dietary ingredient, being a source of nutrition, income,



and foreign currency, and raw material for agro-industries (Ketema et al., 2017; Lule et al., 2024).
It is produced by small-scale farmers and commercial farms, mainly under irrigated conditions. A
total of 251,315 smallholder farmers were engaged in tomato production in 2022, covering 7,710

hectares from which 33,655 metric tons were produced (CSA, 2022).

Research on tomato in Ethiopia began in the 1970s, with the introduction of germplasm from
different sources, mainly Worldveg, and screening and evaluation across locations for adaptation,
yield, fruit quality, and resistance to diseases (Getachew et al., 2021). Open-pollinated tomato
varieties were released, and hybrid varieties were registered, contributing to productivity
(MoANR, 2023). Open-pollinated varieties are declining in yield and have smaller fruit sizes than
hybrid varieties. Although both OPVs and hybrid varieties have been produced, hybrid cultivars
have become more popular and favored by producers due to their high yields and superior fruit
qualities, such as large fruit size, firmness, shelf life, and market value. However, hybrid seed is
expensive, and most farmers cannot afford to purchase it. Moreover, few of the hybrid varieties

registered are accessible to farmers.

The national tomato productivity is significantly lower at 5.8 t ha'! compared to the global average
of 36.5 t ha!. The main production constraints include diseases (Gudero et al., 2018; Kesho &
Tadesse, 2023; Wondirad et al., 2009), insect pests (Belete ef al., 2024; Gashawbeza et al., 2009;
Shiberu & Getu, 2017), parasitic weeds (Etagegnehu et /., 2009), limited availability of quality
seed, a knowledge gap for Good Agricultural Practices (GAP), and limited improved varieties with

high yield, fruit quality, and resistance to biotic and abiotic stresses (Mersha & Sime, 2022).



Improved tomato varieties (OPVs and hybrids) with a high yield and fruit quality, such as large
fruit size, high firmness, long shelf life, and resistance to major diseases and insect pests, would
contribute to improving production, productivity, and utilization in Ethiopia. Developing an
efficient breeding strategy requires knowledge of the extent and pattern of genetic diversity and
trait identification among tomato germplasm (Mohammadi and Prasanna, 2003; Bhanu, 2017; Xu
et al., 2024). Morphological, cytological, biochemical, and molecular markers have been applied
to analyze and understand genetic diversity in various crops (Nadeem et al., 2018). Currently, with
the evolution of advanced genomic tools, molecular markers are widely applied in most crop plant
species, including tomato (Bhanu, 2017; Chaudhary ef al., 2024). Studies have been conducted to
explore the genetic diversity of tomato through multivariate analysis of phenotypic traits (Mata-
Nicolés et al., 2020; Salim et al., 2020) and molecular markers such as SSR (Eider et al., 2020;
Athinodorou et al., 2021) and SNPs (Ayenan et al., 2021; Farinon et al., 2022; Mungai et al.,
2021). In Ethiopia, few studies have been conducted using morphological traits involving a limited
number of genotypes (Ene et al., 2022; Shushay et al., 2014). No scientific information is available

on the molecular genetic diversity of tomato germplasm.

Molecular breeding methods such as marker-assisted selection and backerossing have been applied
in tomato breeding programs to supplement traditional breeding methods (Du et al., 2025; Joshi et
al., 2011). Molecular markers that co-inherit with traits are first identified through linkage and
genome-wide association studies (GWAS) and applied as an indirect selection technique to
improve the efficiency and accuracy of quantitative trait selection. Such molecular markers
identified in relation to agronomic traits, disease resistance, insect resistance, and abiotic resistance
have been applied in marker assisted selection for many crops, including tomato ( Du et al., 2025;

Foolad, 2007).



The discovery of QTLs that account for a significant fraction of the phenotypic variation of tomato
horticultural traits has assisted in the development of varieties that meet consumer demands and
market niches (Adhikari et al., 2020). The identification of QTLs is significantly influenced by
genetic background and interactions (GEI, epistasis), suggesting the significance of identifying
specific or stable QTLs for effective marker-assisted selection (Jahani et al., 2019; YAO et al.,
2016). Due to the polygenic nature of quantitative traits, more loci need to be scrutinized to fully
understand their genetic bases (Adhikari et al., 2020). Furthermore, no comparable study on

tomato germplasm from Ethiopia has been reported.

Since breeding for pure line or open-pollinated varieties has limited potential, one strategy for
improving yield and fruit quality in tomato is to breed for heterosis (Tamta & Singh, 2018). Even
though tomato is a self-pollinating crop, manifestations of heterosis for yield reach as high as 33
to 49% (Izzo et al., 2022). The development of hybrid varieties is resource-intensive, and high
heterosis is not guaranteed in all parental combinations (Liu et al., 2021). Therefore, the use of
appropriate predictive methods is crucial for the efficient identification of parental lines with high

combining ability.

Main objective

e To contribute to the development of high-yielding, quality tomato varieties to enhance

productivity and utilization in Ethiopia.

Specific objectives

1. To characterize tomato genotypes based on agro-morphological traits.

2. To analyze the interrelationships between agro-morphological and fruit quality traits.
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. To assess the genetic diversity and population structure of tomato genotypes using SNP
markers.

. To identify quantitative trait loci (QTLs) for yield, yield-related, and fruit quality traits.
. To estimate combining ability and heterosis for yield and fruit quality.

. To evaluate and identify superior parental lines for the development of high-yielding,

high-quality hybrids.




CHAPTER TWO

2.0 LITERATURE REVIEW

2.1 Origin, domestication and genetic diversity of tomato

2.1.1 Origin and domestication

Modern tomato varieties found worldwide that vary in plant and fruit characteristics are the result
of domestication, selection, and breeding (Bai & Lindhout, 2007; Lin et al., 2014). Domestication
of wild species of crop plants, including tomato resulted in a significant change in the phenotype
of various traits due to alterations in the genetic constitution, the domestication syndrome (John et
al., 2006; Razifard et al., 2020). The study of variation in both the wild and cultivated species
offers an understanding of the historical process of domestication, adaptation, and breeding.
Furthermore, it is important for effective and efficient germplasm management and exploitation in

crop improvement programs.

Tomato is originated in the Andean, which nowadays includes parts of Chile, Bolivia, Ecuador,
Peru, and Colombia (Mata-Nicolas ez al., 2020b). Pre-domestication of tomato also started in the
Andean region. The exact time and place of tomato domestication have been a matter of exciting
debate for centuries (Bai and Lindhout, 2007; Razifard ef al., 2020); for the Peruvian and Mexican
centers of domestication. Historical records, anthropology, and genetic inferences indicate Mexico
as the probable place of tomato domestication. Solanum lycopersicum var. cerasiforme (SLC)
species and Solanum pimpinellifolium (SP) are the ancestors of cultivated tomato. SLC evolved
from SP in Peru and Ecuador (Salim ef al., 2020) and later spread northward, passing through
secondary diversification to give rise to the cultivated tomato (Harlan, 1928) in Mexico. This was

further supported through genome analysis (Razifard et al., 2020). Extensive domestication



continued in Europe in the 18th and 19th centuries (Sims, 1980); then, tomatoes became popular
and diversified to the rest of the world. Selection for traits such as fruit color, size, and shape,
including plant architecture (Ichihashi & Sinha, 2014), following the domestication process
extensively reduced the genetic diversity of the cultivated tomato compared to its wild relatives
(Du et al., 2025; Tieman et al., 2017). Since the early 20" century, a large number of tomato
varieties have been developed that vary in fruit shape, size, and color (Bai and Lindhout, 2007; Du

etal.,2025; Lin et al., 2014).

2.1.2 Genetic diversity of tomato

Tomato (Solanum lycopersicum L.) is a member of the Solanaceae family and genus Solanum
(Sahu & Chattopadhyay, 2017). The Solanaceae tamily comprises over 3000 species (Bai and
Lindhout 2007). Solanum is the largest in the Solanaceae family, with over 2000 species
distributed throughout tropical and subtropical regions (Kaunda & Zhang, 2019). The
lycopersicum section in this genus consists of 13 species, 12 of which are wild relatives, and
Solanum lycopersicum var. lycopersicum, the only cultivated species (Peralta and Spooner 2000;
Ramirez-Ojeda et al., 2021; Du et al., 2025). The self-incompatibility, outcrossing nature, and
adaptation mechanisms, growing from sea level to over 3300 m, lead some wild species to harbor
wide genetic diversity (Peralta and Spooner 2000; Sahu and Chattopadhyay 2017). Molecular
diversity analysis indicated higher genetic diversity within wild tomato species than the cultivated
tomato (Sahu and Chattopadhyay 2017; Tieman et al., 2017; Zhou et al. 2015) Solanum
pimpinellifolium L. (SP), for example, retains huge genetic variation for flower and inflorescence
size, fruit color, and extent of style exertion. The genetic variation in the cultivated tomato is less

than 5% of the genetic variation available in its wild relatives.



Wild tomato species have played a significant role as sources of disease resistance, fruit color, and
other desirable traits for tomato varieties worldwide (Mata-Nicolas et al., 2020a; Pessoa et al.,
2023). The availability of huge genetic variation in Solanum pimpinellifolium L. (SP), for instance,
and the possibility of cross-compatibility with the cultivated tomato make this wild species an
essential source or reservoir of important traits (Rick et al., 1977; Lin et al., 2014; Wang et al.,
2020). Improvements in fruit quality and resistant genes for biotic and abiotic stresses were
transferred from Solanum pimpinellifolium L (SP). Fruit quality traits such as solid content,
firmness, color, volatile compounds (Capel et al., 2015; Mata-Nicolas et al., 2020; Rambla et al.,
2017), resistant genes for fungi, tomato leaf curl virus (Banerjee & Kalloo, 1987), Alternaria
solani, Fusarium oxysporum, and Phytophtora infestans (Hogenboom, 1972), were extensively
introduced from wild species into the cultivated tomato. Over 82,393 tomato germplasm, mainly
cultivated and wild species is maintained in various gene banks around the world (Ebert & Chou,

2015).

2.2 Genetics and breeding of tomato for yield and fruit quality

2.2.1 Genetics of yield and fruit quality

Since the early 20th century, different varieties of the cultivated tomato, varying in fruit and plant
architecture, have been developed through breeding (Bai and Lindhout, 2007; Gao et al., 2019).
Information on the genetic architecture, such as the extent and nature of gene action and
interaction, number of genes, location, heritability, and genetic gain, is essential to devising an

appropriate breeding procedure for their improvement (Said, 2014; Verma & Singh, 2018).

Fruit yield, which is quantitatively inherited and the primary objective of the tomato improvement

program, is a complex trait controlled by the action and interaction of numerous genes and



environmental factors (Hernandez-Bautista et al., 2015; Jiang et al., 2013 ). Both additive and non-
additive genetic components of variance are important in the inheritance of yield and its

components (Goffar et al., 2016).

The process of fruit formation in fruit-bearing plants like tomato, affects the variation in fruit yield.
Tomato fruit yield is a function of different yield components (Rashidi ef al., 2009; Monamodi et
al.,2013; Ye et al., 2021), including fruit weight, length, diameter, and fruit wall thickness. These
traits are correlated with fruit yield in tomato; further affected by inflorescence and fruit
developmental processes that regulate cell layer numbers and volumes in the pericarps to
determine fruit size. The number and volume of cell layers in the tomato fruit pericarp affect
tomato fruit size (Sun et al, 2023), which are functions of the frequency of cell division and
expansion and duration of the cell cycle in the fertilized ovary (Ariizumi ef al., 2013). A longer
period of cell division will result in larger fruits. Depending on the variety, the pericarp cell volume
in certain fruits at the green mature stage was between 2000 and 22,000 times bigger than what
was initially obtained during the ovary wall of the pre-anthesis (Cheniclet ef al., 2005). This
information suggests that the size of the pericarp and pericarp thickness predominantly affect fruit
size. The main determinants of tomato fruit yield are the capacity to bear fruit and the final cell
number and fruit size (Ariizumi et al., 2013). Furthermore, average fruit weight, fruit diameter,
and fruit length have the strongest effects on tomato fruit yield. A small effect was also observed
from % TSS and number of locules (Hernandez-Bautista ef a/., 2015). A molecular study of fruit
yield indicated that it is largely determined by fruit size QTLs, with the remaining factors playing

an additional role (Hernandez-Bautista et al., 2015; Ye et al., 2021).



Fruit size and shape are important traits in many crops that affect yield, quality, marketability, and
consumer preferences (Bertin, 2018). Despite a domestication-induced loss of genetic diversity for
traits like stress tolerance and nutrition in tomato (Lin et al., 2014), human selection has driven a
dramatic increase in variation for fruit size and shape. There is great variation in fruit size among
wild and cultivated tomato species; wild species produce fruits as small as a pea, while cultivated
varieties can reach up to 500 grams with diverse shapes (Grandillo et al., 1999; Lippman &
Tanksley, 2001). These traits are quantitatively inherited, and the complexity of this inheritance

makes their understanding difficult at the molecular level.

QTL mapping analyses using populations derived from crosses between wild and cultivated
tomatoes of varying sizes have indicated that over 30 QTLs collectively account for the majority
of genetic variation in fruit size and shape, although their individual effects are not equal (Grandillo
et al., 1999). Among these, approximately ten QTLs with large effects are responsible for major
variations in fruit size. It is estimated that mutations in just six key loci were sufficient to drive the
evolutionary transition from the small berries of wild progenitors to the large fruits of modern
cultivated tomatoes. Notable among these are allelic variations at four specific loci fwl.1, fw2.2,
fw3.1, and fw4.1 which were identified through QTL mapping of crosses between small-fruited
wild and large-fruited cultivated species. These loci individually can have a major impact on fruit
size, with some accounting for up to 30% of its variation. Furthermore, there is no clear distinction
between QTLs governing fruit size and those governing shape in tomato, as their genetic control
is often interconnected. The three major loci that play a predominant role in determining fruit shape

are OVATE, SUN, and fs8.1, located on chromosomes 2 and 8 (Tanksley, 2004).
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Fruit quality traits including pH, total soluble solids (TSS), color, viscosity, and lycopene content
are critical determinants of tomato processing quality (Renquist & Reid, 1998). The expression of
these traits, such as pH, %TSS, and lycopene content, is governed by both additive and non-
additive gene effects (Dhaliwal & Chahal, 2005; Gao et al., 2019; Tieman et al., 2017; Ye et al.,

2021).

Multiple studies have identified key quantitative trait loci (QTLs) governing tomato fruit
morphology and quality. A genome-wide association study (GWAS) of 192 core tomato
collections identified 41 QTLs for six fruit traits, explaining 7.11-37.64% of the phenotypic
variance for fruit color (2 QTLs), shape (7), pericarp thickness (11), weight (13), width (10), and
length (7) (Phan et al., 2019). Similarly, QTL mapping of an F2 population from a cross between
Solanum lycopersicum and Solanum pimpinellifolium revealed approximately 25 significant QTLs
controlling fruit length, diameter, weight, locule number, and Brix degrees (Herndndez-Bautista
et al., 2015). Complementing these mapping efforts, research on 368 cultivated and cherry tomato
(Solanum lycopersicum var. cerasiforme) accessions has pinpointed four major genes underlying
these QTLs: SUN and OVATE, which control elongated fruit shape, and FASCIATED (FAS) and
LOCULE NUMBER (LN), which regulate flat fruit shape and locule number (Rodriguez et al.,

2011).

2.2.2 Floral biology and pollination mechanisms of tomato

Understanding floral biology and pollination mechanisms is essential for selecting efficient
breeding methods. The flower of the tomato occurs in a simple or complex inflorescence. The type
of inflorescence could be cyme or raceme, but in most cases, it is cyme (Kaul, 1991). The number

of flowers varies depending on the growing and environmental conditions. The reproductive part
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of the plant comprises both the stamen and the carpel. Once the stamen produces the pollen grain,
it will self-pollinate the female reproductive organ and get fertilized. Most commercial cultivars
of tomato are self-pollinating; the stamens are found in the petal part of the flower, where each
stamen fused surrounding the carpel, forming a yellow cylindrical shape favoring self-pollination
of up to 94 to 99% (Kaul, 1991; Toni et al., 2020). Rarely, cross-pollination occurs with the help
of insects like bumble bees, which carry pollen grains from one plant to another. Limited pollen is
found on the surface of the anther but rather inside the anther in a hollow tube structure, resulting
in the pollen being easily shaded. Pollen shade needs to be aided by outside forces and mechanisms
like wind, insects, and an artificial vibrator, as was confirmed in greenhouse tomato production.
The reproductive structures of tomato are highly responsive to high temperatures (Singh et al.,

2016).

Most wild tomato species cross pollinate due to a gametophytic self-incompatibility system, which
prevents self-fertilization (Broz et al., 2021; Kaul, 1991). In some of these species, the pistil is
physically exerted, extending beyond the male reproductive organs (stamens), a floral trait that
further promotes cross-pollination. Furthermore, male sterility has been reported in certain wild
relatives, which also enforces outcrossing. This reliance on cross-pollination was eliminated
during the domestication of the cultivated tomato. As the crop migrated from its center of origin,
its specific pollinators were absent. In this context, self-fertility provided a significant selective
advantage by guaranteeing reliable fruit set, leading to the fixation of self-compatible alleles in

modern cultivated varieties (Singh et al., 2016).
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2.2.3 Breeding objectives and approaches in tomato

Fruit yield is the principal objective in tomato breeding (Yeon et al., 2024). However, breeding
programs also prioritize other critical traits, including resistance to biotic and abiotic stresses, fruit
quality, and appearance (external color, size, shape, uniformity). Additional key components are
texture, firmness, flavor determined by a balance of sugars and acids—and nutritive value, such
as vitamin, carotene, and lycopene content (Abewoy Fentik, 2017; Abhary & Rezk, 2021; Sharma

etal., 2019).

The global tomato breeding programs have benefited greatly from both conventional and
molecular breeding approaches (Du et al., 2025; Joshi et al., 2011). Conventional methods include
germplasm introduction and adaptability studies, pure line and mass selection from landraces, and
hybridization followed by selection using approaches such as pedigree, single-seed descent, and
bulk methods, with hybridization followed by pedigree selection being the most commonly used.
Interspecific hybridization (Jia et al., 2025; Vanlay et al., 2022), heterosis, and mutation breeding
(Chaudhary et al., 2019) have also been widely applied in tomato improvement programs. Trait
introgression from wild relatives has become increasingly important due to the loss of genetic
diversity in cultivated tomato during domestication. Accordingly, backcross breeding and
interspecific hybridization have been employed, particularly to transfer traits related to biotic
(disease) and abiotic (salinity, drought) stress resistance (Abewoy Fentik, 2017; Abhary & Rezk,

2021b; Sharma et al., 2019;)

Marker-assisted selection and backcrossing are molecular breeding approaches applied in tomato
breeding to complement conventional breeding methods (Hasan, 2021; Joshi et al, 2011).

Molecular markers that co-inherit with traits are first identified and applied as an indirect selection
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technique. Such molecular markers identified for disease resistance, insect resistance, and abiotic
resistance have been applied in MAS for crops including tomato in developed countries (Foolad,
2007), but MAS is still in its infant stage in Africa, requiring a bigger outlook and investment.
Similar techniques, such as marker-assisted back-crossing and recurrent selection, have been
employed in tomato improvement programs in developed countries. These breeding techniques
reduce costs and generation time, increase selection precision and efficiency, and accelerate

genetic or selection gain (Osei ef al., 2019).

2.3 Importance and methods of assessing genetic diversity

Genetic diversity is the extent of genetic variation among individuals in a population or species
(Brown, 1983; EBSCO Research Starters, 2023; Molecular Ecology & Evolution, 2024). Genetic
diversity is essential for the survival of plant populations or species and crop improvement
programs (Bahjat et al., 2025; Govindaraj et al, 2015; Henderson & Salt, 2017). Crop
improvement relies on the extent and nature of available plant genetic resources to generate new
varieties and improve the existing ones (Taylor & Duvick, 2008). Information on the amount and
pattern of genetic variation among germplasms is essential, especially in the early stages of plant
breeding, which helps to design breeding strategies (Da Silva et al., 2017; Bhanu, 2017). From the
beginning of agriculture, the genetic variability of crop species contributed to the improvement of
basic food requirements (Govindaraj ez al., 2015). Genetic characterization is the detection of
variation in populations that is due to differences in DNA sequence, specific genes, or modifying

factors (Hanotte & Jianlin, 2005).

Various factors, including sexual recombination, mutation (gene mutation and epi-mutation), and

gene flow, affect the genetic diversity of crop species (Ellegren & Galtier, 2016), with sexual
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recombination being the primary cause (Bhanu, 2017). Selection (natural or artificial) and genetic
drift are other factors affecting diversity through modifying allele frequency in populations.
Selection, some forms of mating systems (inbreeding), and genetic drift reduce genetic diversity
in populations, while mutation, outcrossing, and migration increase genetic diversity (Bhanu,

2017).

Morphological and molecular markers have been used to analyze the extent of genetic diversity in
tomato (Ayenan et al., 2021; Eider et al., 2020; Ene et al., 2022; Nadeem et al., 2018; Salim et al.,

2020).

2.3.1 Morphological methods

Morphological markers, which include both qualitative and quantitative traits, are easily applicable
as they require no advanced biochemical or molecular techniques (Kiymaci et al., 2024; Nadeem
et al., 2018). Although they have been widely used to assess genetic diversity in numerous crops,
their utility is constrained. Key limitations include their finite number and the fact that their
expression can be significantly influenced by environmental conditions and plant developmental

stage (Beyene et al., 2005).

Morphological characterization is essential for identifying and selecting promising genotypes with
desirable traits for subsequent breeding and variety development programs (Salim et al., 2020;
Grozeva et al., 2021). Numerous genetic diversity studies focusing on merphological, biotic, and
abiotic stress traits have been conducted in tomato using phenotypic descriptors (Jaquez-Gutiérrez
et al., 2019). Quantitative and qualitative morphological descriptors and markers including
vegetative, developmental, and fruit traits—revealed considerable variation among 22 tomato

inbred lines. This study also emphasized the importance of using a combination of morphological
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traits to capture substantial variability rather than relying on a single character. Morphological
traits such as hypocotyl color, hypocotyl pubescence, leaf type, and green shoulder tips proved to
be valuable diagnostic characteristics (Salim et al., 2020). Similarly, phenotypic characterization
of 52 tomato genotypes showed significant genetic variation in fruit weight, fruit number per plant,
soluble solids, antioxidant activity, vitamin C, and total phenols (Grozeva et al., 2021). Moreover,
significant genetic variation was detected for plant height, leaf width, leaf length, leaf area, fruit
number per cluster, cluster number per plant, fruit per plant, fruit length, fruit width, taste, fruit

weight, and fruit yield per plant (Hassan et al., 2021).

2.3.2 Molecular methods

Molecular markers are widely applied for genetic diversity studies (Atalawi ez al., 2025; Bhanu,
2017). These are nucleotide sequence polymorphisms present in different individuals that could
be due to insertions, deletions, duplications, or translocations (Mondini ef a/., 2009; Nadeem et
al., 2018). Molecular markers provide better power for the detection of the available diversity as
they are not influenced by the environment. DNA markers such as RAPD, AFLP, ISSR, SSR,
SNP, DART, and retrotransposons have been applied in genetic diversity assessment, each with
its strengths and weaknesses (Hussain ez al., 2025; Nadeem et al., 2018). Among these, those that
are codominant, evenly distributed throughout the genome, reproducible, and have the capacity to
detect a large extent of polymorphism are preferred and applied in molecular diversity analysis

and marker-assisted selection of different crops (Mondini ez al., 2009).

SNP markers are high-throughput and cost-effectively applied in map construction, genetic
diversity analysis, genome-wide marker-trait association, marker-assisted selection, and genomic

selection (Bahjat et al., 2025; Song et al., 2023; Ganal et al., 2009). SNPs have been preferred
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because of their high level of polymorphism, wide genome coverage, locus specificity, high
reproducibility, and fixed physical position on the chromosome (Yan et al., 2010). Information on
phenotypic and molecular genetic diversity is beneficial for a better understanding of the

organization of crop genetic diversity (Fisseha et al., 2018).

Genetic diversity studies using molecular markers were conducted in tomato; including SSR
(Gharsallah et al., 2016; Hussain et al., 2025; Kaushal et al., 2017; Korir et al., 2014; Kovach &
Egertsdotter, 2009; Kwon et al., 2009), and SNPs (Celik et al., 2017; Farinon et al., 2022; Mungai

etal.,2021; Sim et al., 2011; Mungai ef al., 2021) and contributed to tomato breeding programs.

2.4 QTL mapping for yield and fruit quality

Most traits of crops are controlled by many genes, whose effects are small but cumulative
following quantitative inheritance. It is difficult to associate the observed phenotype with the
genotypic values as they are affected by environment, QTLs by environment interaction, and
epistasis (Hobby & Zhang, 2025; Semagn & Bjernstad, 2010). Identification of genes or QTLs

controlling quantitative traits has been difficult for genetics (Price, 2006).

Linkage analysis and association, or linkage disequilibrium mapping, are the two commonly
applied QTL mapping methods to dissect quantitative traits in various cultivated crops. These
methods have thus far identified molecular markers associated with QTLs that reveal the
proportion of observed phenotypic variance in crops (Chen & Zhang, 2024; Xu et al., 2017 Xiang
et al., 2025). The two methods differ in mapping resolution and power, influenced by mapping
populations. Linkage mapping is family-based mapping that depends on recombination during the
development of the bi-parental or multi-parent mapping populations; association mapping uses

natural populations with unknown relationships (Xu et al., 2017).
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2.4.1 Genetic linkage analysis or family-based method

QTL analysis aims to identify QTLs, their actions, interactions, and positions on chromosomes. In
quantitative genetic analysis, it was possible to determine the combined effect of all QTLs
responsible for the trait of interest; it has been difficult to determine the effects of each QTL.
Currently, it is possible to identify molecular markers associated with a trait and individual QTL
effects (Kearsey, 1998; Xiang et al., 2025 ). Linkage analysis have been conducted to dissect the
genetic basis of quantitative traits of many crops (Sandhu et al., 2023; Yang et al., 2024) but only

a limited number of QTLs identified have been tagged or cloned at the gene level (Price, 2006).

The initial step in linkage analysis is the development of a bi-parental or multi-parent population.
The bi-parental populations are F», backcross, double haploids, recombinant inbreds, or near-
isogeneic lines, each with strengths and weaknesses. A bi-parental population could be produced
through the hybridization of diverse parents for the trait of interest, the phenotyping and
genotyping of the mapping population, and the identification of QTLs using appropriate statistical
procedures (Kearsey, 1998). The bi-parental population consists of very few genetic recombination
events, resulting in low genetic variation and representing a small portion of the particular species
used for mapping compared to the other population types. The low recombination frequency in the
bi-parental population affects the QTL detection power, which is limited to 10 cM to 20 cM

localization of QTL from a marker (Xu et al., 2017; Zhu et al., 2008a)

Multi-parent populations such as the NAM and MAGIC have higher genetic diversity, which leads
to higher resolution and better QTL mapping. The MAGIC population, because it is developed

through the intermating of many parental lines for multiple generations before the development of
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inbred lines used for mapping, creates higher genetic variance and improves the precision of QTL

mapping (Xu et al. 2017).

2.4.2 Association mapping using natural population

Association mapping, a new alternative approach that exploits historic recombination accumulated
over several generations, gives the advantage of higher resolution and allele numbers than the
traditional family-based mapping approaches (Zhu et al., 2008). Association mapping uses natural
populations where higher allelic richness, higher genetic diversity, and higher historical
recombination are available, which provides a higher resolution for QTL mapping. The power of
QTL mapping in this population depends on the extent of linkage disequilibrium, linkage decay,

population structure, relatedness, population size, and allele frequency (Xu ef al., 2017).

The main steps in natural population QTL mapping include the collection of a sample population
that consists of landraces, wild relatives, released cultivars, and breeding lines; phenotyping of the
natural population for the trait of interest; determination of heritability; genotyping using
appropriate markers and genotyping platforms; estimating linkage disequilibrium, population
structure and kinship; and finally, determination of the extent of association between the genotype

and phenotype using appropriate statistical models.

Since their introduction to maize genetics (Thornsberry et al., 2001), genome-wide association
studies have been applied effectively to identifying genetic variants associated with a trait for many
plant species, including rice, maize, wheat, barley, tomato, sorghum, soybean, watermelon, and
other important crops (Flint-Garcia et al., 2005; Getahun et al., 2025; Sandhu et al., 2023;
Thornsberry et al.,2001; Yang et al., 2024). Similarly, GWAS was conducted in tomato to identify

molecular markers associated with heat (Ruggieri ef al., 2019); resistance to early blight (Chaerani
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et al., 2007); fruit color (Mata-Nicolas et al., 2020a); fruit dry weight, pH, TSS, vitamin C, sugar
content, organic acid content (Albert et al., 2016); nutritional composition, ascorbic acid, fruit
diameter and fruit weight (Zhang et al., 2016); fruit flavor (Zhang et al., 2015); fruit metabolic
traits including amino acid, ascorbic acid, and sugar content (Sauvage et al., 2014); fruit shape,

color, pericarp thickness, fruit weight, fruit height, and fruit width (Phan et al., 2019).

2.5 Factors affecting efficiency of QTL mapping

Several factors could affect the efficiency and reliability of quantitative trait locus (QTL) mapping.
These include population size, nature and type of mapping population, marker density and number,
the position and effect size of QTLs, heritability of the trait and QTLs, precision in phenotyping
and genotyping (error control), level of epistasis, QTL x environment interaction (Q x E), mapping

approaches, model efficiency, and QTL (data) analysis.

