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Polyploidization is an ancient and recurrent process in plant evolution, impacting the diversification of natural populations and plant breeding strategies. Polyploidization occurs in many important crops; however, its effects on inheritance of many agronomic traits are still poorly understood compared with diploid species. Higher levels of allelic dosage or more complex interactions between alleles could affect the phenotype expression. Hence, the present study aimed to dissect the genetic basis of fruit-related traits in autotetraploid blueberries and identify candidate genes affecting phenotypic variation. We performed a genome-wide association study (GWAS) assuming diploid and tetraploid inheritance, encompassing distinct models of gene action (additive, general, different orders of allelic interaction, and the corresponding diploidized models). A total of 1,575 southern highbush blueberry individuals from a breeding population of 117 full-sib families were genotyped using sequence capture and next-generation sequencing, and evaluated for eight fruit-related traits. For the diploid allele calling, 77,496 SNPs were detected; while 80,591 SNPs were obtained in tetraploid, with a high degree of overlap (95%) between them. A linear mixed model that accounted for population and family structure was used for the GWAS analyses. By modeling tetraploid genotypes, we detected 15 SNPs significantly associated with five fruit-related traits. Alternatively, seven significant SNPs were detected for only two traits using diploid genotypes, with two SNPs overlapping with the tetraploid scenario. Our results showed that the importance of tetraploid models varied by trait and that the use of diploid models has hindered the detection of SNP-trait associations and, consequently, the genetic architecture of some commercially important traits in autotetraploid species. Furthermore, 14 SNPs co-localized with candidate genes, five of which lead to non-synonymous amino acid changes. The potential functional significance of these SNPs is discussed.
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INTRODUCTION

Polyploidy is a widespread phenomenon among the flowering plants. Rounds of ancient and recent polyploidization events have been shaping the genomes and the evolutionary trajectories of plant lineages, driving phenotypic diversification (Adams and Wendel, 2005; Paterson, 2005; Jiao et al., 2011; Blischak et al., 2016). Expansion of phenotypic range and novel phenotypes often arise with polyploidization (Spoelhof et al., 2017). The genomic redundancy created by polyploidy allows relaxed selective constraints and functional divergence of gene copies, which can generate new phenotypes in the long-term evolutionary process (Adams and Wendel, 2005; Comai, 2005). Immediate phenotypic effects of polyploidy are also observed compared to their diploid progenitors, such as increased cell and organ size, changes in flowering time, and greater vigor and biomass (Osborn et al., 2003; Tamayo-Ordóñez et al., 2016). The molecular mechanisms contributing to phenotypic variation shortly after polyploidization are not well-understood, but probably involve more complex genetic and epigenetic effects of higher allelic dosage and heterosis (Osborn et al., 2003; Jackson and Chen, 2010; Renny-Byfield and Wendel, 2014; Fort et al., 2016). For example, genome-wide gene expression studies in resynthesized polyploid plants and yeasts have shown ploidy-dependent gene expression alterations, which likely affect the phenotype (Guo et al., 1996; Galitski et al., 1999; Osborn et al., 2003; Pumphrey et al., 2009; Jackson and Chen, 2010).

Polyploids exhibiting new phenotypic traits can outperform their diploid counterparts, occupy new niches, and become ecologically and agriculturally important (Tamayo-Ordóñez et al., 2016; Spoelhof et al., 2017). Many important crops are polyploids with varied ploidy levels and mode of origin (i.e., auto- or allopolyploids). However, despite the economic importance of polyploids and the impact that ploidy can have in the phenotypic expression, the effects of allelic dosage on quantitative traits remain largely unexplored. Most genetic studies in polyploids have so far relied on diploid models to simplify the polyploid data. The complex nature of polyploid genetic data (e.g., multiple alleles and mixed inheritance patterns) has hindered the understanding of genetic architecture of important traits (Dufresne et al., 2014). Moreover, molecular techniques and statistical methodologies were also constraints for polyploids, such as the challenge to define the allelic dosage (Garcia et al., 2013; Lu et al., 2013; Dufresne et al., 2014; Li et al., 2014a; Annicchiarico et al., 2015; Uitdewilligen et al., 2015; Schulz et al., 2016).

Due to the advances in new genotyping technologies, it is now possible to generate high-density single nucleotide polymorphism (SNP) data and evaluate the relative abundance of each allele based on read sequencing depth to infer the allelic dosage. Genome-wide association studies (GWAS) that consider allelic dosage can help uncover the genetic basis of complex traits by considering more realistic genetic models, and hence reducing the signal-to-noise ratio (Garcia et al., 2013; Grandke et al., 2016). Moreover, the effect of the genotype classes on the phenotypic variation can be tested under different gene action models to gain additional insights into additive and non-additive effects (Rosyara et al., 2016). The present study aimed to understand how modeling the allelic dosage influences the identification of SNPs significantly associated with blueberry fruit-related traits through GWAS analyses.

