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Abstract
Background  Fruit quality traits, including taste, flavor, texture, and shelf-life, have emerged as important breeding 
priorities in blueberry (Vaccinium corymbosum). Organic acids and sugars play crucial roles in the perception of 
blueberry taste/flavor, where low and high consumer liking are correlated with high organic acids and high sugars, 
respectively. Blueberry texture and appearance are also critical for shelf-life quality and consumers’ willingness-to-
pay. As the genetic mechanisms that determine these fruit quality traits remain largely unknown, in this study, an F1 
mapping population was used to perform quantitative trait loci (QTL) mapping for pH, titratable acidity (TA), organic 
acids, total soluble solids (TSS), sugars, fruit size, and texture at harvest and/or post-storage and weight loss.

Results  Twenty-eight QTLs were detected for acidity-related parameters (pH, TA, and organic acid content). Six QTLs 
for pH, TA, and citric acid, two for quinic acid, and two for shikimic acid with major effects were consistently detected 
across two years on the same genomic regions on chromosomes 3, 4, and 5, respectively. Putative candidate genes 
for these QTLs were also identified using comparative transcriptomic analysis. No QTL was detected for malic acid 
content, TSS, or individual sugar content. A total of 146 QTLs with minor effects were identified for texture- and 
size-related parameters. With a few exceptions, these QTLs were generally inconsistent over years and post-storage, 
indicating a highly quantitative nature.

Conclusions  Our findings enhance the understanding of the genetic basis underlying fruit quality traits in blueberry 
and guide future work to exploit DNA-informed selection strategies in blueberry breeding programs. The major-effect 
QTLs identified for acidity-related fruit characteristics could be potential targets to develop DNA markers for marker-
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Background
Over the past few decades, blueberry (Vaccinium cor-
ymbosum) production has expanded substantially due to 
successful breeding efforts on developing cultivars with 
low to no chilling requirements [1], leading to increased 
consumption. The extensive market growth has slowed 
as product availability has increased, with industry and 
consumers becoming more selective about fruit quality 
[2, 3]. In this new scenario, fruit quality traits, includ-
ing taste, flavor, texture, and shelf-life, have become new 
priorities for breeding programs and the production/
distribution industry [3]. The blueberry industry needs 
cultivars with improved and more consistent fruit qual-
ity [2, 3]. Currently, commonly grown cultivars often 
produce fresh fruit with inconsistent texture and sensory 
profiles (e.g., firmness, crispness, sweetness), leading to 
consumer dissatisfaction [4]. Fruit quality inconsistency 
is a major limitation in maintaining or expanding high-
value fresh markets for blueberry [2]. Additionally, as 
labor costs for hand-harvested fruit account for 50–80% 
of the production cost [5–7], the expansion of blueberry 
production needs successful mechanical harvesting for 
the fresh market. Many of the currently grown cultivars 
were developed over 20 years ago and produce blueberry 
fruit lacking the firmness required for machine harvest 
and storage, limiting market opportunities [3].

Traditional blueberry breeding approaches can take 
up to 20 years from the original cross to cultivar release. 
However, rapid advances in genotyping technologies and 
computational tools have allowed significant acceleration 
in crop genetics and breeding including in blueberry [8, 
9]. A number of genetic studies have been conducted in 
blueberry [1], and some targeted fruit quality traits, such 
as pH [10, 11], titratable acidity (TA) [10], total soluble 
solids (TSS) [10], and firmness [11–13]. The outcomes of 
these studies indicated that genetic factors underlie these 
traits and opportunities exist to establish DNA tools for 
marker-assisted selection (MAS) or genomic selection.

Among fruit characteristics, organic acid and sugar 
profiles determine fruit taste, which plays a critical role 
in blueberry consumer acceptance [14]. However, the 
genetic basis underlying these compounds is still poorly 
understood. QTLs for pH, TA, and TSS have been pre-
viously reported in blueberry [10, 13, 15] but these are 
crude parameters used as a proxy to estimate the acid-
ity or sweetness of the fruit. To our knowledge, there 
are no QTL studies for organic acid or sugar contents 
in blueberry. Recent work by our group [16] indicated 
that organic acid composition varies in the blueberry 

germplasm. Such variation in organic acid profiles can 
affect measurements of pH and TA, which are param-
eters traditionally measured in breeding programs to 
select for acidity. Also, sugar content may not have a 
strong correlation with TSS readings in blueberry [16], 
possibly due to the interference of anthocyanins and phe-
nolic compounds [17]. This highlights the importance of 
understanding how specific organic acids and sugars con-
tribute to generic parameters (e.g., pH, TA, and TSS) and 
their genetic basis.

Blueberry fruit texture critically influences posthar-
vest quality, consumers’ willingness to pay, and machine 
harvestability [3, 4, 18–20]. While previous genetic stud-
ies on blueberry texture were conducted by phenotyping 
only 1–3 mechanical properties [11–13], recent studies 
have demonstrated that texture in blueberry is a multi-
component trait that requires measurement of multiple 
mechanical texture parameters [21–26]. Accordingly, 
a new study has conducted a genome-wide association 
study (GWAS) to identify single nucleotide polymor-
phism (SNP) markers associated with 17 flat probe pen-
etration parameters [27]. Numerous small effect QTLs 
were found to be related to mechanical texture, sug-
gesting a complex genetic architecture for this trait. As 
fruit texture changes significantly during storage [21, 25], 
genetic studies following storage are needed, but to the 
best of our knowledge, no study has been done to shed 
light on the storability of fruit texture.

Therefore, to complement previous work, this study 
aimed to perform QTL mapping for metabolites associ-
ated with acidity (organic acids) or sweetness (sugars) and 
texture and appearance traits at harvest and post-storage 
stages to gain information on the genetic mechanism and 
genes controlling fruit quality traits in blueberry. Tex-
ture was profiled using diverse parameters derived from 
multiple methods to provide a comprehensive analysis of 
this trait. These traits were also evaluated in a large set 
of commercially released cultivars to relate the variation 
and inheritance of the fruit quality traits assessed in the 
mapping population for QTL analysis. Additionally, com-
parative transcriptome analysis was performed to initiate 
efforts to unveil genes controlling organic acids. The out-
comes of this study establish foundational work to design 
DNA-based strategies to select for fruit quality traits in 
blueberry.

assisted selection (MAS). On the other hand, genomic selection may be a more suitable approach than MAS when 
targeting fruit texture, sugars, or size.