2.5.1 Population size and type of mapping population

Simulation studies indicated that a large sample size improves the accuracy of QTL mapping. It
also affects the number of QTLs, the level of additive genetic variance, and the total genetic
variance. A large population size enables the detection of a higher number of QTLs and better
detection capacity. On the other hand, small population sizes in QTL mapping result in reduced
sensitivity of QTL detection, overestimation of QTL effects, and failure to detect QTL interactions
(Vales et al., 2005). Moreover, it has limitations in detecting the precise position of QTLs on

chromosomes (Raghavan, 2012).

The type of population applied in QTL mapping also affects QTL detection power, location on
chromosomes, resolution, and precision of QTL mapping. The low recombination frequency in the

bi-parental population, for example, affects the QTL detection power and enables QTL localization
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further from the marker, such as from 10 ¢cM to 20 cM. Multi-parent populations such as the NAM,
MAGIC, and natural populations, on the other hand, have higher genetic diversity, which leads to

higher resolution and better power and precision of QTL mapping (Xu et al., 2017).

2.5.2 Marker density, number and nature of markers

Marker density and the type of markers used in QTL mapping also affect its accuracy, indicating
that optimum marker density needs to be used (Piepho, 2000). If a marker is far from the QTL, the
power of detection decreases (Piepho, 2000). However, marker density beyond the optimum will
not affect QTL mapping accuracy. A study on a double haploid population of maize generated
from a bi-parental cross population using marker densities of 1 ¢cM, 2 ¢cM, and 5 cM indicated that
high marker density neither improved nor reduced the QTL detection and genetic variance
explained. However, the accuracy of the QTL location, the effect size of QTL, especially for large
and small effect sizes, and the capacity to identify tightly linked QTL improved with increasing

marker density from 5 ¢M to 1 ¢M (Stange et al., 2013).

The effect of marker density on QTL mapping depends on model types; for example, the marker
density could not affect efficiency under the additive model while significantly affecting accuracy
under the non-additive and epistatic models. Further, the marker density depends on the
recombination frequency between the markers, genetic diversity, and linkage disequilibrium decay
(LD). For example, cross-pollinated crops like maize possess high genetic diversity due to
outcrossing and, hence, are in higher LD decay, requiring a higher marker density to detect
significant associations. Whereas self-pollinating crops such as tomato have lower genetic
diversity and low LD decay, which suggests lower marker density can detect significant marker

associations. Generally, the use of optimum marker density depending on recombination
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frequency, linkage disequilibrium, linkage disequilibrium decay, population type and size, crop
species, QTL effect size of the trait of interest, method of QTL analysis, and model type to be used

need to be considered during QTL mapping.

Regarding the type of markers, codominant markers are better for QTL mapping accuracy.
Dominant markers detect low polymorphism; they don’t have the power to detect heterozygous
genotypes. The properties of markers such as abundance in the genome, polymorphism, dominance
nature, etc. could also affect QTL detection. The SNP marker, for example, is abundant in the
genome, polymorphic, codominant, and evenly distributed, which makes it the marker of choice

for association studies.

2.5.3 Methods of QTL mapping and statistical analysis

Bi-parental linkage analysis and association or linkage disequilibrium mapping are the two most
commonly used methods for QTL mapping (Da Silva et al., 2017; Xu et al., 2017). The difference
between the two methods is the mapping resolution and power, which are influenced by mapping
populations (Xu et al., 2017). Linkage mapping results in a low resolution for QTL mapping.
Association mapping can overcome this limitation with higher resolution because of the higher
frequency of recombination in natural populations. Besides, it detects broader allele coverage due
to the huge genetic variation in the natural population, but statistically, it has less power to detect

rare alleles and epistatic interactions.

The statistical analysis techniques used to detect QTLs also determine their accuracy. The three
common statistical techniques used in bi-parental linkage mapping are single marker analysis,

interval mapping analysis, and composite interval mapping analysis, each of which has strengths
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and limitations. The size of the QTL effect and the distance between markers and QTLs, for

example, affect the efficiency of single marker analysis.

Regarding association mapping, various statistical analysis models are available. Among the
models, the General Linear Model (GLM), the Mixed Linear Model (MLM), the Unified Mixed
Model, the Efficient Mixed Model Association (EMMA), the Compressed Mixed Linear Model
(CMLM), and the Fixed and Random Model Circulating Probability Unification (Farm CPU) are
most commonly applied in association mapping. Each of these models has its strengths and
weaknesses. For example, the GLM model has a lower power of detecting marker association
when the mapping population panels are related, which leads to false positives. On the other hand,
the MLM has better power to detect QTLs as it considers population structure and relatedness as
covariates. However, the MLM becomes more restricted in some data sets and creates false
negatives. The Farm CPU is a powerful model that better controls false positives and negatives
(Kaler et al., 2020). Generally, the use of an efficient statistical analysis technique or model is
crucial. In GWAS analysis, the available models need to be tested, and the most powerful model

that can reduce false positives and false negatives should be selected.

2.5.4 Level of precision in genotyping and phenotyping

Errors in genotyping will reduce the precision of the QTL mapping. The level of missing genotypes
and marker alleles needs to be considered. The marker or genotype data should be cleaned for
missing individuals and markers using appropriate statistical techniques for the analysis. Genotype

imputation, for example, has been applied to improve the precision and power of QTL detection.

Phenotyping of the trait with high-level precision (error control) is required for the marker-trait

association. Well-designed experiments under field or controlled conditions need to be conducted
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to control error variance. Trials can be replicated across locations in representative environments.
Data collection should also be done at an appropriate stage and using appropriate devices. During
data analysis, the data should be tested for their normal distribution before the association studies.
The heritability of the trait could be used as a measure of the precision of the experiment; high

heritability indicates that environmental effects and errors are well controlled.

2.5.5 Epistasis and QTL x E interaction

Epistatic interactions between genes or markers influence trait expression. In addition to the
significant markers that determine the traits, epistatic interaction between significant and non-
significant markers also has a substantial contribution to trait expression. Therefore, considering
epistatic interaction enable the detection of more markers. The epistasis effect may shift the normal
distribution of traits, indicating the necessity of data transformation. The identification of QTLs is
also highly influenced by genotype-environment interactions, suggesting the need to identify
specific or stable QTLs (Jahani et al., 2019; Wang et al., 2014). Experiments should be conducted
in more than one location, and appropriate models that can capture Q x E interaction need to be

used so that the confounding effects of Q x E interaction in QTL mapping become reduced.

2.6 Hybrid breeding and heterosis for yield and fruit quality

Heterosis is an increase in the vigor of progenies derived from the mating of genetically distant
parents from different species, an isolated population, or a selected strain of species (Kaeppler,
2012; Paril, 2024). Heterosis has been extensively exploited in many crops and has significantly
contributed to attaining the world’s food security through improved productivity and quality

(Hochholdinger & Zhang, 2025; Timberlake, 2013; Paril, 2024).
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Heterosis was recognized for the first time by Darwin (1876), but later elaborated as an F1 progeny
with better performance than parents (East, 1908; Shull, 1908). The extent of heterosis depends on
the genetic background of parents, traits, and environmental influences. Hybrid varieties are
usually better in performance than their parents, as practically observed in many economically
important cultivated crop species such as maize, sorghum, sunflower, rice, and various vegetable
crops (Fujimoto et al., Hochholdinger & Zhang, 2025; 2018; Duvick, 1999); but the development

of hybrid varieties takes more time and resources than breeding for pure or inbred lines.

2.6.1. Genetic basis of heterosis

Heterosis can be determined as the deviation of the F1 progeny from the average parental
performance, usually termed mid-parent heterosis. The better parent heterosis is the difference
between the F; and the better parent in the desired trait (Kaeppler, 2012). Conceptually, heterosis
is an increase in heterozygosity, the opposite of inbreeding (an accumulation of homozygous

alleles).

In a random mating population, deleterious alleles are preserved, but due to inbreeding as a result
of population isolation, genetic drift, or mating among related individuals, homozygous deleterious
alleles appear that reduce the vigor of the individuals or populations. Through the mating of
divergent parents or individuals, it is possible to restore the lost vigor, as the parental combination
masks the deleterious effects of recessive alleles (Kaeppler, 2012). Shull (1908) reported decreased
yield performance of maize inbred lines, yet recovery in the hybrid combination of the two inbred

lines used as parents in the hybrids.

Based on classical genetics, three hypotheses or concepts are available: dominance, over

dominance, and epistasis (Hochholdinger & Zhang, 2025; Kaeppler, 2012; Paril, 2024; Yu et al.,
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2021). The dominance concept underlines the complementary action of a favorable allele received
from one of the parents in the heterozygote state in the F1 progeny, explaining that the favorable
allele from one of the parents buffers or covers the deleterious action of the recessive or
unfavorable allele from the other parent in the hybrid combination that leads to better performance
(Yu et al., 2021). This hypothesis predicts the possibility of identifying a pure line or inbred line
with equal or better performance than the F1 hybrid if the deleterious effects of the recessive alleles

are eliminated (Fujimoto et al., 2018).

Over dominance is the presence of multiple alleles at a locus, and their interaction leads to better
performance than their homozygous counterparts (Timberlake, 2013; Paril, 2024). In this situation,
breeding populations and strategies that enhance heterosis will significantly maximize the
performance of hybrid breeding. This leads to superior performance per se in the desired trait of
heterozygous genotypes over homozygous parental genotypes at individual loci (Timberlake,
2013). The additive x additive epistasis interaction between a locus and entire genetic background
is a major component and critical mechanism underlying heterosis especially the mid-parent
heterosis, demonstrating that comprehensive genetic models must incorporate these interactions to
accurately identify the genomic regions responsible for heterotic effects (Melchinger et al., 2007).
In maize, for example, epistasis is a dominant genetic force underlying the performance of superior
hybrids, particularly in crosses between temperate and tropical lines. For critical agronomic traits
like grain weight, epistatic interactions between genes were found to be more influential than
individual dominance effects. The study identified hundreds of epistatic quantitative trait loci
(QTLs) and revealed their mechanism: networks of interacting genes amplify heterosis by
activating transcription processes essential for photosynthesis and protein synthesis (Sang ef al.,

2022). This underscores that harnessing epistatic effects is key to accelerating hybrid breeding
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programs. In general, three of the above models will contribute singly or in combination to the

hybrid vigor.

2.6.2 Exploitation and manifestation of heterosis in tomato

Previously, the most frequently observed manifestations of heterosis in tomato were high total
yield, better adaptation to unfavorable environmental conditions, uniformity, and greater plant
vigor (Garg et al., 2013; Yordanov, 1983). Currently, heterosis breeding in tomato is for economic
traits and complex disease resistance. This is true of hybrid tomato breeding in the Netherlands,
France, and Bulgaria. Though tomato is a self-pollinating crop, a higher manifestation of heterosis
for economic traits and disease resistance was observed. For the first time, heterosis was
investigated for fruit yield, and the number of fruits per plant demonstrated that hybrid vigor for
yield reached as high as 33 to 49% (Izzo et a/., 2022). This situation is supported by the fact that
cultivated tomato is derived from outcrossing wild relatives in the center of origin, but

domestication and selection have resulted in a highly self-pollinating nature.

Heterosis breeding is employed in tomato to improve yield and quality since breeding for pure line
or open-pollinating varieties has limited potential (Bhattarai et a/., 2016; Ene et al., 2023; Emami
et al., 2018; Garg et al., 2013; Izzo et al., 2022; Liu et al., 2021; Pavan et al., 2022; Solieman et
al., 2013; Tamta & Singh, 2018). Heterosis (positive or negative) has been observed for various
growth, yield, and quality traits. Negative heterosis was reported for plant height, number of
branches per plant, days to first harvest, fruit length, fruit width, and number of seeds per plant,
while positive heterosis was observed for fruit weight, number of fruits per plant, and fruit yield
per plant. Over 28% of better parent heterosis for fruit yield per plant was observed (Tamta &

Singh, 2018). Breeding for hybrid tomato is economical since substantial heterosis can be obtained
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for yield, yield-contributing traits, and biotic and abiotic stresses and easier for hybrid seed
production since adequate seed can be obtained even from a single fruit compared to other

vegetable crops (Solieman et al., 2013).

2.6.3 Prediction of hybrid performance in tomato

The development of hybrid varieties requires a lot of resources and time. On the other hand, not
every combination of parental lines in F1 progenies would provide heterosis when compared to
their parents. Therefore, it is essential to identify parental combinations that would give better
heterosis in the F1 progenies using appropriate prediction methods (Fujimoto et al., 2018). Various
prediction methods are available depending on the types of hybrids (single-cross or two-way
crosses) and the inheritance of the traits. These methods predict the extent of the breeding value
of the F1 progenies (Nyaga et al., 2020). The per se performance of parental lines, combining
ability studies, and heterotic grouping using morphological and molecular genetic distance are the

common prediction methods applied in various crop improvement programs.

2.6.3.1 Per se performance

Selection of the best lines based on their per se performance for the desired trait is a poor predictor
for complex traits. The per se performance prediction method is effective for simple traits
governed mainly by additive gene action (Smith, 1986). Midparent value is another approach for
heterosis prediction, but it is severely affected by the presence of dominance gene action. The
correlation between the midparent value and hybrid performance is influenced by dominance

effects.
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2.6.3.2 Combining ability

Combining ability was first introduced in maize in 1942 (Sprague & Tatum, 1942). Since then, it
has been widely applied in various crop improvement programs to identify lines or parents
performing better based on the performance of their progenies (Fasahat, 2016). Combining ability
refers to the capacity of parents to combine so that desirable genes or characters are transmitted to
progenies. Also, a technique of determining the value of parents based on their progeny's
performance. This could be achieved through the application of mating designs. If the performance
of offspring is high for the desired trait, then it means the parents have good combining ability

(Fasahat, 2016).

Parental lines that provide hybrid varieties with high heterosis are essential; thus, combining ability
is employed to identify elite parental lines and hybrids. General combining ability and specific
combining ability are used; the former is due to additive gene action, whereas the latter is due to
non-additive gene action (Sprague & Tatum, 1942). The GCA of a parent or inbred line is
determined as the average performance of all hybrids having that inbred line as a common parent.
SCA is specific to a cross or hybrid and is calculated as the difference or deviation of the hybrid's

performance from what is expected based on parental GCA (Sprague & Tatum, 1942).

Hybrid performance based on general combining ability is a promising phenotype-based prediction
method. To have an accurate prediction using this approach, the magnitude of the GCA variance
should be considerably larger than the SCA variance. This approach needs prior information on
the GCA of the lines (Gowda et al., 2010). The ratio of the variance of GCA to the variance of

SCA can be used to predict hybrid performance; the predominance of 6> GCA to 6> SCA indicates
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the effectiveness of identifying and selecting hybrids based on GCA effects. The relative

importance of GCA and SCA in determining hybrid performance depends on traits and hybrids.

Identification of parental lines for crossing and estimation of the combining ability of parents
requires the use of appropriate mating designs through which partitioning of additive and non-
additive genetic effects can be done (Fasahat, 2016; Oakey et al., 2007). To select the most
appropriate mating designs, consideration of breeding objectives, time, space, cost, and other

biological limitations is essential (Awata et al., 2018; Muthoni & Shimelis, 2020).

2.6.3.3 Genetic distance

Genetic variation between parents is a prerequisite to obtaining high or better parent heterosis.
Heterotic grouping is one of the methods to predict heterosis in hybrids. Studies on the relationship
between the genetic distance of parents and heterosis have been conducted for different crops.
Heterosis is correlated with genetic distance, within a specific range, while other studies showed

no significant association between heterosis and genetic distance.

A linear relationship is reported between the genetic distances, considering all loci controlling the
trait, and the extent of hybrid vigor (Falconer and Mackey 1996). Prediction of heterosis based on
genetic distance (e.g., using molecular markers, for example) is suggested, but it has non-efficient
prediction accuracy in some crops like sunflower (Reif ef al., 2013). This might be due to the
absence of strong linkage or correlation between the QTLs responsible for the hybrid vigor and
the molecular marker used to determine the genetic distances, the dissimilar linkage phases or
stages among the QTL and marker alleles, and the effect of interallelic interactions (Charcosset et
al., 1991). Furthermore, the effectiveness of predicting hybrid performance using genetic distance

depends on genetic backgrounds. Linkage disequilibrium between DNA markers and genes
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determines the extent of the association between genetic distance and hybrid performance

(Charcosset & Essioux, 1994).

Consideration of optimum genetic distance among parents in hybrid combinations, among others,
is essential (Moll ef al., 1965). For high and mid-parent heterosis, consideration of gene action in
terms of specific combining ability (presence of significant dominance and epistatic effect),
genetic distance, and relative importance of the desired trait in each parent is essential. Moreover,
consideration of the influence of the environment on the performance of the hybrids and their
parents should be given attention. The environmental effect may mislead the decision on the

relationship between heterosis and hybrid performance.
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CHAPTER THREE

3.0 Phenotypic diversity among tomato (Solanum lycopersicum L.) germplasm

3.1 Introduction

The tomato breeding program aims to achieve a high fruit yield, resistance to biotic and abiotic
stresses, and fruit quality such as fruit size, appearance, color, total soluble solids, texture,
firmness, shelf life, flavor, and nutritional content (Abewoy Fentik, 2017; Abhary & Rezk, 2021a;
Sharma et al., 2019) In Ethiopia, tomato breeding programs have released open-pollinated verities,
and registered commercial hybrid varieties to improve productivity. However, open-pollinated
varieties are less preferred by farmers due to declining productivity, smaller fruit sizes, and limited
market value compared to hybrids. Although hybrids are preferred by growers for their high yield,
large fruit size, better shelf life, and high market value, their seed is expensive, making it difficult

for small-scale farmers to afford. Moreover, few of the registered hybrids are available to growers.

The productivity of tomato in Ethiopia remains low (6 t ha ') compared to the world average (36
tha'). Diseases, insect pests, weeds, limited availability of quality seed, a knowledge gap for GAP,
limited improved varieties, and resistance to biotic and abiotic stresses (Wondirad et al., 2009;
Gashawbeza et al., 2009; Etagegnehu et al., 2009; Mersha & Sime, 2022) are among the major

production constraints.

Tomato varieties (OPVs and hybrids) with high yield, fruit quality such as large fruit size, extended
shelf life and thick pericarp, and resistance to diseases and insect pests would contribute to
improving tomato productivity and utilization in Ethiopia. Establishing an effective breeding
strategy necessitates understanding the degree and pattern of genetic diversity and trait

identification among germplasm (Bhanu, 2017; Da Silva et al., 2017). Genetic diversity using
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morphological, cytological, biochemical, and molecular markers has been studied in many
cultivated crops (Franco et al., 2001; Nadeem et al., 2018). In tomato, highly heritable descriptors
of seedling, plant, inflorescence, flower, fruit, and agronomic features have been applied (Figas et

al., 2015; IPGRI, 1992; UPOV, 2002) to study genetic diversity.

The primary challenges in crop improvement programs are genotype-environment interactions and
trait interrelationships. Most economic quantitative traits of crops, such as tomato crop yield, have
a complex inheritance influenced by multiple genes with little effects, environmental influences,
and their interaction (Herndndez-Bautista et al., 2015; Semagn & Asmund Bjernstad, 2010). When
phenotypic variation is partitioned into heritable and non-heritable components and the expected
genetic advance is determined, promising parental materials and progenies can be identified.
Multiple trait selection can also be effectively applied if information on the nature and strength of
interactions between traits is available. In Ethiopia, phenotypic characterization of a small number
of tomato germplasm was carried out (Ene et al., 2022; Shushay et al., 2014), but the information
from a large number of germplasm would be more significant for breeding. As a result, the current
study sought to evaluate the phenotypic diversity of 125 breeding lines and 18 improved cultivars
maintained at the Melkassa Agricultural Research Center. The specific objectives were to:

e assess the extent and pattern of phenotypic diversity among tomato germplasm;

e determine genetic variability, heritability, genetic advance, and the relative importance of

yield and fruit quality; and

e determine interrelationship between yield, yield related traits and fruit quality.
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3.2 Materials and methods

3.2.1 Study location and season

The experiment was conducted at the Melkassa Agricultural Research Center (MARC) for two
seasons. The first trial was carried out in the dry cool season (from the end of August 2021 to the
end of January 2022), and the second experiment was carried out in the dry hot season (from

February to the end of June 2022).

3.2.2 Experimental material and trial management
One hundred and forty-three (143) tomato genotypes made up of improved varieties (18) and
breeding lines (125) were used for the study. For research purposes, these genotypes have been

introduced since the 1970s from various sources, including WorldVeg and different countries.

Twenty-eight-day-old seedlings (3—4 leaf stage) were transplanted to the experimental field with
a plot size of 6 m? (two rows of 3 m length and 2 m width) at a spacing of 100 cm by 50 cm
between rows and plants, respectively. The experimental design was an 11 x 13 alpha lattice with

two replications.

The water requirement of tomato plants was supplied through furrow irrigation, with the frequency
of application being every other day for the first three weeks and every 5-7 days thereafter. All
other necessary crop management practices for normal growth and development of tomato plants
were applied uniformly to all experimental units. Inorganic fertilizers NPS (N = 19%, P205 =46%,
S =7%) and urea (N = 46%) were applied. NPS was applied once, one day before transplanting,
at arate of 242 kg ha!, while urea was applied twice: three weeks after transplanting and six weeks

after transplanting (flowering time), at a rate of 79 kg ha™!. Diseases (early blight, powdery mildew,
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and bacterial leaf spot) and insects (Tuta absoluta, spider mites, and white flies) were controlled
through the application of recommended chemicals for the crop. Tomato plants were supported

with wooden stakes for uniform and quality fruit production.

3.2.3 Data collected

Data were collected for 18 qualitative and 15 quantitative traits during vegetative, flowering,
fruit set, and ripening stages, following International Plant Genetic Resource Institute (IPGRI,
1992) and the Union for the Protection of New Varieties of Plants (UPOV, 2002) descriptors and
guidelines (Appendix Tables 3.1-3.4). The traits characterized included:

1. Plant morphology: Growth type, size, stem pubescence density, foliage density.

2. Leaf characteristics: Attitude, type, and anthocyanin coloration of veins.

3. Floral traits: Inflorescence type, corolla color, style position, and hairiness.

4. Fruit descriptors: External and internal color, firmness, green shoulder presence/intensity,
shape (both general and blossom end).

5. Agronomic data: Number of days to 50% flowering, number of fruit sets per
inflorescence, fruits per cluster, soluble solids, marketable and total yield (both weight and
number per plant), and plant height.

3.2.4 Data analysis

Quantitative data were subjected to lincar mixed model analysis using META-R software
(Alvarado et al., 2020). The variance components were determined using linear mixed models with
maximum residual likelihood (REML), implemented in the LME4-R package using the same
software. Except for the overall mean, all effects were assumed to be random and normal, with
particular effect variances. To construct BLUPs and broad sense heritability, the genotype effect

was considered to be random. For the analysis, traits and environments with a broad sense of
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heritability greater than 5% were considered. The linear mixed models for single location/season

and multi-location/season are shown below.

Yijr = u+g; +m; + bj(my) e single location or season
Yiig = u+ i+ g +me(l) + by ) + g * i+ g v across locations or seasons

Where Yijx = the phenotypic value of i genotype in block j and replication k or the trait of interest,
gi = the j™ genotype effect, p = the overall mean of trait value of genotypes across replication and
location or the overall mean effect, m = the effect of k™ replication with in i location, by = effect
of the I incomplete blocks within the k™ replicate and i location, g;*1; = the interaction effect
between the j" genotype and i location and €k = random residual error or the effect of the error
associated with j™ replication, k' incomplete blocks and the i genotype which assumed to be iid

(independently and identically normally distributed) with mean zero and variance ¢°.

3.2.4.1 Genetic variances
The phenotypic and genotypic variances and coefficients of variation were calculated as follows

(Burton & DeVane, 1953):

MSg — MSg.
Genotypic variance (6g) = %
r
MSg.g — MSg

Genotype by enviroment interaction (6%,;) = -

2 2
OG-E 3 i
E rE

Phenotypic variance (o) = og +

Where MS; = Mean square of genotypes, MS;,; = mean square of genotypes by season
interaction, MS; = mean square error, r=number of replications and e is the number of seasons.

2
v Op

Phenotypic coefficient of variation (PCV) = — 100

Genotypic coefficient of variation (GCV) = — 100

Where 63 = phenotypic variance of traits, 6% = genotypic variance among genotypes of traits, x =
PP Yp G — genotyp g genotyp
grand mean of traits across replication and seasons.
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3.2.4.2 Broad sense heritability

Heritability and genetic advance was computed using genetic, phenotypic and environmental

variances as described by (Johnson et al., 1955).

(e}
H2 o i ettt ACCross seasons

2_MSG—MSG*E
oG =

e*r

2 2
o —02+GGE il
P G eE rE

Where MS; = Mean square of genotypes, MSg.g = mean square of genotypes by season interaction,
MSg = mean square error, r = number of replications and E is the number of seasons.

3.2.4.3 Genetic advance
The genetic advance was computed using the following formula, assuming 5% selection intensity:
GA = K= Op + H2
GA
GA% = —
X

Where H? = heritability in the broad sense, op = phenotypic standard deviations, K = is a constant
that vary depending on the selection intensity applied (k =2.06 at 5% selection intensity), and x =
population mean (the average phenotypic value of the trait).

3.2.4.4 Genetic association among quantitative traits

The same software META-R was used to compute the genetic and phenotypic correlation among

traits (Alvarado et al., 2020).

Phenotypic coovariances of traits x and y

/ 2 2
Opx * 0-Py

Phenotypic correlation (rp ) =
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Genotypic coovariances of traits x and y
2 2
IO-GX * GGy

0%, = phenotypic variances of trait x, G%y = phenotypic variances of trait y, Géx = genotypic

Genotypic correlation (rg) =

variances of trait X, O'éy=

genotypic variances of trait y.

3.2.4.5 Cluster analysis

The mean values across seasons were employed for cluster analysis. The scale () function in the R
software packages was employed to standardize the mean data. The same software's dist () function
was used to determine Euclidean pairwise distance to carry out agglomerative hierarchical
clustering. The grouping of genotypes was determined using the Ward.D2 technique and the hclust
function of R software packages. The number of clusters was calculated using gap statistics and

the fviz_nbclust function of R software.

3.2.4.6 Principal component analysis

Similarly, mean values across seasons were used to compute the principal component analysis.
PCA based on the correlation matrix using the PCA () function of the FactoMineR package of the
R software was determined. Similar to the hierarchical clustering method, the scaling was

computed. PCA biplots were also generated using packages of the R software (Kassambara, 2017).

3.2.4.7 Qualitative traits
Eighteen qualitative traits that fall into three categories: flower traits (3), growth pattern traits (6),
and fruit characteristics (9) were employed. The frequency was computed using SPSS version

2021. The Shannon diversity index, as described by Hutchenson (1970), and chi-square were
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calculated using excel. Gower's coefficient of genetic distance and Ward. D2 clustering methods
were used for the grouping of genotypes. Multiple Correspondence Analysis (MCA) was also
generated for genotypes and traits. Various R software packages were used for the analysis

(Kassambara, 2017)

n
H = z pi(Inpi)
i=1

Where H’= Shannon weaver diversity index, pi= the proportion of the total number of individual accessions in the i
class, In = natural logarithm and n is the number of phenotypic classes for a given trait.

3.3 Results

3.3.1 Genetic variability for yield, yield related and fruit quality traits

Highly significant (p<0.01) genetic differences were observed among genotypes for all traits
(Table 3.1). Genotype-by-season interaction was also highly significant (p<0.01) for fruit weight,
number of locules, number of marketable and total fruits per plant, marketable yield per plant, and

fruit shape index.

The mean days to 50% flowering ranged from 32 to 36 days. The pericarp thickness ranged from
2.92 mm to 7.66 mm. The minimum (4.0) and maximum (4.96) values were recorded for fruit TSS.
The marketable fruit number per plant ranged from 172 g to 18 g. The total number of fruits per
plant ranged from 32 to 224. The maximum marketable and total yield per plant was 2967.35 g
and 4851.9 g, respectively. Marketable and total yield per plant had a minimum value of 1969.03
g and 2669.46 g, respectively. The mean range of fruit weight was 23.53 g to 150.63 g. The
maximum fruit width was 66.04 mm, while the minimum was 31.08 mm. Fruit length also ranged
from 33.06 mm to 86.47 mm. Plant height ranged from 48.32 cm to 148.33 cm. The minimum

fruit shape index was 0.69, while the maximum fruit shape index was 1.9.
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3.3.2 Variance components, heritability and genetic advance

Variance components, along with estimates of heritability and genetic advance, are provided
(Table 3.2). Variance components, heritability, and genetic advance are indicated in Table 3.2. A
high phenotypic coefficient of variation (PCV) was observed compared to genotypic coefficient
of variation (GCV), indicating a significant impact of environmental factors on trait expression. In
1973, Sivasubramanian and Menon categorized GCV and PCV as low (0-10%), medium (10—
20%), and high (>20%), as cited in Chatara et al. (2023). The findings revealed a low PCV for
days to 50% flowering (3.82%) and total soluble solids (8.69), a high PCV for pericarp thickness
(20.71%), number of locules (30.15%), marketable number per plant (58.29%), marketable yield
per plant (24.07%), total number of fruits per plant (54.08%), total yield per plant (22.53%), fruit
weight (33.7%), and plant height (26.52%). A medium PCV was obtained for fruit length

(19.75%), fruit width (14.74%), and number of fruits per cluster (13.12%).