Blueberry has been recognized worldwide for its health benefits, becoming one of the crops with the highest consumer demand and productive trends (USDA, 2016). During blueberry improvement in the United States, interspecific hybridizations have been used for the development of “southern” highbush cultivars adapted to warmer climates. Crosses primarily involved the autotetraploid “northern” highbush blueberry (Vaccinium corymbosum L.) and the diploid evergreen blueberry (V. darrowii Camp) (Sharpe and Darrow, 1959). Tetraploid hybrids were achieved by the occurrence of unreduced gametes during pollen formation in the diploid species (Ortiz et al., 1992). Despite interspecific hybridizations, blueberry cultivars are considered autotetraploids with non-preferential bivalent chromosome pairing during meiosis and the absence of chromosome structural differentiation (Qu and Hancock, 1995; Qu et al., 1998; Lyrene et al., 2003). The conventional breeding program employs phenotypic recurrent selection, and the release of a new cultivar can take up to 15 years (Hancock et al., 2008). In a perennial polyploid species, such as blueberry, marker-assisted selection has the potential for accelerate the cultivar development process. In this sense, the GWAS analyses can also assist in the identification of causal polymorphisms or molecular markers associated with fruit-related traits relevant for blueberry breeding. The objective of this study is two-fold: (i) to compare the effects of diploid and tetraploid marker calling in population genetics and GWAS analysis; and (ii) to perform the first GWAS analysis for fruit-related traits in southern highbush blueberry.

MATERIALS AND METHODS

Plant Material and Trait Phenotyping

The southern highbush blueberry population used in this study was generated as part of the breeding program at the University of Florida. For this study, 124 controlled crosses were made among 148 selected parents in February 2011. Seeds from each cross were cold-stratified for 5 months and planted in a greenhouse as a family in 2 L pots in November 2011. One hundred seedlings from each family were later transplanted to a high-density nursery (~20,000 plants per 0.2 ha) in a row-column design at the University of Florida Plant Science Research and Education Unit in Citra, Florida. In May 2013, a first round of selection was performed. Unselected plants were removed from the field and the remaining individuals constituted the 1,575 plants from 117 crosses used in this study.

The phenotypic evaluations were conducted during fruit ripening (6 weeks from the beginning of April to mid May 2014) and flowering (January 2015) periods when the plants were in their third growing season. Eight fruit-related traits were measured: weight, size, firmness, stem scar diameter, pH, soluble solids content, flower bud density, and yield. Yield was evaluated using a 1-to-5 rating scale, where 1 indicates none or very few berries on the plant and 5 is a yield comparable to standard commercial cultivars. The flower bud density refers to the number of flower buds on the top 20 cm of one representative upright shoot from the main stem, and was reported as number of buds per 20 cm of shoot. For the fruit traits, the average of five berries randomly selected from each genotype was calculated. Weight (g) was measured using an analytical scale (CP2202S, Sartorius Corp., Bohemia, NY). The same five berries were equatorially oriented to measure fruit size diameter (mm) and firmness (g*mm−1 compression force), with a minimum and maximum force threshold of 50 and 350 g, respectively, using the Firm-Tech II (BioWorks Inc., Wamego, KS). The picking stem scar was positioned upward on a tray in a light box with a digital SLR camera (Pentax K-x, Ricoh Imaging, Denver, CO) placed 50 cm above the berry. A ruler was also placed in each image as a size reference. The images were uploaded into FIJI (Schindelin et al., 2012), the scale was set using the ruler, and the scar diameter (mm) was measured for each berry. The blueberry juice was used to measure traits related to sensory quality. The soluble solids content (°Brix), an approximate surrogate measure of sugar content, was assessed using a digital pocket refractometer (Atago U.S.A, Inc., Bellevue, WA). The juice pH was measured using a glass pH electrode (Mettler-Toldeo, Inc., Schwerzenbach, Switzerland).

Capture-Seq Genotyping and SNP Calling

Total genomic DNA was extracted from leaf tissue of each plant using the E-Z 96 PlantDNAKit (Omega Bio-Tek, Norcross, GA). Genotyping was performed by RAPiD Genomics (Gainesville, FL, USA) using sequence capture. Briefly, 31,063 custom-designed biotinylated probes of 120-mer were developed based on the scaffolds of the blueberry draft genome sequence (2013 version) (Bian et al., 2014; Gupta et al., 2015). Sequencing was carried out in the Illumina HiSeq2000 platform using 100 cycle paired-end runs. Raw reads were first trimmed for minimum base quality of 20, demultiplexed, and barcodes were removed. Subsequently, reads were aligned to the blueberry genome (2013 version) using BWA v.0.7.12 (Li and Durbin, 2009).

Polymorphisms and genotypes were called using FreeBayes v.1.0.1, selecting the diploid (-p 2) and the tetraploid (-p 4) options (Garrison and Marth, 2012). Genotypes were represented by the count of alternative alleles. Therefore, for the diploid calling, genotypes were coded as 0 (AA), 1 (AB), or 2 (BB), where “A” and “B” refers to the reference and alternative alleles, respectively. The genotypes for the tetraploid calling were coded as 0 for nulliplex (AAAA), 1 for simplex (AAAB), 2 for duplex (AABB), 3 for triplex (ABBB), and 4 for quadruplex (BBBB). We performed a sample filtering by excluding individuals with more than 90% of missing data across SNPs (sample call rate = 0.9). SNPs were further filtered by: (i) minimum depth of coverage of 40; (ii) minimum genotype quality score of 10; (iii) only biallelic locus; (iv) maximum missing data of 0.7; (v) minor allele frequency of 0.05. The remaining missing genotypes were imputed with the mode of each locus as suggested by Rosyara et al. (2016).