Keywords  Blueberry, Vaccinium corymbosum, Fruit quality, QTL, Candidate genes, Organic acid, Texture
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Materials and methods
Plant materials
An F1 mapping population including 348 genotypes 
derived from ‘Reveille’ and ‘Arlen’ blueberry cultivars 
(R×A biparental mapping population) was used in this 
study. This population segregates for pH, TA, and organic 
acids [10] and the parents ‘Reveille’ and ‘Arlen’ have dif-
ferent texture profiles [21]. The mapping population was 
grown at the North Carolina Department of Agriculture 
and Consumer Services (NCDA&CS) Castle Hayne Hor-
ticultural Crops Research Station (34.3649o, − 77.8386o), 
Castle Hayne, NC, following common management 
practices for irrigation, pruning, fertility, and pest con-
trol. This system helped control for phenotypic variation 
caused by non-genetic factors across years. Fruits were 
harvested for two consecutive years (2021–2022) when 
> 50% of the berries on each bush were ripe, into plastic 
clamshells, placed in coolers containing refreezable ice 
packs, transported by car (4 h) to the Plants for Human 
Health Institute (Kannapolis, NC, USA). Berries were 
stored at − 80 °C until evaluation of chemical parameters 
or at 2  °C until assessment of texture and appearance 
parameters. In addition, a diverse set of 53 commercially 
available cultivars (hereafter referred to as ‘diversity set’) 
was harvested in 2021, 2022, and 2023 to assess herita-
bility and compare phenotypic variation. Both sets were 
used to evaluate texture, appearance, and chemistry traits 
at harvest. Material from the R×A population was also 
evaluated for post-storage texture and appearance traits.

Evaluation of chemical parameters
pH, TA, TSS
Frozen berries were placed in a 50 mL disposable plas-
tic tube, thawed to room temperature, and ground 
with a tissue homogenizer (2010 Geno/Grinder, SPEX, 
Metuchen, NJ, USA). Two stainless steel balls (9  mm, 
Grainger, Lake Forest, IL, USA) were added to each tube 
and a program setting of 2 min at 1,200 strokes per min, 
30 s rest, and 2 min of 1,200 strokes per min was applied. 
pH was determined by placing an electrode (Orion 8165, 
Thermo Fisher Scientific, Grand Island, NY, USA) in 
the puree and recording the value displayed on the pH 
meter (Orion Star A 2111, Thermo Fisher Scientific). TA, 
expressed as equivalent citric acid, was determined by 
diluting 0.5 g puree with 24.5 mL deionized water, shaken 
briefly by hand, and an aliquot of the mixture was applied 
to a digital acid refractometer (PAL Blueberry Acidity 
Meter, ATAGO, Bellevue, WA, USA). A 0.5 mL aliquot 
of each puree was used to determine TSS using a digital 
refractometer (PAL-1, ATAGO).

For further analyses, the remaining puree was fro-
zen at − 20 oC, moved to − 80 oC, and then freeze-dried 
(SP VirTis General Purpose Freeze Dryer, SP Scientific, 
Warminster, PA, USA). Freeze-dried purees were ground 

to a fine powder as described for purees, but with a total 
grinding time of 2 min.

Soluble sugars
Fructose, glucose, and sucrose were estimated using 
near-infrared spectroscopy (NIRS) according to the 
method of Perkins-Veazie et al. (2022) [28]. The NIR pre-
diction models built by Perkins-Veazie et al. (2022) [28] 
were very robust with R2 values of 82.33, 96.14, 96.73, 
and 96.97 for sucrose, glucose, fructose, and total sug-
ars, respectively, and residual prediction deviation (RPD) 
values of 2.41, 5.11, 5.53, and 5.77 for sucrose, glucose, 
fructose, and total sugars, respectively. In this study, 
NIR spectra for the R×A samples were obtained from 
the freeze-dried samples using a Fourier transform NIR 
(FT-NIR) Spectrometer (FT-NIR Multi Purpose Analyzer 
(MPA), Bruker Optics, Billerica, MA, USA), and the con-
tents of fructose, glucose, and sucrose were estimated 
using the prediction models.

Organic acids
Organic acids were quantified using high-performance 
liquid chromatography (HPLC; Hitachi LaChrom, Hita-
chi Ltd., San Jose, CA, USA). Extraction was done from 
0.02 g of freeze-dried sample with 1.5 mL distilled deion-
ized water, vortexed for 1  min, sonicated for 5  min at 
room temperature (Ultrasonic Cleaner 3510 DTH, Bran-
son, Danbury, CT, USA), and centrifuged for 15  min at 
18,292 g at 4 oC in a microcentrifuge (5417R, Eppendorf, 
Pittsburgh, PA, USA). After filtering the supernatant 
through a 0.2 μm nylon syringe filter (F2513-2, Thermo 
Fisher Scientific), 20 µL was injected into a Hitachi 
Elite LaChrom (Hitachi Ltd.) equipped with a reversed-
phase C18 column (Synergi 4  μm Hydro-RP 80  A˚, 
4.6 × 250  mm; Phenomenex Inc., Torrance, CA, USA), 
ultraviolet-vis diode array detector (DAD), controlled 
temperature autosampler (4 oC), and column compart-
ment (30 oC). Identification and quantification of organic 
acids were performed using a mobile phase of 0.0065 N 
sulfuric acid (H2SO4) with a flow rate of 1 mL min–1. Data 
were collected and processed using D-2000 software 
(Hitachi Ltd.). Content of each individual organic acid 
was calculated from calibration curves that were devel-
oped using citric, quinic, malic, and shikimic acid stan-
dards (Sigma Aldrich, St. Louis, MO, USA).

Evaluation of texture and appearance parameters
Texture and appearance traits in the R×A material were 
evaluated at harvest and six weeks post-storage (hereaf-
ter indicated as T0 and T6, respectively) while the diver-
sity set was evaluated only at T0. Texture analysis in R×A 
was performed using three methods (flat probe penetra-
tion, needle probe penetration, and double compression) 
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while the diversity set was evaluated with only one 
method (flat probe penetration).