GCV was high for number of locules (27.84%), marketable number per plant (51.88%), and total
number of marketable fruits per plant (483.3%), fruit weight (31.08%), plant height (25.14%), and
fruit shape index (21.02%). It was medium for pericarp thickness (19.14%), marketable yield per
plant (13.03%), total yield per plant (14.49%), fruit length (18.79), fruit width (13.75%), and
number of fruits per cluster (10.12%). However, low GCV was recorded for days to 50% flowering

(2.58%) and total soluble solids (5.54%).
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Table 3.1: Genetic variability of tomato germplasm based on 14 quantitative traits across seasons

Traits Range SE Level of significance CV (%)
Minimum Maximum Genotype Genotype Season
*Season
DFF! 32 36 1.70 ” : 5.0
PCTk? 2.92 7.66 0.86 ” 15.9
NL? 2 7 0.63 ” - 18.8
TSS* 4.07 4.96 0.59 ” 13.4
MNP’ 18 172 22.47 ” = ” 25.0
MYP® 1969.03 2967.35 792.09 ” - 32.4
TNP’ 32 224 30.80 ” = 25.9
TYP® 2669.46 4851.9 1113.04 ” 31.0
FWt° 23.53 150.63 19.37 ” : 12.9
FL!° 33.06 86.47 6.35 ” 10.9
Fwd"! 31.08 66.04 4.85 ” 9.4
PH"? 48.32 148.33 10.37 ” : 15.1
NFtC" 3 5 0.59 ” 16.7
FSHI" 0.69 1.99 0.12 = b 10.5

™ Highly significant (p<0.01), * significant (p<0.05), ™ non-significant. SE = standard error, 1 = days to 50%
flowering, 2 = pericarp skin thickness (mm), 3 = number of locules, 4 = total soluble solids, 5 = marketable fruit
number per plant, 6 = marketable yield per plant (g), 7 = the total number of fruits per plant, 8 = total yield per plant
(g), 9 = fruit weight (g), 10 = fruit length (mm), 11 = fruit width (mm), 12 = plant height (cm), 13 = number of fruits
per cluster, and 14 = fruit shape index.

Table 3.2: Genetic components of variance, heritability, and genetic advance of tomato genotypes across two seasons,

2021/2022 and 2022.
Traits 2 2 2 2 2 GCV PCV 2 GA GAM
c G o o o H
¢ ; : P 6 (%) (%)
DFF! 0.77 0.4 64.74 2.88 1.69 2.58 3.82 0.46 0.83 2.44
PCTK? 1.08 0 0 0.74 1.27 19.14 20.71 0.85 1.82 33.51
NL3 0.87 0.1 0 0.4 1.02 27.84 30.15 0.85 1.63 48.75
TSS* 0.06 0 0 0.35 0.15 5.54 8.69 0.41 0.21 4.68

MNP3 513.91 17.24 227.11 505.04 648.79 51.88 5829 0.79 36.89 8442
MYPS 101098.5 1748743 4144785 627401.8 345386 13.02 24.07 029 18995 7.78
TNP’ 999.83 30.72 0 948.55 1252.33 4833  54.08 0.80 5198  79.44
TYP®  285954.1 109822.8 1754.38 1238868 650582.5 14.94 2253 044 484.69 13.54
Fwt® 755.46 77.54 30.31 375.31 888.05 31.08 337  0.85 4818 5448

FL!? 119.37 4.77 0.96 40.32 131.83 18.79 19.75 091 20.37  35.04
Fwad!t 47.78 2.38 0.45 23.48 54.84 13.75 14.74 087 124 24.67
PH!? 299.83 13.74 80.53 107.49 88357 25.14. - 26.52 090 32.07 46.56
NFtC! 0.13 0 0 0.34 0.21 10.12 13.12 059 0.43 12.38
FSHI'™ 0.06 0 0 0.02 0.07 21.02 2199 092 047 39.62

6°G = genetic variance, °G*E = genotype-environment interaction variance, 6°S = season variance, 6’e = environmental variance, 6°P = phenotypic
variance, GCV (%) = genotypic coefficient of variance, PCV (%) = phenotypic coefficient of variance, H? = broad sense heritability, GA = genetic
advance, and GAM (%) = genetic advance as percent of the mean., 1 = days to 50% flowering, 2 = pericarp skin thickness (mm), 3 = number of
locules, 4 = total soluble solids, 5 = marketable fruit number per plant, 6 = marketable yield per plant (g), 7 = the total number of fruits per plant, 8
= total yield per plant (g), 9 = fruit weight (g), 10 = fruit length (mm), 11 = fruit width (mm), 12 = plant height (cm), 13 = number of fruits per
cluster, and 14 = fruit shape index.
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Robinson ef al. (1949) highlighted the heritability of various traits in corn into three groups: low
(0-30%), medium (30-60%), and high (>60%). High heritability was recorded for pericarp
thickness (85%), number of locules (85%), marketable number per plant (79%), total number of
fruits per plant (80%), fruit weight (85%), fruit length (91%), fruit width (87%), plant height (9%),
and fruit shape index (92%). Medium heritability was recorded for days to 50% flowering (46%),
total soluble solids (41%), total yield per plant (44%), and number of fruits per cluster (59%).

Marketable yield per plant (29%) showed low heritability.

According to the classification by Johnson et al. (1955), genetic advance as a percent of the mean
can be categorized as low (0—10%), medium (10-20%), and high (>20%). High genetic advance
as percent of the mean was observed for pericarp thickness (33.51%), number of locules (48.75%),
marketable number per plant (84.42%), total number of fruits per plant (79.44%), fruit weight
(54.48%), fruit length (35.04%), fruit width (24.67%), plant height (46.56%), and fruit shape index
(39.62%). Medium levels of genetic advance were found for total yield per plant (13.54%) and
number of fruits per cluster (12.38%). However, low genetic advance as a percent of the mean was
observed for days to 50% flowering (2.44%), total soluble solids (4.68%), and marketable yield

per plant (7.78%).

3.3.3 Genetic and phenotypic correlations among yield, yield related and fruit quality

A highly significant (p<0.01) genetic correlation was observed among most of the traits (Table
3.3). Marketable yield was highly correlated with TNP (r, = -0.4), FWt (1, = +0.55), FL (r; =
+0.43), FWd (rg = +0.31), FSHI (g = +0.34), DFF (tg = +0.24), PCTk (r; = +0.54), and MNP (1 =
-0.33). Similarly, a highly significant genetic correlation was observed among TYP and FWt (1 =

+0.39), FL (ry = +0.23), FWd (ry = +0.43), NFtC (r, = -0.24), DFF (r, = +0.34), PCTk (1, = +0.38),
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NL (rg = +0.18), TSS (rg = +0.18), MYP (rg = +0.99), TNP (r; = -0.42), and MNP (r; = -0.42).
Fruit size traits FWt (ry =-0.825, r; =-0.844), FL (1, =-0.614, r; = -0.670), FWd (rg =-0.867, -1z =
0.876), PCTk (rg = -0.627, 1z = -0.669), and NL (rg = -0.288, ry =-0.328) had a highly significant
negative correlation with MNP and TNP in that order. A significant negative correlation (rg = -
0.331) was observed between the marketable yield and number of marketable fruits per plant, and
a negative correlation (rg = -0.423) was found between the total yield and the total number of fruits

per plant. However, a noteworthy positive genetic correlation was observed between fruit number

per plant and NFtC (rg = +0.76) and TSS (rg=+0.41).

The majority of observed traits exhibited similar patterns of association at the phenotypic level
(Table 3.4). Marketable yield per plant demonstrated a highly significant (p<0.0I) positive
correlation with PCTk (rp = +0.4), FWt (1, = +0.36), FL (1, = +0.41), FWd (1, = +0.25), and FSHI
(rp = +0.22). Conversely, there was a significant (p<0.05) negative correlation between NFIR (1
=-0.17) and TSS (rp, = -0.17). DFF (1p = 0.05), NL (1p = 0.06), MNP (1, = 0.07), PH (1, = 0.08),
and NFtC (r, = -0.001) demonstrated no significant phenotypic associations. The trend in the
association of total yield per plant with PCTk (1, = +0.36), FWt (r, = +0.46), FL (r, = +0.36), FWd
(rp = +0.38), and PH (rp = +0.17) was similar to genotypic correlation. Notably, there was a
significant negative correlation between TYP and NFIR (rp = -0.21). Conversely, NFtC (r, =-0.1),
DFF (rp = +0.12), NL (r, = +0.11), TSS (1, = +0.11), MNP (1, = +0.0.07), and FSHI (r, = +0.1)
demonstrated no significant correlation. Similar to the genetic correlation, the association of MNP
and TNP with fruit size traits such as FWt (1, = -0.73), FL (r, = +-0.51), FWd (1, = -0.74), PCTk
(rp =-0.49), NL (1, =-0.31), and DFF (1, =-0.46) was found to be negative and highly significant
(»<0.01). A positive and significant association (p<0.05) was observed between the number of

fruits per plant and NFIR (r, = +0.51), TSS (r, = +0.19), and NFtC (r, = +0.56).
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Table 3.3:

Genotypic correlation (rg) for yield, yield-related, and fruit quality

Traits DFF  PCTk  NL TSS MNP MYP TNP  TYP  FWt  FL FWd  PH  NFIC FSHI
DFFT -

PCTK®  0.52%% -

NL' o 032%% -

TSS'  012%  -035%% oo -

MNPS  -0.8%%  -0.63%*% -0.33%*  041%F -

MYPS  024%%  0.54% oo 02 033 -

TNPT  -0.5%%  -0.67%%  -020%%  043% 099k 4%k -

TYPS  0.34%%  038%%  0.08%  0.18%  -040% | 099  042%k -

FWE  0.52%%  (.54%%  049%%  022%%  083% 055k  -0.84%% (.58 -

FLIO  0.36%*%  0.75%%  -023%%  -020%%  06I**  042% 067  023%* 0.6 :

FWId  0.53%%  041%*  0.63%%  -025%%  087% | 031% -0.88%%  (43%  091%* 027+ -

PHZ  0.18%  -022%% (oo 0.68%F  019% oo 020%k  ooB 023k 031%* o oon

NFICP 1™ 022%%  -0.66%*  0.39%%  0J6%  godB 0% 004k 076  -038%*  -076%%  028% -
FSHI' gog™ 04" 058 03" 002" 034" 002" 008" 001" 075 04 4" 9" -

**Highly significant at p<(.01, * significant at p<0.05, ™ non-significant, 1 = days to 50% flowering, 2 = pericarp skin thickness (mm), 3 = number of locules, 4 =
total soluble solids, 5 = marketable fruit number per plant, 6 = marketable yield per plant (g), 7 = the total number of fruits per plant, 8 = total yield per plant (g),
9 = fruit weight (g), 10 = fruit length (mm), 11 = fruit width (mm), 12 = plant height (cm), 13 = number of fruits per cluster, and 14 = fruit shape index.
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Table 3.4: Phenotypic correlation (1p) for yield, yield-related, and fruit quality

Traits DFF NFIR PCTk NL TSS MNP MYP TNP TYP FWt FL Fwd PH NFtC FSHI
DFF!
PCTK? 0.42%%* -0.39%*
NL?® 0.01lns -0.15ns  -0.27**
TSS*  0.07ns 0.18* -0.26** 0.04ns
MNP?  -0.46** 0.51** -0.49%* -0.31*¥*  0.19%
MYP® 0.05ns -0.17* 0.40** -0.06ns -0.17* 0.07ns
TNP7  -0.45%*%  (.52%* -0.53%*  _027*%*  (0.24** 0.97%* 0.02
TYP® 0.11ns -0.21* 0.36** 0.11ns -0.11ns -0.07ns 0.89 -0.04ns
FWt® 0.37%* -0.57** 0.49%* 0.48%* -0.21* -(0.73%* 0.36 -0.74** 0.46**
FL!© (.31%* -0.51** 0.68** -0.15ns -0.22%* -0 50** 0.41 -0.55%%* 0.36** 0.60%*
Fwd!' 0.36** -0.45%*  (.38** 0.60%* -0.19%* -0.74**  0.25 -0.73%* 0.38** 0.89%* 0.30%*
PH'? 0.09ns 0.36%* -0.19% 0.02ns 0.40** 0.20* 0.08 0.29* 0.17* -0.19%  -0.25%* -0.09ns
NFtC"  -0.09ns 0.57%* -0.15ns -0.50%*  0.18%* 0.56** 0.00 0.53**  -0.10ns  -0.57**  -0.26%*  -0.57** 0.21*
FSHI"“ 0.04ns -0.16ns 0.34%* -0.51**  -0.04ns 0.03ns 0.22 0.00ns 0.09ns -0.04ns 0.74%** -0.40**  -0.14ns  0.14ns

" Highly significant, * significant, "™ non-significant, ** Highly significant at p<0.01, * significant at p<0.05, " non-significant, | = days to 50% flowering, 2 = pericarp skin thickness
(mm), 3 = number of locules, 4 = total soluble solids, 5 = marketable fruit number per plant, 6 = marketable yield per plant (g), 7 = the total number of fruits per plant, 8 = total yield
per plant (g), 9 = fruit weight (g), 10 = fruit length (mm), 11 = fruit width (mm), 12 = plant height (¢cm), 13 = number of fruits per cluster, and 14 = fruit shape index.
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3.3.4 Hierarchical grouping of genotypes

Genotypes were grouped into three distinct clusters (Figure 3.1a & b). Cluster III was the largest
with 74 genotypes, followed by Cluster II with 39 genotypes, and Cluster I with 29 genotypes
(Table 3.6). The PCA biplots of individuals (Figure 3.1c) validated the grouping of genotypes into

three clusters.

The characteristics of each cluster based on the average value of each trait (Table 3.5) revealed
that cluster III had a relatively longer maturity period, fruits with thicker fruit walls, longer fruits,
shorter plants, and a large fruit shape index, as well as a relatively high yield from a moderate
number of fruits per plant and a large fruit size. Genotypes in cluster Il were characterized by late
flowering, small number of fruits per inflorescence, a small total and marketable number of fruits
per plant, few fruits per cluster, large number of locules per fruit, and high marketable and total
yield per plant. The high marketable and total yield in Cluster II was primarily due to larger fruit
size, specifically greater fruit weight and width, compared to Clusters I and III. Despite having
large number of marketable and total fruits per plant, cluster [ was characterized by low marketable
and total yield per plant, short flowering period, thin fruit wall thickness, and few locules per fruit.
The small fruit size genotypes, which had the smallest fruit weight and length, were the cause of

low yield per plant in this cluster.
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Table 3.5: Characteristics of the three distinct clusters based on the mean value of the 15 quantitative traits

Character Clusters

I I I
DFF! 33.26* 34.45%* 34.28**
PCTK? 4.18% 5.28 6.04%*
NL3 3* 4x% 3
TSS* 4.57** 4.37* 4.38%
MNP? 75%* 30% 37
MYP¢ 2217.53* 2501.99%* 2503.18%*
TNP’ 109%* 46* 56
TYP? 3261.49*% 3833.94%* 3574.25
Fwt° 50.17* 114.97** 90.71
FL!0 45.42% 56.66 64.39%*
Fwad'! 42.02% 58.12%* 49.66
PH" 83.5%* 68.99 62.6*
NFtC!? B33 3.2% 3.53
FSHI™ 1.11 0.98* 1.31%*

**highest value, *lowest value, 1 = days to 50% flowering, 2 = pericarp skin thickness (mm), 3 = number of locules,
4 = total soluble solids, 5 = marketable fruit number per plant, 6 = marketable yield per plant (g), 7 = the total number
of fruits per plant, 8 = total yield per plant (g), 9 = fruit weight (g), 10 = fruit length (mm), 11 = fruit width (mm), 12
= plant height (cm), 13 = number of fruits per cluster, and 14 = fruit shape index.

Table 3.6: The distribution of 143 tomato genotypes into three distinct clusters

Cluster ~ Number of Genotypes
genotypes
I 29 1,2,4,,8,9,10,11,14,17,18,19,21,23,25,28,31,32,33,34,46,53,54,55,56,57,58,61,63,70

I 39 3,6,7,13,15,16,20,26,36,43,44,45,47,50,59,60,65,76,78,81,84,89,92,95,98,99,100,101
,103,105,113,132,133,134,135,136,137,142,143
I 74 5,12,22,24,27,29,30,35,38,39,40,41,42,48,49,51,52,62,64,66,67,68,69,71,72,73,74,75

177,79,80,82,83,85,86,87,88,90,91,93,94,96,97,102,104,106,107,108,109,110,111,11
2,114,115,116,117,118,119,120,121,122,123,124,125,126,127,128,129,130,131,138,
139,140,141
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fviz_gap_stat: Gap Statistic

a)

Individuals - PCA

Custar Dendrogram

C) 1 (348%) ‘ b)

Figure 3.1: Grouping of tomato genotypes into three distinct clusters. a) Gap statistics for determining the optimum
number of clusters b) The three distinct clusters and genotype lists in each cluster. The red, green and blue colors
indicate cluster I, cluster I and cluster II respectively; ¢) Biplots grouping genotypes into three: Blue is group 1, red
is group 2, and orange is group 3.

3.3.5. Principal components and relative contribution of traits

The first five principal components contributed 82.68% of the genetic variation (Table 3.7). The
first principal component explained 34.82% of the total genetic variance. The number of
marketable and total fruits per plant, fruit weight and width were the most contributing traits. The
second principal component contributed 17% of the total variability and was influenced by number
of locules, fruit wall thickness, fruit length, and fruit shape index. The third principal component,
which accounted for 23.94% of the variance, was primarily influenced by plant height, the
marketable and total yield per plant. The fourth principal component contributed 9.5% of the total

variation, mainly by days to 50% flowering, TSS, and plant height. Finally, the fifth principal
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component, which accounted for 7.42% of the total variation, was predominantly influenced by

TSS.

Table 3.7: Eigenvectors and eigenvalues of the first five principal components for 15 quantitative traits of 143 tomato
genotypes across seasons.

Principal components

Variables

PC1 PC2 PC3 PC4 PCs
Eigen value 522 2.55 2.1 1.43 1.11
Variance (%) 34.82 17 13.94 9.5 7.42
Cumulative variance (%) 34.82 51.82 65.76 75.26 82.68

Eigen vectors

DFF! 0.364 0.116 0.104 0.646 -0.384
PCTK? 0.600 0.549 0.063 0.172 -0.249
NL? 0.353 -0.761 0.180 -0.102 0.221
TSS* -0.129 -0.057 -0.028 0.591 0.683
MNP? -0.848 0.132 0.282 -0.221 0.094
MYP¢ 0.269 0.427 0.781 -0.237 0.069
TNP’ -0.869 0.102 0.273 -0.180 0.118
TYP? 0.358 0.256 0.829 -0.162 0.140
FW¢t’ 0.905 -0.087 0.194 -0.027 0.061
FL'" 0.661 0.637 -0.173 0.017 0.194
Fwd" 0.840 -0.376 0.269 0.042 -0.106
PH" -0.290 -0.136 0.461 0.584 0.203
NFtC!? -0.675 0.331 0.161 0.176 -0.278
FSHI'" 0.035 0.834 -0.334 0.008 0.306
Mean 7.837 4.819 4.453 3.449 3.382

1 = days to 50% flowering, 2 = pericarp skin thickness (mm), 3 = number of locules, 4 = total soluble solids, 5 = marketable fruit number per plant,
6 = marketable yield per plant (g), 7 = the total number of fruits per plant, 8 = total yield per plant (g), 9 = fruit weight (g), 10 = fruit length (mm),
11 = fruit width (mm), 12 = plant height (cm), 13 = number of fruits per cluster, and 14 = fruit shape index.
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Figure 3.2: a) Scree plot for the 10 principal components of 15 quantitative traits. b) cos2 shows the quality of
representation of each trait in the principal component; a high value of cos2 indicates a good representation of the
variable in the PCs, and these variables are the most important ones, while a low value of cos2 indicates the variable
in the PCs is not perfectly represented. For a given variable, the sum of cos2 will be one if the variable in each PC is
perfectly represented.

3.3.6 Genetic variability based on qualitative traits

3.3.6.1 Frequency distribution, chi-square test, and Shannon diversity index

Analysis of floral traits revealed genetic diversity for flower type, style position, and hairiness
(Table 3.8). About 95.1% of the genotypes had a uniparous inflorescence type, 68.5% had an
inserted stigma position, and 80.4% had style hairiness. Some genotypes (4.2%, 27.3%, and
19.6%) had uniparous and multiparous inflorescence types, style positions at the same level as the
stamen, and no style hairiness, respectively. The chi-square test indicated that all flower traits

showed highly significant (p<0.07) deviation from expected distribution.

Genetic diversity was also detected for growth pattern traits such as growth type, plant size, foliage
density, stem pubescence, and leaf type (Table 3.9). It was observed that 88.1%, 77.6%, 63.6%,
72%, 97.2%, and 55.9% had determinate growth habits, intermediate plant sizes, intermediate stem

pubescence densities, intermediate foliage densities, semi-erect leaf attitudes, and standard leaf
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types. The remaining 8.4%, 12.6%, 27.3%, 21%, 2.1%, and 26.6%, respectively, exhibited
indeterminate growth habits, large plant sizes, sparse stem pubescence densities, and sparse foliage
densities. The remaining genotypes showcased semi-indeterminate growth habits, small plant
sizes, dense stem pubescence densities, dense foliage densities, horizontal leaf attitudes, and potato
and Pimpinellifolium leaf types. The chi-square test indicated that all growth pattern traits showed

highly significant (p<0.01) deviation from expected distribution.

Fruit shape among genotypes had 7 classes, where large proportions of the genotypes had
cylindrical (oblong) fruit shapes (Table 3.10). The second and third largest proportions of
genotypes had rounded and highly rounded fruit shapes. The remaining fruit shapes included
slightly flattened (7.7%), plum-shaped (6.3%), flattened (4.9%), heart-shaped (2.1%), and pear-
shaped (0.7%). A majority of the genotypes displayed desirable red pericarp (96.5%) and flesh
color (95.8%), while the remaining exhibited pink (0.7%) and orange (2.8%) colors for both
pericarp and flesh. Fruit firmness (58.7%) was firm, 40.6% had intermediate firmness, and 0.7%
had low firmness. It was further observed that genotypes had a flat blossom end, with only 2.8%

displaying an indented end and 18.9% exhibiting a pointed blossom end fruit shape.

The analysis of early-stage immature fruit traits (Table 3.10) revealed that a majority of the
genotypes exhibited a light green fruit color. Specifically, 12.2% of the genotypes displayed a
green fruit color, while 7% exhibited a whitish-green fruit color. Notably, 86.7% of the genotypes
lacked a green shoulder, with the remaining 13.3% exhibiting this trait to varying degrees. The
size of the green shoulder varied among the genotypes, with 3.5% displaying a small green
shoulder, 7% displaying a medium green shoulder, and 2.1% displaying a large green shoulder.

Furthermore, the intensity of the green shoulder varied as well, with 0.7% of genotypes exhibiting
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a slight green shoulder, 4.2% exhibiting an intermediate green shoulder, and 8.4% exhibiting a
strong green shoulder. The chi-square test indicated that all the immature and mature stage fruit

traits showed highly significant (p<0.07) deviation from expected distribution.

Table 3.8: Chi-square test and frequency distribution of flower traits

Traits Descriptors Frequency distribution (%) Y2 H’

Inflorescence type Generally multiparous 0.7 245.79%* 0.22
Both 4.2
Generally uniparous 95.1

Style position Slightly exerted 4.2 91.14** 0.75
Same level as stamen 27.3
Inserted 68.5

Style hairiness Absent 19.6 52.93** 0.49
Present 80.4

** Highly significant at p<0.01, ¥2 = chi-square, H’ = Shannon diversity index

Table 3.9: Chi-square test and frequency distribution of growth pattern traits

Traits Descriptors Frequency distribution (%) Y2 H’

Growth type Semi-determinate B 193.61%** 0.44
Indeterminate 8.4
Determinate 88.1

Plant size Small 9.8 126.39%* 0.69
Large 12.6
Intermediate 77.6

Stem pubescence density Dense 9.1 66.18** 0.86
Sparse 27.3
Intermediate 63.6

Foliage density Dense 7 100.55%* 0.75
Sparse 21
Intermediate 72

Leaf Attitude Horizontal 0.7 262.55%* 0.14
Drooping 2ol
Semi erect 97.2

Leaf type Pimpinellifolium 8.4 85.17** 1.1
Potato leaf 9.1
Peruvianum 26.6
Standard 55.9

** Highly significant at p<0.01, ¥2 = chi-square, H’ = Shannon diversity index
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Table 3.10: Chi-square test and frequency distribution of immature and mature stage fruit trait

Traits Code Descriptors Frequency distribution X2 H’
(%)
Exterior color of immature fruits Greenish-white 7 151.65%* 0.6
Green 11.2
Light green 81.8
Presence of green shoulder Present 133 77.1%* 0.39
Absent 86.7
Intensity of green shoulder Slight 0.7 292.16** 0.5
Intermediate 4.2
Strong 8.4
Null 86.7
Extent of green shoulder Large 2.1 297.81** 0.5
Small 35
Medium 7
Null 87.4
Fruit firmness Soft 0.7 75.62*%  0.71
Intermediate 40.6
Firm 58.7
Fruit blossom end shape Indented 2.8 135.79*%*  0.61
Pointed 18.9
Flat 78.3
Exterior color of mature fruit Pink 0.7 256.88**  0.17
Orange 2.8
Red 96.5
Flesh color of pericarp Pink 1.4 251.17** 0.2
Orange 2.8
Red 95.8
Predominant fruit shape Pyriform (pear shape) 0.7 225.28** 1.5
Heart shape 2.1
Flattened 4.9
Ellipsoid(plum shaped) 6.3
Slightly flattened 7.7
High rounded 11.2
Rounded 14.7
Cylindrical (long oblong) 52.4

** Significant at p<(.01, 42 = chi-square, H’ = Shannon diversity index

The estimated Shannon diversity index for the 18 qualitative traits (Tables 3.8, 3.9, and 3.10)
indicated that H” ranged from 0.14 for leaf attitude to 1.5 for fruit shapes. The H’ was high for

style position (0.75), plant size (0.69), stem pubescence density (0.86), foliage density (0.75), leaf

53



type (1.1), immature fruit color (0.6), fruit firmness (0.71), and fruit blossom end shape (0.61).
Intermediate for style hairiness (0.49), growth type (0.44), the intensity of green shoulder (0.5),
and extent of the green shoulder (0.5). It was lowest for inflorescence type (0.22), leaf attitude
(0.14), presence of green shoulder (0.39), exterior color of mature fruits (0.17), and flesh color of

pericarp (0.2).

Agglomerative clustering

12 69 7y
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Figure 3.3.a) Average silhouette width indicating the optimal number of clusters. ¢) Dendrogram showing the
grouping of 143 tomato genotypes based on 18 qualitative traits. Genotypes are color-coded by their final cluster
assignment: Cluster I (blue), Cluster II (red), and Cluster III (green)

a)

3.3.6.2 Cluster and multiple correspondence analyses (MCA)

Three clusters were identified based on qualitative traits (Figures 3.3 a, b, ¢). Group I included 19
genotypes, Cluster II had 80, and Cluster III had 44. The MCA biplots explained 18.5% of the
variation mainly due orange skin and flesh color, drooping type petiole attitude, the presence of
green shoulder being high, medium, and low extent and intensity of green shoulder, indeterminate
growth habit, oblong and flattened fruit shape, foliage density, fruit firmness, and stem pubescence

density being sparse and dense (Figure 3.4).
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Figure 3.4: Contribution of qualitative variables to the two PCs

3.4 Discussion

Developing varieties with ideal phenotypes such as high yield, quality, and ability to withstand
biotic and abiotic stress necessitates genetic variation and diversity in the desired traits (Franco et
al., 2001; James, 2022). Knowing the breadth and structure of genetic diversity in accessible
germplasm is the first and most significant operation in the early stage of plant breeding.
Furthermore, crop improvement initiatives must consider the extent and nature of the gene action
involved in the intended trait expression. This information is required for the sort of breeding
procedure to be used, the type of cultivar to be developed, and where to begin and cease selection.
The magnitude and direction of the relationship between traits are critical for their simultaneous
selection and improvement. Several researchers found that a significant amount of genetic
diversity exists in cultivated tomato and its wild relatives, while domestication and continuous
selection for traits of interest have reduced genetic variation in cultivated tomato compared to the

wild species (Bai & Lindhout, 2007b).
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The current study explored the genetic diversity of 143 tomato genotypes for 15 quantitative and
18 qualitative traits. Highly significant (p<0.01) and significant (p<0.05) genetic variations among
15 quantitative traits were found. Genotype x season interaction had a significant effect on the
expression of NL, MNP, MYP, TNP, FWt, and FSHI due to variations in temperature and relative
humidity during the experimental seasons. Similarly, substantial genetic variation has been

discovered across tomato genotypes based on 18 qualitative traits.

Previous studies have documented substantial genetic diversity within tomato germplasm for key
agronomic traits, including fruit morphology (e.g., weight, dimensions, shape, and locule number),
color, growth habit, and yield components (Daniela Ganeva, 2020; Figas et al., 2015; Grozeva et
al.,2021a; Mungai et al., 2021). The trait ranges reported in the literature such as a yield per plant
of 99.79-5888 g, fruit weight of 1.23-576.6 g, and locule number of 1-18 closely align with the
variation observed in the present study. Similarly, significant qualitative phenotypic variation has
been identified for plant architecture (e.g., plant size, growth habit, stem pubescence, and leaf
characteristics), floral traits (e.g., inflorescence type and style morphology), and fruit features (e.g.,
the presence and intensity of a green shoulder) (Figas ef al., 2015). Due to their high heritability
and stable expression across environments, these qualitative traits are highly suitable for use as
phenotypic markers in targeted breeding programs. Furthermore, their consistent expression makes
them particularly valuable for Distinctness, Uniformity, and Stability (DUS) testing, a system

routinely used for cultivar identification (Sushma et al., 2021).

Phenotypic selection alone is often unreliable due to confounding environmental influences;
therefore, partitioning observed variance into its heritable and non-heritable components is

fundamental for precise breeding. The magnitude of environmental influence can be quantified
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using phenotypic (PCV) and genotypic (GCV) coefficients of variation. In this study, the PCV for
quantitative traits ranged from 3.82% (DFF) to 58.29% (MNP), while the GCV for the same traits
ranged from 2.58% to 51.88%. These findings are consistent with previous reports; for instance,
Hassan et al. (2021) reported high PCV and GCV for plant height and fruit number per plant, but
moderate values for fruit length, fruit width, and yield. Similarly, Rasheed et al. (2023) reported
high coefficients for the number of fruits per cluster, single fruit weight, and yield, with moderate

values for plant height, days to 50% flowering and number of locules.

