QTL Sequencing in Plant Breeding: A Comprehensive Review


Abstract
Quantitative trait loci sequencing (QTL- seq) is a novel technology that makes conventional QTL mapping in cooperation with next-generation sequencing highly efficient and more accurate for identifying genomic loci associated with complex traits. This methodology employs a bulk segregant analysis along with whole genome sequencing to identify candidates with reduced effort and fewer resources compared with the time of conventional approaches. QTL- seq demonstrated efficiency in enhancing resolution and precision for detecting polygenic loci by raising the resolution among different crop species, some of which carry complex genomes. It also enables the identification of low-frequency alleles and fine genetic variation, thereby a clearer understanding of the trait architecture. The adaptability of QTL- seq enabled its use in marker-assisted selection and genomic prediction, thereby breeding for improved crop varieties. This review discusses the fundamental principles, strengths, and weaknesses of QTL- seq, noting its utility in driving both genetic studies and applied breeding programs.
Keywords: QTL- seq, Next generation sequencing, QTL mapping, Bulked segregant analysis
Introduction
Quantitative traits vary continuously between individuals in a population, unlike qualitative (or “Mendelian”) traits that vary discontinuously and differentiate individuals into discrete classes. Typical examples of quantitative traits in plants include plant height, time to flowering, grain size, fruit weight, and yield while typical examples of qualitative traits include the original traits studied by Mendel such as seed shape, seed color, flower color, etc., Most agriculturally important traits are quantitative (Sehgal et al. 2016). Quantitative trait loci (QTL) are regions of the genome at which genetic segregation within a population is statistically associated with variation in a quantitative trait (Jamann et al. 2015). Marker-assisted selection (MAS) is recognized as one of the most effective techniques in plant breeding (Collard et al. 2005; Hasan et al. 2021). Once a QTL controlling a favorable trait is mapped with closely linked DNA markers, it is introduced into an elite cultivar by crossing the recurrent elite parent to the donor plant. One of the essential requirements of MAS is the generation of DNA markers tightly linked to genomic regions harboring candidate genes that are responsible for desirable traits. This allows breeders to effectively choose preferred individuals among segregating progeny based on genotypic information derived from such markers, consequently cutting down significantly the time and expenses required for phenotypic assessment, which are otherwise time- and labor-intensive. One of the earliest but sound QTL-mapping methods was linkage-based QTL mapping, where DNA markers closely linked to target QTL are interpreted.  Linkage mapping has two important phases: mapping markers and correlating the trait with the markers. Both procedures demand precise phenotypic data and statistical software. Sax (1923) was among the pioneers who tried to investigate the inheritance of quantitative traits in plants. The procedure involves the generation of mapping populations like the F2 population, backcross population, or RILs and phenotyping characteristics under controlled experiments. Molecular markers like simple sequence repeats (SSR), restriction fragment length polymorphisms (RFLP), random amplified polymorphic DNAs (RAPDs), and single nucleotide polymorphism (SNP) are also applied in constructing genetic linkage maps which help to identify QTLs associated with specific traits like that of heat tolerance in rice were reported by Ye et al. 2012 or fiber yield in cotton as reported by He et al. 2007. The analysis typically employs techniques like interval mapping to identify QTLs and their impact on the phenotypic variation (Semagn et al. 2010). The detected interactions should then be identified between QTLs and the other environmental conditions. These interactions will significantly affect the expression of the trait (Mickelson et al. 2003). Generally, Marker-assisted selection (MAS) efficiency is enhanced through QTL mapping since it allows the transfer of favorable traits into cultivated varieties (Semagn et al. 2010).
Traditional QTL mapping, even though elementary in the comprehension of polygenic characteristics, is nonetheless extremely limited in many important aspects. Its poor mapping resolution (10-30 cM with only 0.1%-1.0% of genome coverage) constrains its capacity to precisely localize the traits' associated genes, particularly when QTL heritability is not high (Paterson 1988; Kearsey and Farquhar, 1998). Moreover, the process is labor-intensive and costly, involving big mapping populations of usually over 200 individuals, and extensive genotyping through several generations of breeding (Li et al. 2010a; Nadeau et al. 2000). A linkage map is essential for traditional QTL mapping because it defines positions of markers and allows loci associated with the trait to be detected using recombination analysis. The molecular marker density also dictates the success of mapping, and higher density only helps to identify QTL in a relatively large population size (Li et al. 2010a). Conventional methods