Population Genetics Analyses

Population genetics parameters were computed considering the polyploid and diploid scenarios. We estimated: (i) allele frequency; (ii) heterozygosity; (iii) linkage disequilibrium (LD) decay; and (iv) population structure. The allele frequency for each locus was obtained by counting the number of alternative alleles, divided by sample size, and ploidy level. The observed heterozygosity was calculated as a fraction of the number of heterozygote classes by the total number of loci. Pearson correlation tests (r2) were performed for pairwise LD estimation within scaffolds. All scaffolds were pooled to plot a genome-wide LD decay and boxplots of r2 values for categories of marker distances. The decay of LD over genetic distance was determined as the mean distance associated with an empirical LD threshold of r2 = 0.2. To assess the genetic structure of blueberry population, the Principal Components Analysis (PCA) was performed using the marker-based relationship matrix as input. Diploid and tetraploid genomic relationship matrices were computed with the AGHmatrix R-package (Amadeu et al., 2016). The Discriminant Analysis of Principal Components (DAPC) was conducted to cluster genetically similar individuals using the Bayesian Information Criterion (BIC) to select the best supported model, as implemented in the R package adegenet v. 1.3-1 (Jombart and Ahmed, 2011).

GWAS Analyses

The SNP-trait association analyses were based on a linear mixed model, accounting for population structure (Q) and relative kinship (K) matrices as implemented in the GWASpoly R-package (Rosyara et al., 2016). The Q+K linear mixed model was:
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where y is a vector of observed phenotypes; ε is a vector of random residual effects, with a multivariate normal distribution with a zero mean vector and an identity variance-covariance (VCOV) matrix; v is a vector of sub-populations effects, with incidence matrix Q; and u is a random polygenic effect, with a multivariate normal distribution with a zero mean vector and VCOV matrix proportional to a kinship matrix (K-matrix). The Z incidence matrix maps genotypes to observations, and the SNP effects are represented by the τ fixed vector. As pointed out by Rosyara et al. (2016), the matrix S depends on the genetic model assumed. In order to compare diploid and tetraploid pipelines, the Q+K model was implemented in both scenarios. For tetraploid, the K-matrix was constructed assuming tetrasomic inheritance (Slater et al., 2013), while for the diploid model it was built considering the algorithm proposed by VanRaden (2008). Both matrices were computed using the AGHmatrix R-package (Amadeu et al., 2016). To correct for population structure, PCA analysis was computed internally using the GWASpoly package and the four principal components were further used in GWAS analyses.

Eight gene action models were tested for the tetraploid genotype calling: general, additive, simplex dominant alternative (simplex-dom-alt), simplex dominant reference (simplex-dom-ref), duplex dominant alternative (duplex-dom-alt), duplex dominant reference (duplex-dom-ref), diplo-additive, and diplo-general. According to Rosyara et al. (2016), the general type of genetic model allows the SNP effect for each genotypic class to be arbitrary and statistically equivalent. In the additive model the SNP effect is proportional to the dosage of the minor allele. In the simplex dominant models, all the heterozygotes (AAAB, AABB, ABBB) are equivalent to one of the homozygotes (AAAA or BBBB). In the duplex dominant models, the duplex state (AABB) has the same effect as either the simplex (AAAB) and nulliplex (AAAA) or the triplex (ABBB) and quadriplex (BBBB) states. In the diploidized models (diplo), all heterozygous classes have the same effect, resembling a traditional diploid dosage model (AA, AB, BB), and have gene action models encompassing the general and additive effects. The diploid genotype calling was also used for GWAS analyses, using the following gene actions: diplo-general, diplo-additive, simplex-dom-alt, and simplex-dom-ref.

Correction for multiple testing using a q-value threshold of 0.05 was applied to determine significant associations using the q-value R-package (Storey and Tibshirani, 2003). We also explored more and less conservative thresholds for declaring significance by using Bonferroni correction of 0.05 and q-value of 0.1, respectively. QQ-plots were used to evaluate the presence of confounding factors leading to an excess of significant associations.

The proportion of phenotypic variation explained by significant SNPs was approximated by the coefficient of determination (R2). The R2 was estimated considering a linear regression model that included the first four principal components from PCA analyses, the SNP marker parameterized in accordance with the gene action and a vector of random residual effects.

Candidate Gene Mining

SNPs were characterized in silico for their genomic position and functional effect. SNPs were annotated using snpEff v.4.3 (Cingolani et al., 2012), using the blueberry draft genome (2013 version) and gene predictions. Predicted gene models were retrieved from the bitbucket repository https://bitbucket.org/lorainelab/blueberrygenome (Gupta et al., 2015). Candidate genes surrounding significantly associated SNPs were annotated using the Blast2GO tool with BLASTp search against the non-redundant protein database (Götz et al., 2008). We also searched for Arabidopsis thaliana v. TAIR10 orthologs using Phytozome v.12.1 BLASTp tool (https://phytozome.jgi.doe.gov).