Ten fully ripened berries, free from any indications of 
external defects, decay, or wrinkling, were placed into 
188 mL plastic cups (Uline, Pleasant Prairie, WI, USA), 
and covered with lids that had five evenly spaced holes of 
3 mm diameter. The cups were placed on shallow card-
board trays, covered with large transparent zip lock bags 
with the zipper open, and stored at 2 °C and 80% RH for 
24 h or six weeks. Samples were aliquoted in a random-
ized complete block design for each genotype, storage 
time point (e.g., T0 and T6), and texture method (flat 
probe penetration, needle probe penetration, and double 
compression). Fruit weight was measured using the same 
berries at both time points, T0 and T6.

Berries were transferred to room temperature (~ 20 
oC) an hour before texture and appearance evaluations. 
A TA.XTPlus Texture Analyzer (Stable Micro Systems, 
Hamilton, MA, USA) and the Exponent v.6 software 
(Stable Micro Systems) were used for texture profiling. 
A high precision scale (MS1602TS/00, Mettler Toledo, 
Columbus, OH, USA) was used to measure berry weight 
and a digital caliper (Mitutoyo Compact 4-Way 500-170-
30, Mitutoyo, Kawasaki, Japan) was used to measure stem 
scar diameter.

Texture profiling via penetration test using a 2 mm flat probe
For the penetration test, 2 mm diameter probe with a flat 
end was used, with a pre-test speed of 1  mm s–1, auto-
trigger force of 0.05 N, test speed of 2 mm s–1, stopping 
position of 90% strain, and post-test speed of 10  mm 
s–1, and data collection rate of 200 points per second. 
Each berry was penetrated on the equatorial axis and 
17 parameters were derived from the force-deformation 
curve (Supplementary Table S1). Texture profiling using 
the 2 mm flat probe was performed at both time points, 
T0 and T6, in both 2021 and 2022.

Texture profiling via penetration test using a 1.4 mm needle 
probe
With the needle probe, a pre-test speed of 200 mm min–1, 
auto-trigger force of 0.01 N, test speed of 300 mm min–1, 
and post-test speed of 1,000 mm min–1, and data collec-
tion rate of 500 points per second was used. The needle 
probe was 1.4 mm in diameter and tapered from 4 mm to 
a sharp tip. The equatorial axis of the fruit samples were 
each penetrated to a 3 mm depth. Four parameters were 
derived from the obtained texture profile (Supplementary 
Table S1). Texture analysis with the needle probe was 
only performed at T0 in 2021.

Texture profiling using texture profile analysis
Texture profile analysis (TPA) or double compression 
test was performed with a pre-test speed of 1  mm s–1, 

auto-trigger force of 0.05 N, test speed of 1 mm s–1, tar-
get strain of 30%, and post-test speed of 5 mm s–1. The 
waiting time between the first and second compressions 
was 1 s. Data was collected at a rate of 200 points per sec-
ond and 17 parameters were derived from the force-time 
curve (Supplementary Table S1). TPA was performed at 
both time points, T0 and T6, only in 2022.

Storage index
For texture and appearance parameters that were evalu-
ated after storage, storage index (SI) was computed 
according to the method of Costa et al. (2012) [29] to 
quantify the changes in each parameter during storage. 
For example, the SI of fruit weight represents weight loss 
over storage. SI was calculated as the base-2 logarithm of 
the ratio between the observed values of each parameter 
at T0 and T6, using the formula SI = log2 (T6 / T0).

Heritability
Broad-sense heritability (H2) was estimated using vari-
ance components calculated from the restricted maxi-
mum likelihood (REML) as below:

	
H2 =

∂ 2
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where δg
2, δgy

2, and δe
2 are variance components of geno-

type, genotype × environment interaction, and residual, 
respectively, y is the number of environments (number of 
years in this study; y = 2), and r is the number of replica-
tions (r = 3).

QTL mapping
The linkage map for the R×A population constructed 
by Mengist et al. (2021) [10] was used in this study for 
QTL mapping. The linkage map was developed using 
80  K SNP markers, which were mined using capture-
seq method, and contains SNP dosage information and 
the phases of the eight parental haplotypes. QTL analy-
sis was performed using the ‘polyqtlR’ R package [30]. 
Identity-by-descent (IBD) probabilities among offspring 
were estimated and were used for QTL interval mapping. 
Significance thresholds of the LOD scores were deter-
mined through a genome-wide permutation test with 
1,000 permutations (α = 0.05). After the initial detection 
of QTLs, the significant QTL peaks were used as co-fac-
tors for subsequent QTL analysis to search for additional 
QTLs. When no further QTL was identified, the most 
likely QTL model was determined for each significant 
QTL using Bayesian Information Criterion (BIC). The 
phenotypic variance explained (PVE) by the QTLs and 
the direction of QTL effect (positive or negative) were 
also calculated. Confidence intervals for QTL locations 
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were estimated using 1-, 1.5-, and 2-LOD support inter-
vals, and the flanking makers were recorded. Major QTLs 
were confirmed using the ‘qtlpoly’ R package [31].

Expression analysis
RNA-seq and differential expression analysis
An RNA-seq experiment was performed to identify dif-
ferentially expressed genes in regions spanning the QTLs 
for citric, quinic, and shikimic acids. For this experiment, 
17 F1 genotypes were selected from the R×A population 
in 2023 based on the two-year QTL mapping and organic 
acid quantification results from 2021 to 2022. Samples 
were selected to represent the haplotypes associated with 
contrasting levels of citric, quinic, or shikimic acids. For 
citric acid, three genotypes, RA185, RA188, RA333, and 
three genotypes, RA012, RA209, RA337, were used to 
represent the haplotypes controlling high and low citric 
acid content, respectively (Supplementary Figure S1a). 
Transcriptome data from these two sets of genotypes 
were compared to identify candidate genes underlying 
the QTLs mapped on linkage group (LG) 3, controlling 
pH, TA, and citric acid content. For quinic acid, three 
genotypes, RA062, RA081, RA333, and three genotypes, 
RA003, RA176, RA181, were used to represent the hap-
lotypes controlling high and low quinic acid contents, 
respectively (Supplementary Figure S1b). Transcriptome 
data from these two sets of genotypes were compared to 
identify candidate genes underlying the QTLs mapped on 
LG4, controlling quinic acid content. For shikimic acid, 
three genotypes, RA047, RA097, RA304, and three gen-
otypes, RA166, RA282, RA361, were used to represent 
the haplotypes controlling high and low shikimic acid 
contents, respectively (Supplementary Figure S1c). Tran-
scriptome data from these two sets of genotypes were 
compared to identify candidate genes underlying the 
QTLs mapped on LG5, controlling shikimic acid content.