depending on smaller populations generate biased estimates of QTL positions and effects and also are restricted by a shortage of markers, especially across varying genetic backgrounds (Rosyara et al. 2009). The inherent intricacy of genetic interactions, in which multiple genes, epistasis, and genotype-environment interactions render it impossible to determine QTLs precisely, adds to the problems (Yi et al. 2003; Reymond et al. 2004). Additionally, the failure of conventional approaches to effectively deal with incomplete phenotypic data and incomplete genetic maps leads to the loss of useful information (Thoday 1961; Guo et al. 2008). Lastly, experimental design limitations such as low numbers of samples, limited polymorphisms, and dependency on biallelic systems also limit the detection of intricate QTL interactions and causal genes (Wilkening et al. 2014). These limitations compelled scientists to seek rapid, cheap, and reliable alternatives like QTL- seq to provide more robust tools for analyzing complex traits (Takagi et al. 2013).
QTL sequencing has emerged as a low-cost and high-resolution approach that significantly decreases the screening time for detecting QTLs, especially in complex genomes (Zhang et al. 2020). while a linkage map is compulsory in traditional QTL mapping, it is not strictly required for QTL sequencing since the technique is based on differences in allele frequencies between phenotype-based bulks. QTL sequencing combines next-generation sequencing with bulk segregant analysis to rapidly identify genetic regions that contribute to desired traits. It involves the accurate determination of candidate QTLs by DNA sequencing of two contrasting bulks, often from plants or animals displaying extreme phenotypic traits.
The Emergence of QTL Sequencing
Bulk Segregant Analysis (BSA), first proposed by Michelmore et al. 1991, is a cost-effective forward genetic approach used for identifying molecular markers linked to downy mildew resistance (DM5/8) in lettuce. Based on linkage or linkage disequilibrium mapping, BSA utilizes segregating populations where DNA pools from extreme phenotypes are genotyped using high-density markers such as RFLP, RAPDs, AFLP, SCAR, and SSR (Giovannoni et al. 1991; Michelmore et al. 1991). BSA technologies have been used in many crops to map important genes (Subudhi et al. 1997; Quarrie et al. 1999; Shen et al. 2003; Asnaghi et al. 2004; Zhang et al. 2009). While the original BSA protocol used markers like RFLPs, RAPDs, etc. for the screening of polymorphic regions, it was slow, labor consuming with a huge number of required polymorphisms and hence could not be applied in its broader view. With the advent of next-generation sequencing technologies, other new approaches were developed as BSA- Sequencing, QTL sequencing, MutMap, and its derivatives MutMap+ and MutMap-Gap for isolating major-effect genes and QTLs responsible for desirable characters, especially in crops like rice (Abe et al. 2012; Fekih et al. 2013; Takagi et al. 2013a). These methods leverage the power of NGS combined with bulk segregant analysis (BSA) for the rapid identification of candidate genes (Schneeberger and Weigel 2011). One of the foundational approaches is SHOREmap, presented by Schneeberger et al. (2009). It has been termed a cornerstone for the integration of whole-genome resequencing and phenotyping on large recombinant populations and it laid the backbone for high-throughput QTL mapping by enabling researchers to monitor variations at the genome-wide scale simultaneously with the traits of phenotype. Later Ehrenreich et al. (2010) proposed a concept called Extreme QTL mapping, which essentially involved the generation of large segregating populations for which progenies with extreme phenotypes were selected and genotyped by high throughput either with genotyping or sequencing for allele frequency pooling. That was one of the first steps towards understanding complex traits using modern genomic tools. On these grounds, Austin et al. 2011 devised Next Generation Mapping (NGM), a method that relied on pooled sequencing of small F2 populations to pinpoint mutations without relying on prior genetic analysis. For the plant populations, the procedure provided ease for identifying variations and mutations. It further enabled them to carry out more advanced mapping techniques. In 2012, Abe et al. devised a procedure called MutMap, which relied on the whole-genome resequencing of pooled DNA derived from segregating populations. This approach proved invaluable for the identification of causal mutations in crop breeding programs, but reliance on natural genetic variation among diverse cultivars was central to most such programs. BSA was employed in similar whole-genome sequencing studies, which identified QTLs for a variety of characteristics such as xylose utilization (Wenger et al. 2010), heat tolerance (Parts et al. 2011), and ethanol tolerance (Swinnen et al. 2012) in yeast, Saccharomyces cerevisiae. The process was employed in plants for the first time by Takagi et al. 2013 who called it QTL- seq. They combined BSA with next-generation sequencing in QTL- seq to present a reliable, rapid, and cost-effective approach for QTL mapping (Majeed et al. 2022). The timeline of advances in QTL mapping technologies is depicted in table 1.
	Year
	Event Description