RESULTS

Phenotypic Variation

A total of 1,575 blueberry plants from 117 crosses were phenotyped for eight fruit-related traits (yield, flower bud density, fruit weight, firmness, size, soluble solids content, pH, and scar diameter). Most traits followed a normal distribution, except yield which was evaluated on a 1-to-5 rating scale, and flower bud density which followed a Poisson distribution (Figure 1). High phenotypic correlation was only found between berry size and weight (r = 0.94) (Figure 1).
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FIGURE 1. Phenotypic distribution and correlation of eight blueberry fruit-related traits for 1,575 individuals. Plots in the diagonal show the frequency distribution of each trait. Pearson's correlation coefficient between traits are indicated above the diagonal. Scatter plots below the diagonal illustrate the underlying relationship between traits.



Genotypic Data

After filtering the genotypic data, a total of 1,557 individuals and 77,496 SNPs were maintained for the diploid analyses; while 1,559 individuals and 80,591 SNPs were considered for tetraploid analyses. SNPs were sampled throughout the genome, although not evenly distributed, which was expected due to the target design strategy used in this study (Figure 2).
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FIGURE 2. Distribution of filtered SNPs from the tetraploid pipeline in 100 kb windows across the 20 largest blueberry scaffolds (gray). The x-axis represents the distance in base pairs.



Tetraploid and diploid pipelines identified 74,941 common SNPs (around 95% of overlap). We assumed that the differences between pipelines were due to the algorithms implemented in the Freebayes software, which considers different criteria to define a SNP in each parameterization. As a consequence of the high degree of overlap, few differences were observed regarding the position and functional characterization of the SNPs in the blueberry genome (Figures 3A,B). Most SNPs were detected in non-coding regions; around 7% targeted exonic regions, mostly causing missense mutations. The distribution of the alternative allele frequency across loci was also similar for both approaches (Figure 3C), with the tetraploid model showing the mean allele frequency slightly lower (0.25 vs. 0.27). The main difference between the tetraploid and diploid scenarios was on the genotype calling (Figure 3D). For biallelic SNPs in autotetraploids, there are five possible genotypes, with three possible heterozygous states. For diploids, there are only three possible genotypes, with one heterozygous class. The probabilistic assignment of genotypes based on sequence read depth led to a higher heterozygosity for tetraploid compared to diploid genotype calling (0.42 vs. 0.34).
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FIGURE 3. Characterization of SNPs identified in diploid and tetraploid pipelines. (A) Percentage of SNPs located in distinct genomic regions. Upstream and downstream regions refer to distances less than 5 kb from surrounding genes. (B) Functional effects of SNPs located in exonic regions. (C) Distribution of alternative (“B”) allele frequency. (D) Distribution of genotypic frequencies across loci.



Linkage Disequilibrium and Population Structure

The LD and population structure were consistent between the ploidy models. The trend of LD decay in the blueberry breeding population can be observed by the r2 distribution across categories of base pair distances between SNPs in Figure 4. At the significance threshold (r2 = 0.2), the LD decay presented significant correlation between markers 73 Kb apart for the diploid model and 80 Kb apart for the tetraploid model (Supplementary Figure 1). In order to verify the possible influence of the population structure in the GWAS analysis, we performed PCA and DAPC cluster analyses. The results for both standardizations were very similar, with the tetraploid matrix explaining slightly more of the population genetic variation (28.19 vs. 24.78%) (Figure 5A). The comparison of the BIC values for the DAPC analysis suggested the presence of 50 groups in the population (Figure 5B), which showed similarities with the pedigree recorded in the population. Hence, in the GWAS analyses, we used the PCA scores to control for population stratification and the genomic relationship matrix to control for cryptic relatedness.
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FIGURE 4. Boxplots showing the trend of LD decay as a relationship between r2 measures at different intervals of marker distances (Kb) for diploid and tetraploid standardizations.
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FIGURE 5. Population structure of a blueberry breeding population of 117 full-sib families performed using diploid and tetraploid pipelines. (A) 2D-PCA plots performed using the diploid and tetraploid marker-based relationship matrix. Each individual is represented by a point in the hyperspace defined by the eigenvectors of the first and second principal components. (B) Bayesian Information Criterion (BIC) for number of clusters ranging from 0 to 156.



Associations Detected by Polyploid and Diploid Gene Action Models

We performed GWAS analyses for eight fruit-related traits using the Q+K linear mixed model. A total of 77,496 and 80,591 SNPs were regressed individually in the diploid and tetraploid GWAS models, respectively. Manhattan plots displaying the significance threshold for each locus in their genomic location are shown in Supplementary Figures 2, 3. The inspection of QQ-plots did not show evidences of systematic bias in any trait or model evaluated (Supplementary Figures 4, 5).

Association analyses using the tetraploid genotypes and a q-value threshold of 0.05 allowed the identification of 23 significant SNPs associated with five traits and 11 were also significant after Bonferroni correction (Table 1). Six SNPs were identified by more than one gene action model. A total of 15 distinct SNPs were identified: seven for fruit size, two for scar diameter, three for soluble solids content, one for pH, and two for flower bud density (Figure 6A, Table 1). For fruit size, soluble solids content, and pH traits, dominance models were effective for detecting at least one association. However, the general model was the most effective at detecting associations. This class of model assumes that each genotype has its own effect and hence encompasses different gene actions. The inspection of the phenotypic variation across genotypes for significant SNPs identified by the general model suggested degrees of overdominance for some traits (e.g., see SNPs scaffold13749-868 and scaffold00818-130228 for flower bud density trait) (Supplementary Figure 6). Under a less conservative threshold, the number of distinct associations increased from 15 (q-value < 0.05) to 37 (q-value < 0.1) and new associations were detected for fruit weight and firmness traits (Figure 6A, Supplementary Table 1). It is also noteworthy that the same SNP located at scaffold00697, position 151000, was detected as significantly associated with fruit size and fruit weight, the two highly correlated traits (Figure 1).