Fully ripened berries with no signs of external defects, 
decay, or wrinkling were harvested from 17 geno-
types. Samples were flash-frozen in liquid nitrogen and 
stored at − 80 ºC until RNA extraction. Total RNA was 
extracted from the fruit using the Spectrum™ Plant Total 
RNA Kit (Sigma-Aldrich, MO, USA). Library prepara-
tion and mRNA sequencing were performed by Novo-
gene (Novogene Corporation Inc., CA, USA), using the 
150  bp paired-end Illumina NovaSeq 6000 Sequencing 
System. The reads were trimmed with fastp v.0.23.2 [32] 
and were aligned independently to the W85-20_v2_p0 
[33] and the Draper_v1 [34] reference genomes using 
STAR v.2.7.10a [35] and expression levels were quantified 
using Salmon v.1.9.0 [36]. The genes in the Draper_v1 
genome represent all four haplotypes, while those in the 
W85-20_v2_p0 genome represent only the primary hap-
lotype (namely, p0). DESeq2 v.1.38.3 was used for differ-
ential expression analysis [37]. Functional annotation of 

the genes was performed using eggNOG-mapper v.2.1.11 
[38].

Validation of RNA‑seq by quantitative real‑time PCR
To validate the RNA-seq results, two putative candidate 
genes related to citric acid content were selected to con-
duct quantitative real‑time PCR (qRT-PCR). First-strand 
cDNA was synthesized with 1 µg of total RNA using the 
Verso cDNA Synthesis Kit (Thermo Fisher Scientific). 
Primers for qRT-PCR were designed to span two exons to 
ensure no genomic DNA contamination (Supplementary 
Table S2). The absence of genomic DNA contamination 
in the cDNA samples was verified with PCR followed by 
gel electrophoresis analysis (data not shown). qRT-PCR 
was performed on a LightCycler 480 II (Roche Diag-
nostics, Indianapolis, IN, USA) using PowerUp™ SYBR™ 
Green Master Mix (Applied Biosystems, Foster City, CA, 
USA). Conditions for the reactions were: 95 °C for 2 min, 
followed by 45 cycles of 95 °C for 15 s, 60 °C for 15 s, and 
72  °C for 1  min, followed by a melting curve program 
from 60  °C to 95  °C with a heating rate of 0.15  °C s–1. 
The UBIQUITIN-CONJUGATING ENZYME (UBC28; 
Vcev1_p0.Chr1.02793) was used as the reference gene 
[39] to calculate the relative expression of the candidate 
genes using the Pfaffl method [40]. Statistical differences 
were determined using SAS 9.4 (SAS Institute, Cary, NC, 
USA).

Results
Phenotypic variability and heritability
Extensive phenotypic variation among R×A genotypes 
was observed for all the chemical, textural, and appear-
ance parameters evaluated in this study. Variations in 
chemistry parameters were similar to those characterized 
in the diversity set (for pH, TA, and TSS, see Supplemen-
tary Figure S2; for other parameters, data not shown). 
Most parameters in both sets followed near-normal dis-
tributions, pointing to a quantitative nature (Fig. 1, Sup-
plementary Figure S3). Quinic and shikimic acid contents 
exhibited skewed distributions, meaning that these traits 
may be under oligogenic inheritance. The predominant 
organic acid in this population was citric acid (average 
81.7%), followed by quinic (12.9%), malic (5.1%), and 
shikimic (0.3%) acids. The major sugars were fructose 
(average 50.1%) and glucose (47.6%), followed by sucrose 
(2.3%). Most texture parameters spanned the same varia-
tion as the diversity set, with near-normal distributions 
(data not shown). A few, such as the Young’s Modulus 
(YM) parameters, had narrower variations in the R×A 
population compared to the diversity set.

Broad-sense heritability (H2) estimation revealed that 
pH, TA, and organic acid content are high to moderately 
heritable traits, where H2 ranged from 44% for malic acid 
content to 91% for percent quinic acid concentration 
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(Fig. 2). Except for malic acid, H2 was higher than 70% for 
pH, TA, and the other organic acids. TSS and sugar con-
tents had moderate to low heritability, ranging from 31 to 
51%. All the flat probe texture parameters had relatively 
high heritability (≥ 60%), demonstrating that texture is 
a highly heritable trait (Supplementary Figure S4). High 
heritability of appearance traits was found for Ssd, Wg, 
and Dia, with H2 of 73, 68, and 70%, respectively. Simi-
lar levels of H2 were observed in the diversity set except 
for individual sugars, which had slightly higher H2 values 
(data not shown). The heritability of the needle probe and 
TPA texture parameters were not estimated since data 
was collected for only one year.

Pearson correlation analysis was performed to explore 
the relationship between parameters (Fig. 3, Supplemen-
tary Figure S5). In R×A, strong positive correlations were 
found between TA, total organic acid content, and citric 
acid content, and these were negatively correlated with 

pH. Thus, citric acid explained most of the phenotypic 
variation of pH and TA in this population. Total organic 
acid content, citric acid content, and TA were nega-
tively correlated with TSS and sugar contents. Fructose, 
glucose, total sugar content, and TSS were significantly 
(p < 0.05) and positively correlated. For texture, separate 
clusters of positively correlated flat probe parameters 
were identified (Supplementary Figure S5). One clus-
ter included BrSt, DFM, and LDFM (see Supplementary 
Table S1 for abbreviations), which had negative correla-
tions with fruit size. On the other hand, the other texture 
parameters were grouped in another cluster, where most 
of them were positively correlated with size. Interest-
ingly, FLD had an especially high correlation with size, 
meaning that it is a texture parameter that may be highly 
affected by the berry size. The TPA texture parameters 
were evaluated in 2022 only. Most TPA parameters were 
significantly (p < 0.05) and positively correlated with each 

Fig. 1  Distribution of pH, titratable acidity (TA), total soluble solids (TSS), contents of organic acids and sugars, and percent concentration (Pct) of organic 
acids and sugars observed in a ‘Reveille’ × ‘Arlen’ F1 population across two years (2021–2022). Dotted and dashed lines indicate the phenotype of the 
parents ‘Reveille’ and ‘Arlen’, respectively
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other and with the flat probe parameters. No strong cor-
relations were found between fruit chemistry and texture 
parameters. The correlation patterns among fruit charac-
teristics observed in R×A generally coincided with those 
in the diversity set (data not shown).