	1906
	Yule hypothesized the existence of genes with cumulative action.

	1908
	Nilsson-Ehle provided experimental evidence for genes with cumulative action.

	1923
	First studies on quantitative traits by Sax.

	1961
	Thoday emphasized the limitations of early quantitative genetics due to incomplete genetic maps.

	1980s
	Introduction of various molecular marker technologies and high-throughput sequencing methods.

	1988
	The first QTL mapping was demonstrated by Paterson et al. using a saturated RFLP map in rice.

	1989
	Lander and Botstein introduced interval mapping.

	1990s
	Emergence of molecular markers.

	1991
	Giovannoni et al. and Michelmore et al. introduced the concept of BSA for trait mapping.

	1995
	Paterson published the first comprehensive review on QTL mapping.

	2000s
	Development of high-throughput genotyping.

	2013
	Advent of QTL-sequencing by Takagi et al.

	2015 and onwards
	Use of multi-omics approaches in QTL mapping.


Table 1. Timeline of advances in QTL mapping technologies

Since its discovery, the technique has been successfully used to map numerous agronomic traits (Table 2). The integration of QTL- seq into breeding programs makes it easier to develop improved varieties by identifying candidate genes and maximizing marker-assisted selection (Majeed et al. 2022; LaBonte et al. 2024). The strategy of QTL- seq is very effective for detecting, as well as fine mapping QTLs, within which the loci narrow down to even smaller genomic regions (Jaganathan et al. 2020). Unlike the conventional QTL mapping that can extend over several generations, QTL- seq provides results within a much shorter timeframe, making it highly efficient for species with long breeding cycles. QTL- seq operates on a similar principle to BSA sequencing, in that two bulks with extreme phenotypes are created. In a gene that does not contribute to the phenotype of the trait, its alleles will segregate randomly in both the bulks. However, if a gene affects the trait, its alleles will be overrepresented in one bulk compared to the other- for example, one bulk might have more of allele ‘A’ and the other more allele ‘a’ (Mansfeld and Grumet 2018). While QTL- seq primarily identifies genomic regions associated with quantitative traits, BSA sequencing can be applied to qualitative and quantitative traits (Shen et al. 2023). 
Methodology:  
a. Sample selection and formation of bulks: The process of QTL- seq begins with the generation of a mapping population by crossing two cultivars that have alternate/contrasting phenotypes for the traits in question (Takagi et al. 2013, Das et al. 2015). The parental lines used must exhibit highly contrasting phenotypes for the trait of interest to maximize the genetic differences between bulked segregants. This contrast enhances the detection power of allele frequency variations, allowing precise identification of QTLs associated with the trait of interest. Several types of mapping populations such as F2, recombinant inbred lines (RIL), Backcross populations, etc can be employed for this purpose (Lu et al. 2014; Deokar et al. 2019; Zhang et al. 2021). Of these, the F2 populations are more often utilized because they are easier to produce and less cumbersome. While working with QTL- seq, high-generation Fk such as F3, F4, etc., would increase power and precision for QTL discovery due to an increase in homozygous genotypes and the events of recombination between QTL and markers, thus enhancing allele frequency differences and resolution of mapping (Huang et al. 2022). Recombinant inbred lines and doubled haploids are highly homozygous, with each individual in the line being a proxy clone so replicated phenotypic measurements can be taken which makes them ideal for detecting QTLs having minor effects which is not practicable using the F2 population (Takagi et al. 2013). Later, the mapping population is measured for the trait of interest, and phenotypic segregation is assessed. If multiple QTLs contribute to trait variation, the frequency distribution of the measured values will typically approximate a normal (Gaussian) distribution, in other words, they show a continuous variation (Lu et al. 2014; Illa‑Berenguer et al. 2015). Later the individuals with extremely high and low trait values from a segregating population are selected to create two distinct bulks as the highest and lowest bulks (Fig. 1). For example, if the aim is to identify QTLs involved in resistance to a particular disease, those genotypes showing absolute resistance to the disease are grouped under resistant bulk and those showing complete susceptibility to the disease are included under susceptible bulk. The bulking process selectively enriches trait-associated alleles within each bulk. The degree of enrichment of alleles corresponds to the gene's contribution to the phenotype, leading to an increase in the associated SNPs (one bulk typically exhibits a higher frequency of reference allele, while the other shows an increase in alternate allele). Moreover, flanking SNPs are also enriched due to linkage disequilibrium, with closer SNPs exhibiting greater levels of enrichment. These enriched SNPs are classified as trait-associated SNPs (Zhang and Panthee 2020). The number of individuals included in each bulk varied from very small (only five individuals; Branham et al. 2018) to very large (>400; Yang et al. 2013), corresponding to a pool proportion (the ratio of pool size to population size) of 10% or less in most experiments. Usually, the number of individuals in both the bulks will be of equal size as pool imbalance reduces the power and increases the confidence interval (CI 95) width (Huang et al. 2022). After the creation of distinct bulks, the DNA is isolated from all the individuals in each bulk and pooled in equal proportion to create one bulk, and those of the other group are pooled separately to create a second bulk (Abe et al. 2012; Takagi et al. 2013). Later both bulks along with one of the parents are subjected to whole genome resequencing using the next-generation sequencing platform.

b. Next-generation DNA sequencing: Next-generation sequencing (NGS), a revolutionary advancement in DNA sequencing technology, revolutionized QTL mapping and crop breeding, where thousands of millions of DNA molecules can be sequenced simultaneously at lower costs and time than in traditional methods, such as Sanger sequencing (Varshney et al. 2020). With NGS platforms, the bulks and parents get whole-genome resequenced and form an important part of the way to QTL- seq that identifies genomic variations associated with specific traits. Sequencing depth and coverage are amongst the primary parameters in QTL- seq since these determine with close precision the accuracy and resolution of genetic mapping. Sequencing depth would refer to the average frequency with which any nucleotide is sequenced in any experiment. It is usually quoted as a multiple, e.g., 30×, which means that each base is expected by the researcher to be sequenced on average 30 times. It is sometimes also called depth of coverage, emphasizing redundancy in the coverage of bases throughout the genome. Coverage may be used to refer to two things: average depth of coverage, or the number of reads per nucleotide, and breadth of coverage, which provides a percentage of the genome that is targeted and has been sequenced at a specific depth. For instance, having 95% breadth of coverage with a minimum depth of 10x indicates that 95% of the genome has been covered at least ten times. Thus, the coverage must be evaluated genome-wide for consistency. Sequencing biases tend to often generate patches with low or high coverage that could actually have some potential effect on quality. Severe depth of sequencing, usually ranging 30-40x facilitates a majority of the genome sequencing by good faith and thus quite economically enables identification of variants like SNPs as well as infrequent alleles (Garner 2011; Telenti et al. 2016). This also enhances the accuracy of variant calls, particularly in low-quality reads and high error rates, and improves rare variant detection and reduces genotyping errors, which is crucial for accurate QTL identification (Li et al. 2015). Incomplete coverage also inhibits good variant calling in regions like regions of high GC content or segmental duplication regions, which are generally functional regions (Wang et al. 2017). Thus, there arises a need for the optimization of sequencing depth and coverage for the optimization of QTL mapping utility both in agriculture and in clinical genetics (Cheng et al. 2014; Meuwissen et al. 2021).