Table 1. List of SNP-trait associations detected by diploid and tetraploid models under q-value of 0.05 and the candidate genes flaking significant SNPs.
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FIGURE 6. SNP-trait associations detected by modeling tetraploid and diploid genotype callings. (A) Venn-diagrams comparing the number of distinct SNPs associated with fruit-related traits in the diploid and tetraploid scenarios under q-value thresholds of 0.05 (continuous lines) and 0.1 (dashed lines). (B) Circular Manhattan plot for fruit size. Outer and inner layers represent the diplo-general and general models fitted using diploid (2x) and tetraploid (4x) pipelines, respectively. (C) Circular Manhattan plot for scar diameter. Outer and inner layers represent the diplo-general and general models fitted using the diploid (2x) and tetraploid (4x) pipelines, respectively. SNPs were concatenated by their position in the genomic scaffolds and are displayed along the circular Manhattan plots according to their adjusted p-value. The significance threshold (q-value = 0.05) is represented by the gray circle in each layer. Vertical dashed gray lines highlight the significant SNPs. The names of significant SNPs are listed outside of the plot. SNPs identified for diploid and tetraploid pipelines are in orange and blue, respectively; while the common SNP identified in both pipelines is in black.



Considering the diploid genotype calling and a q-value threshold of 0.05, we detected seven significant SNPs associated with two fruit-related traits (Table 1). Out of these, one association was significant after Bonferroni correction. We found three distinct SNPs associated with scar diameter and four with flower bud density (Figure 6A, Table 1). The general model was the most effective for all traits. Under a less conservative threshold, the number of distinct associations increased from 7 (q-value < 0.05) to 14 (q-value < 0.1) and new associations were detected for berry size, firmness, pH, soluble solids content traits (Figure 6A, Supplementary Table 1).

Overall, more SNP-trait associations were identified by modeling the genotypes as tetraploid than as diploid (Figures 6A,B). Associations for fruit size, soluble solids content, and pH were only detected using tetraploid models, considering a q-value threshold of 0.05. However, there were four SNPs for flower bud density and one for scar diameter that were only detected by modeling diploid genotypes. Moreover, both models were able to detect the same two SNPs for scar diameter (Figure 6C, Table 1). No significant association was found for firmness, fruit weight, and yield traits with any ploidy and model tested under this moderate threshold.

Candidate Genes Underlying Fruit-Traits Variation

We identified candidate genes flanking SNPs significantly associated with traits based on the annotation of the blueberry genome (see Table 1 for q-value < 0.05 and Supplementary Table 1 for q-value < 0.1). Among the protein-coding genes surrounding the seven distinct SNPs associated with fruit size trait, we found a putative lipase (CUFF.5533.1), a RING-type E3 ubiquitin ligase (CUFF.6059.2), a xyloglucan endotransglucosylase (CUFF.38641.1), a hypersensitive-induced response protein 1 (gene.g14573.t1), and a chloroplast rhomboid-like protease (CUFF.39364.1). Two SNPs in high LD and few base pairs apart were located at the gene encoding the chloroplast RHOMBOID-like protease, one of them leading to a missense mutation (Figure 7).
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FIGURE 7. SNP effect on fruit size. (A) Candidate gene encoding a chloroplast rhomboid-like protease (CUFF.39364.1) where a missense variant was detected in the second exon. (B) Significance of SNPs detected by additive (gray dots) and general (blue dots) gene action models along the scaffold01404. The green dashed line indicates the genic region affected by the two significant SNPs. Double bars indicate out of scale. (C) Scaffold positions of the SNPs, highlighting the SNPs associated with the trait in green. (D) Pairwise linkage disequilibrium (correlation coefficient r2) between markers along the scaffold.



For scar diameter, three distinct SNP-trait associations were detected. Annotation was found only for one of the surrounding genes, which encoded a pentatricopeptide repeat-containing protein (CUFF.20851.1).

Three significant SNPs were found for solid soluble content. Two SNPs occurred at genes potentially encoding proteins with a role in the ubiquitin-mediated protein degradation pathway: a ubiquitin-activating enzyme E1 (CUFF.53548.1) and an E3 ubiquitin ligase (CUFF.16799.1).

For the flower bud density trait, six significant SNPs were found, with four potentially causing missense mutations. Out of those, two SNPs in high LD were located at a gene encoding a zf-RVT domain-containing protein (CUFF.60704.1), one at a gene encoding heat shock protein hsp83-90 (CUFF.13871.1), and another at a gene encoding a kinase U-box domain-containing protein (CUFF.57663.1).

For pH trait, no functional annotation was found for the flanking gene.