In summary, similar phenotypic variability, H2, and 
correlation patterns were observed between the R×A 
population used in this study for QTL mapping and the 
diversity set, representing a wide range of phenotypes. 
This demonstrated sufficient segregation for the fruit 
quality traits in the R×A population, warranting further 
genetic investigation of the traits.

QTLs for pH, TA, and organic acid content
A total of 30 QTLs were detected for chemistry charac-
teristics in this study (Supplementary Table S3, Supple-
mentary Figures S6-10). Details of the detected QTLs 
are outlined in Supplementary Table S3, including peak 
marker, physical location, LOD score, PVE, co-factors, 
and intervals. Out of these QTLs, 28 were associated 
with pH, TA, and organic acid content. QTLs on LGs 3, 4, 
and 5 were consistently detected with the 2021 and 2022 
data with high LOD scores and PVE values (Fig. 4, Sup-
plementary Figure S6). A QTL controlling pH, TA, total 
organic acid content, and citric acid content was identi-
fied on LG3, which was consistent across the two years 
and explained 15.6–20.1% of the phenotypic variance of 
each trait. The LG3 QTL was mainly linked to homologs 
H7 and H8 from ‘Reveille’ (Fig. 4a). Alleles on H7 and H8 
had negative and positive additive effects, respectively, 

on TA, total organic acid content, and citric acid content. 
The effects were opposite for pH (Supplementary Figure 
S11a-d), which coincided with the negative correlations 
between pH and the other traits (Fig. 3).

The QTL mapped on LG4 controlled quinic acid con-
tent. The PVE was estimated between 27.6 and 32.9% 
for 2021 and 2022, respectively. H1 from ‘Arlen’ and H5 
and H6 from ‘Reveille’ had negative dominant effects on 
quinic acid content (Fig. 4b, Supplementary Figure S11e). 
The QTL on LG5 controlled shikimic acid content and 
explained 17.2 and 18.8% of the phenotypic variances 
for 2021 and 2022, respectively. H1 from ‘Arlen’ had a 
positive additive effect on shikimic acid content (Fig. 4c, 
Supplementary Figure S11f ). These major effect QTLs on 
LGs 3, 4, and 5 were also consistently detected when QTL 
mapping was performed using the ‘qtlpoly’ R package, 
confirming the stability of these QTLs (data not shown).

QTLs with lower LOD scores and PVE values were 
detected for these chemistry parameters on other LGs, 
which were not consistent over years (Supplementary 
Table S3, Supplementary Figure S6). A QTL for TA was 
detected on LG8 in 2021, explaining 13.4% of the pheno-
typic variance. A QTL on LG9 was identified for TA, pH, 
total organic acid content, and citric acid content in 2021, 
where the PVE was estimated between 10.9 and 14.0%. 
A QTL for shikimic acid content was detected on LG4 
in 2022, which had PVE of 16.6% and was located in the 
same region as the LG4 QTL for quinic acid content. No 
QTL was detected for malic acid content.

The percent concentration of each organic acid, relative 
to the total organic acid content, was also determined 
to identify QTLs for the contribution of specific organic 
acids to the overall organic acid profile. A QTL on LG4 
was associated with the percent concentrations of citric 
acid and quinic acid in both years. It was detected in the 
same region as the LG4 QTLs for quinic acid and shi-
kimic acid contents. Additionally, QTLs for percent con-
centrations of shikimic acid and malic acid were detected 
on LG3, which was in the same region as the LG3 QTLs 
for TA, pH, total organic acid content, and citric acid 
content.

QTLs for sugar, texture, and size
For sugars, only two minor QTLs were detected for per-
cent concentration: a QTL for percent fructose on LG10 
in 2021 and a QTL for percent sucrose on LG2 in 2022. 
The QTLs had LOD scores of 6.4 and 6.8 and PVE of 11.2 
and 9.8%, respectively. No QTLs that were consistent 
across years were detected. Also, no QTLs were detected 
in either year for TSS, total sugar content, or fructose, 
glucose, sucrose contents.

For texture and size parameters, 146 QTLs were iden-
tified in total on LGs 1, 2, 3, 4, 5, 6, 7, 8, 9, 10 and 11, 
which explained 5.9–14.1% of the phenotypic variances 

Fig. 2  Broad-sense heritability (H2) of pH, titratable acidity (TA), total solu-
ble solids (TSS), contents of organic acids and sugars, and percent concen-
tration (Pct) of organic acids and sugars observed in a ‘Reveille’ × ‘Arlen’ F1 
population across two years (2021–2022)
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Fig. 4  Major-effect quantitative trait loci (QTLs) identified for total organic acid (OA) and citric acid contents on linkage group (LG) 3 (a), quinic acid con-
tent on LG4 (b), and shikimic acid on LG5 (c) in a ‘Reveille’ × ‘Arlen’ F1 population. The heatmap illustrates the effect of each homolog relative to the overall 
phenotypic mean performance. H1-H8 represents the eight homologs with H1-H4 inherited from the parent ‘Arlen’ and H5-H8 inherited from the parent 
‘Reveille’. Dotted line indicates LOD threshold (1,000 permutations, α = 0.05) for significant QTLs

 

Fig. 3  Correlations among pH, titratable acidity (TA), total soluble solids (TSS), contents of organic acids and sugars, and percent concentration (Pct) of 
organic acids and sugars observed in a ‘Reveille’ × ‘Arlen’ F1 population across two years (2021–2022)

 



Page 9 of 16Oh et al. BMC Plant Biology           (2025) 25:36 

(Supplementary Table S3, Supplementary Figures S7-10). 
A few QTLs were consistent over time points (T0 and T6) 
or across years (2021 and 2022). This included a QTL on 
LG10 for FLD and QTLs for YM20_BrSt and YM1to2 
(Supplementary Figure S8). However, no QTLs related to 
the SI values (representing change during storage) were 
consistent over years. Also, no QTL was consistent across 
years for the size parameters of fruit weight and diameter.