c. Next-generation sequencing data Analysis: 


i. Raw reads pre-processing:  A critical step in the process of QTL- seq is pre-processing raw reads while ensuring that the sequencing data quality is maintained and sufficiently reliable to be fed into downstream analysis (Wright et al. 2017). General steps in next-generation data analysis in QTL- seq are depicted in Figure 1. Most data from next-generation sequencing platforms are given in an initial FASTQ format, and it is the file format for expressing raw sequencing reads. FASTQ files contain the nucleotide sequences with their quality scores and the confidence associated with each base call. The process of pre-processing begins with quality assessment whereby tools, which are FastQC/ MultiQC, give a report containing main metrics such as per-base sequence quality, GC content, and N content, which provide knowledge of regions that may be low-quality or problematic ones (Andrews 2010; Delhomme et al. 2014; Tripathi et al. 2016). The poor-quality bases are removed by tools such as Trimmomatic or Cutadapt, which remove low-quality sequences, especially those at the ends of reads and remaining adapter sequences from library preparation. This step is vital because poor-quality bases and adapter contamination can also introduce errors at stages such as reference alignment and variant calling (Martin 2011; Bolger et al. 2014). Then, those low-quality reads will be filtered again to leave reads that can pass predefined thresholds; often the average Phred scores (>28). Other times, tools like Picard's MarkDuplicates (http://picard.sourceforge.net) remove duplicate reads generated by repeat sequencing of the same segment to avoid over-representation by certain regions in the genome. Further to integrity, there are error correction tools such as BFC which can be optionally applied. After pre-processing, high-quality reads that are free of adapters and corrected with errors are now ready for alignment to a reference genome or de novo assembly, providing a good ground for accurate variant discovery and subsequent QTL- seq analysis.

ii. Alignment to reference genome: A reference genome is a high-quality, representative sequence of the DNA of a species considered standard for mapping and comparing genetic variations across individuals or populations. It provides a coordinate system for aligning sequences, which is critical in QTL- seq, and allows researchers to find regions of the genome associated with particular traits. In reference alignment, the sequenced reads are mapped to the reference genome to pick up variations and candidate genes associated with traits of interest. The reference genome can be one of the parental accessions being sequenced with the bulks, or a high-quality reference genome. It would be desirable to sequence at least one parent genome and then use that to align reads from two bulk samples (Liu et al. 2019a; Kumar et al. 2020). Cleaned sequencing reads of one of the parental genomes are used to align with a reference genome. The post-processing and filtering of alignment files, usually for accuracy, is carried out using software, such as Coval (Kosugi et al. 2013). Variants identified in the parental genome are added to the reference genome by replacing bases with highly confident variants, and this produces a customized reference-guided assembly specific to the parental genome. This new assembly is then used for aligning sequencing reads from bulked samples that have extreme values for one of the traits under study (Singh et al. 2022). It will thereby allow researchers to call variants specific to the traits of interest. Popular tools such as Burrows-Wheeler alignment (BWA) (Li and Durbin 2010), Bowtie2 (Langmead and Salzberg 2012), and Minimap2 (Li 2018), are commonly used for reference alignment. SAM and BAM formats are used to store the generated alignments; BAM is recommended because of its indexed structure and compressed size. The SAMtools package is commonly used to manipulate BAM files (Li et al. 2009). After aligning to a reference genome, it is important to identify and remove duplicate reads that come from the same genomic region, mainly resulting from over-amplification in library preparation. It is possible to mark PCR duplicates, using tools like Picard (https://broadinstitute.github.io/picard/ ) or Sambamba (Tarasov et al. 2015), which may then be excluded from downstream analysis. Some SNP calling pipelines add steps beyond variant calling, for example, base quality score recalibration (BQSR) to reduce false positives and alignment artifacts (Van der Auwera et al. 2013). However, BQSR has been shown to offer only marginal improvements in variant calling accuracy, making this step optional. 