DISCUSSION

GWAS analyses in autopolyploids impose additional steps not required in diploids, including the estimation of allele copy number and usage of genetic models that account for dosage effects (Garcia et al., 2013; Dufresne et al., 2014; Rosyara et al., 2016). To circumvent this problem, an alternative has been to use knowledge and methods applied to diploid species in polyploid analyses (Mollinari and Serang, 2015). In this work, we have demonstrated that assuming a diploid parameterization onto a tetraploid species affects the results of a GWAS study. Furthermore, this study is the first to utilize association genetics to understand the genetic architecture and molecular basis of fruit-related traits in blueberry.

How Does Ploidy Affect Population Parameter Estimation?

Prior to performing a SNP-trait association analysis, a detailed understanding of population structure and linkage disequilibrium is essential (Flint-Garcia et al., 2003). Therefore, we compared diploid and polyploid pipelines in terms of marker characterization and estimation of population genetic parameters.

The high degree of overlap between SNP loci identified by both pipelines suggested that the SNP calling step is not drastically affected by ploidy level. However, differences were observed in the genotype calling step, which affected the magnitude of the population parameters. The lower heterozygosity estimated by using diploid (0.34) rather than tetraploid (0.42) genotypes indicates that diploid standardization may cause an underestimation of the heterozygosity rates. Although heterozygosity is a populational parameter and therefore depends on the genetic background under analysis, the heterozygosity estimated in the tetraploid standardization is more in accordance with previous results reported for blueberry (Debnath, 2014; Tailor et al., 2017). Tetraploid highbush blueberry is primarily an outcrossing species with early-acting inbreeding depression (Krebs and Hancock, 1990). Therefore, higher levels of heterozygosity are indeed expected. Moreover, it is reasonable to assume a greater degree of heterozygosity in autopolyploid species in general, since more alleles at one locus are expected when compared to diploids (Gallais, 2003). High levels of heterozygosity have been reported in polyploid species due to its associated benefits, including buffering of deleterious mutations and heterosis (Comai, 2005).

In terms of population-based genomic association studies, it is well-known that population structure is one factor that can result in spurious associations, i.e., associations between a phenotype and markers that are not linked to any causative loci (Pritchard et al., 2000; Sillanpää, 2011). For diploid and tetraploid pipelines, the most likely number of groups in DAPC analyses were in accordance with the pedigree recorded in the population. Based on the QQ-plot results, we inferred that the first four principal components and the genomic relationship matrices in each parameterization were sufficient to account for sample structure confounders. However, it is noteworthy that this conclusion is limited to our breeding population. In more complex pedigrees, for example, the usage of relationship matrix for autotetraploids might impact the final results (Kerr et al., 2012; Amadeu et al., 2016).

LD is another population parameter that significantly affects GWAS results. Assuming that association analyses rely on non-random association between SNPs and causative genes, determining the extent of LD is important to define strategies in GWAS analyses. For both pipelines, we observed a rapid LD decay across the blueberry scaffolds. Accordingly, low LD is reported in other outcrossing species (Gupta et al., 2005). For practical purposes, short LD blocks require a higher number of individuals with records and higher marker density in order to identify causal variants (Goddard et al., 2016). Hence, the usage of a high number of individuals and a high throughput genotyping method was consistent with our research scenario. The LD pattern can also provide information about the genetic diversity in our breeding population. Assuming that the expectation of r2 can be expressed as a function of the effective population size (Ne), faster LD decay is expected as long as Ne increases (Flint-Garcia et al., 2003). Empirically, a short-range LD observed in our population suggests a large Ne value. This is in accordance with the breeding strategy at the University of Florida as parental selection has been performed in order to decrease the inbreeding depression, therefore maintaining genetic diversity (Cellon et al., 2018).

SNP-Trait Associations in Autotetraploid Blueberries

Polyploid studies considering the relative abundance of each allele at a particular locus in the genome allow the testing of more realistic genetic models. For example, the usage of allele dosage has impacted the construction of genetic linkage maps (Mollinari and Serang, 2015), the computation of observed and expected allele frequencies (Dufresne et al., 2014), and the inference of population structure and patterns of historical demography (Blischak et al., 2016). On the bases of genome-wide association studies, our results supported the importance of including allelic dosage to identify significant SNP-trait associations. By modeling tetraploid genotypes under a q-value threshold of 0.05, at least one SNP-trait association was detected for five traits in a blueberry breeding population, and no associations were detected for fruit size, pH, and soluble solids traits when the dosage effect was omitted.

In addition to the allelic dosage, we also tested different gene action models. It is noteworthy that the genotypic value of an individual is estimated differently in polyploid and diploid species. In autotetraploids, the higher number of alleles per locus reflects on different coefficients of dominance, increasing the range of genetic models to describe one-locus genotypic value (Gallais, 2003). In this study, dominance gene actions were addressed on the simplex and duplex dominance models. Simplex dominance represents the first order interaction among alleles and may be modeled regardless of the ploidy. Nevertheless, duplex dominance arises when heterozygotes are affected only if they have two unfavorable alleles; therefore, it is a model that can only be tested in polyploid systems. Duplex dominance interaction models were detected for associations under q-value threshold of 0.1 for flower bud density and firmness traits. Hence, our results reinforce the importance of considering an autotetraploid parameterization in blueberry.