The high GCV and PCV observed for most traits in our study suggest that phenotypic selection
would be effective for their improvement. Conversely, the low coefficients recorded for DFF and
total soluble solids (TSS) indicate limited genetic variation and a greater influence of environment
on their expression, rendering direct selection less effective for these traits (Alam et al., 2022;
Chatara et al., 2023). Furthermore, the narrow gap between GCV and PCV for traits such as DFF,
PCTk, NL, TSS, FWt, FL, and FWd implies a minimal environmental impact on their phenotypic
expression. In contrast, the wider gap for TNP, MYP and TY P points to a significant environmental

effect modulating these traits.

Heritability quantifies the proportion of total phenotypic variance attributable to genetic variance,
though it is important to note that not all genetic components are heritable or fixable in subsequent
generations. Consequently, selection strategies that integrate heritability estimates with
corresponding genetic advance are more effective (Alam et al., 2022). In the present study, broad-
sense heritability (H?) ranged from 29% for MYP to 92% FSHI. The high (H*> = 79-92%) to
moderate (H? = 41-46%) heritability observed for most quantitative traits, with the exception of

MYP, indicates that the phenotypic variation among genotypes is primarily due to their inherent
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genetic differences. Similarly, the genetic advance as a percent of the mean (GAM) varied
substantially, from 2.44% for DFF to 84.42% for MNP. For most traits, the combination of high-
to-moderate heritability and high GAM (24-84%) suggests that their expression is controlled
predominantly by additive gene effects, indicating a high potential for genetic gain through direct
phenotypic selection (Chatara et al., 2023). This finding aligns with previous research; for
instance, Hassan ef al. (2021) reported high heritability and GAM for fruit length, fruits per plant,
and plant height, and moderate values for total soluble solids (TSS). Likewise, Rasheed et al.
(2023) documented high to moderate heritability and genetic gain for key yield components.
Conversely, the low heritability and genetic advance for MNP in our study likely reflect a
significant influence of environmental variation on this trait. The low expected genetic advance
for DFF, meanwhile, can be attributed to its limited genetic variation, as evidenced by its low

genotypic and phenotypic coefficients of variation.

The genetically complex interrelationships among many quantitative traits can complicate
breeding and reduce the genetic gain from selection. However, a thorough understanding of the
nature and degree of these associations can enhance selection efficiency (Neyhart et al., 2019). In
this study, a highly significant genetic correlation was observed among most of the 14 horticultural
traits. The strong, positive genetic correlations of MYP) and TYP with key quantitative traits such
as FWt, FL, FWd, FSH, DFF, PCTk indicate that selection for any of these traits can concurrently
improve yield in tomatoes. This aligns with reports of a significant positive correlation between

yield and both fruit length and width (Mungai et al., 2021).

Conversely, the negative correlation observed between fruit number per plant (MNP, TNP) and

yield (MYP, TYP) contrasts with some previous findings (Ghosh et al., 2010; Souza et al., 2012).
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This discrepancy may be attributed to the prevalence of genotypes with high fruit numbers but
small fruit sizes in the current study. The findings of the current study are supported by Henareh
et al. (2015), who also reported a significant negative correlation, which they attributed to the
inclusion of many cherry tomato genotypes with small fruits. The strong association between fruit
size traits and high marketable and total yield implies that genotypes with larger fruits can achieve
higher yields than those with more numerous, smaller fruits, a conclusion supported by similar

research (Hernandez-Bautista et al., 2015).

Furthermore, a negative genotypic relationship was found between yield and TSS, consistent with
earlier reports (Henareh et al., 2015). In contrast to the findings of Henareh ez al. (2015), days to
first flowering (DFF) showed a significant positive association with yield, suggesting that late-
maturing genotypes, potentially those developing larger fruits, may achieve higher yields. For
traits of high economic value that have low heritability or are difficult to measure directly, such as
fruit yield, indirect selection offers a viable strategy. Genetic gain can be achieved by selecting for
easily measurable, highly heritable traits that are genetically correlated with yield (Souza ef al.,

2012).

Principal component analysis (PCA) is a widely used method for dimensionality reduction,
enabling the investigation of maximal genetic diversity within large datasets (Das ef al., 2017). In
the current study, the first five principal components collectively explained 82.68% of the total
genetic variation for 15 quantitative traits across 143 tomato genotypes. PCA biplots facilitate the
visualization of variables and genotypes in a reduced dimension, helping to eliminate incongruent
fluctuations and highlight the principal characteristics within the dataset (Alam et al., 2021). The

key contributors to the observed genetic variation in the current study include MNP, TNP, FL,
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FSHI, PCTk, FWt, and Fwd. Consequently, these traits should be prioritized during parental
selection. These findings are consistent with previous research. For instance, Cebolla-Cornejo et
al. (2013) reported that the first six principal components accounted for 78.73% of the overall
variation, primarily in traits like cluster number per plant, locule number, fruit weight, and fruit
number per plant. Other studies have shown that the first two PCs explained 51.2% of the variation,
largely attributed to fruit size and shape, while three PCs captured 71.6% of the cumulative
variance, with PC1 alone contributing 50% from traits including days to flowering, maturity, and
fruit morphology. Hussain et al. (2018) found that PC1 and PC2 explained 37.12% of the variation,
driven by phenological and fruit characteristics. Similarly, Ganeva (2020) demonstrated that the
first five PCs accounted for 87.5% of the cumulative variance for plant and fruit traits, with the

first two PCs contributing 32% and 18.1%, respectively.

Multivariate analysis is a valuable tool for selection in the early stages of breeding, where
numerous traits must be evaluated simultaneously (Barth et al., 2022). Furthermore, crosses
between parents from divergent gene pools can generate heterosis and transgressive segregants,
enhancing genetic gain (Geng et al., 2021). In this study, cluster analysis based on 15 quantitative
traits classified the 143 tomato genotypes into three distinct groups. Cluster III was the largest
(n=74), characterized by a long fruit maturity period, thicker pericarps, longer fruits, shorter plants,
a high fruit shape index, and high yield derived from a moderate number of large-sized fruits.
Cluster II (n=39) was defined by late flowering, fewer fruits per inflorescence and cluster, lower
total and marketable fruit numbers, a high number of locules per fruit, and the highest marketable
and total yield per plant. In contrast, Cluster I (n=30) comprised genotypes with a short flowering

time, thin fruit walls, few locules, and low marketable and total yield. This cluster also exhibited
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the highest values for total soluble solids (TSS), plant height, and number of fruits per cluster, but

the smallest fruit size traits (weight, length and width).

Similarly, multiple correspondence analysis (MCA) of 18 qualitative traits also grouped the
genotypes into three distinct clusters. The primary traits driving this variation were orange skin
and flesh color, a drooping petiole attitude, the presence and varying intensity/extent of a green
shoulder, indeterminate growth habit, and oblong or flattened fruit shapes. This clustering of
tomato germplasm based on quantitative and qualitative traits is consistent with findings from
other scholars (Daniela Ganeva, 2020; Henareh et al., 2015; Sharma et al., 2006). The valuable
traits identified across the clusters such as fruit size, pericarp thickness, yield, fruit shape, firmness,
and skin color highlight the potential of utilizing these genetically diverse genotypes as parental

lines in targeted crossing programs or other pre-breeding activities for tomato improvement.

3.5 Conclusion

The current findings confirm the existence of highly significant genetic variation among the tomato
genotypes for the 15 quantitative and 18 qualitative traits studied. For most quantitative traits, high
to moderate estimates of broad-sense heritability and genetic advance indicate that their expression
is governed primarily by additive gene action, confirming that phenotypic selection would be
effective for their improvement. Furthermore, the combination of substantial heritability and
genetic advance, coupled with strong positive genetic correlations of fruit weight, length, width,
shape index, days to flowering, and pericarp thickness with marketable and total yield, strongly
suggests that simultaneous improvement in these traits will directly enhance fruit yield in
tomatoes. Conversely, these beneficial fruit traits were negatively correlated with the number of

fruits per plant. Multivariate analyses substantiated the genetic diversity, with cluster analysis
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grouping the 143 genotypes into three distinct clusters, and principal component analysis (PCA)
revealing that the first five principal components accounted for 82.68% of the total variation. The
PCA biplots identified FWt, FL, PH, NFtC, NFIF, PCTk, MNP, TNP, NL and FSHI as the key
traits driving this genetic variation. This study provides a comprehensive genetic characterization
of a diverse tomato germplasm collection, specifically identifying the key heritable yield
components and their interrelationships. It pinpoints a core set of measurable traits fruit size and
architecture as the primary drivers of yield, offering a practical framework for breeders to enhance

selection efficiency in tomato improvement programs.
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CHAPTER FOUR
4.0 Molecular genetic diversity and population structure of tomato germplasm
4.1 Introduction
Tomato is a significant vegetable crop in Ethiopia, serving as a source of income, nutrition, raw
materials for agro-industries and foreign currency. However, its productivity is limited by diseases,
pests, and a lack of varieties with high-yield, fruit quality, and resistance to biotic and abiotic
stresses. Research has led to the development of open-pollinated and hybrid varieties, but open-

pollinated varieties are declining in yield and hybrid seeds are costly and limited in availability.

Developing varieties that combine high yield, fruit quality and resistance to various biotic and
abiotic stresses contributes to improving the productivity of tomato in Ethiopia. In this regard,
determining the quantity and pattern of genetic variation found in germplasm would help in the
identification of superior genotypes or breeding lines (Govindaraj et al., 2023). Morphological and
molecular markers have been used to analyze the extent and pattern of genetic diversity (Nadeem
et al., 2018). Morphological markers are limited in number and influenced by various factors such

as, growth stages and environmental factors (Bekele & Bekele, 2014).

Currently, with the evolution of advanced genomic tools, molecular markers are widely applied
for diversity assessment in most crop plant species (Bhanu, 2017). As compared to morphological
markers, molecular markers provide better power to explore genetic diversity and could be
reproducible in any plant part, growth stage, or environment. DNA markers including RAPD,
AFLP, ISSR, SSR, SNPs, DART, and retrotransposons have been applied in genetic diversity
assessment, each with its own strengths and weaknesses (Nadeem et al., 2018). Amongst these,

SNPs are high-throughput and cost-effective technologies that have been applied in map
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construction, genetic diversity analysis, genome-wide marker trait association, marker assisted
selection, and genomic selection (Xia ef al., 2019). SNPs have been preferred because of their high
level of polymorphism, wide genome coverage, locus specificity, high reproducibility, and fixed

physical position on the chromosome (Yan et al., 2010).

Studies have been conducted to explore the genetic diversity of tomato through multivariate
analysis of phenotypic traits (Ghosh et al., 2010; Grozeva et al., 2021b; Hassan et al., 2021;
Marefatzadeh-Khameneh et al., 2021; Mata-Nicolas et al., 2020b; Rasheed et al., 2023; Salim et
al., 2020; Wang et al., 2020) and molecular markers such as SSR (Athinodorou, Foukas,
Tsaniklidis, Kotsiras, & Chrysargyris, 2021; Benor et al., 2008; Eider ef a/., 2020; Gharsallah et
al., 2016; Kaushal et al., 2017; Korir et al., 2014; Luisa et al., 2012; Zhou et al., 2015) and SNPs
(Celik et al., 2017; Farinon et al., 2022; Mungai et al., 2021; Sim et al., 2011). In Ethiopia, few
phenotypic diversity studies were conducted involving a limited number of genotypes (Ene ef al.,
2022; Shushay et al., 2014), but no scientific information is available on the molecular genetic
diversity. This study was conducted to determine the level of genctic diversity, genetic
relationships, and population structure among 187 tomato germplasm.

4.2 Material and methods

4.2.1 Plant materials, leaf sample preparation and high-throughput genotyping

One hundred and eighty-seven tomato genotypes consisting of fresh market (63), processing (112)
and cherry types (12) were genotyped using the DArTseq genotyping platform. Leaf samples were
collected from seedlings grown in a screen house using 128 cavity seedling trays filled with peat
moss media. Five young leaf discs (60-80 mg leaf discs) were taken from four 28-day-old

seedlings per genotype using a leaf cutting punch and mat. The leaf cutting mat and punch were
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sterilized using 70% alcohol every time after the completion of sample collection from each
genotype. Leaf discs were placed in 96-well plates and oven-dried at 35 °C for 12 hours. The dried
leaf samples were sent to SEQART Africa, located at the International Livestock Research

Institute in Nairobi, for DArTseq SNP genotyping.

DNA extraction was done using the Nucleomag plant DNA extraction kit (Macherey-Nagel,
2014). The genomic DNA quality and quantity were checked on 0.8% agarose gel electrophoresis
and the Nanodrop spectrophotometer. The genomic DNA extracted was in the range of 50-100
ng/ul. Genomic DNA libraries were constructed according to Kilian et al. (2012). DArTseq
complexity reduction method through digestion of genomic DNA using a combination of Pstl and
Msel enzymes and ligation of barcoded adapters and common adapters, followed by PCR
amplification of adapter-ligated fragments. Next-generation sequencing was carried out using

Hiseq2500.

Genotyping was performed using Diversity Arrays Technology's DArTseq platform, a high-
throughput Genotyping-by-Sequencing (GBS) method (https://www.diversityarrays.com,
accessed on 24 January 2024). The DArTsoft14 proprietary pipeline was used to score two distinct
types of markers from the sequencing data: (1) SilicoDArT markers, which represent
Presence/Absence Variations (PAVs) of specific DNA fragments and are scored in a binary format
(1/0 for presence/absence), and (2) SNP markers, which represent single nucleotide
polymorphisms and are scored as co-dominant genotypes. Both sets of markers were aligned to
the tomato reference genome SL4.0 (Hosmani et al., 2019) to determine their physical

chromosomal positions. The SilicoDArT markers, being dominant, are highly suitable for genetic
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fingerprinting and broad-scale population structure analysis, while the co-dominant SNP markers

provide higher resolution for detailed genetic studies (Sansaloni ef al., 2010).

4.2.2 Data analysis

4.2.2.1 Imputation and data filtering

An initial set of 18,229 single SNP markers could be extracted from the DArTseq genotyping
platform. Monomorphic SNPs were removed, while polymorphic SNPs, including those with
unknown positions on chromosomes, were retained for the study. After imputation of the SNPs
with Beagle (Browning et al., 2021), 4729 highly informative SNPs (51.9%) were employed for
the analysis. SNPs with >20% missing sites, <2% minor allele frequency, and >10%
heterozygosity were removed using TASSEL software (Buckler ef al. 2011). Subsequently, 187
genotypes and 4729 SNPs were employed for the molecular diversity and population structure

analyses.

4.2.2.2 Level of SNP polymorphism

The number of SNPs on each chromosome was determined. The average nucleotide composition
and rate of transition and transversion mutation was computed using the MEGA software (Kumar
et al., 2018). The SNP density within 1 Mb window size was also determined using MC Package
in R software. The polymorphism information content (PIC), minor (MAF) and major (MAR)
allele frequencies, observed heterozygosity (Ho) and expected heterozygosity (He) were computed

using Power marker v 3.25 (Liu & Muse, 2005).

4.2.2.3 Genetic population structure analysis
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Genetic population structure, assuming the admixture model and correlated allele frequencies, was
computed using the STRUCTURE software version 2.3.4 (Evanno et al., 2005). The structure
software applies the Bayesian algorithm for individual grouping, which utilizes the Markov Chain
Monte Carlo (MCMC) estimation method. Individuals are pre-allocated to a pre-specified number
of clusters, followed by re-grouping of individuals based on the extent of variant frequencies
estimated in each group (Porras-Hurtado et al, 2013). The analysis was repeated five times
independently for each value of K (k = 1 to 10). These replicates are essential to verify that the
results are consistent and robust, not dependent on the random starting point of a single analysis.
The structure was run with a 50,000 burn-in period followed by 100,000 MCMC iterations after
the burn-in period. The Ak was applied to determine the most probable number of subpopulations
(K groupings) using web-based structure harvester software (Earl, 2012). Population grouping was
inferred based on the highest delta (K) value from the five independent analyses for each k value.
Membership of each individual genotype to the inferred sub-population was determined with a
membership coefficient of Q = 0.65, otherwise considered as an admixture. A bar plot was
generated to visualize the population structure of the germplasm with the same software. Principal
coordinate analysis (PCoA) and Weighed Neighbor-joining tree using simple matching
(Mohammadi & Prasanna, 2003) dissimilarity index of allelic data using 3000 bootstraps were

computed using Darwin 5.0 software (Perrier & Jacquemoud-Collet, 2020).

3.2.2.4 Genetic diversity parameters

The genetic diversity within and among populations was determined using 4729 highly
informative SNPs, for the structured populations and predefined groups (fresh market, processing
and cherry types). AMOVA, which is applied for hierarchical partitioning of the genetic diversity
among and within population was computed following the distance Condom-Allelic option using
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the GenAlEx 6.5 software plugin for Excel (Peakall & Smouse, 2012). F-statistics, including the

FST which provides the total standardized genetic differentiation among population, were

computed to generate information regarding genetic diversity within and among populations. The

following genetic indices: number of different alleles (Na), proportion of polymorphic loci (Pp),

effective number of alleles (Ne), Shannon's Information Index (I), observed heterozygosity (Ho),

expected heterozygosity (He), and unbiased expected heterozygosity (uHe) were analyzed.

Pairwise gene flow, Nei’s genetic distance and Fst among populations were also computed using

the same software.
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4.3 Result

4.3.1 Level of SNP polymorphism

After filtering and removing monomorphic markers on chromosomes, 187 genotypes and 4729
SNPs were retained for molecular genetic diversity analysis. SNP markers were distributed along
all the 12 chromosomes. About 227 SNPs were found to be with no known positions on
chromosomes. The highest number of SNPs, 795 (16.8%), was distributed on chromosome 6,
while the smallest number of SNPs, 101 (2.13%), was distributed on chromosome 10 (Figure 4.1b).
The average SNPs per chromosome was 375. Similarly high density of SNP was observed on

chromosomes 6, 2, 1, 9 and 4 (Figure 4.1a).
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Figure 4.1: a) density and b) genome-wide distributions of SNPs across 12 chromosomes as determined by the
DArTseq genotyping platform.
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Figure 4.2: The proportion of nucleotide composition across the 12 chromosomes. A = Adenine, T = Thymine, C =
Cytosine, G = Guanine

Table 4.1: Types of SNP transition and transversion mutations

Transitions (s1) Transversion (Sv) si/sv
Substitutions A/G T/C A/T A/C T/G C/G 1.41
Number of alleles 1392 1374 596 489 502 376
Frequency (%) 29.4 29.0 12.6 10.3 10.6 8.0
Total 2766 (58.5%) 1963 (41.5%)

The proportion of nucleotide compositions of A and T was higher compared to those of G and C
(Figure 4.2). Additionally, the study showed that transition mutations (TC and AG) were more
prevalent (2766, 58.45%) than transversion mutations (1963, 41.5%) (Table 4.1). The AG
transition type was slightly more common than the TC transition. The transversion mutation with

the highest level of AT was followed by TG, AC, and CG.

The average polymorphism information content value was 0.143, with a range of 0.04 to 0.37.

Over 56.5% of SNPs had a PIC value of 0.2 (Table 4.2). The overall range of gene diversity (Hc)
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was 0.04 to 0.50, with an average of 0.163., 73.4% of the SNPs had gene diversity value of 0.2.
The heterozygosity that was observed had an average of 0.031 and varied from 0.00 to 0. 099.The
MAF varied from 0.02 to 0.497 with the average of 0.11. In most cases, it was discovered that the
observed heterozygosity was lower than the expected heterozygosity. The SNP markers exhibited

substantial gene diversity, PIC and MAF among the tomato germplasm resources in Ethiopia.

Table 4.2: Minor and major allele frequencies, gene diversity, observed heterozygosity, and polymorphic information
content of 4729 SNPs across 187 tomato genotypes

Parameter Minimum Maximum Mean
Major allele frequency 0.503 0.98 0.89
Minor allele frequency 0.02 0.497 0.11
Availability/reproducibility 0.83 1 0.99
Gene diversity 0.04 0.5 0.163
Observed heterozygosity 0 0.099 0.031
Polymorphic information content 0.04 0.37 0.143

4.3.2 Genetic diversity and population structure

The genetic population structure of 187 tomato germplasm was analyzed using 4729 SNP markers
aimed at identifying the genetic differentiation and relationship. The study revealed two
genetically distinct populations (Figure 4.3a) and admixtures, with cluster I and cluster II

containing 6 (3.2%) and 172 (91.98%) genotypes respectively (Figures 4b). The remaining 9
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(4.81%) genotypes were classified as admixtures. The cherry tomatoes were classified in cluster I,
introduced from RDA, South Korea. On the other hand, most of the genotypes in Cluster II
consisted of fresh market and processing types. The admixture group had a mix of cherry and fresh
market types. Similarly, the PCoA analysis partitioned the germplasm into two well differentiated
genetic groups, with PCoA (29.02%) and PCoA> (10.78%) accounting for a significant portion of

the total genetic diversity (39.8%) (Figure 4.3d).

4.3.3 Genetic distance and weighted neighbor joining clustering

The Neighbor-joining tree was determined using a simple matching dissimilarity index of allelic
data using 3000 bootstraps. The highest genetic distance (0.54323) was found between genotype
166 (cherry tomato) and genotype 179, while the smallest distance (0.00744) was found between

genotypes 153 and 156 (Figure 4.3¢).

In the pre-defined populations, such as in the processing sub-group, the maximum distance
(0.31301) was between genotypes 174 and 145, while the lowest (0.015483) was between
genotypes 117 and 116. In the fresh market sub-group, genotypes 183 and 171 had the greatest
genetic distance (0.41204), while genotypes 156 and 153 had the smallest genetic distance
(0.00741935). In the cherry subgroup, the largest distance (0.452258) was identified between
genotypes 02 and 166, while the smallest (0.0744086) was detected between genotypes 163 and

166.

In structured populations, such as population 1 (cherry tomato), the greatest genetic distance
(0.19172) was between 162 and 171 genotypes, while the smallest (0.074408) was between
genotypes 163 and 166. In subpopulation 2, the greatest distance (0.2965591) was between
genotypes 37 and 145 and the smallest (0.0074193) between genotypes 153 and 156. In the
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admixture groups, the largest genetic distance (0.3973118) was between genotypes 25 and 174,

and the shortest (0.05473118) genetic distance was between genotypes 174 and 176.

The weighted Neighbor-Joining method revealed three distinct genetic clusters, with cluster 1

comprising 56 genotypes, cluster 2 with 3 genotypes and cluster 3 with 128 genotypes.

Out of the 56 genotypes in cluster 1, 47 were lines developed at MARC, 4 were released varieties,
and 5 were lines introduced from other sources. All of these lines are of processing types and have
oblong fruit shapes, except for the released variety 48 and line 21, which exhibit a round fruit
shape. Cluster-1 has been further splited into two subpopulations, with 19 genotypes in
subpopulation 1 and the remaining 37 genotypes in subpopulation 2. The three genotypes in cluster

2 exhibited similar plant and fruit morphology, which were introduced from India.

The third cluster contained 128 genotypes, which were further divided into two major subgroups.
Subgroup-1 consisted of nine fresh market genotypes, three released varieties (47, 45, and 43) and
six lines developed at MARC. Genotypes in this subgroup are distinguished mostly by their huge,
spherical fruit form. The second subgroup had 119 genotypes, which were divided into two sub-
clusters, with sub-cluster-1 consisting of 26 genotypes. The 26 genotypes in this subgroup
comprised the 6 cherry and 7 admixture cherry types grouped by the model-based structure
analysis, as well as 13 genotypes introduced from Worldveg (3 genotypes), lines generated at

MARC (7 lines), and an unknown source (3 genotypes).

The remaining sub-cluster of cluster-3 consisted of 93 genotypes of fresh market (37 genotypes)
and processing (56 genotypes) types brought from various sources, including Worldveg, South

Korea's RDA, and MARC lines. Ten varieties released for cultivation in Ethiopia (46, 42, 57, 6,
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53, 56, 52, 54, 55, and 49) were grouped within this sub-cluster This sub-cluster included ten
released varieties (46, 42, 57, 6, 53, 56, 52, 54, 55, and 49) in Ethiopia. The Weighted neighbor
joining classification did not clearly distinguish tomato germplasm with respect to breeding status

and fruit morphology, such as size and shape, seed source, or market types.
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Fig. 4 Population genetic structure of 187 Ethiopian tomato germplasm: (a) AK-determined optimal clusters (K=2);
(b) STRUCTURE plot (Cluster I: red, II: green, admixed: blue); (c) weighted neighbor-joining tree; (d) Principal
Coordinates Analysis (PCoA)

4. 3.4 Analysis of molecular variance (AMOVA)
The AMOVA was computed based on the two structured distinct populations and the admixture
as inferred from the population structure analysis, and the pre-defined market types, such as fresh

market, processing, and cherry, to investigate the level of genetic distinctiveness for future
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breeding works. Variation within the cluster (50%) was comparable to the variation accounted
among population (50%) for the structured population, whereas the variation within in predefined

population (87%) was much higher than among populations (13%) (Table 4.3).

Table 4.3: AMOVA for the structured and predefined population of tomato germplasm.
Source DF SS MS Est. % F-statistics

Pre-defined population

Among population 2 108317 541587 4952 13 Fst = 0.134 (0.001")
Among Individual 184  104283.6  566.76  246.88 67 Fis = 0.772 (0.001")
Within Individual 187 136495 72.99 7299 20 Fir = 0.802 (0.001%)
Total 373 1287648 369.39 © 100 Nm = 1.615

Structured population

Among population ) 17746.2 8873.08 296.19 50 Fst=0.496 (0.001)
Among individual 184 97369.13 529.2 228.1 38 Fis = 0.758 (0.001%)
Within individual 187 13649.5 72.2 72.2 12 Frr = 0.878 (0.001%)
Total 373 128764.8 597.3 100 Nm = 0.254

* P(rand >= data)

Analysis of genetic diversity indices among the structured populations revealed that Population 3
possessed the highest gene diversity (0.25), followed by Population 1 (0.14), a group comprised

of cherry tomato accessions (Table 4.4).

Table 4.4: Genetic diversity indices among the structured and pre-defined population of tomato germplasm

Population N Na Ne I Ho He uHe % of PL
Pre-defined population e i

Processing 112 1.858 1.180 0.221 0.028 0.127 0.128 85.8
Fresh market 63 1.970 1.162 0.226 0.032 0.123 0.124 97.0
Cherry 12 1.779 1.491 0411 0.064 0.277  0.290 77.9
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Total 62 1.869 1.277 0.286 0.041 0.176  0.181 86.9

Structured population

Population -1 6 1.5 1.22 0.22 0.1 0.14 0.15 474
Population -2 172 1.9 1.17 0.22 0.03 0.12 0.12 89.4
Population -3 9 1.8 1.41 0.38 0.04 0.25 0.26 75.4
Total 62 1.7 1.26 0.27 0.056 0.17 0.18 70.7

N = number of samples, Na = number of different alleles, PL= polymorphic loci, Ne = effective number of alleles, I
= Shannon's information index, Ho = observed heterozygosity, He = expected heterozygosity, uHe = unbiased expected
heterozygosity.

Genotypes in population 2 had the lowest expected heterozygosity (0.12). In terms of observed
heterozygosity, population 1 had the highest value (0.1), followed by population 3 (0.04) and
population 2 (0.03). Population 2 had the highest percentage of polymorphic loci (89.4%),
followed by population 3 (75.4%), while population 1 had the lowest percentage (47.4%). The
Shannon diversity index was highest for population 3 (0.38), followed by population 2 (0.22) and
population 1 (0.22). Additionally, the number of effective alleles was highest for population 3
(1.41), followed by population 1 (1.22) and population 2 (1.17). Similarly, genetic diversity indices
among the predefined population indicated that the highest expected heterozygosity was detected
in cherry tomatoes (0.277), followed by the processing types (0.127), and fresh market tomatoes

(0.123)

In the predefined populations, the fresh market and processing types had the lowest Nei's genetic
distance (0.006) and Fst (0.013) due to the high gene flow (N, = 18.968) (Table 4.5). The highest
Nei's genetic distance (0.112) and FST (0.126) were identified between fresh market and cherry
types, followed by between processing and cherry types, Nei's genetic distance (0.104) and Fst

(0.115), and relatively low gene flow ranging from 1.732 to 1.929.

The highest Nei genetic distance was observed between population 1 and population 2 (0.347),

followed by between population 1 and population 3 (0.277) for the structured population. The
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lowest genetic distance was observed between population 2 and population 3. A similar pattern
was observed for the genetic differentiation value between structured populations, while the
pairwise Nei genetic identity and gene flow showed an opposite trend between each pair of

populations.

Table 4.5: The pairwise Nei genetic distance, genetic identity, gene flow, and FST among structured and pre-defined
populations of tomato germplasm

Nei D Nei I Nm Fst

Pre-defined population

Processing Fresh market 0.006 0.994 18.968 0.013
Fresh market Cherry 0.112 0.901 1.732 0.126
Processing Cherry 0.104 0.894 1.929 0.115
Structured population

Population-1 Pop-2 0.347 0.707 0.125 0.667
Population-1 Pop-3 0.277 0.758 0.339 0.424
Population- 2 Pop-3 0.065 0.937 0.684 0.268

Nei D = Nei genetic distance, Nei I = Nei genetic identi-tyTN-rn = Number of migrants, Fst = fixation index

4.4 Discussion

Molecular genetic diversity analysis is a cornerstone of modern crop improvement, providing the
means to identify distinct alleles for utilization in breeding programs. A thorough characterization
of this variation is essential for uncovering novel allelic sources and for the strategic selection of
complementary parental lines. In tomato, as in other crops, genetic diversity and population
structure have traditionally been assessed using various molecular markers across a range of
genetic resources, including breeding lines, landraces, and wild relatives (Benor et al., 2008; Korir

et al., 2014; Gharsallah et al., 2016). Contemporary research, however, increasingly relies on
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Single Nucleotide Polymorphism (SNP) markers due to their high density and reproducibility.
Sourced from advanced genotyping platforms such as whole-genome sequencing, array-based
technologies, and genotyping-by-sequencing (GBS), SNPs provide a robust framework for
detailed genetic architecture analysis. This enables a more precise resolution of phylogenetic

relationships and the identification of unique, valuable alleles.