iii. Variant calling: Variant calling also known as SNP calling is one of the important steps in QTL- seq for identifying genetic differences, such as single nucleotide polymorphisms (SNPs) or small insertions and deletions (indels), between two bulked DNA samples representing contrasting phenotypes.  Alignment files in the SAM/BAM format form the basis of the variant calling step. Mostly used variant calling tools are Genome Analysis Toolkit (GATK, McKenna et al. 2010), SAMtools (Li 2011), varscan (Koboldt et al. 2009), FreeBayes (Garrison and Marth, 2012), Platypus (Rimmer et al. 2014), etc. These softwares compares the aligned reads and seek regions in the bulks where the sequences do not match those of the reference. Throughout this process, quality control steps are taken, including the elimination of duplicates and recalibration of base quality scores to verify the accurate variant detection. Variant calling output is typically stored in a file called Variant Call Format (VCF), which represents genetic variants in the standard format. This file format is important in downstream analyses since it summarizes, generally, the genetic variants along with their frequencies and thus helps in identifying QTLs associated with given traits.
iv. Calculation of allele frequency: In this respect, the bulked DNA samples from the "Highest" and "Lowest" bulks need to be re-sequenced with a minimum coverage 6x. In the areas devoid of QTLs, both parents would be equally represented in their genomes (1:1 ratio), but in those areas housing the QTLs, the ratio would change with respect to the QTL position. The amount of short reads corresponding to each parental genome is examined using the SNPs which allow distinguishing the parents. This is evaluated by assessing the proportion of short reads assigned to the two parental genomes, at the SNPs distinguishing the parents. This is done by allele frequency or SNP index, which represents the percentage of short reads at a particular genomic position that are different from both parents. The SNP index is calculated by aligning the short reads from the bulked DNA of the progeny to the reference genome of one of the parents and counting the number of reads having SNPs differing from the reference sequence. An SNP index of 0 for a particular position would exist in situations where all the short reads are well aligned with the reference genome. This would therefore imply that the position was entirely inherited from the reference parent. An SNP index of 1 would imply that all the short reads are of the alternate parent. Where the SNP index is 0.5, there is representation from both the parental genomes in equal measure; there is heterozygosity concerning that position. For all practical purposes, SNPs less than 0.3 SNP-indices with sequencing depths less than 7 will be removed from the high and low bulks, respectively, as these are regarded as sequencing errors or alignment errors (Takagi et al. 2013; Lu et al. 2014; Zhang et al. 2020). However SNPs with an SNP index of greater than 0.3 in a single bulk are valid and will continue to be analyzed further. The SNP index will be mapped across the entire genome, with areas that have differences in the high and low bulks being considered an estimated QTL region. Areas not related to the QTL for the trait will have the same SNP-index patterns in both bulks. Bulks containing regions with QTLs will exhibit opposite SNP-index values; the two bulks' patterns must be mirror images of one another relative to the 0.5 SNP-index line. For easier visualization, a ΔSNP-index is calculated by taking the difference between the SNP-index of the high bulk and the SNP-index of the low bulk and is graphed. In such a plot, areas where ∆SNP index values are near 1 suggest that there is dominance of the genome from one parent in the trait of interest, and an area near 0 is labeling equal contributions of both parents. Areas with ∆(SNP-index) that exceed a statistical simulation-based confidence interval cut-off must have QTL. This method is effective based on enabling one to pinpoint genomic regions that are most likely to be causing variation in phenotypes seen in the progeny.
The sliding window technique is a widely used technique applied in QTL- seq and it significantly improves the capacity to view and analyze the SNP-index data throughout the whole genome. It achieves this by computing the SNP index (the ratio of reads with the alternate allele at a specific SNP position) and then averaging this value over a user-defined genomic window. Typically, a window size of 2 Mb with a 10 kb gap is employed and the average SNP-index in the window is plotted. At least ten SNPs are to be present in each window to maintain the analysis, in case there are less than ten then that window is omitted. This averaging technique suppresses most of the noise in the data and hence results in much cleaner plots for QTL detection. For statistical accuracy, confidence intervals for the SNP index are estimated under the null hypothesis of the absence of QTL (Takagi et al. 2013; Singh et al. 2022). This involves selecting two random individuals to serve as representatives of the two bulk populations and estimate their respective SNP-index values. This sampling is done 10,000 times for varying read depths and confidence intervals are obtained for every SNP and from this significant deviations can be identified which could be of interest as examples of potential QTLs. These confidence intervals are plotted versus the SNP index to emphasize those regions in which the allele frequency difference is of some significance and thus may aid in the localization of the associated genomic regions to the trait under consideration.
v. Computational Algorithms for QTL identification using QTL sequencing
The first and most popular approach is the ∆SNP index method, which reports genomic regions associated with a trait based on allele frequency differences between two bulk populations. This approach still forms the backbone of QTL- seq due to its conceptual simplicity and efficacy for major QTL detection. However, several more advanced methods have been developed to refine and complement QTL detection in bulked segregant analysis. Another variation of the QTL- seq approach is the G-statistic method developed by Magwene et al. (2011). The G-statistic tries to account for noise generated during bulk formation and during sequencing errors. Improvements in the precision of QTL mapping include enhanced accuracy in detecting weakly effective QTLs, among others. More recently, PyBSASeq (Zhang and Panthee 2020), is an automated pipeline for BSA-seq analysis based on the principle of QTL- seq incorporating statistical tools such as Fisher's exact test and a sliding window algorithm. This pipeline is extremely sensitive even in low-coverage sequencing and makes QTL mapping easier and cheaper to execute.
More advanced approaches involve Block Regression Mapping (BRM, Huang et al. 2020), which uses local regression methods to smooth allele frequency differences and offers significance thresholds and confidence intervals for QTLs so that BSA-seq can benefit from the statistical rigors of the QTL detection process. The Euclidean distance method allows the allele frequencies of the bulks to be assessed at a geometric distance and complements QTL- seq, as another measure is provided for the identification of regions in the genome having large allele frequency differences (Jia et al. 2023). MULTIPOOL by Edwards and Gifford, 2012 is an alternative approach that makes use of a dynamic Bayesian network with the analysis of many genetic markers at once, thereby improving the resolution of QTL mapping in pooled sequencing experiments, whereas Hidden Markov Model (HMM)- based approaches, EXPLoRA (Duitama et al. 2014) and quantitative trait gene sequencing, QTG-Seq (Zhang et al. 2019) comprise probabilistic frameworks for trait mapping, in particular for the identification of minor-effect QTLs in noisy datasets (Claesen & Burzykowski 2015). Though providing alternative statistical frameworks and applications, they all join together for a common goal: to better QTL mapping, from improved detection of genomic regions associated with the trait, mainly when used in combination with QTL- seq. In this sense, though QTL- seq still keeps its central role in the ∆SNP index, these supplementing methods are important steps forward in bulk segregant analysis providing more robust, specific, and cost-efficient tools for QTL identification in plant genetics.
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Fig 1. Schematic representation of QTL- seq by taking an example of diseased (P1) and healthy (P2) plant and general data analysis approach for marker-trait associations. 