RNA-seq to identify candidate genes for organic acids
Potential candidate genes for pH, TA, and citric, quinic, 
shikimic acids were explored. RNA-seq experiments 
were conducted using genotypes with contrasting haplo-
types across the regions spanning the conserved physical 
locations of the major-effect QTLs on LGs 3 (between 
44,412,643 and 50,885,848  bp), 4 (between 17,303,781 
and 48,065,094  bp), and 5 (between 12,330,354 and 
24,329,493 bp) (see Materials and Methods). An average 
of 48  million reads (paired-end 150  bp) were generated 
via the Illumina NovaSeq 6000 Sequencing System. The 
mapping rate of the reads for each genotype and refer-
ence genome are listed in Supplementary Tables S4-5.

Using comparative transcriptome analysis, differen-
tially expressed genes (DEGs) were identified in high vs. 
low citric acid content, high vs. low quinic acid content, 
and high vs. low shikimic acid content genotypes (Sup-
plementary Figure S1). Using the reads mapped onto 
the W85-20_v2_p0 reference genome, 770, 200, and 187 
DEGs were identified in the high vs. low citric acid con-
tent, high vs. low quinic acid content, and high vs. low 
shikimic acid content comparisons, respectively. Out of 
the DEGs, 414 and 356 genes, 94 and 106 genes, and 106 
and 81 genes were up- and down-regulated in the high 
vs. low citric acid content, high vs. low quinic acid con-
tent, and high vs. low shikimic acid content comparisons, 
respectively.

Although the W85-20_v2 genome is the newest high-
quality, phased, chromosome-scale genome available 
for blueberry, this genome represents a wild diploid 
species (Vaccinium caesariense) also known as diploid 
blueberry. As there is evolutionary divergence between 
diploid and tetraploid cultivated blueberry, it is possible 
that genes not present in the W85-20 genotype could 
be missed. Therefore, the Draper_v1 genome, repre-
senting a cultivated tetraploid blueberry cultivar, was 
used as an additional reference genome. Using the reads 
mapped onto the Draper_v1 reference genome across the 
four haplotypes, 2,939, 642, and 674 DEGs were identi-
fied in the high vs. low citric acid content, high vs. low 
quinic acid content, and high vs. low shikimic acid con-
tent comparisons, respectively. Out of the DEGs, 1,618 
and 1,321 genes, 325 and 317 genes, and 384 and 290 
genes were up- and down-regulated in the high vs. low 
citric acid content, high vs. low quinic acid content, and 

high vs. low shikimic acid content comparisons, respec-
tively. The larger number of DEGs identified with the 
Draper genome is largely because four haplotypes were 
used for the analysis while only one haplotype was used 
with the W85-20 genome. Indeed, considering the num-
ber of DEGs per haplotype reported within the QTL 
regions (Supplementary Tables S6-S7), the number of 
DEGs identified using the W85-20_v2_p0 (59 DEGs) and 
Draper_v1 (ranging between 49 and 59 DEGs) reference 
genomes were relatively similar.

To further pinpoint candidate genes putatively associ-
ated with citric, quinic, and shikimic acids, functional 
annotation was conducted for genes spanning the QTL 
regions associated with these traits. The regions that 
were significantly (1,000 permutations, α = 0.05) associ-
ated with these traits across the two years were consid-
ered for this analysis. For the DEGs identified using the 
W85-20_v2_p0 reference genome, 22, 32, and 5 DEGs for 
citric, quinic, and shikimic acids were detected, respec-
tively (Fig.  5, Supplementary Table S6). For the DEGs 
identified using the Draper_v1 reference genome, 110, 
77, and 24 DEGs were within each significant QTL inter-
val for citric, quinic, and shikimic acids, respectively 
(Supplementary Table S7).

In the LG3 QTL interval associated with pH, TA, 
and citric acid, the DEGs Vcev1_p0.Chr3.08885 and 
Vcev1_p0.Chr3.08969 were annotated as class-III pyri-
doxal-phosphate-dependent aminotransferase and Cys/
Met metabolism PLP-dependent enzyme, respectively. 
These enzymes are known to be involved in amino acid 
metabolism utilizing 2-oxoglutarate, which is a primary 
metabolite in the citric acid cycle (also known as the tri-
carboxylic acid (TCA) cycle or the Krebs cycle). Vcev1_
p0.Chr3.08885 was down-regulated in high citric acid 
genotypes, while Vcev1_p0.Chr3.08969 was up-regulated. 
Within the QTL intervals associated with quinic (LG4) 
and shikimic acids (LG5), no DEGs are known to be asso-
ciated with organic acid biosynthesis and metabolism.

To validate the RNA-seq results, two DEGs in the 
LG3 QTL region were selected for qRT-PCR: Vcev1_
p0.Chr03.08687 and Vcev1_p0.Chr03.08715. These genes 
were differentially expressed between genotypes with 
contrasting citric acid levels. qRT-PCR results confirmed 
significant differences in gene expression between high 
vs. low citric acid genotypes (Supplementary Figure 
S12). The expression patterns were similar to the RNA-
seq results, in which both genes were up-regulated in the 
high citric acid genotypes.

Discussion
Three major QTLs control acidity and organic acid content 
in blueberry
Fruit acidity is a crucial component of the organoleptic 
quality of blueberries [41]. Three major QTLs associated 
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with acidity and organic acid levels were detected on LGs 
3, 4, and 5 (Fig.  4, Supplementary Figure S6). The LG3 
QTLs identified for pH, TA, total organic acid content, 
and citric acid content were co-located with the QTLs 
found for pH or TA in previous reports [10, 13, 15]. The 
LG3 QTLs were all estimated to have additive effects on 
these quality traits, aligning with previous findings [10]. 
SNP markers with the highest LOD scores for each trait 
– based on single marker analysis results – confirmed 
the additive nature of the QTLs and provided informa-
tion on the allele dosage effect (Supplementary Figure 
S11a-d). The SNP marker NCSU_Chr03_47259524 had 
the highest LOD score for pH, TA, and total organic acid 
content, for which the average allele dosage effect was 
+ 0.20, − 0.10% points, and − 11.27 mg g–1 DW per allele, 
respectively. The direction of the effects of the QTLs 
(positive or negative) for pH and TA coincided with 
previous findings [15]. For citric acid content, the SNP 
marker NCSU_Chr03_49554919 scored the highest LOD 
and the average allele dosage effect was + 11.41 mg g–1 
DW. The average allele dosage effects of these SNP mark-
ers accounted for roughly 10% of the total phenotypic 
variation in the respective fruit characteristics. Relatively 
high PVE values of the LG3 QTLs (15.6–20.1%), similar 
to previous reports [10, 15], and high broad-sense heri-
tability of these fruit characteristics (> 70%) indicate that 
response to selection can be achieved via DNA-informed 
breeding strategies.