The current study investigated the molecular genetic diversity and population structure of 187
tomato accessions using 4,729 informative SNP markers derived from DArTseq. Previous
research, often utilizing smaller SNP sets, established that wild species and geographically isolated
landraces not modern cultivars harbor the greatest genetic diversity in tomato (Kawicha et al.,
2023; Labate, 2021; Pailles et al., 2017). These divergent populations, which exhibit high genetic
variation, are therefore considered vital reservoirs of novel alleles for breeding more resilient and
productive cultivated tomatoes. This work builds upon past efforts that employed substantial
numbers of SNPs to characterize tomato germplasm (Ayenan et al., 2021; Farinon et al., 2022;
Kandel et al., 2019; Mungai et al., 2021; Sim et al., 2012). In the present analysis, the average of
375 SNPs per chromosome indicates a comprehensive distribution of markers across the genome.
The density of these informative markers reflects the potential genetic variation available for
discovery. Furthermore, the SNP density was observed to be higher in the telomeric regions than
in the centromeric regions of most chromosomes, a pattern consistent with previous reports

(Ayenan et al., 2021).

As part of an assessment of the total genetic diversity in the tomato germplasm panel, the
polymorphism information content (PIC), minor allele frequency (MAF), expected heterozygosity

(He), and observed heterozygosity (Ho) were evaluated. The overall ranges of gene diversity (He:
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0.04-0.50), Ho (0.00-0.031), MAF (0.02—0.497), and PIC (0.04-0.37) indicated that the SNP
markers displayed considerable genetic diversity across the tomato germplasm. These values align,
in most cases, with the findings of Ayenan et al. (2021). The observed heterozygosity was lower

than the expected heterozygosity, which is consistent with the autogamous nature of tomato.

The transition-to-transversion mutation ratio is commonly used as a general criterion for
evaluating SNP quality (Guo et al., 2012, 2013). This study identified a higher proportion of
transition mutations (TC and AG: 58.45%) compared to transversion mutations (41.5%), yielding
a ratio of 1.41:1. A similar pattern of transition-to-transversion mutations has been previously
reported in tomato (Ayenan et al., 2021), pepper (Solomon et al., 2019; Tamisier et al., 2020;

Taranto et al., 2016), and potato (Simko et a/., 2006).

Model-based structure analysis categorized the 187 tomato germplasm accessions into two distinct
genetic groups. The majority of genotypes (172, 91.98%) were assigned to Cluster II, which
consisted predominantly of fresh market and processing types. In contrast, only six genotypes
(3.2%) were assigned to Cluster I, all of which were cherry tomatoes. The remaining nine
genotypes (4.81%) were identified as admixtures, showing genetic contributions from cherry, fresh
market, and processing types. Principal Coordinate Analysis (PCoA) corroborated this genetic
structure, revealing two distinct clusters that aligned with the taxonomic separation between
Solanum lycopersicum var. lycopersicum and Solanum lycopersicum var. cerasiforme. The first
two principal coordinates, PCoA1 (29.02%) and PCoA2 (10.78%), together accounted for 39.8%
of the total molecular genetic diversity. This pattern is consistent with previous research. For
instance, a PCoA analysis of 952 tomato accessions from Solanum pimpinellifolium (SP), Solanum

lycopersicum var. cerasiforme (SLC), and Solanum lycopersicum var. lycopersicum (SLL) using
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2313 markers also classified the germplasm into three distinct groups corresponding to each
species. In that study, PCoAl (34.02%) and PCoA2 (5.6%) collectively explained 39.62% of the

genetic diversity (Blanca et al., 2015).

The findings of this study indicate that, with the exception of the separation of cherry types, neither
the model-based (structure analysis) nor the non-parametric approaches (PCoA and weighted
neighbor-joining) classified the germplasm into distinct fresh market and processing types. An
Analysis of Molecular Variance (AMOVA) further confirmed the lack of clear differentiation,
revealing negligible genetic divergence (Fst = 0.013) between these two groups, which can be
attributed to a high degree of gene flow (Nm = 19). This genetic homogeneity is likely a
consequence of breeding history, where genetic improvement has historically involved the
exchange of adaptive traits between fresh market and processing types, including introgression

from related and wild species (Bai and Lindhout, 2007).

Consistent with our results, a similar study of 190 tomato germplasm accessions from 31 countries
identified three genetic clusters using model-based methods but also found no clear genetic
distinction among pre-defined categories such as fresh market, processing, ornamental, breeding
lines, landraces, and home garden types (Labate, 2021). This further supports the conclusion that

genetic variation in tomato germplasm is poorly associated with a priori groupings based on market

type.

In contrast to the findings of the current study, previous research has reported genetic
differentiation between fresh market and processing tomato types. For instance, Wang et al. (2016)
identified significant genetic structure among 348 vintage and contemporary tomato accessions,

with a subgrouping of vintage varieties by fruit color that may reflect specific market niches.
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Similarly, Sim et al. (2011) found genetically distinct groups among 70 tomato germplasms
representing contemporary (processing and fresh market), vintage, and landrace varieties, which
aligned with predefined market niches and historical age, although a high degree of admixture was
noted between the fresh market and processing groups. Blanca et al. (2015) also reported a
distinction between fresh market and processing types, with further subgrouping within each
category. This observed genetic differentiation in cultivated tomato is likely a result of breeding
efforts targeting specialized market niches. The discrepancy between our results and these earlier
studies may be attributed to differences in the germplasm sampled, as the specific subpopulation

selected for analysis can significantly influence the detection of genetic structure.

AMOVA was performed using two sets of groupings: the pre-defined market types and the two
genetic sub-populations, including the admixture group, identified by the structure analysis. In
both scenarios, the analysis revealed moderate to high and statistically significant genetic
differentiation among the subpopulations. Within the pre-defined groups, a moderate (Fst = 0.143)
and highly significant (p < 0.001) genetic differentiation was observed between the cherry types
and either the fresh market or processing types. In contrast, the differentiation between fresh
market and processing types was negligible (Fst = 0.013), confirming the lack of a clear genetic
distinction based on market type in this germplasm set. This result aligns with the findings from
the model-based structure and weighted neighbor-joining analyses. The low level of differentiation
was further supported by a very low Nei's genetic distance (0.006) between the fresh market and
processing groups, which can be explained by the high gene flow (Nm = 18.968) observed between

them.
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Gene diversity (He) was highest in the cherry types (He = 0.277), followed by the processing (He
=0.21) and fresh market (He = 0.123) subpopulations. This pattern is consistent with the findings
of Blanca et al. (2015), who reported the highest gene diversity in Solanum pimpinellifolium (SP),
followed by Solanum lycopersicum var. cerasiforme (SLC) and Solanum lycopersicum var.
lycopersicum (SLL). Furthermore, the same study noted a slightly higher gene diversity within the
processing (He = 0.096) compared to the fresh market (He = 0.091) subgroups of the cultivated

tomato.

4.5 Conclusion

A comprehensive genomic analysis of 187 Ethiopian tomato germplasm, using 4,729 SNP
markers, revealed a hierarchical population structure defined by two primary genetic clusters. The
predominant cluster (92.0% of germplasm) encompasses both fresh market and processing types,
exhibiting remarkably low genetic differentiation (Fst = 0.013) and high gene flow (Nm = 19).
This indicates extensive germplasm exchange during breeding. In contrast, a distinct minor cluster
(3.2% of germplasm), dominated by cherry tomatoes, shows significant divergence from the main
group (Fst > 0.115). The overall collection displays low-to-moderate genetic diversity (He =
0.163; PIC = 0.143), consistent with global cultivated tomatoes and reflecting domestication
bottlenecks and self-pollination. Notably, cherry tomatoes exhibit substantially higher diversity
(He =0.277) than processing (He = 0.127) or fresh market types (He = 0.123). As the first detailed
genomic characterization of Ethiopia's tomato germplasm, this study establishes a critical
foundation to: (1) identify molecular markers for key agronomic traits (yield, quality, stress
resistance), and (2) strategically exploit the existing diversity within and between clusters for

breeding. This enables the development of locally adapted varieties resilient to Ethiopia’s unique
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growing challenges and market demands, directly addressing the country's significant productivity

gap.

CHAPTER FIVE
5.0 Genome wide association study for fruit yield and quality among tomato germplasm
5.1 Introduction

The tomato improvement program focuses on increasing yield and quality. Although traditional
breeding methods have led to the development of high-yielding and better-quality tomato varieties,
they have been constrained by the time required and the complexity of trait inheritance. Fruit yield
is influenced by fruit size, number of fruits, TSS, etc. (Monamodi et al., 2013; Rasheed, 2017).
Molecular studies indicate that fruit yield is largely determined by fruit size QTLs (Hernandez-
Bautista et al., 2015). Understanding the genetic basis of these traits is crucial for improvement
through molecular plant breeding. Recent advancements in molecular breeding, specifically
genome-wide association studies (GWAS), provide a new approach to examining the genetic

factors that underlie complex traits.

The tomato fruit size and shape genetic architecture have been studied (Bertin ez al. 2009; FOGLE
and CURRENCE 1950; Grandillo, Ku, and Tanksley 1999; Ibarbia and Lambeth 1969). Fruit-size
QTLs, such as fwl.1, fw2.1, fw2.2, fw3.1, fw3.2, and fwl1.3, were identified and mapped. FW2.2
(Frary et al., 2000), FAS (FW11.3) (Z. Huang & van der Knaap, 2011), LC (Muiios et al., 2011),
FW3.2 (Chakrabarti et al., 2013), and Fw11.3 (Mu et al., 2017) were fine-mapped and cloned.

Four to 17 loci were known to determine fruit shape and number of locules (Rodriguez et al.,
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2011). Among these genes, SUN and OVATE are associated with elongated fruit shapes, while
FAS and LC determine the number of locules and flat fruit shapes (Rodriguez et al., 2011).
Similarly, 25 QTLs for fruit length, fruit diameter, fruit weight, fruit yield, locule number, and brix
degree that accounted for 4.19% to 12.67% of phenotypic variation were identified (Herndndez-

Bautista et al., 2015) and plant height (Zhou et al., 2016).

GWAS has also been widely applied to identify genomic regions closely associated with yield,
yield-related, and fruit quality traits in tomato (Kim ef al., 2021; Liu, Jiang and Li, 2023; Phan et
al., 2019; Shah et al., 2024;Wang et al., 2020). For instance, 51 QTLs were identified for fruit
color, fruit shape, pericarp thickness, fruit weight, fruit width, and fruit length, explaining 7.11 to
37.64% of the phenotypic variance (Phan ef al/., 2019). Similarly, 33 significant QTLs were
identified for fruit weight, fruit width, fruit length, fruit shape index, fruit pericarp thickness, locule
number, firmness, and total soluble solids (Kim et al., 2021). Furthermore, 44 marker-trait

associations were detected for 19 metabolic traits(Sauvage et al., 2014).

Quantitative traits such as yield and fruit quality are polygenic in nature, and the identification of
their genetic bases using molecular tools is greatly influenced by the genetic background and
interactions, including gene—environment interactions (GET) and epistasis. Therefore, identifying
additional and stable QTLs is essential to deepen our understanding of these genetic bases and to
support their effective utilization in breeding programs (Wang et al., 2016). Moreover, no similar
study has been conducted on Ethiopian tomato germplasm. Hence, this study aims to identify
QTLs that can make a significant contribution to the improvement of tomato breeding programs
in Ethiopia. Specifically, the objective was to identify QTLs associated with yield, yield-related

traits, and fruit quality traits.
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5.2 Material and methods
5.2.1 Phenotyping

One hundred and forty-three tomato germplasms, including 125 breeding lines and 18 improved
varieties, as described in Chapter 3, were employed for the study. Field phenotyping and method
of data analysis were identical to those outlined in Chapter 3. Fourteen traits with high broad-sense
heritability and a highly significant positive genetic correlation with fruit yield were employed.
Days to 50% flowering (DFF), fruit pericarp thickness (PCTk), number of locules (NL), total
soluble solids (TSS), fruit weight (FWt), fruit length (FL), fruit width (FWd), plant height (PH),
number of marketable fruit per plant (MNP), total number of fruit per plant (TNP), fruit shape

index (FSHI), marketable yield per plant (MYP), and total yield per plant (TYP) were considered.

5.2.2 Genotyping

One hundred and forty-three tomato germplasms that were part of 188 tomato germplasm
genotyped at SEQART Africa, as described in Chapter 4, were utilized for genome-wide
association studies (GWAS). The procedures for DNA extraction and genotyping are thoroughly

discussed in Chapter 4.

5.2.3 Imputation and SNP data filtering

An initial set of 18,229 single SNP markers was extracted from the DArTseq genotyping platform.
Monomorphic and SNPs with unknown positions on chromosomes were removed. SNP markers
with a missingness of >10% and individuals or taxa with >10% genotype missingness were
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discarded. Moreover, SNPs with minor allele frequency of <3% and sites and individuals with
>5% heterozygosity were identified using TASSEL software (Buckler et al., 2011) and were
discarded from further analysis. Finally, 127 genotypes and 2,709 informative SNPs were

employed for GWAS analysis.

5.2.4 Linkage disequilibrium (LLD) and decay

Linkage disequilibrium between all pairs of markers on each chromosome was determined using
TASSEL software v5.0 (Buckler et al., 2011). A total of 2,709 SNPs with MAF greater than 3%
were used. The same software was used to calculate pairwise r> and the physical distance between
all pairs of markers on each chromosome. R software was used to plot r* values with physical

distance, and LD decay was computed using a scatter plot with r* set at 0.2.

5.2.5 Genome wide marker-trait association analysis

Genome-wide marker-trait association analysis was conducted using the genetic analysis software,
Genomic Association and Prediction Integrated Tool (GAPIT) package version 3 (J. Wang and
Zhang 2021), in the R software. Multi-locus models (Wang and Zhang 2021), such as Multiple
Loci Mixed Linear Mixed Model (MLMM), Fixed and Random Model Circulating Probability
Unification (FarmCPU) (Xiaolei Liu er al., 2016), and Bayesian information and Linkage-
disequilibrium Iteratively Nested Keyway (BLINK) (Huang et al. 2019), were used to identify
significant marker-trait associations. Principal component analysis (PCA) and pairwise genetic
relatedness (kinship matrix) were employed as covariates in the MEMM and Farm CPU multilocus
models to control false positives due to unknown population structure and family relatedness. The
PCA and kinship matrix were computed using TASSEL version 5.0 software (Buckler et al.,

2011).
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Results from GWAS were examined and graphically visualized through the Quantile-Quantile (Q-
Q) and Manhattan plots; the Q-Q plot graphically visualizes the fitness of the models and the
presence of significant marker-trait associations, while the Manhattan plot depicts significant
associated genomic regions on each chromosome. Manhattan and Q-Q plots were computed using
the same package, GAPIT, in the R software environment. The default p-value cutoff (a = 0.01)
of the Bonferroni correction implemented in the GAPIT software was used to identify significant
associations between SNP markers and traits in the Manhattan plots

5.3 Results

5.3.1 Genetic variability

A highly significant (p<0.01) genetic variation was detected among genotypes for the 14
quantitative traits (Chapter 3). The genotype-by-season interaction was also highly significant
(»<0.01) for NL, MNP, MYP, TNP, TYP, FWt, and FSHI. The range between minimum and
maximum values indicated the presence of genetic variability among the 14 quantitative traits
(Table 5.1). Broad-sense heritability ranged from 29% to 92%: high (79-92%) for PCTk, NL,
MNP, TNP, FWt, FL, FWd, PH, and FSHI; medium (41-59%) for DFF, TSS, TYP, and NFtC;

and low for MYP (29%).

5.3.2 Phenotypic correlations

Highly significant (p<0.01) phenotypic correlation was detected for most of the traits (Figure 5.1).
Marketable yield exhibited a strong correlation with TYP (r, = +0.893), FWt (1, = +0.359), FL (1
= +0.408), FWd (r, = +0.248), FSH (1, = +0.218), PCTk (r, = +0.402), and TSS (r, = -0.171).
Furthermore, a highly significant (p<0.01) phenotypic correlation was observed between total
yield per plant and FWt (r, = +0.461), FL (1, = +0.358), FWd (r, = +0.384), NFtC (1, = -0.104),

DFF (1, = +0.108), PCTk (r, =+0.361), NL (r, = +0.11), TSS (r, = -0.107), and PH (r,, = 0.167).
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The study also identified highly significant positive correlation among PCTk, FWt, FL, FWd, and
DFF. On the other hand, fruit size traits such as FWt (1, = -0.729, 1, = -0.740), FL (1,=-0.506, 1
=-0.548), FWd (1, =-0.739, 1, =-0.734), PCtK (1, =-0.492, 1, =-0.527), and NL (r, =-0.310, 1 =-
0.272) exhibited a highly significant negative correlation with MNP and TNP, respectively. The
phenotypic correlation between marketable yield and marketable number per plant (r, = 0.071)

and total yield and total number of fruits per plant (r, = -0.037) was non-significant.

Table 5.1: Range and broad-sense heritability of 14 quantitative traits of tomato genotypes

Traits Range CV (%) Hy"
DFF! 32-36 4.98 46
PCTK? 3-8 15.87 85
NL3 2-7 18.84 85
TSS* 4.07-4.96 13.35 41
MNP 18-172 25.0 79
MYP¢ 1969.03-2967.35 324 29
TNP’ 32-224 25.9 80
TYPS 2669.46-4852 31.0 44
Fwt 23.53-150.63 12.91 85
FL10 33.06-86.47 10.92 91
Fwdl! 31.08-66.04 9.44 87
PH1? 48.32-148.33 15.06 90
NFCt" 3-5 16.7 59
FSHI™ 0.69 -1.99 10.48 92

Hb = heritability in the broad sense, CV = coefficient of variation; 1 = days to 50% flowering, 2 = pericarp skin
thickness (mm), 3 = number of locules, 4 = total soluble solids, 5 = marketable fruit number per plant, 6 = marketable
yield per plant (g), 7 = the total number of fruits per plant, 8 = total yield per plant (g), 9 = fruit weight (g), 10 = fruit
length (mm), 11 = fruit width (mm), 12 = plant height (cm), 13 = number of fruits per cluster, and 14 = fruit shape
index.

5.3.3 Population structure and kinship matrix

Principal component analysis revealed the existence of three subpopulations (Figures 5.2a, b, and
c). The screen plot was used to determine the significance of the three principal components, which
explained the largest cumulative percentage variance of 30%. The kinship matrix heat map

exhibited three distinct groups (Figure 5.2d).
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Figure 5.1: Heat map showing the association coefficients of 14 quantitative traits in tomato germplasm

5.3.4 Linkage disequilibrium (LD) and decay

In the genome-wide linkage disequilibrium plot (Figure 5.3a), SNPs exhibiting substantial LD are
highlighted in red, signifying that these alleles are co-inherited. In the current study, the r? ranged
from 0 to 1, with an average of 0.22 (Figure 5.3a). The entire LD decay value at r*> = 0.2 was 2.052
Mbp (Figure 5.3b), ranging between 0.157 Mbp for chromosome 07 and 28.826 Mbp for

chromosome 09 (Table 5.2).
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Furthermore, 29 common MTAs were discovered using two or three multilocus models. Sixteen
common MTAs, or pleiotropic loci, were also identified (Table 5.4). For example, TNP and MNP
had nine marker-trait associations, PH and MNP had one, and FL and FSHI had two. Furthermore,
one marker-trait association was found between PH, TNP, and MNP, one between FWd and MNP,

one between FWd and TNP, and one between FSHI and TNP.

The Manbhattan scatter plot (Figure 5.4a) displayed the significant SNPs along their corresponding
positions on chromosomes. The expected -log (p-value) across all markers compared to the
observed -log (p-value) is indicated in the Q-Q plot (Figure 4b). The null hypothesis that there is
no significant association or causal polymorphism was rejected for most traits except for MYP,
TYP, NFtC, and DFF. The Q-Q plot shows a straight line with a sharp upward deviation, indicating
that the multi-locus models adequately controlled both false positives and negatives, signifying
real significant MTAs. This is because the population structure (principal component analysis) and
the relatedness (kinship matrix) were captured by the models. The non-significant marker p-values
have a uniform distribution due to the absence of linkage disequilibrium (LD) between them; the

p-values of the significant markers deviate from the straight line, as indicated in the figures.
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Figure 5.3 :(a) linkage disequilibrium pattern deploying 2,709 SNP markers across 127 tomato germplasm collections
in Ethiopia; b) plot of overall LD decay across 12 chromosomes at a fixed value of r> = 0.2, demonstrating the
relationship between SNP base pair distance and LD value (12). The red line represents the genome-wide LD decay.
The vertical (green) and horizontal (dark blue) lines represent the LD decay distance and half-LD value, respectively.

LD decay equals 2.05 Mbp.

Table 5.2: Linkage disequilibrium (LD) decay for the 12 chromosomes (r* = 0.2) in tomato germplasm

Chromosome LD decay
(Mbp)
01 1.513
02 0.370
03 0.412
04 1.288
05 14.429
06 1.591
07 0.157
08 0.281
09 28.83
10 0.391
11 1.118
12 5.530
Overall 2.052
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Table 5.3: The number of MTAs and QTLs identified for 10 quantitative traits using three multi-locus models across
12 tomato chromosomes.

Trait Number of MTAs Number of QTLs
FL 7 6
FSHI 8 8
Fwd 7 7
FWt 3 3
MNP 25 19
NL 4 4
PCTk 7 7
PH 20 17
TNP 32 26
TSS 8 7
Total 121 104

FL = fruit length (mm), FSHI = fruit shape index, FWd = fruit width, FWt = fruit weight (g), MNP = marketable fruit
number, NL = number of locules, PCTk = pericarp skin thickness (mm), PH = plant height (cm), TNP = total number
of fruits per plant and TSS = total soluble solids.

Table 5.4: Common MTAs detected among traits

Trait Chromosomes Position (base pair) Ilzldl}rrglaser of
TNPMNP TAOGHLAL RSl S5 6 0T 955, 84, 019,411592, 095, 36 °

FL, FSHI 2 18,268,340; 49,548,307 2

MNP, PH 3 51,605,018 1

FW, TNP 2 55,409,913 1
FSHI,TNP 4 62,541,098 1

MNP, FWd 8 63,558,538 1

TNP, MNP, PH 1 92,127,603 1

Total 16

FL = fruit length (mm), FSHI = fruit shape index, FWd = fruit weight (g), FWd = fruit width, MNP = marketable fruit
number, PCTk = pericarp skin thickness (mm), PH = plant height (cm) and TNP = total number of fruits per plant.
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5.3.5.1 Fruit length

Seven marker-trait associations (p< 4.4x10~, FDR < 0.05), which could be clustered into 6 QTLs,
were identified on chromosomes 2, 4, 6, and 9 (Table 5.5). Two MTAs on chromosome 09 at
68.706 Mbp and 69.066 Mbp were clustered into one QTL. The BLINK model detected three loci,
and the FarmCPU model detected the remaining. The phenotypic variance explained ranged
between 1.5% and 7.0%. The most significant marker-trait association (4698369), with a p-value
of less than 1.1 x 10, was identified on chromosome 2 at 18,268,340 bp. It accounted for the
highest phenotypic variance (7.0%). Locus 7839232 on the same chromosome was associated with
the second-highest phenotypic variance explained, 5.2%, with a p-value smaller than 3.2 x 10
Locus 100096164 on chromosome 6 was identified to account for 4.8% of the phenotypic variance,
with a p-value of less than 6.9 x 10, The remaining loci (7841051, 7834983, 7755338, and
4695365) corresponded with phenotypic variations of 3.4%, 2.8%, 2.3%, and 1.5%, respectively.
Three of the loci showed a negative effect on the expression of fruit length, while the remaining

four showed a positive effect.

Table 5.5: Significant marker trait association for fruit length

SNP Allele Ch.  Position P-value MAF Effect Model PVE FDR
4698369 T/C 2 18268340 1.1E-06 0.17 -5.4 FarmCPU 7.0 0.00

7839232 T/C 2 54813995 3.2E-06 0.04 53 FarmCPU 5.2 0.01

100096164 A/G 6 26787671 6.9E-06 0.06 -5 FarmCPU 4.8 0.01

7841051 C/T 4 3225147 4 4E-05 0.04 5.8 BLINK 34 0.04

7834983 C/T 2 49548307 8.6E-06 0.15 -3.9 BLINK 2.8 0.00

7755338 G/T 9 69065763 2.0E-06 0.15 42 BLINK 2.3 0.00

4695365 C/T D

68706460 1.1E-06 0.10 43 FarmCPU 1.5 0.00
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Figure 5.4: a) The Manhattan plot and b) the Q-Q plot for fruit length using BLINK and Farm CPU models

5.3.5.2 Fruit shape index

Eight significant (p<8.9 x 10~°, FDR < 0.05) marker-trait associations, or QTLs, were detected on
chromosomes 1, 2,4, 6,7, 9, and 11 (Table 5.6). The proportion of phenotypic variance explained
ranged from 0.5% to 6.7%. The most significant marker-trait association (100058987, p<I.1x 1(0r
12y was identified on chromosome 6, at position 43,184,064 bp. It explained 4.1% of the phenotypic
variance. Three of the multi-locus models were able to detect this locus. Locus 7850579 was
identified on chromosome 4 at position 62,541,098 bp with a p-value of 1.0 x 10”. It explained the
highest phenotypic variance (6.7%). The next highest phenotypic variance (3%) explained was due
to locus 7834983, detected on chromosome 11. The remaining loci (7834983, 78834983, 7986772,
100087688, 4697721, and 4698369) explained phenotypic variances of 1.5%, 1%, 0.8%, 0.6%,
and 0.5%, respectively. Four of the detected loci had a negative influence, while the remaining

four loci had a favorable effect on the expression of the fruit shape index in tomato.
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Table 5.6: Significant marker trait associations for fruit shape index

SNP Allele Ch. Position P-valuer MAF Effect Model PVE FDR
7850579 C/A 4 62541098  1.0E-07 0.04 0.19 BLINK 6.7 0.00
100058987  T/G 6 43184064  1.1E-12  0.09 -0.19 BLINK +Farm CPU 4.1 0.00

+MLMM
7835756 C/T 1 53574006  2.6E-05  0.07 0.19 MLMM 3 0.04
7834983 C/T 2 49548307  1.6E-10 0.17 -0.14 BLINK +Farm CPU 1.5 0.00
7986772 C/T 1 8778193 1.3E-06 0.04 0.25 BLINK 1 0.00
100087688  A/T 7 1724842 34E-05 0.11 0.08 BLINK 0.8 0.02
4697721 C/A 9 68951923  8.9E-05  0.14 -0.07 BLINK 0.6 0.03
4698369 T/C 2 18268340  1.2E-09 0.04 -0.29 BLINK+ MLMM 0.5 0.00
BLINK.FSHI FamePuFSH
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5.3.5.3 Fruit width

Seven significant marker-trait associations or QTLs (p < 1.4 x 10, FDR < 0.01) were identified

on chromosomes 3, 4, 5, 8, 9, and 12, with the phenotypic variance explained ranging from 0.4%

to 11.7% (Table 5.7). The locus 7844021 on Ch. 8 at position 63,558,538 bp identified by the

BLINK and FarmCPU models was the most significant (p < 5.0x10"°), and explained the highest

phenotypic variance (11.7%). The next most significant MTA identified by the same two models

was locus 100060851, located on ch.08, which explained 9.1% of the phenotypic variance. Two

loci (10006111667 and 15980448) explained the next-highest phenotypic variance of 7%. One of

these loci (10006111667) was the second most significant MTA identified on chromosome 9 at

position 1,839,962 bp. The remaining three loci (7834643, 100102183, and 7941886) explained

4.1%, 5.9%, and 0.4% of the phenotypic variance. Four of the identified loci showed a negative

effect on fruit width, while the remaining three had a positive effect.

Table 5.7: Significant marker trait associations for fruit width

SNP Allele Ch.
7834643 C/A
100102183 C/T
7941886 G/A
7844021 C/T
100060851 T/C
10006111667 C/T
15980448 A/C

O o0 0 Wh K~ W

12

Position

56569746
62046988

2192871
63558538
35491023

1839962
38160310

P-value

9.5E-06
2.1E-08
6.6E-06
5.0E-15
4.5E-10
3.3E-13
1.4E-05

100

MAF

0.04
0.04
0.39
0.04
0.05
0.06
0.03

Effect

3.8
4.8
1.5
-7.4
-4.8
-5.5
-3.5

Model

BLINK

BLINK +Farm CPU
BLINK

BLINK +FarmCPU
BLINK +Farm CPU
BLINK

BLINK

PVE FDR
4.1 0.00
59 0.00
04  0.00

11.7  0.00
9.1 0.00
7.0  0.00
7.0 0.01
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Figure 5.6: a) Manhattan plot and b) Q-Q plot for fruit width using BLINK and FarmCPU models
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5.3.5.4 Fruit weight

Three marker-trait associations, or QTLs, with high statistical significance (p</.4 x 10-°, FDR <
0.05), were identified on chromosomes 2, 4, and 6 (Table 5.8). The percent phenotypic variance
explained ranged from 0% to 2%. One of the associations, located on ch. 4 at position 56,782,433
bp and named locus 7761773, had the highest impact on fruit weight, explaining 2% of the
phenotypic variance. However, it showed an effect of -6.8 on fruit weight expression. The

remaining had an effect of 15.6 and 10.1 on fruit weight expression.