d. Software Tools for QTL Sequencing Analysis
Mansfeld & Grumet, 2018 developed QTLseqr: an R package for Next-Generation Sequencing Bulk Segregant Analysis (NGS-BSA) of QTL. It involves two statistical methods: QTL- seq and G', simulating and testing for QTL significance. It allows the import and filtering of SNP data, calculation of allele frequencies, and visualization for QTL analysis in the package. QTLseqr aims to complement the available tools for NGS-BSA within the R statistical environment.
Recent advancement in this field includes a user-friendly software tool developed by Wu et al. 2019 which will help identify and visualize QTLs originating from QTL- seq data. QTL-BSA involves bulked segregant analysis as well as whole genome sequencing (WGS) to detect genomic regions that are linked with specific traits in plants. It facilitates the analysis in four major steps: short read alignment, SNP calling, computation of SNP indices and frequencies, and automatic plotting of results using R. Software will enable researchers to rapidly analyze and visualize candidate QTLs on a convenient platform for users without programming skills. QTL-BSA was successfully applied for the first time in a case study to identify genes related to partial blast resistance in rice by confirming the location of a major QTL on chromosome 6. This software is expected to accelerate the process of crop improvement research and enhance the efficiency of QTL mapping in different crops.
Zhang & Panthee (2020) designed PyBSASeq, a python-based software for the analysis of BSA-Seq data with the least cost of sequencing by sustaining the high sensitivity of detecting trait-associated SNPs. In addition, PyBSASeq utilized Fisher's exact test to identify significant SNPs (sSNPs), while the ratio of sSNPs to the entire number of SNPs within chromosomal intervals is subjected to analysis, offering more than five times greater sensitivity compared to that of conventional methods. This was referred to as the approach for significant SNPs, and with this approach, scientists were able to detect SNP-trait associations at significantly lower sequencing coverage but, resulting in lower costs by approximately 80% made BSA-Seq feasible for large-genome species. PyBSASeq can also be used efficiently in QTL- seq analysis, which makes it a versatile tool to detect regionally linked traits in large-genome species.
Sugihara et al. 2022 have proposed an upgraded version of the QTL- seq pipeline with streamlining of the analysis process and acceleration. It also, within this new pipeline, overcomes earlier versions' limitations by utilizing Trimmomatic for trimming the reads, BWA-MEM for mapping, and SAMtools for calling the variants, amongst others. It permits the samples to be analyzed at several locations within the pipeline, ranging from raw FASTQ files to VCF files. The pipeline also supports some other advanced functionality such as multiple testing correction, and graphical post-processing, with tools like SnpEff for the estimation of the impact of mutations. The new pipeline is faster by 5–8 times, and easier to install, and is user-friendlier for researchers.
Each of these applications feeds an input to a pipeline of integrated bioinformatics for QTL- seq analysis so that the researcher can move easily from raw sequencing data to QTL identification and validation. Table 2 illustrates the different applications of QTL- seq in different crops, highlighting the capability to identify significant genetic regions for traits from disease resistance and stress tolerance to yield gain. These exemplary examples illustrate the generality of QTL- seq to crop research.
Factors influencing the power and accuracy of QTL sequencing
QTL sequencing is a highly effective QTL mapping method, the success probability of which relies on numerous factors. Among the most critical factors is that the parental lines employed must be contrasting for the trait to be investigated. Low genetic diversity between parents leads to small differences in allele frequency among the bulked segregants, and it becomes challenging to separate true QTLs from noise. Population size is also a significant factor since bigger populations tend to enhance the power and resolution of QTL mapping experiments. The impact, however, is non-linear in nature with early gains being of great magnitude followed by a period of diminishing returns, meaning that an optimal population size is reached before the final plateau (Takagi et al. 2013; Huang et al. 2022). Pool proportion is also important, and 0.25 is typically optimal; minor proportions are known to inflate variance in allele frequency difference with attendant loss of power and precision without enhancing the value of the analysis (Magwene et al. 2011; Edwards & Gifford 2012; Schlotterer et al. 2014). Another key component is the adequate balancing of the pools to be compared since imbalanced pools introduce the biasing factors that lead to decreasing the resolution in QTL mapping. Accurate comparisons thus rely heavily on the existence of balanced pools. In addition, population generation- F2 to F3 or subsequent generations- provides an enormous boost in mapping power and precision due to the tendency of these advanced generations to display stronger segregation and hence greater allelic differentiation (Huang et al. 2011; Takagi et al. 2013).
Apart from experimental design, intrinsic factors inherent in the QTLs themselves do play a significant role in results from QTL- seq. QTL heritability or the percentage of the variability of an attribute that is additive is essential for detecting QTLs. Traits of high heritability map easily (Falconer 1996). Detectability of QTL is also influenced by the level of dominance because additive effects are more informative than dominance effects for high-precision localization of QTL since predictability of additive effects on the traits' variance in different generations is greater (Lynch & Walsh 1998; Huang et al. 2022). Another detectability parameter consideration is the number of loci that affect the trait and the effect size of each QTL. Traits affected by one or a few loci are simpler to map than traits affected by numerous loci with small effects. Environmental impacts make it difficult to conduct QTL- seq experiments since excessive environmental variation can obscure the genetic signal, especially for lower-heritability traits, and reinforce the point that conditions need to be controlled or replicated.
Finally, QTL- seq is dependent on the sequencing depth, coverage and read alignment quality. A higher sequencing depth will provide better estimates of allele frequencies and a higher degree of confidence in detecting differences in allele frequency, most significantly for those scenarios where QTL effects are weak (Li et al. 2009). Optimizing read alignment with lower mismatches and biases enhances the resolution of variant calling, and this is crucial in distinguishing between true signals and background noise in QTL- seq designs. For reliable SNP detection, sequencing depth must be sufficient not only to cover the entire genome but also to differentiate the contribution of each parent to the bulked DNA samples. A general rule of thumb for QTL- seq is to aim for a minimum read depth of 10-15x per locus, though deeper coverage may be required for larger or more complex genomes (McKenna et al. 2010; DePristo et al. 2011). Higher read depth ensures that even rare variants are captured, improving the power of QTL identification. However, the decision on read depth should also consider the cost and available resources. Optimizing these experimental and intrinsic factors together will facilitate more precise QTL mapping, and subsequently, reliable genetic discoveries.