The LG4 QTL was associated with quinic acid con-
tent in both years, explaining 27.6–32.9% of the 

phenotypic variance, and was estimated to have a domi-
nant action. Further investigation on this peak via single 
marker analysis revealed that the SNP marker NCSU_
Chr04_36016196, which had the highest LOD score, had 
a recessive effect on quinic acid (Supplementary Figure 
S11e). The homozygote genotypes with 0 allele dose had 
an average quinic acid content of 18.3 mg g–1 DW, fol-
lowed by 6.0, 4.0, and 3.1 mg g–1 DW for genotypes with 
1, 2, and 3 dosages, respectively.

While citric acid is highly correlated with fruit acid-
ity, the role of quinic acid in sensory perception is still 
obscure in blueberry. In fresh blueberry juice, quinic acid 
had low correlations with sourness (r = 0.49) and bitter 
taste (r = 0.53) [42]. However, quinic acid was reported to 
be negatively correlated with sweet taste (r = − 0.76) of the 
juice [42] and with the juice ‘blueberry’ flavor (r = − 0.75), 
composed of aromatic volatiles associated with fresh 
blueberries [43]. The role of quinic acid in the taste or fla-
vor of fresh blueberry fruit will need to be established in 
future work.

A QTL, co-located on LG4 with the QTLs for quinic 
acid, was identified for shikimic acid content in 2022 and 
accounted for 16.6% of the phenotypic variance (Supple-
mentary Table S3, Supplementary Figure S6). The co-
location of these QTLs for quinic and shikimic acids may 
be due to the shared metabolic pathways between the 
two organic acids. Quinic acid has been suggested to act 
as a reserve compound for phenolic biosynthesis in fruit 
[44] and stored quinic acid can re-enter the shikimate 
pathway through the action of quinate dehydrogenase 

Fig. 5  Quantitative trait loci (QTL) detected for chemical parameters, including pH, titratable acidity (TA), and contents of citric, quinic, and shikimic acids, 
and differentially expressed genes (DEG) in each QTL region identified from RNA-seq analysis on linkage groups (LG) 3 (a), 4 (b), and 5 (c). The boxplots 
represent the 95% permutation support interval of the QTLs (interval where LOD score exceeded the threshold (1,000 permutations, α = 0.05)). The solid 
box within each boxplot represents the two-LOD support interval. DEGs identified from RNA-seq analysis using genotypes with contrasting organic acid 
contents (Supplementary Figure S1) that were located within the 95% permutation support interval of the respective QTL are listed. Description of the 
DEGs (e.g., chromosomal location, function annotation, and differential expression analysis results, etc.) is listed in Supplementary Tables S6-7
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or quinic hydrolase, which may lead to increased bio-
synthesis of shikimic acid [45]. Alternatively, quinic acid 
can be directly involved in synthesizing compounds such 
as chlorogenic acids or acyl-quinic acids, which are con-
jugates of quinic and cinnamic acids [46–48]. Quinic 
acid can also serve as a precursor for synthesizing caf-
feoylquinic acids (CQAs), which are specialized bioactive 
metabolites derived from the phenylpropanoid biosyn-
thesis pathway [49]. As this QTL was not detected in 
2021, a strong environmental effect on the intertwined 
metabolisms between quinic and shikimic acids may be 
present.

The LG5 QTL had a major effect on shikimic acid 
content across both years, explaining 17.2–18.8% of the 
phenotypic variances (Supplementary Table S3, Supple-
mentary Figure S6). This QTL was estimated to have an 
additive action and single marker analysis indicated that 
the SNP marker with the highest LOD score, NCSU_
Chr05_21287627, had an average dosage effect of + 0.05 
mg g–1 DW (Supplementary Figure S11f ). Shikimic acid 
is a minor constituent of the organic acid profile in blue-
berry, likely limiting its role in altering fruit acidity level. 
However, chorismate, the terminal metabolite of the shi-
kimic acid pathway, serves as an important intermediate 
branch point metabolite for the biosynthesis of several 
aromatic amino acids [50]. Therefore, alteration of shi-
kimic acid may have a crucial influence on the aromatic 
perception and flavor of blueberries.

The acidity-related fruit characteristics that are con-
trolled by major-effect QTLs and have high heritability 
(e.g., pH, TA, total organic acid, and citric, quinic, shi-
kimic acid contents) can be potential targets for marker-
assisted selection (MAS). To our knowledge, this is the 
first study to perform QTL mapping for organic acids, 
which enabled us to relate these QTLs to those detected 
for pH and TA. Previous studies in blueberry using dif-
ferent genetic backgrounds identified a QTL for pH and 
TA in chromosome 3. Ferrao et al. (2018) [13] identified 
QTLs for pH spanning the QTL region identified in this 
paper. Mengist et al. (2021, 2022) [10, 15] identified a 
QTL on the distal part of the long arm of chromosome 3 
(unknown physical position) that might overlap with the 
QTLs detected in this study. These observations validate 
the significance of this QTL across the blueberry germ-
plasms and make it an ideal target region to design DNA 
markers for MAS. In contrast, since no other genetic 
studies assessed the genetic mechanism controlling 
quinic and shikimic acids, future work is needed to vali-
date those QTLs in the blueberry germplasm and assess 
the importance of these regions to design DNA markers 
for MAS. Implementing MAS can significantly increase 
the efficiency and accuracy of selection in breeding pro-
grams aiming for improved fruit taste/flavor. Genotyping 
assays that allow detection of the dosage of SNP markers, 

such as the Kompetitive Allele Specific PCR (KASP) assay 
[51], could be developed to facilitate MAS for these traits. 
As fruit taste and flavor play crucial roles in consumer-
liking [52] and willingness-to-pay [14] in blueberries, the 
QTLs identified in this work should be considered for the 
application of DNA-informed selection.