Table 5.8: Significant marker trait associations for fruit weight

SNP Allele  Ch. Position P-value MAF  Effect Model PVE FDR
8019591 T/A 2 55409913 32E-07 0.07  15.6 FarmCPU 0 0.00
7761773 G/A 4 56782433 6.0E-06  0.23 6.8 FarmCPU 2.0  0.02
7760727 AJT 6 47390620 1.4B-05  0.13 10.1 BLINK 05 004

101



BLINK.FWt BLINK.Fwt

® w
go -
2 0o
- 3 ¢ b4 g ” >
Y
2 * %o
£, 0 - -
3 . i
Pop ® & o]
PERN LA T % 0 T HAEE o oMb eSPe . fee. | T T T T T T T
00 05 10 15 20 25 30 35
2 3 ‘. s 8 Expected -logya(p)
FarmCPU.FWt -
o
) 3. .
2 09
3 ‘ y g . &
g - . 3
[ E ~ 4
2 . ° 1 « L g
° @ %° ® H o 3° 2 ® e o -
: *h e e 2o 8p oo gs
g Ky 3o S - €,p°.; o
S AR -4 i , Sl P
. - - T . i T T T T T 00 05 10 15 20 25 30 35
1 2 3 4 s L] 7 ° " 2

] 0

Expected —logyo(p)
a) b)
Figure 5.7: a) Manhattan plot and b) Q-Q plot for fruit weight using BLINK and FarmCPU models

5.3.5.5 Marketable number per plant

A total of twenty-five significant marker-trait associations (MTAs) were detected across
chromosomes 01, 02, 03, 04, 06, 07, 08, 09, 10, and 11 (Table 5.9). The MTAs were grouped into
19 QTLs based on chromosome-wise LD decay. Seven MTAs on chromosome 01 that spanned
91.733 Mbp to 92.128 Mbp were grouped into I QTL. These MTAs had a p-value less than 9.0 x
10 and an FDR of < 0.05. The phenotypic variance explained by these associations varied from
0% to 19.3%. Locus 783374 on ch. 01 at position 84,019,411 bp had the highest phenotypic
variance explained (19.3%). The second-highest phenotypic variance explained (18.5%) was by
locus 7764934, identified on ch. 01 at position 91732918. This locus was also the most significant
MTA, with a p-value less than 7.0 x 10-"°. Three multi-locus models identified two loci (4698475
and 7840400) that explained 12.6% and 7.6% of the phenotypic variance. Twelve loci showed a

positive effect, while the remaining had a negative effect.
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Table 5.9: Significant marker trait associations for marketable number per plant

SNP Allel Ch. Position P-value MA Effe Model PVE FDR
e F ct

7833748 A/G 1 84019411 7.0E-12 0.04 30.45 FarmCPU 19.  0.00
3

7764934 G/A 1 91732918 1.0E-15 0.04 -59.3  MLMM +BLINK 18.  0.00
5

7861514 C/G 1 92051538 1.0E-09 0.05 -40.8 MLMM + BLINK 15. 0.00
0

7834395 T/A 7 2518858 3.0E-27 0.04 -28.7 BLINK +MLMM 14.  0.00
5

4700003 A/G 4 62261938 4.0E-08 0.05 13.47 FarmCPU + BLINK 12.  0.00
7

4698475 T/C 7 26773776 8.0E-14 0.02 -30.7 BLINK+FarmCPU+ML 12.  0.00
MM 6

7756687 T/G 6 42339982  7.0E-12 0.03 -16.2 BLINK 8.3 0.00

7840400 C/T 3 51605018 2.0E-12 0.06 15.74 BLINK+FarmCPU+ML 7.6 0.00

MM

7834873 C/A 10 3767938 2.0E-07 0.04 13.93 FarmCPU 54 0.00

7852998 T/C 4 56684075 5.0E-05 0.09 -7.45  FarmCPU 53 0.01

7841432 A/G 3 63867280 6.0E-06 0.08 -8.59 FarmCPU 52 0.00

4702429 C/T 12 62859968 4.0E-05 0.04 -7.56 BLINK +MLMM 5.0 0.01

7844021 C/T 8 63558538 7.0E-10 0.04 11.62 BLINK 44  0.00

7834970 G/T 2 55619445 1.0E-07 0.05 1091 FarmCPU 4.0 0.00

7834355 G/A 11 4286608 3.0E-08 0.04 -13.8 MLMM 3.5 0.00

100060948 G/A 11 56075153 2.0E-15 0.13 -10.3 BLINK 2.7 0.00

7838831 T/C 1 91888138  6.0E-05 0.05 -10 FarmCPU 2.1 0.02

7850743 G/A 1 92127603  9.0E-05 0.06 13.71 BLINK 2.0 0.02

4704929 T/A 9 52625779  9.0E-06 0.17 7.53 FarmCPU 1.7 0.00

7855962 G/T 7 58172885 5.0E-06 0.02 16.84 FarmCPU 0.3 0.00

7840048 T/C 11 52699841 5.0E-06 0.08 s 3 BLINK 0.2 0.00

7839010 T/A 3 60900986  2.0E-04 0.13 421 BLINK 0.2 0.03

4701825 C/T 1 92086196  9.0E-05 0.05 -23.1  BLINK 0.0 0.02

7851641 T/C 1 92092536  9.0E-05 0.05 23.14 = BLINK 0.0 0.02

4703064 T/G 1 92121592  9.0E-05 0.05 23.14 BLINK 0.0 0.02

103



BLINK.MNP BLINK.MNP

» a 1 °
3 84
. , £, :
2 B L-Pa
£ e °
§ - ®
° m"‘___)"
v wanicial Denls & swsilbe & aane R —T—
: T r T T 1 : 00 05 10 15 20 25 30 35
Expected —logso(p)
FarmCPU.MNP
FarmCPU.MNP
o
o
e
S
-~ s °
3 g ®
©
¥ . . : 3 o
o %o e -
° ° K 2
5}?‘%} I i;‘j. ? 8 A
84 BOEY 4 Pl
¥ | S 34 N 4
T 1 T T : ; T T T T T v\ : ° -V T T T T T
1 2 ) ‘ 7 . . » " . 00 05 10 15 20 25 30 35
MLMM.MNP MLMM.MNP
2 - o
G
2 ° - oo
)
3 g o
2 o - ‘?
g g °
e 3
8 7 3
_ . I ! 4 : 2 - ‘#'T’j
,‘“ - uﬁ_ - + E— 1’ . — 00 05 10 15 20 25 30 35
1 2

Expacled —logy(p)
b)

Figure 5.8: a) Manhattan plot and b) Q-Q plot for marketable number of fruits per plant using BLINK, FarmCPU and
MLMM models

a)

5.3.5.6 Number of locules

Four statistically significant MTAs or QTLs (p< 5.9 x 10% FDR < 0.01) were identified on
chromosomes 01, 10, and 1 (Table 5.10). The percentage of phenotypic variance explained by
these loci ranged from 0.8% to 25.9%. The most significant MTA (p<5.6x10®) that detected on
ch. 01 at position 79,849,107 bp accounted for the highest percentage of phenotypic variance
(25.9%). The second most significant MTA was 8005855, explaining 4.2% of the phenotypic
variance. The remaining two MTAs, 15980273 and 4700934, were associated with a phenotypic
variance of 1.1% and 0.8%, respectively. All loci exhibited a negative effect on the number of

locules per plant.
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Table 5.10: Significant marker trait associations for number of locules

SNP Allele  Chromosome Position P-value MAF  Effect Model PVE FDR
4694895  T/C 1 79849107 5.6E-08 0.03 -0.85  BLINK 259 0.00
8005885 C/A 10 60993603 5.5E-10 0.04 -096  BLINK 4.2 0.00
15980273 G/A 11 55919437 2.1E-06 0.10 -045  BLINK 1.1 0.00
4700934  A/G 11 39121508 5.9E-06 0.13 -0.41 BLINK 0.8 0.00
BLINK.NL BLINK-NL
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Figure 5.9: a) Manhattan plot and b) Q-Q plot for number of locules using BLINK models

b)

5.3.5.7 Fruit skin thickness

A total of seven marker-trait associations, or QTLs, were identified for fruit skin thickness, with a
significance level of p<1.2x 10# and a false discovery rate (FDR) of < 0.05 (Table 5.11). These
associations were located on chromosomes 2, 3, 4, 6, 10, and 11, and their corresponding
phenotypic variances ranged from 1.18% to 11.02%. Among these associations, locus 100062613
on ch. 2, at position 54,890,103 bp, explained the highest phenotypic variance of 11.02%.
FarmCPU and MLMM multi-locus models identified the loci. The second-highest phenotypic
variance (5.33%) was explained by loci 7841559 on ch. 10, at position 63,023,727 bp. This locus
was the most significant one (p<9.9x107%). Loci 7763327 on ch. 6 and 7841841 on ch. 4
comparably explained equivalent phenotypic variances of 4.42% and 4.05%, respectively. The

remaining loci (100086481, 8006152, and 15981408) explained 3.3%, 1.65%, and 1.18% of the

105



University of Ghana http://ugspace.ug.edu.gh

phenotypic variance. Notably, except for loci 8006152 and 7763327, which had a favorable effect

on fruit skin thickness, the remaining loci showed a negative effect.

Table 5.11: Significant marker trait associations for fruit skin thickness

SNP Allele  Ch. Position P-value MAF Effect Model PVE FDR
100062613 T/C 2 54890103 9.5E-07 0.04 -0.78 BLINK +FarmCPU 11.02 0.00
7841559 G/T 10 63023727 99E-10 0.12 -0.47 FarmCPU + LMM 5.33 0.00
7763327 C/T 6 3173036 6.4E-05 0.12 0.52 FarmCPU 4.42 0.04
7841841 G/A 4 24376360 84E-05 0.11 -0.3 FarmCPU 4.05 0.04
100086481 A/G 3 59152008 1.7E-07  0.23 -0.24  FarmCPU + BLINK 33 0.00
8006152 G/A 11 4040148 1.2E-04  0.06 0.31 FarmCPU 1.65 0.05
15981408 C/T 4 64497030  7.9E-05 0.19 -0.2 FarmCPU 1.18 0.04
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Figure 5.10: a) Manhattan plot and b) Q-

106

L b
gﬁt%‘ fﬂﬂ@fﬁmﬁ smggLIN‘K FarmCPU and MLMM mz)dels



5.3.5.8 Plant height

Twenty significant (p < 2.1 x 10 FDR <0.01) MTAs or 17 QTLs were identified on chromosomes
01,02, 03, 04, 06,08, 10, 11, and 12 by three multi-locus models (Table 5.12). A total of six MTAs
on chromosomes 01, 04, and 06 were clustered into three QTLs based on LD decay on each
chromosome. The phenotypic variance explained ranged from 0% to 32.5%. Loci 7762862 was
the most significant MTA (p < 3.3 x 10-%°) and explained the highest phenotypic variance (32.5%).
It was located on Ch. 1 at position 1,355,364 bp. The next two most significant associations were
100088666 (p < 3.1 x 10-*") and 7840400 (p < 3.7 x 10-%), explaining a phenotypic variance of
24.1% and 22.1%, respectively. Two identified loci (4694949 and 4694933) had no notable
phenotypic variance. The remaining 15 loci explained a phenotypic variance that ranged from
0.1% to 14.7%. Among the identified loci, 12 showed a favorable effect, while the remaining 8

had a negative effect.

5.3.5.9 Total fruit number per plant

A total of 32 marker-trait associations (MTAs) or 26 significant QTLs (p < 3.0 x 10, FDR <0.05)
were identified on chromosomes 01, 02, 03, 04, 06, 07, 08, 09, 10, and 11, with the variance in the
phenotype explained ranging from 0% to 25% (Table 5.13). Twelve MTAs on chromosomes 01,
03, 04, and 11 were clustered into six QTLs based on the LD decay determined for each
chromosome. Locus 7756687 accounted for the highest phenotypic variance (25%) detected on
ch. 6 at position 42,339,982 bp, with a p-value of less than 1x10°'%. This locus was detected by
both the BLINK and FarmCPU models. The most significant MTA was found in the genomic
region 78337448 (p < 2x10-°*) on ch. 01 and position 84,019,411 bp, accounting for 17% of the
second-highest phenotypic variance. The three subsequent most significant marker-trait

associations were 10008796 (p < 2x10%%), 8019591 (p < 9x10??), and 7850579 (p < Ix10*),
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explaining 14.5%, 10.7%, and 10% of the phenotypic variance, respectively. Nineteen of the
MTAs had a negative effect, while the remaining had a positive effect. A combination of the two

models detected only five genomic regions.

Table 5.12: Significant marker trait associations for plant height

SNP Allele Ch. Position P-value MAF  Effect Model PVE FDR
7762862 G/A 1 13553641 3.3E-25 0.03 304 BLINK +Farm CPU 32.5 0.00
100088666  A/T 6 48980638  3.1E-20  0.04 30.8 MLMM 24.1 0.00
7840400 C/T 3 51605018  3.7E-23  0.06 35.7 MLMM 22.1 0.00
7759348 G/A 1 50069111 3.4E-18  0.04 -19.7  BLINK + Farm CPU 14.7 0.00
7837211 A/T 6 44611654 1.0E-16  0.02 20.1 BLINK + Farm CPU 10.6 0.00
7850743 G/A 1 92127603  2.8E-11  0.06 -17.0  BLINK 6.1 0.00
7851120 A/G 11 52765945 1.8E-12  0.02 22.1 FarmCPU + BLINK +MLMM 5.7 0.00
100087517 T/A 6 33562947 2.1E-08  0.03 19.3 MLMM 5.6 0.00
7851381 G/A 1 347519 43E-06 0.04 -11.0 MLMM 5.5 0.00
4697003 T/G 12 2808715 2.1E-04  0.04 4.1 BLINK 4.1 0.04
100060025  G/A 2 40542182 1.1E-10  0.05 -16.8  MLMM 3.8 0.00
7845956 G/C 4 340451 2.7E-07  0.07 -7.5 BLINK 3.6 0.00
4696053 T/C 6 43328388 ~ 1.0E-12  0.07 9.7 BLINK +Farm CPU 33 0.00
8019365 A/T 12 19469964 1.2E-06  0.32 -2.6 BLINK 0.3 0.00
4703584 T/C 1 93020900  3.7E-06  0.10 -4.0 BLINK 0.3 0.00
100096808  G/A 8 58855538 1.9E-06 0.34 2.7 BLINK 0.2 0.00
100065233  C/T 10 6908226 1.4E-04  0.21 2% BLINK 0.2 0.03
4696893 C/T 6 27876078 ~ 5.7E-05  0.19 5.1 FarmCPU 0.1 0.03
4694949 G/A 4 327591 4.0E-12  0.05 13.7 FarmCPU 0.0 0.00
0.03

4694933 A/C 12 3471158 1.1E-04 ~ 0.06 -8.2 BLINK 0.0

5.3.5.10 Total soluble solid

Eight significant (p<I./ x10, FDR < 0.05) MTAs or 7 QTLs were identified on chromosomes
01, 06, 09, and 12, with phenotypic variance ranging from 1.3% to 11.7% (Table 5.14). Based on
the LD decay, 2 MTAs clustered between 2.193 Mbp and 3.012 Mbp on chromosome 09 were
considered 1 QTL. The genomic region 4704667, detected on ch.01 at position 837,897 bp,
explained the highest phenotypic variance (11.7%), as identified by three models. The subsequent
two loci, 100058756 (7.2%) and 8006159 (4.3%), detected on chromosomes 12 and 6,
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respectively, explained the next two highest phenotypic variances. The remaining MTAs
(7758160, 7856928, 7855688, 4703044, and 7839485) explained 3%, 2.7%, 2.6%, 2.3%, and 1.3%

of the phenotypic variance, respectively. Five loci had a positive effect on TSS, while the

remaining had a negative effect.
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Table 5.13: Significant marker trait association for total number of fruits per plant

SNP Allele Ch. Position P-value MAF  Effect Model PVE FDR
7756687 T/G 6 42339982  1E-19 0.03 -39.8 BLINK +Farm CPU 25 0.00
7833748 A/G 1 84019411 2E-24 0.04 43.2 MLMM 17 0.00
100087096 T/C 8 60826673  2E-23 0.04 36.6 BLINK +Farm CPU  14.5 0.00
7834395 T/A 7 2518858 2E-15 0.04 -22.4 BLINK 13 0.00
7759794 T/G 1 91892058  4E-13 0.05 -48 MLMM 11.5 0.00
8019591 T/A 2 55409913  9E-22 0.07 -29.5 MLMM +BLINK 10.7 0.00
7850579 C/A 4 62541098  1E-20 0.04 26 BLINK +MLMM 10 0.00
4700003 A/G 4 62261938  2E-15 0.05 22 FarmCPU 9.7 0.00
7834448 T/C 9 60539897 1E-14 0.04 221 BLINK 9 0.00
100097203 G/A 6 23820719  3E-07 0.02 -20.3 MLMM 84  0.00
4696531 A/T 1 92760509  4E-10 0.02 -36 MLMM 82 0.00
7836779 G/A 3 56605649  2E-11 0.07 -20.2 FarmCPU 8 0.00
4698475 T/C 7 26773776  6E-09 0.02 -37.5 MLMM 6.6 0.00
7834873 C/A 10 3767938 3E-06 0.04 15.8 FarmCPU 6.3 0.00
7858444 T/C 3 63004234  4E-11 0.03 21.6 FarmCPU 52  0.00
7850743 G/A 1 92127603  2E-09 0.06 20.8 BLINK +FarmCPU 3.7  0.00
7987501 A/T 3 57773468  2E-04 0.02 15.3 MLMM 34 0.04
7851641 T/C 1 92092536 3E-06 0.05 30.8 MLMM 33 0.00
7850671 G/A 9 2806753 SE-09 0.08 -12.8 FarmCPU 32 0.00
4700875 T/C 3 65860991  3E-10 0.09 -16.2 MLMM 2.8 0.00
4697624 C/T 1 87772818  5SE-06 0.03 -14.8 BLINK 1.7 0.00
100062554 T/G 11 56291441  3E-04 0.04 15 MLMM 1.3 0.05
4702591 G/T 3 57456080  4E-08 0.13 -13.1 FarmCPU 1.2 0.00
7850872 T/C 9 8766479 1E-08 0.14 -9.2 BLINK 1.1 0.00
100060948 G/A 11 56075153  8E-06 0.13 -6 FarmCPU 0.7 0.00
7834269 G/A 7 65956443 2E-04 0.04 9.5 FarmCPU 0.2 0.05
7838175 T/C 3 58479400  8E-05 0.03 153 MLMM 0.1 0.02
7840048 T/C 11 52699841 2E-04 0.08 -8.1 MLMM 0.1 0.03
7841523 G/C 3 57967710 5E-05 0.03 172 MLMM 0 0.01
4704697 A/T 3 58941531  5E-05 0.03 -17.2 MLMM 0 0.01
7758311 C/T 3 59045750  5E-05 0.03 -17.2 MLMM 0 0.01
100059661 A/G 3 56721358 2E-04 0.04 -14.3 MLMM 0 0.03
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have greatly enhanced the efficiency of plant breeding by improving time, cost-effectiveness,

precision, and genetic gain (Foolad & Panthee, 2012; Ibitoye & Akin-Idowu, 2011).

In this study, 2,709 SNP markers and 143 tomato germplasms were used to identify genomic
regions associated with yield, yield-related traits, and fruit quality. Phenotypic analysis revealed
highly significant genetic variation across 14 quantitative traits. Genotype-by-season interactions
had a significant effect on the expression of traits such as LN, MYP, FWt, and FSHI. Broad-sense
heritability values ranged from 29% to 92%, indicating that the observed phenotypic variation was
largely attributable to genetic factors. Moreover, highly significant genetic correlations were
observed among most of the 14 traits. Molecular characterization further demonstrated
considerable genetic diversity among the germplasm (Chapter 4), suggesting strong potential for

identifying molecular markers linked to these traits

One approach to determining the optimal marker density for genetic analysis is to evaluate linkage
disequilibrium (LD) decay based on physical genetic distance. The extent of LD decay varies
across species, chromosomes, populations, and estimation methodologies (Sim ef al., 2012). Using
the entire genome to calculate average LD decay, Robbins et al. (2011) reported 6—8 cM across all
varieties, 6—14 ¢cM for processing tomatoes, and 3—16 cM for fresh-market tomatoes. In the present
study, with the available marker density across the 12 chromosomes, an overall LD decay of 2.052
Mbp at r> = 0.2 was observed, with variations among chromosomes. Chromosome 07 had an LD
decay of 0.157 Mbp, whereas chromosomes 05 and 09 exhibited 14.43 Mbp and 28.83 Mbp,
respectively. Similar studies reported low LD decay values for chromosomes 05 (47.2 Mbp) and
09 (42.5 Mbp) (Liu et al., 2017). Consistent with the current findings, Ruggieri et al. (2014)

observed an LD of 665 kbp for the entire genome, ranging from 287 kbp on chromosome 02 to
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1965 kbp on chromosome 11. Another study reported LD decay from 0.8 cM on chromosome 11
to 35.2 ¢cM on chromosome 6 for processing tomatoes, and from 3.8 ¢cM on chromosome 04 to
47.6 cM on chromosome 11 for fresh-market tomatoes (Sim et al., 2012). Esposito et al. (2020)
found that LD decay in 288 germplasm accessions from different countries, using 32,799 SNP

markers, was less than 5 kb.

Genome-wide association studies (GWAS) are prone to false positives due to population structure
and family relatedness. To address this issue, several statistical approaches have been developed.
Among them, the Mixed Linear Model (MLM) is widely regarded as the most effective, as it
accounts for both population structure and family relatedness. However, MLM has limitations in
detecting genomic regions, which can lead to false negatives due to the confounding effects of
population structure, relatedness, and QTLs (Xiaolei et al., 2016). The Multi-Locus Mixed Model
(MLMM) partially controls for the confounding effects of kinship and marker testing. In contrast,
FarmCPU completely removes confounding effects while controlling for model overfitting and
false positives. An improved version of FarmCPU, BLINK, eliminates the requirement for evenly
distributed markers and instead utilizes information from linkage disequilibrium (Huang et al.,

2019).

In population genetics, principal components (PCs) are commonly used to represent population
structure. These PCs can be derived from genetic markers across the genome (McVean, 2009) or
from the Q matrix, which indicates the proportion of individuals in subpopulations. To identify
marker—trait associations (MTAs), the present study employed three multilocus models MLMM,
FarmCPU, and BLINK using three kinship matrices and the first three PCs, which accounted for

the largest proportion of cumulative variance (30%). Using these three multilocus models, a total
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of 121 significant DArTseq SNP markers (FDR < 0.05), corresponding to 104 QTLs associated

with ten traits across two seasons, were identified.

Fruit length has been reported to be highly correlated with fruit yield in tomatoes and exerts a
strong influence on overall yield (Herndndez-Bautista et al., 2015). Consistent with these reports,
our findings showed a positive and highly significant genetic correlation between fruit length and
fruit yield, suggesting that QTLs identified for fruit length could be utilized to improve yield in
tomato breeding programs. In this study, a total of seven marker—trait associations (FDR < 0.05)
were detected, explaining 1.5% to 7% of the phenotypic variance on chromosomes 02, 04, 06, and
09. Previous research has identified three significant genomic loci linked to fruit length on
chromosomes 04 and 08, accounting for 0 to 42.6% of the phenotypic variance (Xiaolei et al.,
2016). Notably, one of the MTAs (7841051) identified on chromosome 04 at position 3.23 Mb in
our study was located 0.25 Mb and 2.02 Mb away from previously reported markers SLA7841051

and SLA798303, respectively (Kim et al., 2021).

Fruit size is a major determinant of yield in tomato, and a significant co-location of QTLs between
yield and fruit size traits has been reported, suggesting that these QTLs may operate within the
same expression pathway controlling yield (Herndndez-Bautista ef al., 2015). Findings of the
current study revealed highly significant genetic variation and a positive, highly significant genetic
association between fruit weight and yield. In most cases, high-yielding genotypes exhibited larger
fruit sizes. The genome-wide association study detected three significant marker—trait associations
(FDR < 0.05) for fruit weight on chromosomes 2, 4, and 6, explaining 0% to 2% of the phenotypic
variance. Previously, seven SNP loci significantly associated with fruit weight were identified on

chromosomes 1, 2, 4, 8, and 10, accounting for 2.91% to 26.2% of the phenotypic variance (Kim
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et al., 2021). Mata-Nicolas et al. (2020) identified four SNP loci on chromosomes 2, 7, 9, and 12
using 163 diverse tomato accessions, including cultivated tomato, Solanum lycopersicum var.
cerasiforme, and Solanum pimpinellifolium. One SNP locus (Solyc02g091330, position 52.7 Mb)
on chromosome 2 in our study was located approximately 2.7 Mb from SNP 7853862 at position
55.4 Mb. Similarly, a study involving 174 genotypes (123 cherry and 51 large-fruited tomatoes)
comprising landraces, cultivars, and breeding lines identified 17 MTAs for fruit weight on
chromosomes 1, 2, 3, 5, 6, 8, 9, and 11, explaining 2.94% to 16.05% of the phenotypic variance.
One MTA (SSR306, position 56 Mb) on chromosome 4 in that study was located 0.78 Mb from
SNP S17761773 in our findings (Zhang et al., 2016). Another study using 212 cultivated tomato
germplasms and 24,428,210 SNPs identified a locus on chromosome 2, which was 7.7 Mb from

locus 8019591 in our study (Liu ez al., 2023).

Fruit width, like fruit length, influences fruit size in tomatoes and is a key determinant of yield
variation. In this study, fruit diameter and yield exhibited highly significant genetic variation and
a strong positive association. Fruit diameter was also found to contribute to fruit size and weight,
showing a highly significant positive correlation with fruit weight. A total of seven significant
marker—trait associations (FDR < 0.01) for fruit width were detected on chromosomes 03, 04, 05,
08, 09, and 12, explaining 0.4% to 11.7% of the phenotypic variance. Previous studies on
interspecific populations derived from cultivated tomato and Solanum pimpinellifolium using 31
polymorphic SSR markers identified nine fruit width QTLs on chromosomes 1, 2, 3, 4, and 7,
explaining 4.19% to 12.09%. of the phenotypic variance (Hernandez-Bautista et al., 2015).
Differences between studies may be due to variations in genetic background, marker type and
density, and the phenotyping environment. For instance, one QTL on chromosome 03 (SSR111)

is located 3.57 Mbp from locus 7834643 identified in the current study, and a QTL on chromosome
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04 (SSR306) is approximately 3.5 Mbp from the genomic region S1100102183 detected here.
Similarly, Kim et al. (2021) reported seven genomic regions associated with fruit diameter on
chromosomes 1, 2, 3, 9, and 12, accounting for 0.24% to 22.94% of phenotypic variance. Two
regions in the current study 7834643 (56.6 Mb) and 10006111667 (1.84 Mb) on chromosomes 03
and 09 are 1.56 Mb and 1.68 Mb, respectively, from SLA805140 (55.04 Mb) on chromosome 03
and 807083 (0.16 Mb) on chromosome 09. An additional study using 174 tomato genotypes (123
cherry and 51 large-fruited), including landraces, cultivars, and breeding lines, identified 22 MTAs
on chromosomes 1, 2, 3,5, 6, 7, 8,9, and 11, explaining 0.96% to 10.6% of phenotypic variance.
Four of these regions on chromosomes 04, 08, and 09 correspond closely to loci identified in the
current study (Zhang et al., 2016). Specifically, TGS292 on chromosome 04 is 3.38 Mb from locus
100102183, TES718 on chromosome 08 is 2.4 Mb from locus 100060851, and TES36 and TES166
on chromosome 09 are 1.11 Mb and 1.26 Mb, respectively, from locus 10006111667 detected in

the present study.

Eight significant marker—trait associations (FDR < 0.05) for fruit shape index were detected on
chromosomes 01, 02, 04, 06, 07, 09, and 11, explaining 0.5% to 6.7% of the phenotypic variance.
In a previous study, four genomic regions significantly associated with fruit shape index were
identified on chromosomes 02, 03, 04, and 12, accounting for 3.19% to 31.46% of the phenotypic
variance (Kim et al., 2021). Notably, one genomic region identified on chromosome 04 in the
current study is located only 2.36 Mb away from the corresponding region reported by Kim et al.

(2021).

Total soluble solids (TSS) is a quantitative trait that exhibits genetic variability in tomato

germplasm. In this study, eight highly significant MTAs (p < 1.1 x 10, FDR < 0.05) were
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identified on chromosomes 01, 06, 09, and 12, explaining 1.3% to 11.7% of the phenotypic
variance. Similarly, Kim et al. (2021) identified a genomic region (SLA8126289, position 62.64
Mb) on chromosome 09 associated with TSS, accounting for 28.73% of the phenotypic variance,
located 3.64 Mb from the region identified in the current study. Seven additional MTAs were
detected on chromosomes 02, 05, 06, 07, 08, and 09. A genomic region on chromosome 06 at
position 19.1 Mb was closely located to locus 7855688 (position 22.7 Mb) in the current study.
Likewise, the locus TGS1032 (position 30.1 Mb) on chromosome 09 identified by Zhang et al.
(2016) was closely linked to locus 7839485 (position 30.12 Mb) in findings of the current study.
An additional study using 212 cultivated tomato accessions identified four SNP loci associated
with TSS on chromosomes 01, 09, and 11, explaining 19% to 24% of the phenotypic variance (Liu
etal.,2023). One SNP locus on chromosome 09 at 4.17 Mb was located approximately 2 Mb from
SNP locus 7856928 (position 2.2 Mb) in the current study and 1.19 Mb from locus 7839485.
Another locus on chromosome 01 at position 94.2 Mb was situated 3 Mb from locus 4703044

identified in the current findings.