Challenges and Future Prospects
QTL- seq still faces various challenges that hinder its complete realization in plant breeding. Mainly, it is less favorable for minor-effect QTL detection, such as complex traits controlled by multiple genes and environmental interactions. It may be cheaper than the conventional approaches but requires high sequencing coverage for fine mapping, which is still costly, at least for large genomes. The data analysis is computationally costly and requires expertise in bioinformatics besides the issues of sequencing biases and errors. Besides these, separation by clear phenotypes may often prove difficult due to the influence of the environment as well as the variability in the phenotype. Overlap between multiple QTLs causes a lot of trouble in distinguishing them, particularly where the traits happen to be polygenic. QTL- seq in combination with conventional QTL mapping offers a powerful methodology to enhance the resolution of QTL detection (Das et al. 2015; Wen et al. 2019; Zhang et al. 2018; Chen et al. 2021; Jia et al. 2023). While QTL- seq is highly effective in reducing large sizes of genomic regions governing a particular character, it often lacks resolution for the high-definition localization of QTLs, particularly in cases where multiple loci are involved in controlling complex traits. The classical QTL mapping straight from genotyping in a segregating population using the method of linkage analysis displays greater resolution and actual capability for the discovery of major and minor effect QTLs. The power of the combination of both approaches is demonstrated by Lu et al. 2014 which led to the discovery of a major QTL Ef1.1 located at chromosome 1 of cucumber by QTL- seq, which was then further verified and fine-mapped using classical QTL analysis. The integration of these two approaches reduced the early flowering QTL Ef1.1 to an 890-kb physical interval responsible for 52.3% of the phenotypic variation of early flowering, thus accelerating the identification and fine localization of major QTLs. Combining QTL- seq with other genomic approaches helps to improve the accuracy of this method. For example, Shen et al. 2023 combined QTL- seq with time expression pattern and haplotype analysis to identify major genes for effective panicle number (EPN) in rice. This approach reduced the number of candidate genes in the interval defined by QTL- seq from 34 to 5. Wen et al. 2019 combined QTL- seq with the conventional method and RNA sequencing and effectively identified genes involved in heat tolerance and high-temperature stress in tomato. A new approach, the mQTL sequencing (multiple QTL seq) approach, has been shown by Das et al. (2015) to be an improved QTL mapping strategy that bases the analysis of QTL- seq on a variety of mapping populations originating from common parental accessions. The two mapping populations used in the current experiment were Pusa 1103 × ILWC 46 and Pusa 256 × ILWC 46 where ILWC 46 is used as a common parent. This approach enhances genome-wide scanning and high-resolution mapping of major trait-associated genes across varying genetic backgrounds and greatly increases the robustness and reliability of QTL identification (Das et al. 2016; Srivastava et al. 2017; Kumar et al. 2018). For chickpea, the multi-population approach allowed the identification of the regions of the genome significantly associated with pod number with a better resolution in narrowing down the QTL intervals. Improvements in sequencing technologies and associated cost reductions together with advances in more powerful bioinformatics tools are likely to strengthen the resolution and accessibility of QTL- seq in the future. Integration with other approaches in 'omics and the use of advanced statistical models will open the possibility for detecting minor QTLs, while automation in data analysis will shift the focus from optimization to efficient workflows. As it is applied to a wide range of crops and under diverse breeding strategies, QTL- seq holds much promise in speeding up crop improvement.
Conclusion
QTL- seq is an extremely effective means of detecting loci governing complicated traits. It combines bulked segregant analysis with next-generation sequencing for quick and precise candidate-gene detection linked with desired phenotypes. The technique saves both time and resources required for fine mapping a lot compared to traditional methods. Its application has particular advantages to crops with complicated genomes, or traits governed by multiple genes. It usually enhances QTL detection resolution and speed marker development, and hence its value for molecular breeding and dissection of genetic mechanisms in plants is well demonstrated. Additionally, when integrated with traditional QTL mapping, RNA-seq, or other omics strategies, QTL-seq sheds more light on trait architecture. Apart from these advantages, QTL-seq has inherent disadvantages which must be overcome.
One of the biggest challenges is its dependence on extreme phenotypes for bulk assembly, which will not always be representative of the entire population. Further, accuracy of QTL-seq results could be influenced by sequencing depth, frequency of recombination, and genetic background noise. While the approach is effective in major-effect QTL mapping, it is often less so in the identification of minor-effect loci, which are no less critical for polygenic phenotypes. Moreover, SNPs produced by QTL-seq must be confirmed by high-throughput genotyping methods such as KASP assays, which incorporates an added time and cost consideration. Regardless of these constraints, advances in sequencing technologies, statistics, and integration multi-omics technologies continue to enhance the accuracy and utility of QTL-seq. Broader reference genomes and higher bioinformatics pipelines also increase its capability for trait analysis across a range of crops.
Improving QTL-seq by the integration of high-density mapping approaches, increasing statistical models to identify minor QTL, and the design of cost-effective genotyping platforms for large-scale validation are research directions in the future. In short, while QTL-seq has some drawbacks, its speed, efficiency, and cost savings render it a valuable tool for accelerating gene discovery as well as marker-assisted selection in crop breeding programs. Through technological innovation and enabling strategies to overcome its present limitations, QTL-seq will be at the forefront of bridging the genomics-practical applications gap in crop improvement and ultimately achieving world food security.
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	Crop
	Trait
	Mapping population
	Mapping population size
	Bulk size
	Methodology
	Key Findings
	References