We also tested “diploidized models” or “pseudodiploid models” using the tetraploid genotype calling, as they are widely-used in polyploid analyses due to straightforward implementation in diploid software (Li et al., 2014b; Biazzi et al., 2017). This parameterization disregards the allele dosage and all heterozygotes are grouped into the same genotypic class, which is at the midpoint between the two homozygotes (Rosyara et al., 2016; Slater et al., 2016). In diploid species, this is equivalent to the additive model (parameterized as {0,1,2} and assuming that the SNP effect is proportional to the dosage of the minor allele). In autotetraploids, this parameterization might be interpreted as a partial dominance model suggesting that any order of interaction between alleles reduces the genotypic value (Gallais, 2003; Slater et al., 2016). Our results showed that “diploidized models” were valid for scar diameter, fruit size, and soluble solids traits under a q-value threshold of 0.05. Interestingly, the standard assumption of additivity was not the most appropriate to describe the phenotypic variation observed in blueberry. Divergent results were described in autopolyploid potatoes, for which most of the QTLs were identified considering additive models (Rosyara et al., 2016). Based on our results, we might infer that non-additive effects have a key role in understanding the genetic architecture of blueberry fruit traits.

Although we did not have explicitly approached models addressing partial interactions among alleles, they are potential models to be further implemented in GWAS analyses. Overdominance is particularly more complex, since it can be explored by restricting interactions among alleles to different orders (Gallais, 2003). In this study, these genetic assumptions were implicitly considered in the general model. General model is a generic class that also encompasses other models with no genetic assumptions (Rosyara et al., 2016). Not surprisingly, this model was able to identify the highest number of significant trait-associations, with some overlap with the competing models.

However, considering a q-value threshold of 0.1, significant associations were identified by simplex and duplex models for soluble solids, flower bud density, and pH, but not by the general model. According to Rosyara et al. (2016), there is a trade-off between flexibility and power, because the general model requires a higher number of degrees of freedom, resulting in a lower statistical power.

The heritability estimate provided some insights into the results. Heritability is a population parameter that measures the degree of variation in a phenotypic trait that is due to genetic variation (Falconer and Mackay, 1996). Therefore, it is reasonable to expect a positive relation between heritability and ability to detect associations. In the current population, low to mid narrow-sense heritability was found for the traits, varying from 0.16 for flower bud density to 0.57 for scar diameter (for details, see Cellon et al., 2018). In line with this, individual markers explained a small portion of the phenotypic variation (less than 5%). These results suggest that all fruit-related traits analyzed herein are quantitative, which means that phenotypic variation depends on the cumulative actions of many genes with small effects and their interaction with environment.

Biological Insights Into the Genetic Basis of Fruit-Related Traits in Blueberry

Among the significant SNPs associated with blueberry fruit-related traits, some did not lie in protein-coding regions and others caused synonymous changes. In the majority of the GWAS studies in plants, significant associations were also detected for variants in introns, untranslated, or intergenic regions (Ingvarsson and Street, 2011). Many of these variants can be in LD with an untyped causal non-synonymous mutation or might cause changes in gene expression (Gilad et al., 2008). In the case of blueberry, the absence of a high-quality reference genome is an additional challenge for GWAS analysis and biological interpretation. The current available genome is very fragmented and many predicted genes are incomplete (Gupta et al., 2015). Hence, the biological significance of the associations found herein is still limited and speculative, but we point out some insights into the potential molecular mechanisms underlying the variation of each trait.

Larger fruits are a consumer-desired trait in the fresh blueberry market. Among the significant SNPs associated with fruit size, one caused a non-synonymous mutation in the putative gene encoding a chloroplast-located rhomboid-like protease. In A. thaliana, the lack of a rhomboid protease was associated with reduced fertility and aberrations in flower morphology (Knopf et al., 2012; Thompson et al., 2012). Changes in floral morphology and development can affect the fruit size and shape, as reported in tomato (Tanksley, 2004). However, to our knowledge, no study has reported the role of a rhomboid-like protease in fruit size variation. Another SNP associated with berry size occurred at a gene encoding a RING-type E3 ubiquitin ligase. Interestingly, a QTL for rice grain width and weight was also mapped in RING-type protein with E3 ubiquitin ligase activity (Song et al., 2007). Song et al. (2007) suggested that this protein negatively regulates cell division by targeting its substrate(s) to proteasome degradation, since its loss of function resulted in increased cell number and larger (wider) rice spikelet hull. Another interesting SNP was the one located in a gene encoding a xyloglucan endotransglucosylase. This enzyme catalyzes the molecular grafting between xyloglucan molecules in the plant cell-wall matrix, allowing expansive cell growth by restructuring the cell wall (Miedes et al., 2011; Ohba et al., 2011). In transgenic tomatoes with modified expression of a xyloglucan endotransglucosylase gene, fruit size was positively correlated with the expression level of this enzyme (Ohba et al., 2011).

The picking scar size also affects blueberry commercialization, as bigger scars increase perishability and pathogen penetration (Parra et al., 2007). Among the associations detected for scar diameter, the most interesting was the SNP detected under a q-value of 0.1, upstream of an auxin transporter 3, which controls cellular auxin influx. The major form of auxin IAA (Indole-3-acetic acid) is known to delay fruit abscission from the receptacle by reducing the sensitivity of cells in the abscission zone to ethylene (Blanusa et al., 2005; Kühn et al., 2016). The inhibition of polar auxin transport in grapevine fruitlets resulted in fruit drop (Kühn et al., 2016).