Genetic variation exists in locule number among cultivated tomatoes, ranging from 2 to 10. This
trait is important for seed content in fruits and is quantitatively inherited, influencing both tomato
fruit shape and size. A large portion of the phenotypic variation in locule number is controlled by
two genomic regions, faciated (fas) and locule number (l¢), which exhibit epistatic interactions.
The faciated QTLs have been cloned, and genes within these regions contribute to increased fruit

size in modern tomato cultivars (Mufos et al., 2011).

In the present study, four statistically significant MTAs (p < 5.9 x 10, FDR < 0.01) were

identified on chromosomes 01, 10, and 11, explaining 0.8% to 25.9% of the phenotypic variance.
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Kim et al. (2021) reported genomic regions associated with locule number on chromosomes 02,
03, 06, and 10, explaining 0% to 15.38% of the phenotypic variance. One of the genomic regions
in the current study (8005885) on chromosome 10 is located only 1.7 Mb from the region
SLLA795305, suggesting colocalization. Mata-Nicolas et al. (2020) reported four genomic regions
associated with locule number on chromosomes 01, 02, and 11. Two of their regions,
solyc11g071600 and solyc11g071310 on chromosome 11, are located 0.7 Mb and 1.06 Mb,
respectively, from locus 55919437 in the current study. Similarly, Hernandez-Bautista et al. (2015)
identified three significantly associated genomic regions on chromosomes 01 and 03, explaining
3.26% to 4.69% of the phenotypic variance. In another study using 123 tomato germplasm panels
and 7,720 SNPs, two loci on chromosomes 10 and 11 colocalized with regions in findings of the
current study. For example, locus 8005885 on chromosome 10 is 2.3 Mbp from Solcap-1981, while

locus 15980273 on chromosome 11 is 0.84 Mbp from Solcap504 (Sacco ez al., 2015).

Seven significant marker—trait associations (FDR < 0.05) for PCTk were identified on
chromosomes 02, 03, 04, 06, 10, and 11, explaining 1.1% to 11.02% of the phenotypic variance.
Previously, four genomic regions on chromosomes 02, 09, and 12 were reported, accounting for
0.38% to 2.92% of the phenotypic variance (Kim ez al., 2021). Additionally, twelve genomic
regions significantly associated with PCTk were identified on chromosomes 01, 05, 06, 07, 08, 09,
and 11, explaining 10.53% to 14.62% of the phenotypic variance. Notably, one genomic region on
chromosome 03 (SJS1419, position 55.83 Mb) colocalized with a region in the current study (SNP
locus 7836779, position 53,934,779 bp), located 3.32 Mb apart (Phan ez al., 2019b). Furthermore,
one genomic region (Solcap2392) identified on chromosome 11 by Sacco ef al. (2015) is situated

0.43 Mb from locus SL8006152 detected in the present study.
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Twenty highly significant marker—trait associations (FDR < 0.01) for plant height were identified
on chromosomes 01, 02, 03, 04, 06, 08, 10, 11, and 12, explaining 0% to 32.5% of the phenotypic
variance. Notably, one MTA on chromosome 06 accounted for 24% of the phenotypic variance in
a study using 212 cultivated tomatoes and 24,428,210 SNPs (Liu ef al., 2023). Two loci identified
in the current study (100088666 and 7837211) are located 2.6 Mb and 1.8 Mb, respectively, from

the corresponding loci reported by Liu ef al. (2023).

5.5 Conclusion

A total of 121 marker—trait associations (MTAs; —logiop > 3.5; FDR < 0.05) were identified for
ten traits, which were clustered into 104 quantitative trait loci (QTLs) based on linkage
disequilibrium (LD) decay (0.157-28.826 Mbp) at r> = 0.2 for each chromosome. Several QTLs
for fruit length (FL), pericarp thickness (PCTk), fruit shape index (FSHI), fruit weight (FWt), fruit
width (FWd), locule number (NL), and total soluble solids (TSS) were located near previously
reported MTAs, whereas the remaining loci represent novel genomic regions. Across all traits, 16
common MTAs were identified, with maximum MTAs observed for MNP and TNP (9) and the
minimum for PH (1). No significant MTAs were detected for marketable yield per plant (MYP),
total yield per plant (TYP), days to first flowering (DFF), or number of fruits per cluster (NFtC).

Importantly, QTLs associated with fruit size traits FWt, FWd, FL, PCTk, and NL exhibited
positive and highly significant genetic correlations with fruit yield per plant, indicating their
potential utility in yield improvement. These findings expand the current understanding of the
genetic architecture of tomato yield and quality traits, providing new molecular targets for marker-
assisted selection and offering valuable insights for breeding programs aimed at developing high-

yielding and improved-quality tomato cultivars.
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CHAPTER SIX

6.0 Combining ability and heterosis for yield and fruit quality in tomato

6.1 Introduction

Tomato is a commonly grown vegetable crop in Ethiopia, cultivated by small-scale and
commercial farmers. It is a source of nutrition, income, foreign currency, and raw materials for
agro-industries (Desalegne, 2002; Ketema et al., 2017). Open-pollinated and commercial hybrid
varieties, entirely imported, are produced. Open-pollinated varieties are declining in productivity
and have smaller fruit sizes than hybrid varieties. Because of the high yields, large fruit size, better
shelf life, and high market value, growers prefer hybrid varieties. However, the seeds of the hybrids

are expensive for small-scale farmers. Furthermore, few of the hybrid varieties are available.

The national productivity of tomato is low (6 t ha'!). This is largely due to diseases, pests, parasitic
weeds, limited access to high-quality seeds, knowledge gaps for GAP, and a lack of improved
varieties resistant to biotic and abiotic stresses. Studies including Wondirad et al. (2009),
Gashawbeza et al. (2009), Etagegnehu et al. (2009), and Mersha and Sime (2022) have highlighted

these challenges.

Hybrid varieties with high yield, large fruit size, high pericarp thickness, better shelf life, and
resistance to biotic and abiotic stresses would contribute to improving tomato productivity in the
country. Identifying superior parental lines is a crucial aspect of developing hybrid varieties.
Breeding experience has shown that elite parents with high performance per se may not necessarily

produce superior hybrids (Riedelsheimer ef al., 2012).

The general combining ability and the specific combining ability are used to identify parents for

superior hybrids with high heterosis, albeit varying depending on the trait and cross-combinations.
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Parents with a high GCA effect can produce either high or low SCA effect hybrids, and vice versa.
Determining the association between the GCA of parental lines and the SCA of the hybrid and the

relative importance of GCA and SCA enhances heterosis breeding efficiency.

Combining ability has been widely applied in various crop improvement programs, including
tomato (Ayenan et al., 2022; Basté et al., 2010; Ene et al., 2023; Fortuny et al., 2021; 1zzo et al.,
2022; Z. Liu et al., 2021; Pavan et al., 2022; Shalaby, 2013; Tamta & Singh, 2018). Breeding for
heterosis has been employed in tomato to improve yield, quality, and biotic and abiotic stress
resistance (Ene et al., 2023; Z. Liu et al., 2021; Solieman et al., 2013; Tamta & Singh, 2018). It is
economical due to the high heterosis for most traits, including fruit yield, fruit number, TSS, fruit
weight, pericarp thickness, fruit firmness (Solieman ef al., 2013), and the considerably high seed
yield for hybrid seed production (Tamta & Singh, 2018). In Ethiopia, few studies were conducted
(Ene et al., 2023) to determine the level of combining ability and heterosis to identify parental
lines and promising hybrid varieties. The present study was proposed with the following

objectives:

1. to determine the combining ability for fruit yield, yield related and fruit quality

2. Identify potential parents and hybrids with combined high fruit yield and quality

6.2 Material and methods

6.2.1 Study site

The experiment was conducted in two stages. The first stage involved crossing selected male and
female parental lines to produce Fi progenies. The second stage involved field evaluation of the
progenies, parents and standard check varieties. Crossing was conducted at the Melkassa

Agricultural Research Center (MARC) under field conditions using irrigation from January to May
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2023. The field evaluation was carried out at two locations (Table 6.1), MARC and Debrezeit

Agricultural Research Center (DzARC), using irrigation from September to January 2024.

Table 6.1: Description of the study area

Location Altitude Annual Rain fall Soil type Temperature (°C)
(m) (mm) Min Max

Melkassa 1550 818 Sandy loam 14 29

Debrezeit 1900 851 Alfisols/Mollisols 8.9 28.3

6.2.2 Plant materials and progeny development

Ten tomato parental lines, consisting of five males and five females (Table 6.2), were identified
based on two seasons of field characterization (as described in Chapter 3). The parental lines were
selected based on diversity of fruit yield, fruit number per plant, and fruit size, which were the
traits that contributed the most to phenotypic variations. During selection, phenotypic genetic
distance, a significant and positive correlation of traits with fruit yield, high to medium broad sense
heritability, and genetic advance were considered. A 5 x 5 North Carolina Design II (NCII) mating
scheme was employed, crossing five female and five male parental lines to generate 25 F1 hybrids
for evaluation (Table 6.3). The protocol of Worldveg (Opefa et al., 2001) was followed for

emasculation, pollen collection, hybridization, and seed extraction.

Table 6.2: Description of parental lines used in the study

Male Cluster Fruit shape Growth habit Fruit number per plant Fruit size Type

G6 1 Oblong Semi-indeterminate High Medium  Processing
G7 2 Oblong Determinate Medium Large Processing
G8 1 Pear Determinate High Small Processing
G9 1 Globe Semi-indeterminate High Medium  Fresh market
GI10 3 Oblong Determinate Low Large Processing
Female

Gl 3 Globe Determinate Low Large Fresh market
G2 2 Oblong Determinate Low Large Processing
G3 2 Oblong Determinate Medium Large Processing
G4 2 Oblong Determinate Medium Large Processing
G5 2 Oblong Determinate Low Large Processing
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Table 6.3: Schematic of the North Carolina Design II (NCII) mating design, showing the 25 F: hybrids generated from
a factorial cross between five male and five female parental lines

Male/Female G1 G2 G3 G4 G5

Go6 Gl x G6 G2 x G6 G3x G6 G4 x G6 G5 x G6
G7 GI1xG7 G2xG7 G3xG7 G4 x G7 G5x G7
G8 GIxG8 G2 x G8 G3xG8 G4 x G8 G5xG8
GY G1xG9 G2xG9 G3xG9 G4 xG9 G5xG9
G610 G1xG10 G2 x GI10 G3xGI0 G4 x G10 G5xGI0

6.2.3 Evaluation of progenies

Twenty-five Fi progenies, ten parental lines, two standard checks varieties, one of which was an
OPV, and one popular commercial hybrid variety were evaluated for yield and fruit quality. The
field experiment was arranged in a 6 x 6 alpha lattice design. Each plot consisted of two rows,
measuring 3 m in length and 2 m in width, giving a total area of 6 m* and containing 12 plants.
Spacing of 100 cm between rows and 50 cm between plants was used. Fertilizer was applied as
per the national recommendation for tomato production (242 kg ha™! NPS and 79 kg ha'! urea). All

other necessary cultural practices and crop protection measures were applied uniformly to all plots.

Data were collected for plant height (PH), days to 50% flowering (DFF), marketable (MNP), and
total number (TNP) of fruits per plant, marketable (MYP), and total yield (TYP) per plant, fruit
weight (FWt), fruit width (FWd), fruit length (FL), pericarp thickness (PCTk), number of locules

(NL), TSS, and juice volume (JV). (Appendix Table 3.1).

6.2.4 Data analysis

Analysis of variance was carried out to determine the differences among the F; progenies, male
and female parents, male x female, and their interaction with the environment. The AGDR
software was used for the analysis. The Noth Carolina Design II model was used to generate the
GCA for males and females, and the SCA for hybrids. Mixed-effects model was implemented,

where genotypes (males, females, and hybrids) and locations were treated as fixed effects, while
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all the interactions (male x location, female x location, male x female x location) were treated as
random effects. The same software was used to estimate GCA and SCA effects, variance
components, and broad and narrow sense heritability. The components of variance, along with the
general combining ability (GCA) effects of the male and female lines and the specific combining
ability (SCA) effects of the crosses and test for significance, were estimated according to the

methods described by Dabholkar (1999).

_ & X
Male GCA effect (gi) = ~ P
Female GCA effect (g; rm  mfr
RO T PO
Cross (M x F) SCA effect (si) = — fr mr | mfr

Where g; = the GCA effect of the i male line and gj = the GCA effect of the j* female line, X;. .
= sum of the i male lines; xj = sum of the j* female lines; x - = grand sum of crosses, sij= SCA
effect of the ij™ cross, xjj. = sum of the i X j cross, m = number of male lines, f = number of female
lines, and r = number of replications.

The significance of the GCA and SCA effects for each male and female line, and the crosses was
determined by dividing the corresponding GCA and SCA effects by their respective standard
errors. The ratio was then compared with the tabular t-value, using the error degree of freedom.

Where the GCA and SCA effects were significant, the difference between each line or cross effect

was tested using the standard error of the difference (SEd).

SE (GCA of male) = %
SE (GCA of female) = |22
™m
SE (SCA of Mx F) = |==
_ |2MSe
SEd (gi-gj) male = fr

125



_ |2MSe
SEd (gi-g;) female = —

SEd (sjj-sxi)) M x F = ’Zﬁ;{se

Where SE = standard error, SEd = standard error of difference, MSe = mean square error, g; =
GCA effect of male or female line i, gi = GCA effect of male or female line j, sij = SCA effect of
cross male line i and female line j, and si = SCA effect of cross male line k and female line 1.

Mid parent and better parent were computed using the following formula. The standard heterosis
for the open pollinated and hybrid standard check varieties was not computed, due to the fact that

their performance was very low.

MPH—Fl P 100%
= MP X 0

BP

Fq

P
BPH = x100%

Where MPH = midparent heterosis, BPH = better parent heterosis, F1 = the mean of the hybrid,
MP = the average of the mean value of the male and female parents of the respective F; hybrid.

6.3 Results

6.3.1 Genetic variability for yield, yield related and fruit quality

The variance due to hybrids pooled across locations revealed highly significant (p < 0.07) and
significant differences (p < 0.05) for all traits (Table 6.4). The combined ANOVA for the
combining ability indicated that the variance attributed to females was highly significant for all
traits except for days to 50% flowering (DFF) and total soluble solid (TSS). Similarly, it was highly
significant (p < 0.01) for most traits and significant (p < (0.05) for DFF among male parental lines,
except TSS. The male-female interaction genetic variance was also highly significant for most

traits except fruit length, plant height, number of locules, and fruit width.
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The hybrid-by-location interaction variance was highly significant (p<0.0/) for total and
marketable fruit number and yield per plant, fruit skin thickness, juice volume, and TSS. The
partitioning of the Fi with environment interaction indicated that the variance due to male x
location interaction was highly significant (p<0.01) for the total and marketable number of fruits,
yield per plant, and juice volume. Similarly, the female x location interaction variance was also
highly significant (p<0.01) for total and marketable fruit number and yield per plant, juice volume,
and average fruit weight. The male-female-location interaction was significant (p<0.05) for total

and marketable fruit number and yield per plant, plant height, and TSS.
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Table 6.4: Means squares of 13 traits in tomato for two locations, MARC and DZARC, and combined

Sources of variation Df
Site 1
R(site) 2
Genotypes 24
Male 4
Female 4
Male: Female 16
Site: Genotypes 24
Site: Male 4
Site: Female 4
Site: Male: Female 16
Residuals 48

MYP TYP MNP TNP DFF PH FWt Fwd FL PCTk NL TSS v
5.2%* 6.86**  3776.8%*  5294.5%*%  112.4**  685.4** 2557%* 18.3 586 ** 17** 0 2.1%* 57240.6**
0.1 0.09 52 5.4 3.4 315 267.9 6.2 15 0.1 0.1 0 5780.6
1.0** 1.03**  1252.2%*  1306.8** 7.1 * 1006.6*%*  3087** 58 %% 458 **  1.8**  2.4%*  (0.45**  9318]1.5%*
0.5%* 0.44**  4299.4**  4121.8** 103 * 3168.4**  13250%*  170*%* 2149 2.8 8.0**  0.29 351455.0**
kk
2.2%* 2.28%%  2117.2*%%  2500.7** 2.9 699.3** 1947%* 85 *x 301 ** 41 ** 47 (0.46* 87259.1**
0.8** 0.86%*  274.2%* 304.6%* 7.4 * 542.9 831** 235 52 1.O** 0.5 0.49**  30093.8**
1.5%* 1.53**  360.1%* 368.3** 5.3 196.2 195 15.1 27 0.4** 0.3 0.38%* 13176.8%*
1.2%* L.17*%  507.4%* 519.2%* 6.5 186.3 28 15 27 0.2 0.1 0.13 20584.0**
1.9%* 1.80%*  429.1%* 321.9%* 7.9 133.8 604** 235 41 0.3 0.5 0.4 33923.1**
1.5%* 1.55%%  305.9%* 342.1%* 4.4 214.3* 134 13.1 23 0.5 0.2 0.43**  6138.4
0.14 0.12 33.7 39.1 3.4 113 152.8 22.3 26 0.33 0.3 0.16 5635

** Significant at p< 0.01, * significant at p<0.05; MYP = marketable fruit yield (kg) per plant, TYP = total yield (kg) per plant; MNP = marketable number of
fruits per plant; TNP = total number of fruits per plant. Fruit FWt = single fruit weight (g), FWd = fruit width (mm), FL = fruit length (cm), PCTk = pericarp

thickness (mm), NL = number of locules, DFF = days to 50% flowering, PH = plant height (cm), %TSS =total soluble solids, and JV = juice volume (ml).
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6.3.2 Components of genetic variance and heritability

The genetic parameters, including variance components, their contributions, and broad- and
narrow-sense heritability, are provided (Table 6.5). The additive and dominance genetic variances
played a significant role in controlling most of the traits, as evidenced by the highly significant
GCA and SCA mean squares across locations. For the traits TNP (53%, 32%), MNP (57%, 28%),
FWt (72%, 11%), FWd (49%, 24%), FL (78%, 14%), PCTk (25%, 37%), PH (52%, 12%), NL
(55%, 32%), and JV (63%, 16%), the GCA variance contributions of the male and female parental
lines was high, with male parental lines having a greater effect on most of the traits, except for
PCTk. On the other hand, SCA variance predominated for DFF (69%), MYP (54%), TYP (56%),
and TSS (73%). The broad-sense heritability was generally high to moderate, ranging from 48%
to 92%. High to moderate narrow sense heritability (32 - 82%) was also detected for most traits,
except for DFF (1%), TYP (6%), MYP (7%), and TSS (0%). Traits with high narrow sense
heritability, such as FWt, FL, and NL, were less susceptible to environmental influences, making
them suitable for early generational selection to improve their performance. Conversely, traits with
low narrow-sense heritability should be subjected to subsequent breeding and selection programs

to improve their performance.
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Table 6.5: Genetic components of variance and heritability of 13 traits in tomato for two locations, MARC and DzARC, and combined

Trait/source of G2Hybrid oM o%F o2 M*F oA oD o’ h% h% Contribution
variance (%) (%)
Male Female Male*Female

DFF 0 0.15 0 0.99 0 3.97 4.37 0.48 0.0 024  0.07 0.69
TYP 0.025 0 0.07 0.18 0.14 0.74 0.83 0.50 0.06 0.07 0.37 0.56
MYP 0.03 0 0.07 0.17 0.11 0.68 0.82 0.49 0.07 0.09 0.37 0.54
TNP 150.3 191 109.8 66.4 601.3 265.5 203.7 0.81 0.56 053 0.32 0.16
MNP 146.7 201.3 92.2 60.1 586.8 240.5 196.9 0.81 0.57 057 028 0.15
FWt 3384 62096 55.83 169.48 1353.59 67793 173.83 0.92 0.61 072 0.11 0.18
Fwd 5.18 7.31 3.06 0.31 20.74 1.24 22.27 0.5 047 049 024 0.27
FL 60.9 104.9 16.9 6.6 243.6 26.5 26.1 0.91 0.82 078 0.14 0.08
PCTk 0.12 0.088 0.152  0.175 0.48 0.7 0382 0.75 0307 025 037 0.38
PH 69.55 131.27 7.82  107.47 2782 4299 154.6 0.82 032 052 0.12 0.36
TSS 0.0 0.0 0.0024  0.08 0.0 0.33 0.27 0.55 0.0 0.11  0.17 0.73
NL 0.2913  0.279 0211 0.045 1.165 0.179 0.32 0.81 0.70 055 0.32 0.14
v 9463.2 16068.1 28583 6114.7 37852.7 24458.8 9405.9 0.87 0.53 063 0.16 0.22

(2 0% GC/

20%2GCA + ¢

0.23
0.44
0.45
0.90
0.91
0.89
0.99
0.97
0.73
0.72
0.06
0.96
0.86

o?Hybrid = variance due to crosses, 6’v= variance due to male line, 6’r=variance due to female line, 6>m*= variance due to male-female interaction, c>a= additive
genetic variance, o’p=dominance genetic variance, 6%= environmental variance, h% = broad sense heritability, h?:= narrow sense heritability, M= male, F=female,
M*F= male-female interaction.
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6.3.3 Parental performance pe se and general combining ability effects
6.3.3.1 Yield and number of fruits per plant

Performance per se, for total and marketable yield per plant, varied between 2.67 kg and 3.42 kg
for TYP, 2.57 kg and 3.27 kg for MYP among females; 2.63 kg and 3.71 kg for TYP, and 2.53 kg
and 3.6 kg for MYP among male parental lines (Table 6.6). The female parental lines showed
highly significant (p<0.01) and significant (p<0.05) positive or negative GCA effects for TYP and
MYP, while non-significant GCA effects were observed among the male parental lines. The GCA
effects ranged from -0.37 to 0.51 for TYP in female parental lines and -0.16 to 0.17 in male parental
lines. Female parental lines G1 and G5 exhibited significant negative GCA effects for both traits.
In contrast, female line G2 demonstrated the highest and most significant positive GCA effect,
identifying it as the best general combiner for yield per plant. Among the male lines, G6 and G7

showed the highest positive GCA effects for both traits.

Mean number of marketable fruits per plant (MNP) and total number of fruits per plant (TNP)
ranged from 28 to 43 and 32 to 52 for female parental lines respectively. Similarly, the male
parental lines showed a wider range of variation for the traits: 30 to 123 for MNP and 32 to 128
for TNP. Highly significant positive or negative GCA effects were observed among the female
and male parental lines. Critically, the best combiner parents were identified as female lines G2
and G4 and male lines G6, G8, and G9, which showed highly significant positive GCA effects for
both traits. Conversely, lines G1 and G3 (females) and G7 and G10 (males) showed highly

significant negative GCA effects, identifying them as poor combiners.
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6.3.3.2 Fruit weight and related traits

For fruit size traits such as fruit weight (FWt), fruit width (FWd), and fruit length (FL), a broad
range of genetic variation was observed in the per se performance of male and female parental
lines. Among female parental lines, FWt, FWd, and FL varied from 82.65 g to 163.3 g, 44.43 mm
to 67.28 mm, and 51.38 mm to 71.25 mm, respectively. Among the male parental lines, it ranged
from 49.95 g to 140.7 g, 35.9 mm to 51.8 mm, and 44.95 mm to 84.52 mm. The range of GCA
effects among the female parental lines was -12.97-13.95, -2.74-2.57, and -7.8-2.74 for FWt,
FWd, and FL, respectively. Similarly, among the male paternal lines, the GCA effects varied from
-19.44 to 35.41, -3.62 to 4.27, and 9.05 to 13.54 for FWt, FWd, and FL, respectively. Highly
significant positive GCA effects were observed for female line G2 and male lines G7 and G10 for
FWt, male line G10 for FWd, and male lines G7 and G10 for FL. Highly significant negative GCA
effects were observed for female line G4 and male lines G6, G8, and G9 for FWt; male line G6
for FWd; and female line G1 and male lines G6, G8, and G9 for FL. The lines with the largest
favorable GCA effects were G7 (FL), G10 (FWd), and G7 and G10 (FWt) among male lines, and
lines G2 (FWt), G1 (FWd), and G3 (FL) among female parental lines. The best general combiner
parents for each trait were identified based on the magnitude of favorable GCA effects. For fruit
length (FL), the superior combiners were male lines G7 and G10. For fruit width (FWd), male line
G10 was the best combiner. Regarding fruit weight (FWt), the superior lines were male lines G7

and G10, along with female line G2.

The mean values for fruit wall thickness ranged from 3.79 mm to 6.72 mm and 4.16 mm to 5.47
mm for female and male parental lines, respectively. None of the female parental lines showed
significant GCA effects, but line G7 among male parents showed highly significant GCA effect
for PCTk. The mean number of locules ranged from 2.33 to 6.6 in female parental lines and from
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2.15 to 4.75 in male parental lines. Female parental line G1 showed a positive and highly
significant GCA effect for the number of locules. Female parental lines G4 and G5 and male lines

G6 showed a negative and significant GCA effects for number of locules.

6.3.3.3 Plant height

Mean plant height ranged from 62.95 cm to 82.45 cm for female parental lines and from 65.85 cm
to 101.5 cm for male parental lines. GCA effects ranged from -7.42 to 7.32 for females and -9.88
to 18.9 for males. Female line G3 and male lines G6 and G9 displayed significant positive GCA
effects for plant height, identifying them as the best general combiners for this trait. Female lines

G1 and male lines G7, G8, and G10 showed negative and significant GCA effects.

6.3.3.4 Total soluble solid and juice volume

The mean performance ranged from 4.75 to 5.48 for females and 4.48 to 6 for males. GCA effects
ranged from -0.16 to 0.22 for females and -0.13 to 0.16 for males. No significant GCA effects
were observed among male and female parental lines for total soluble solid (TSS), but female line
5 and male line 7 possessed the highest positive GCA effects. Regarding juice volume (JV), the
mean value ranged from 408.75 ml to 877.5 ml in females and 218.75 ml to 685 ml in males. The
general combining ability (GCA) effects for juice volume exhibited a wide range, from -96.63 to
63.00 in female lines and -112.13 to 172.38 in male lines. Among these, female line G2 and male
lines G7 and G10 were identified as the best general combiners for this trait, based on their highly
significant positive GCA effects. A highly significant negative GCA effects was recorded among

female parental lines G4 and G5 and male parental lines G6, G8, and G9.

133



Table 6.6: Per se performance of male and female parental lines with their respective general combining ability effects for 13 traits in tomato across two locations

Parent MYP TYP MNP TNP FWt Fwd
Mean GCA Mean GCA Mean GCA Mean GCA Mean GCA Mean GCA
Female
Gl 3.27 -0.23* 3.42 -0.24* 29.79 -14.08** 3141 -14.67** 155.8 1.26 67.28 2.57
G2 2.57 0.53%* 2.67 0.51%* 36.83 8.76** 38.39 10.65** 143.59 13.95%* 55.02 1.10
G3 2.68 0.08 3.01 0.11 27.7 -6.49** 31.67 -7.56%* 163.3 2.24 60.85 0.31
G4 2.75 -0.05 2.94 -0.02 56.72 10.17** 62.03 10.65** 82.65 -12.97** 4443 -2.74
G5 3.1 -0.33** 3.35 -0.37** 42.51 1.64 52.39 0.94 104.55 -4.48 48.1 -1.24
Male
G6 2.79 0.11 2.82 0.09 68.61 7.25%* 70.17 7.45%* 64.78 -18.07**  40.61 -3.62%
G7 2.74 0.16 2.87 0.17 49.32 -7.98** 54.02 -6.27%* 99.55 19.62** 45.88 0.86
G8 3.6 0.06 3.71 0.05 122.51 15.17** 128.02 13.95%* 49.95 -17.52** 359 -0.13
G9 2.69 -0.13 2.78 -0.16 72.14 7.08%* 76.03 6.90** 57.75 -19.44** 4427 -1.38
G10 2.53 -0.21 2.63 -0.15 29.75 -21.52%** 31.52 -22.07** 140.7 35.41** 51.28 4.27**
SE 0.12 0.11 1.84 1.98 391 1.49
SEd(gi —gj) 0.167 0.155 2.596 2.796 5.528 2.112
Table 6.6 (continued)

Parent FL PCTk NL DFF PH TSS vV

Mean GCA Mean GCA Mean GCA Mean GCA Mean GCA Mean GCA Mean GCA
Female
Gl 51.38 -7.80%*  3.79 -0.776** 6.6 0.695** 374 -0.04 6295 -7.42*% 498 -0.16 877.5 38.13
G2 66.02 1.71 5.84 0.012 3.16 0.06 40.59 -029 73.1 -3.71 478 0.03 649.38 63.00**
G3 71.25 2.74 5.66 0.304 4.01 0.15 38.03 0.66 73.05 7.32% 5.18 -0.12 8425 34.38
G4 69.02 2.48 5.65 0.147 2.35 -0.54%*  40.88 -0.24 8245 4.15 4.75 0.04 408.75 -96.63**
G5 62.54 0.87 6.72 0.312 2.33 -0.42*% 4247 -0.09 65.76 -0.35 5.48 0.22  539.38 -38.98
Male
G6 63.44 -3.91% 4.96 0.20 2.15 -0, Sl AA47% 0.56 99.44 18.9%* 573 -0.01 305 -105.63**
G7 84.52 13.54** 547 0.53%* 8. 13 -0.03 41.45  -034 734 -0.2%* 5.48 0.16 570 111.63**
G8 56.32 -9.05%* 416 -0.15 2.65 -0.23 38.72 -0.04 65.85 -6.77*  4.58 -0.13  218.75 -112.13%*
G9 44.95 -8.93** 435 -0.13 2.85 -0.31 4247 -099 101.5 6.96* 6 0.07 295 -66.25%*
G10 73.57 8.35%* 443 -0.45* 4.75 1.07 4042 081 71.6 -9.88** 5.13 -0.09 685 172.38**
SE 1.61 0.18 0.17 0.58 3.36 0.13 23.74
SEd (gi—gj) 2.28 0.257 0.245 0.825 4.754 0.179 33.571
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6.3.4 Hybrid performance per se, heterosis and specific combining ability effects

6.3.4.1 Yield and number of fruits per plant

Data for per se performance, specific combining ability (SCA) effects, mid-parent heterosis, and
better-parent heterosis are provided (Tables 6.7 & 6.8). Hybrids exhibited better per se
performance in most of the traits across locations. TYP and MYP ranged from 2.96 kg to 5.02 kg
and 2.83 kg to 4.88 kg, respectively. Most of the hybrids (over 80%) for TYP and over 88% for
MYP showed positive heterosis. The MPH and BPH for TYP ranged from -1% to 81% and -12%

to 75%, respectively, while it ranged from 1% to 84% and -8% to 79% for MYP.