	Tomato 
	Fruit weight and locule number
	F2 
	95
	10
	Illumina HiSeq 2000
	Identified three Fruit weight (fw1.1, fw3.3, fw11.2) and one locule number (lcn6.1) QTLs
	Illa-Berenguer et al. 2015

	Rice
	Resistance to Rice blast disease
	RILs
	241
	20
	Illumina Genome Analyzer IIx
	Identified Nortai qPi-nor1(t) region on chro. 6 as resistant QTL
	Takagi et al. 2013

	Cucumber
	Early flowering
	F2 
	232
	10
	Illumina Genome Analyzer IIx
	Identified  Ef1.1 as major early flowering QTL
	Lu et al. 2014

	Chick pea
	100-seed weight
	F4
	221
	10
	Illumina HiSeq2000
	CaqSW1.1 as major QTL for 100- seed weight
	Das et al. 2015

	Tomato 
	Heat stress resistance
	F2 
	200
	20
	Illumina HiSeq 2000
	qHII-1-1, qHII-1-2, qHII-1-3, qHII-2-1 and qCC-1-5 (five major QTLs)
	Wen et al. 2019

	Rice
	Salt tolerance
	F2 
	40
	983
	Illumina HiSeq 2000
	qRSL7
	Lei et al. 2020

	Soybean
	Cotyledon color of seed
	F2 
	495
	30
	Illumina HiSeqTM 2500
	qCC1 and qCC2
	Song et al. 2017

	Sorghum
	Stem moisture 
	F2 
	611
	50
	Illumina
	qSW6
	Han et al. 2015

	Chickpea
	Ascochyta blight resistance
	RILs
	92 & 139
	10 & 14
	Illumina
	11 QTLs
	Deokar et al. 2019

	Capsicum
	Capsaicinoid biosynthesis
	F3
	87
	10
	Illumina
	HJ16-qtlseq (one major qtl)
	Park et al. 2019

	Brassica rapa
	Purple trait
	F2 
	200
	30
	Illumina Solexa
	one major Qtl
	Zhang et al. 2020

	Groundnut
	Rust and late leaf spot
	RILs
	266
	25
	Illumina
	5 candidate genes for rust resistance and nine candidate genes for LLS resistance
	Pandey et al. 2017

	Cucumber
	Pre-harvest sprouting
	F2 
	299
	30
	
	qPHS4.1 and qPHS5.1- two QTLs
	Cao et al. 2021

	Pigeon pea
	Days to flowering and leaf shape
	F2
	179
	15
	 Illumina HiSeq platform
	identified two significant QTLs for days to flowering and leaf shape on Chromosome 03 and 08 respectively
	Singh  et al. 2022

	Tomato 
	Blossom end rot
	F2 
	192
	12 & 19
	Illumina NextSeq 550
	BER 3.2 , BER 11.1 - two major qtls
	Topcu et al. 2021

	Sesame
	Leaf size
	RILs
	488
	20
	Illumina NovaSeq 6000 PE 150 platform
	56 QTL for the length and width of leaves
	Sheng et al. 2021

	Maize
	Fertility restoration
	F2 
	 -
	30
	Illumina HiSeq X Ten platform
	A major QTL related to fertility restoration, designated qRf8-1, was detected on the long arm of chromosome 8
	Zheng et al. 2020

	Melon
	Stigma color
	F2 
	150
	25
	Illumina HiSeqTM 2500 platform
	one major quantitative trait locus (QTL) and one minor QTL for stigma color
	Qiao et al. 2021

	Taproot
	Purple skin
	F2 
	 -
	40
	Illumina HiSeq platform
	a major QTL controlling purple skin, Rsps on chro. 2 was identified
	Liu et al. 2019

	Wheat
	Awnless trait
	RILs
	112
	21
	genotyping-by-sequencing (GBS)
	a major QTL, Qal.nwipb-5AL (the B1 locus), for awn length was identified
	Wang et al. 2021a

	Rape seed
	Branch angle
	F2 
	
	20
	Illumina HiSeq PE150
	A branching angle-associated quantitative trait loci (QTL) was mapped on chromosome C3
	Lei et al. 2024

	Castor
	Plant dwarfism
	F2 
	 -
	28
	Illumina HiSeq™ 2500
	identified two QTLs associated with plant height, covering 325 candidate genes.
	Wang et al. 2021

	Cotton 
	Node of first fruiting branch
	BC1F2
	561
	30
	genotyping-by-sequencing (GBS)
	Two stable QTL  (qNFFB-D3-1 and qNFFB-D6-1) were mapped.
	Jia et al. 2023


Table 2: Applications of QTL Sequencing in Different Crops
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