Soluble solid content and pH are important sensory quality factors affecting blueberry fruit flavor. Sweetness perception of fruits depends on the balance between sugars and acids (Cirilli et al., 2016; Farneti et al., 2017). For the sugar content, measured as the soluble solids content, two significant SNPs occurred at genes encoding proteins with a role in the ubiquitin-mediated protein degradation pathway. The attachment of ubiquitin molecules to selected proteins can have diverse regulatory functions, influencing the protein activity, abundance, trafficking, or localization (Stone, 2014). The ubiquitin-proteasomal degradation machinery is also involved in the regulation of sugar signaling pathways, which primarily targets the source-to-sink carbon partitioning (Rolland et al., 2006). The role of proteolysis in controlling sugar accumulation was also reported in tomato fruits (Ariizumi et al., 2011). For pH variation, no annotation was found for the predicted gene harboring the significant SNP, hindering biological insights at this point.

Flower bud density can be useful to estimate potential yield in the next harvest (Salvo et al., 2012). Among the significant associations with this trait, we found SNPs leading to missense mutations. One missense mutation occurred at the gene encoding for a heat shock protein (hsp83-90). In Ipomoea nil (formely Pharbitis nil, the Japanese morning glory), hsp83 was upregulated upon exposure to a photoperiod that induces flowering (Felsheim and Das, 1992). The heat shock protein Hsp90 was also reported to act as an environmental signal sensor regulating flowering time (Sangster et al., 2007) and flower development (Margaritopoulou et al., 2016). Another missense variant was found at a gene encoding for a protein kinase U-box domain-containing. The U-box domain has a ubiquitin ligase activity and the kinase motif suggests that this protein participates in signal transduction cascades via phosphorylation. The potential ortholog in Arabidopsis thaliana (At1g16760) is expressed during the pollen stage (Wang et al., 2008).

Fruit firmness is a trait of commercial importance as it directly affects fruit quality, shelf life, and transportability (MacLean and NeSmith, 2011); therefore, it is a key target for blueberry breeding. In this work, we identified associations only when we used a less stringent q-value threshold of 0.1; two missense variants were detected. One of the SNPs causing missense mutations was located at a putative ubiquitin-like-specific cysteine proteinase. Recent studies have shown the role of proteolysis in the regulation of fruit ripening in tomato (Wang et al., 2014, 2017). Particularly, a vacuolar cysteine proteinase (SlVPE3) was shown to affect the accumulation of numerous ripening-related proteins, acting as a post-transcriptional regulator (Wang et al., 2017). Moreover, Salentijn et al. (2003) found cysteine proteinases differentially expressed between firm and soft strawberry cultivars. The other missense variant associated with firmness was located in a SAM-MTase. SAM-MTases are ubiquitous enzymes that catalyze the transfer of methyl groups from S-adenosyl methionine (SAM) to a myriad of compounds (e.g., DNA, RNA, proteins, sterols, pectin, lignin, flavonoids, phenylpropanoids, and alkaloids) and also act in the biosynthesis pathway of ethylene and polyamines. Many of those compounds have an important role in fruit ripening (Moffatt and Weretilnyk, 2001; Roje, 2006; Teyssier et al., 2008; Singh et al., 2010; MacLean and NeSmith, 2011; Paul et al., 2012; Van de Poel et al., 2013; Zhang et al., 2015).

Current Challenges and Perspectives of GWAS in the Blueberry Breeding Program

Two of the major challenges faced in this study were the absence of a high-quality genome assembly for blueberry and the allelic dosage calling. We expect that the improvement of genome contiguity might impact the reads alignment quality, providing a more accurate SNP calling and a more precise location of the markers associated with traits. Dosage calling has also been recognized to be a major challenge in genomic studies of polyploid species (Bourke et al., 2018), and it is an area that when fully developed could contribute significantly to association studies in autopolyploids. Population structure is another issue that could be affecting the current results. Controlling for population structure is a standard procedure in GWAS analyses, as we did by using the Q+K model; however, it reduces the statistical power to detect associations when phenotypes strongly correlate with relatedness (Reif et al., 2010; Brachi et al., 2011; Würschum et al., 2012; Ogut et al., 2015; Han et al., 2016; Klasen et al., 2016).

Our results suggested that blueberry fruit quality traits have a complex genetic basis. Therefore, the traditional implementation of marker-assisted selection using our GWAS results seems limited at this point. However, we emphasize that new associations with higher effects could be detected in future GWAS analyses using a complete genome assembly, higher marker density, and more accurate dosage calling method. Alternatively, genomic selection is a promising approach for prediction of complex traits and it is an opportunity for future studies.

CONCLUSION

Altogether, in this study we demonstrated that simplifying tetraploid data as a diploid can have significant consequences in some population genetic parameters and in the ability to detect marker-trait associations. The absence of associations detected by the conventional additive gene action model suggests that non-additive effects might play a key role in understanding the genetic architecture of blueberry fruit traits. Some of the significant SNPs were detected within and around biologically plausible candidate genes. The encoded proteins may act on pathways that affect the traits as suggested by studies in other plant species. However, better gene prediction and functional validation of these genes will further improve our understanding of the variation of fruit-related traits in blueberry.
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