The SCA for TYP and MYP ranged from -0.82 to 0.56 and -0.83 to 0.53, respectively. Hybrid G2
x G7 showed a significant positive SCA effect, whereas hybrids G3 x G9, G2 x G8, and G4 x G7
showed highly significant negative SCA effects for TYP and MYP. Hybrids G3 x G6, G3 x G7,
G1 x G10, and G4 x G9 showed high non-significant SCA effect for both traits. Hybrids G2 x G7,
G3 x G7, and G3 x G6 showed 81%, 41%, and 49% MPH. Similarly, these hybrids exhibited 75%,
37%., and 46% heterosis over the better parent. Hybrid G2 x G7 showed a significant positive SCA
effect. Hybrid G2 x G7 was identified as the best specific combiner for yield, as it exhibited the
highest values for mid-parent heterosis (81%) and better-parent heterosis (75%), coupled with a

significant positive SCA effect.

The average MNP and TNP varied from 36 to 95 and from 34 to 91 respectively. MPH and BPH
also varied from -25% to 74% and from -52% to 49% for TNP, respectively, and from -21% to
64% and from -51% to 42% for MNP. The SCA ranged from -19.3 to 11.2 and from -19.4 t0 9.9
for TNP and MNP, respectively. Significant positive SCA effects were recorded for hybrids G1 x
G10, G5 x G9, G2 x G7, and G3 x G8, while hybrids G2 x G8, G2 x G10, and G3 x G9 showed
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negative SCA effects for TNP. Hybrids G2 x G9, G1 x G10, G5 x G9, and G3 x G8 showed a
positive and significant SCA effect for MNP, while hybrid G4 x G9 showed a negative and
significant effect on this trait. Though no significant positive SCA effect was detected for hybrids
G3 x G7 and G3 x G6, they showed higher positive SCA effects for TNP and MNP. Hybrids G2
x G7, G3 x G7, and G3 x G6 exhibited 74%, 38%, and 42% MPH, respectively. The BPH was also
49%, 9%, and 3% for these hybrids. Hybrids G2 x G7, G1 x G10, and G5 x G9 were identified as

the most promising for increasing the number of fruits per plant.

6.3.4.2 Fruit weight and related traits

Fruit weight and width ranged from 68.8 g to 167.6 g and 42.8 mm to 57.11 mm, respectively.
Midparent heterosis varied from -38% to 20% for fruit weight, while it ranged from -14% to 26%
for fruit width. Similarly, the better parent heterosis varied from -58% to 17% for fruit weight and
-31% to 14% for fruit width. The SCA effect varied from -27.37 to 20.2 and from -3.51 mm to
4.66 mm for fruit weight and width, respectively. Hybrids G2 x G10 and G4 x G6 showed a
significant positive SCA effect, while hybrids G4 x G7 showed a highly significant negative SCA
effect for fruit weight. None of the hybrids showed a significant SCA effect on fruit width.
Although none significant SCA effects were detected for fruit weight among G2 x G7 and G3 x
G7 hybrids, it was high and positive. The highest midparent (20%) and better parent (17%)

heterosis were recorded for hybrids G2 x G7 and G2 x G10, respectively.

The fruit pericarp thickness (PCTk), fruit length (FL), and number of locules (NL) exhibited
considerable variability among hybrids. FL ranged from 47.83 to 82.85 mm, PCTk from 4.05 to
6.31 mm, and NL was consistently low, ranging from 2 to 5. Mid-parent heterosis (MPH) and

better-parent heterosis (BPH) ranged from -18% to 10% and -25% to 4% for FL, from -21% to
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25% and -30% to 31% for PCTk, and from -28% to 20% and -52% to 11% for NL, respectively.
Specific combining ability (SCA) effects also varied, spanning from -6.65 to 4.63 for FL and -0.77
to 0.94 for PCTk. For PCTk, hybrid G1 x G8 was the top performer, exhibiting the highest
heterosis (25% MPH, 20% BPH), while G4 x G10 and G2 x G6 were confirmed as superior
specific combiners due to their significant positive SCA effects. For FL, no significant SCA effects
were detected; however, G2 x G7 and G4 x G10 showed the highest MPH (10%) and BPH (3%)),
respectively, suggesting limited potential for specific genetic improvement. Regarding NL, no
significant SCA effects were observed, and the predominantly negative SCA effects in hybrids

such as G2 x G6, G5 x G8, G4 x G10, and G3 x G9 were detected.

6.3.4.3 Total soluble solids and juice volume

Mean values for juice volume (JV) and total soluble solids (TSS) ranged from 372.62 to 889.96
ml and 4.38° to 6.03°, respectively. Highly significant specific combining ability (SCA) effects
were observed for both traits. Based exclusively on significant SCA effects, hybrid G5 x G9 was
identified as the superior combiner for TSS, while hybrids G1 x G9 and G2 x G10 were the best
for JV. The heterosis for JV ranged from -37% to 33% for mid-parent (MPH) and -58% to 29%
for better-parent (BPH). For TSS, the heterosis was narrower, with MPH from -19% to -10% and
BPH from -24% to 5%. Notably, hybrid G2 x G 10, one of the best combiners for JV, also exhibited
the highest heterosis for this trait (33% MPH, 29% BPH). Hybrid G2 x G7 showed high positive
SCA effects that were not statistically significant, yet it demonstrated appreciable heterosis for JV

(20% MPH, 13% BPH) and TSS.
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6.3.4.4 Plant height and days to 50% flowering

Mean values for plant height (PH) and days to 50% flowering (DFF) ranged from 63.39 to 121.09
cm and 38 to 42 days, respectively. Mid-parent heterosis (MPH) and better-parent heterosis (BPH)
for PH ranged from -9% to 57% and -22% to 33%, while for DFF, they varied from -6% to 11%
and -4% to 17%, respectively. Hybrid G3 x G8 was the best combiner for plant height, based on
its significant positive SCA effect. In contrast, hybrid G3 x G9 exhibited a significant negative
SCA effect for this trait. For DFF, no hybrids showed significant SCA effects, though G4 x G8

and G1 x G10 were notable for having the lowest (least negative) SCA effects.
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Table 6.7: Performance per se of parents and hybrids, the highest and lowest specific combining ability effects, mid parent and better parent heterosis for yield and
quality

Trait  Hybrid F1 Pl P2 SCA MPH BPH  Trait  Hybrid F1 Pl P2 SCA MPH BPH
TYP  G2xG7 5.02 2.67 2.87 0.56* 0.81 0.75 DFF  GI1xG8 42.15 3740  38.73 2.49 0.11 0.13
G4xGY9  4.42 3.01 2.82 0.43 0.52 0.47 G4xG10  41.95 40.88  35.81 1.59 0.09 0.17
G3xG6  4.04 2.94 2.78 0.43 0.41 0.37 G5xG9 3990 4247  34.56 1.24 0.04 0.15
G5xG8 3.88 3.35 3.71 0.40 0.10 0.05 GlxG6 4137 3740  42.50 1.14 0.04 0.11
G1xG10 3.74 3.42 2.63 0.34 0.24 0.09 G2xG10  41.23 40.59  38.93 0.89 0.04 0.06
G3xG7 439 3.01 2.87 0.32 0.49 0.46 G4xG6  41.06  40.88  37.06 0.84 0.05 0.11
GlxG6  3.18 3.42 2.82 -0.47 0.02  -0.07 G3xG9 40.29  38.03 37.68 0.74 0.06 0.07
G3xG9 3.09 3.01 2.78 -0.65* 0.07 0.03 G3xG7 40.70  38.03 38.31 0.59 0.07 0.07
G2xG8 3.53 2.67 3.71 -0.82**  0.11  -0.05 G2xG7 39.76  40.59  39.87 0.54 -0.01  0.00
G4xG7 3.12 2.94 2.87 -0.82**  0.07 0.06 G3xG6 39.58 38.03 38.62 -1.56 0.03 0.04
MYP G2xG7  4.88 2.57 2.74 0.53* 0.84 0.78 G4xG8 40.88 3644  38.66 -1.81 -0.02  0.04
G3xG6  4.33 2.68 2.79 0.48 0.58 0.55 G1xG10  37.40  40.43 38.92 -2.11 -0.01  0.03
G1xG10  3.89 2.75 2.69 0.41 0.43 0.45 PH G3xG8  109.30  73.05  65.85 22.72%* 0.57 0.33
G4xG9 3.60 3.27 2.53 0.38 0.24 0.10 G4xGY ~ 112.13  82.45 101.50 14.99 0.22 0.10
G3xG7 425 2.68 2.74 0.35 0.57 0.58 G2xG7 84.75 73.10  71.60 12.32 0.17 0.14
G3xGY9 294 2.68 2.69 -0.66* 0.10 0.10 G2xG10  84.50  73.10  73.40 11.39 0.15 0.15
G2xG8 3.54 2.57 3.60 -0.71**  0.15  -0.02 G1xG9 9646 6295 101.50 10.90 0.17  -0.05
G4xG7 295 2.75 2.74 -0.83** 0.07 0.07 G3xG6  123.04 73.05 99.44 10.79 0.43 0.24
TNP GIxGI10 4134 3141 31.52 11.17* 0.31 0.31 G3xG7 76.15 73.05 7340 -8.00 0.04 0.04
G5xGY9 8398 5239  76.03 9.23*% 0.31 0.10 G2xGY 79.15 73.10  101.50 -10.12 -0.09  -0.22
G2xG7  80.37  38.39 54.02 9.08%* 0.74 0.49 G2xG8 63.05 73.10  65.85 -12.49 -0.09 -0.16
G3xG8 8229 31.67 128.02 8.99* 0.03  -0.36 G3xGY 8390 73.05 101.50 -l6.41* -0.04 -0.17
G2xGY9  92.08 3839  76.03 7.62 0.61 021 PCTk G4xGl10 5.90 5.65 4.43 0.94* 0.17 0.08
G3xG7 5898  31.67 54.02 5.90 0.38 0.09 G2xG6 6.30 5.84 4.96 0.82%* 0.17 0.31
G3xG6 7222 31.67  70.17 5.37 0.42 0.03 G1xG8 4.98 3.79 4.16 0.63 0.25 0.20
G2xG8  83.06 38.39  128.02 -8.45 0.00  -0.35 G2xG7 6.17 5.84 5.47 0.36 0.09 0.12
G2xG10 4588 3839  31.52 -9.62%* 0.31 0.20 G3xG7 6.35 5.66 5.47 0.25 0.14  -0.06
G3xGY9 47.01 31.67 76.03 -19.3**  -0.13  -0.38 G5xG7 6.35 6.72 5.47 0.24 0.04 -0.03
MNP G2xG9  89.11 36.83 72.14 0.88%* 0.64 0.24 G4xGY 5.49 5.65 4.35 0.20 0.10 0.04
G1xG10 3725 2979  29.75 9.49% 0.25 0.25 G3xG6 591 5.66 4.96 0.14 0.11 0.09
G5xGY9  80.58 4251 72.14 8.48* 0.41 0.12 G2xG8 4.66 5.84 4.16 -0.48 -0.07  -0.06
G3xG8  80.52  27.70 12251 8.46* 0.07  -0.34 G4xG7 5.30 5.65 5.47 -0.65 -0.05  -0.30
G3xG7 5529 2770 4932 6.39 0.44 0.12 G2xG10 ~  4.06 5.84 4.43 -0.77 -0.21  -0.30

139



Table 6.7 (continued)

Cross Fl Pl P2 SCA MPH BPH Trait Hvbrid F1 Pl P2 SCA MPH BPH
MNP G3xG6  70.48 27.70 68.61 6.34 046 003 NL G3xGI0O 490 4.01 4.75 0.42 0.12 0.03
G2xG7 7040 36.83 49.32 6.25 063 043 G2xG8 3.50 3.16 2.65 0.41 0.20 0.11
G4xGY9  27.70 72.14 44.60  -194** -0.11 -0.38 G5xG9 2.90 2.33 2.85 0.37 0.12 0.02
FL G4xG6  66.20 69.02 63.44 4.63 0.00 -0.04 G1xG10 535 6.60 4.75 0.32 -0.06 -0.19
G2xG7  82.85 66.02 84.52 4.59 0.10 -0.02 G4xG9 2.70 2.35 2.85 0.29 0.04 -0.05
G1xG8  50.36 51.38 56.32 4.21 -0.06 -0.11 G3xG6 3.15 4.01 2.15 0.29 0.02 -0.21
G5xG8  58.40 62.54 56.32 3.57 -0.02  -0.07 G2xG7 3.45 3.16 3.15 0.16 0.09 0.09
G5xG7  80.24 62.54 84.52 2.82 0.09 -0.05 G3xG7 3.40 4.01 3.15 0.02 -0.05 -0.15
4GxG10  76.09 69.02 73.57 2.26 0.07  0.03 G2xG6 2.40 3.16 2.15 -0.37 -0.10 -0.24
2GxG10  74.95 66.02 73.57 1.88 0.07  0.02 G3xG9 2.70 4.01 2.85 -0.40 -0.21 -0.33
G1xGY9 4794 51.38 44.95 1.66 0.00 -0.07 G5xG8 2.20 2.33 2.65 -0.41 -0.12 -0.17
G3xG6  63.19 71.25 63.44 1.36 -0.06 -0.11 G4xG10  3.20 2.35 4.75 -0.59 -0.1  -0.38
G3xG7  80.53 71.25 84.52 1.24 003 -0.05 JV G1xGY 667.50 877.50 295.00  171.50** 0.14 -0.24
G2xG8  50.16 66.02 56.32 -5.52 -0.18 -0.24 G2xG10 885.00 649.38 685.00 125.50* 033 0.29
G4xG7  72.46 69.02 84.52 -6.56 -0.06 -0.14 G4xG6  417.50 408.75  305.00 95.62 0.17  0.02
FwWt G2xG10 167.60 143.59 140.70  20.20* 0.18  0.17 G3xG7  745.00 842.50 570.00 74.88 0.05 -0.12
G4xG6  85.35 82.65 64.78 18.35% 0.16  0.03 G4xG8  382.50 408.75 218.75 67.12 022 -0.06
G1xGY9 9590 15580  57.75 16.04 -0.10  -0.38 G5xG7  636.25 539.38 570.00 39.37 0.15 0.12
G2xG7 14550 143.59  99.55 13.89 020  0.01 G2xG7 - 731.25 64938 570.00 32.50 020 0.13
G4xG9  76.60 82.65 57.75 10.97 0.09 -0.07 GlxG6 375.00 8&77.50 305.00 -81.63 -0.37  -0.57
G3xG7 13050 16330  99.55 10.60 -0.01 -0.20 G3xGY9 - 397.50 84250 295.00 -94.75 -0.30 -0.53
G3xG6  76.85 16330  64.78 -5.36 -0.33  -0.53 G4xG7  402.50 408.75 570.00 -136.63**  -0.18 -0.29
G4xG7  77.35 82.65 99.55  -27.3** -0.15 -0.22 TSS  G5xG9 6.03 5.48 6.00 0.62%* 0.05 0.10
FWd G4xG8  50.59 44.43 35.90 4.66 026 0.14 G2xG7 5.65 4.78 5.48 0.35 0.10  0.03
G1xGY9  53.03 67.28 44.27 3.03 -0.05 -0.21 G3xG10  5.20 5.18 5.13 0.30 0.01  0.00
G2xG10  57.11 55.02 51.28 2.95 0.07  0.04 G5xG6 5.60 5.48 5.73 0.28 0.00 -0.02
G5xG6  46.04 48.10 40.61 2.10 0.04 -0.04 G3xG6 5.10 5.18 5.73 0.12 -0.06 -0.11
G1xG7  53.80 67.28 45.88 1.57 -0.05  -0.20 G3xG7 5.00 5.18 5.48 -0.15 -0.06 -0.09
G2xG7  52.17 55.02 45.88 1.43 0.03  -0.05 G3xGY 4.55 5.18 6.00 -0.51 -0.19 -0.24
G3xG10  54.28 60.85 51.28 0.91 -0.035..-0.11 G1xG6 4.38 4.98 5.73 -0.56* -0.18 -0.24

G3xG6  46.38 60.85 40.61 0.89 -0.09  -0.24

G3xG7  49.80 60.85 45.88 -0.16 -0.07  -0.18

G4xG10  47.37 44.43 51.28 -2.95 -0.01 -0.08

G1xG8 ~ 47.73 67.28 35.90 -3.51 -0.07 ~ -0.29
F1 = hybrid performance; pl = female parent performance, p2 = male parent performance. MYP = marketable fruit yield (kg) per plant, TYP = total yield (kg) per
plant, MNP = marketable number of fruits per plant; TNP = total number of fruits per plant, fruit FWt = single fruit weight (g), FWd = fruit width (mm), FL = fruit
length (cm), PCTk = pericarp thickness (mm), NL = number of locules, DFF = days to 50% flowering, PH = plant height (cm), %TSS =total soluble solids, JV =
juice volume (ml).
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Table 6.8: Range of performance per se, heterosis and SCA effects among crosses

Trait Performance pe se of crosses MPH (%) BPH (%) SCA effect
TYP 2.96-5.02 -1-81 -12-75 -0.82-0.56
MYP 2.83-4.88 1-84 -8-78 -0.83-0.53
TNP 36.63-94.5 -25-74 -52-49 -19.3-11.2
MNP 33.55-91.32 -21-64 -51-42 -19.4-9.9
DFF 37.59-42.15 -6-11 -4-17 -2.11-2.49
PH 63.39-121.09 -9-57 -22-33 -16.41-22.72
PCTk 4.05-6.31 -21-25 -30-31 -0.77-0.94
FL 47.83-82.85 -18-10 -25-3 -6.56-4.63
FWt 68.8-167.6 -38-20 -58-17 -27.34-20.2
Fwd 42.8-57.11 -14-26 -31-14 -3.51-4.66
NL 2.20-5.35 -28-20 -52-11 -0.59-0.42
v 372.5-885.96 -37-33 -57-29 -136.63-171.5
TSS 4.38-6.03 -19-10 -24-5 -0.56-0.62

MYP = marketable fruit yield (kg) per plant, TYP = total yield (kg) per plant; MNP = marketable number of fruits per plant; TNP = total number of fruits per plant.
fruit FWt = single fruit weight (g), FWd = fruit width (mm), FL = fruit length (cm), PCTk = pericarp thickness (mm), NL = number of locules, DFF = days to 50%

flowering, PH = plant height (cm), %TSS =total soluble solids, and JV = juice volume (ml).
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6.4 Discussion

Understanding the gene action governing a trait is fundamental for developing effective breeding
strategies and methodologies (Fasahat, 2016; Yu et al., 2020). The analysis of combining ability
serves as a valuable tool in this regard, providing critical insights into the type and magnitude of
gene action influencing a trait. In hybrid breeding, where the identification of superior parental
lines and hybrids is essential, combining ability studies are particularly important (Zhang et al.,
2024). This analysis is based on two key concepts: general combining ability (GCA), which
reflects additive genetic variance, and specific combining ability (SCA), which encompasses non-
additive genetic variance (Fasahat, 2016). The relative importance of GCA and SCA can vary
significantly, differing not only for various traits within the same parental line or hybrid but also

among different parents or hybrids for the same trait (Liu et al., 2021).

The findings of the current combining ability analysis revealed highly significant (p < 0.01) or
significant (p < 0.05) general combining ability (GCA) variances for the majority of the traits
studied. Similarly, the variance due to specific combining ability (SCA) was highly significant (p
< 0.01) for most traits, with the exceptions of fruit length, plant height, number of locules, and
fruit width. These findings are partially consistent with previous research; for instance, [zzo et al.
(2022) and Liu et al. (2021) also reported highly significant GCA and SCA variances for a similar
set of traits. However, their observation of significant SCA for plant height, fruit weight, fruit
length, and number of locules contrasts with our results. Emami ez al. (2018) likewise documented
highly significant GCA and SCA variances for yield per plant, fruit weight, fruit number per plant,

and days to 50% flowering.
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Conversely, a study by Pavan et al. (2022) found that pericarp thickness, number of locules, and
plant height did not exhibit significant GCA variance, while they observed highly significant SCA
variance for fruit weight, length, width, and yield per plant. These discrepancies are likely
attributable to differences in the genetic background of the parental lines used in the various
studies. The presence of highly significant GCA and SCA variances in our study indicates that
both additive and non-additive gene actions are important in controlling these traits (Fasahat,
2016). However, for most traits, additive genetic variance was predominant, suggesting that early
selection in segregating generations would be an effective strategy for their genetic improvement

(Bhattarai et al., 2016).

The current study determined that GCA variance, representing additive genetic effects, played a
significant role in controlling various tomato traits, including TNP, MNP, FWt, FWd, FL, PCTk,
PH, NL, and JV. This aligns with other studies that have also identified additive gene action as the
primary influence for traits such as fruit weight, fruit length, fruit width, and the number of fruits
per plant (Izzo et al., 2022). In contrast to our findings, Pavan et al. (2022) reported that non-
additive genetic variance 1s more prevalent in determining fruit number per plant, pericarp
thickness, number of locules, fruit length, and fruit width. Furthermore, the findings of the current
study indicated that SCA variance contributed significantly to traits such as DFF, MYP, TYP, and
TSS. This is consistent with other studies that have highlighted the crucial role of non-additive
genetic variance in governing yield per plant (Bhattarai ez a/., 2016; Emami ef al., 2018; Izzo et
al.,2022; Pavan et al., 2022) and days to 50% flowering (Izzo et al., 2022). However, some reports
emphasize the importance of additive gene action for days to 50% flowering (Emami et al., 2018).
In conclusion, breeding for heterosis would be an effective strategy for significantly improving

traits with high SCA variances.
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Understanding the extent of GCA and SCA effects in breeding materials is crucial for identifying
elite parental lines for subsequent breeding programs (Wang et al., 2023; Yu et al., 2020). The
GCA effects of a parental line reflect its additive and additive x additive genetic value (Fasahat,
2016; Gaballah et al., 2022). Significant, favorable GCA effects for a given trait indicate a parent's
capacity to transmit favorable alleles to its progeny, adapt to a wide range of environments, and
exhibit high potential for genetic improvement of that trait (Fasahat, 2016; Gaballah et al., 2022).
However, not all crosses between parents with high GCA effects will result in high-performing
progeny for the desired trait, as gene interactions may deviate from expectations (Kumar &

Bharathi, 2009).

In the present study, the positive and significant GCA effect of female parent G2 and male parental
lines G7 and G6 contributed to increased TYP and MYP in the hybrids. Similarly, the high and
positive significant GCA effect among female parental lines G2 and G4, and male lines G6, G8,
and G9 contributed to increased fruit number per plant in the hybrids. Consequently, hybrids G4
x G9, G4 x G8, and G2 x G9 had a higher number of fruits per plant. Regarding fruit size traits, a
combination of lines with the largest favorable GCA effects such as G7 (FL), G10 (FWd), and G7
and G10 (FWt) among male lines, and G2 (FWt), G1 (FWd), and G3 (FL) among female parental
lines would produce hybrids with increased fruit weight, length and width. Hybrids G4 x G6 and
G5 x G6 in our study produced a small number of locules per fruit. This indicated that crosses of
parental lines with low significant negative GCA effect would produce a small number of locules
per fruit. Increased plant height could be obtained by a combination of parental lines with high and

significant GCA effects, among female line G3 and male lines G6 and G9.
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The SCA effect is a decisive factor in selecting the best hybrids among crosses to exploit heterosis
or proceed selections from segregating generations (Kumar & Bharathi, 2009). High SCA effects
could be obtained from crosses involving parents with (high x high), high x low, low x high, or
low x low GCA effects (Fasahat, 2016; Kumar & Bharathi, 2009). In the present finding, highly
significant and significant SCA effects were obtained for most of the traits except fruit length, fruit
width, days to 50% flowering, and number of locules. Hybrid G2 x G7 showed a significant
positive SCA effect; whereas hybrids G3 x G9, G2 x G8, and G4 x G7 showed highly significant
negative SCA effects for TYP and MYP. The hybrid G2 x G7 was a (high x low) parental
combination, implying the existence of additive x dominance genetic interaction. Hybrids G3 x
G6,G3x G7,G1 x G10, and G4 x G9 were a low x low GCA effect parental combination indicating
dominance x dominance genetic interaction. Most crosses with significantly low SCA effects had
one of their parents with low GCA effects. A similar trend was observed for the majority of crosses

for the traits considered.

Higher heterosis for fruit yield and quality is needed for hybrid tomato commercialization. The
results of the study suggest that crosses exhibited superior performance per se in comparison to
their midparent and best parent across a range of traits. We found crosses with high MPH and BPH
for most of the traits which implied the possibility to exploit heterosis. The highest positive
heterosis was recorded for TYP (81%, 75%) and MYP (84%, 78%) for MPH and BPH for hybrid

G2 x G7. The lowest positive MPH and BPH heterosis was recorded for TSS (10%, 5%).

The presence of heterosis was reported for fruit weight, yield per plant, fruit number per plant, and
fruit quality (Ayenan et al., 2022; Basté et al., 2010; Ene et al., 2023; Fortuny et al., 2021; Krieger

et al.,2010; Shalaby, 2013; Solieman et al., 2013). Emami et al.,(2018) found heterosis of 37.75%,
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-22.95%, 55,04%, and 3.05% for fruit yield per plant, fruit weight, fruit number per plant, and days
to 50% flowering. Liu et al.,( 2021) also reported MPH of 27.72%, 49.26%, 80.53%, and 42.08%

mid-parent heterosis for plant height, fruit weight, fruit number per plant, and total soluble solids.

A high and positive correlation was observed between hybrids performance per se and the SCA
effect for the majority of the traits. Similarly, the SCA effect showed a strong correlation with
MPH and BPH. The cross G2 x G7 had the highest and highly significant SCA effect (0.56), the
highest fruit yield per plant (5.02 kg), and the highest MPH (81%) and BPH (75%), demonstrating

their strong association with each other.

6.5 Conclusion

This study clarifies the relative importance of additive and non-additive gene actions for key
agronomic traits in tomato, providing a foundational knowledge for targeted breeding strategies.
The analysis revealed highly significant variances for both general (GCA) and specific (SCA)
combining ability, underscoring the roles of both additive and dominance gene effects. Additive
genetic effects were predominant for traits such as TNP, MNP, FWt, FWd, FL, PCTk, PH, NL,
and JV, whereas non-additive effects were more influential for DFF, MYP, TYP, and TSS. A key
contribution of this work is the identification of elite parental combiners. Among the female lines,
(G2 was the best general combiner for yield and yield-related traits (TYP, MYP, TNP, FWt, and
JV). Lines G4 and G3 were the best combiners for fruit number per plant. Among the male lines,
G6 was superior for fruit number per plant, number of locules, and plant height; G7 for FWt, FL,

PCTk, and JV; and G10 for fruit width, fruit weight, fruit length, pericarp thickness, and JV.
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Furthermore, the hybrids G2 x G7, G3 x G7, and G3 x G6 were identified as particularly promising,
demonstrating high positive SCA effects, superior performance per se, and significant heterosis
over both the mid-parent and better parent for critical traits like yield, fruit number, single fruit
weight, pericarp thickness, and TSS. This precise elucidation of gene action and the identification
of superior parents and specific hybrid combinations provide a direct and valuable roadmap for

enhancing tomato productivity and quality in future breeding programs.
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CHAPTER SEVEN

7 General conclusions and recommendations
7.1 General conclusions

The phenotypic characterization of 143 tomato germplasm for two seasons revealed a highly
significant genetic variation among tomato genotypes based on 15 most quantitative and 18 most
qualitative traits. The genotype-environment interaction was also highly significant for the number
of locules, marketable fruit number per plant, marketable yield per plant, total fruit number per
plant, total yield per plant, fruit weight, and fruit shape index. High to medium broad-sense
heritability and genetic advance were detected for most traits. Highly significant positive genetic
correlations were found between fruit yield per plant and fruit weight, fruit length, fruit width, fruit

shape index, days to 50% flowering, and pericarp thickness.

Multivariate analysis grouped 143 tomato genotypes into three clusters; the first five PCS
accounted for 82.86% of the total variation due to fruit weight, fruit length, plant height, number
of fruits per cluster, pericarp thickness, marketable and total number of fruits per plant, number of
locules, and fruit shape index. Fruit weight, fruit length, fruit width, pericarp thickness, number of
locules, and fruit shape index could be targeted to improve fruit yield in tomatoes due to their high
heritability, genetic advance, and strong and positive association with yield per plant. Improving
tomato productivity could be achievable through the hybridization of tomato genotypes from
different clusters while taking the specific traits of each cluster into account. The numerous
desirable quantitative and qualitative characteristics observed among the genotypes could be used
in tomato breeding programs to use favorable breeding materials from different clusters as parental

lines or for pre-breeding activities.
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A molecular genetic diversity study using 4729 DArTseq-derived SNPs revealed two distinct
genetic groups and admixtures among 187 tomato germplasm. The structure analysis partitioned
only cherry tomatoes among the different market types, such as cherry, fresh market, and
processing. The grouping was not in line with the pre-defined market groups. A high level of gene
flow was detected between the fresh market and processing market types. The considerable gen