Although malic acid is known to be an important com-
ponent of acidity along with citric acid in many types of 
fleshy fruit [41], malic acid accounts for only a small pro-
portion in highbush blueberries [53]. Indeed, malic acid 
was a minor constituent of the overall organic acid pro-
file in this population as well, composing less than 10% of 
the total organic acids in most genotypes (Fig. 1). More-
over, the broad-sense heritability estimate of malic acid 
content was relatively low compared to those of other 
organic acids (Fig. 2). Consequently, we were not able to 
detect any QTLs for malic acid content despite the large 
phenotypic variation (6.4-fold and 7.9-fold in 2021 and 
2022, respectively). These results indicate that malic acid 
may be controlled by a large number of genes and/or is 
highly affected by environmental factors. It is also pos-
sible that the level of variation captured in this study may 
not be sufficient to detect QTLs for malic acid. Future 
work should explore other populations segregating for 
malic acid or germplasms with higher malic acid levels. 
Notably, two QTLs were detected for the percent concen-
tration of malic acid in 2022 on LGs 3 and 5, explaining 
14.2 and 9.3% of the phenotypic variances, respectively 
(Supplementary Table S3, Supplementary Figure S6). The 
LG3 QTL for percent concentration of malic acid was co-
located with the major-effect QTL controlling citric acid 
content. This indicates that the proportion of the total 
organic acids that malic acid represents is likely con-
trolled more by the citric acid content than the malic acid 
content.

Candidate genes controlling organic acid contents were 
identified
Within the genomic regions spanning the major QTLs 
on LGs 3, 4, and 5, we identified putative candidate genes 
involved in the organic acid metabolism or transport 
(Fig.  5, Supplementary Table S6). RNA-seq analysis of 
high vs. low organic acid content genotypes revealed that 
only two DEGs within the citric acid QTL (LG3) inter-
val, Vcev1_p0.Chr3.08885 and Vcev1_p0.Chr3.08969, are 
involved in citric acid biosynthesis and metabolism. Since 
post-translational modification or any other mutations 
that are not associated with the gene expression levels 
can control these QTLs, the possible role of not differen-
tially expressed genes (non-DEGs) should be considered.

Within the LG3 QTL interval, several genes that were 
non-DEGs were associated with the citric acid accumu-
lation. Vcev1_p0.Chr3.08774 and Vcev1_p0.Chr3.09032 
were predicted to be involved in the citric acid cycle. 
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Vcev1_p0.Chr3.08774 was annotated as pyruvate dehy-
drogenase, which catalyzes the overall conversion of 
pyruvate to acetyl-CoA and CO2. Vcev1_p0.Chr3.09032 
was annotated as a malic enzyme that is known to 
convert malate to pyruvate or oxaloacetate. Addi-
tionally, Vcev1_p0.Chr3.08722, also in the LG3 QTL 
interval, was annotated as a malate synthase, known to 
catalyze the condensation of acetyl-CoA with glyoxylate 
to form (S)-malate in the glyoxylate cycle. Lastly, Vcev1_
p0.Chr3.08881 was annotated as a plasma membrane H+ 
ATPase, which is known to pump protons across the cel-
lular membrane, regulating the organic acid accumula-
tion in apple [54] and citrus [55, 56].

Citric acid was the predominant organic acid in the 
R×A population, making up more than 80% of the total 
organic acid content on average (Fig. 1). Additionally, it 
was highly correlated to pH, TA, and total organic acid 
content (Fig.  3). These findings indicate that citric acid 
explains most of the genetic and phenotypic variation 
of pH, TA, and total organic acid content in this popula-
tion. Moreover, citric acid has been identified as the pre-
dominant organic acid in highbush blueberries [53, 57, 
58]. Given these results, the putative candidate genes that 
were identified within the LG3 QTL interval emerge as 
particularly intriguing.

There were no DEGs in the LG4 and LG5 QTL inter-
vals that were noteworthy based on the annotations. 
However, several non-DEGs that could be putative can-
didate genes were identified. In the LG4 QTL interval, 
Vcev1_p0.Chr4.11308 was annotated as shikimate kinase, 
known to be involved in the shikimate pathway. In the 
LG5 QTL interval, Vcev1_p0.Chr5.12667 was annotated 
as phospho-2-dehydro-3-deoxyheptonate aldolase and 
Vcev1_p0.Chr5.12990 was annotated as dehydratase shi-
kimate dehydrogenase, which are involved in the shiki-
mate pathway as well.

The non-DEG putative candidate genes mentioned 
above could be differentially expressed at different fruit 
developmental stages. Expression levels of the genes 
related to organic acid metabolism have been reported to 
be differentially regulated with fruit maturation stages in 
blueberry [59] and other fruits [60–64]. Future metabolo-
mic or transcriptomic analyses that include different fruit 
ripening stages could provide a better understanding 
of the mode of action of these genes, and thus, further 
work is needed to fully validate them as candidate genes. 
Assessing the expression levels of DEGs identified for cit-
ric acid in other genetic backgrounds could help validate 
these candidate genes and design experiments for func-
tional characterization such as gene transformation using 
silencing (e.g., virus-induced gene silencing (VIGS)). 
Gene regulation could also be affected at the post-tran-
scriptional level and alternative approaches to identify 
the best candidate genes controlling citric, quinic, and 

shikimic acids could involve proteomic analyses in sam-
ples harboring the dominant and recessive alleles.

No major-effect QTL was detected for sugars, texture, or 
size
Sugars play a considerable role in consumer liking for 
blueberries. Higher sugar content or TSS generally leads 
to increased sweetness resulting in better consumer lik-
ing [52]. Despite the importance, no QTL was detected 
in this study for TSS, total sugar content, or fructose, 
glucose, sucrose contents. The heritability for these traits 
was relatively low (H2 ≤ 51%), indicating that in blueberry, 
sugar accumulation is a complex trait and is influenced 
by environmental factors. Several reports have suggested 
that TSS or sugar content in fruit may be controlled by 
complex genetic mechanisms [65–67]. Also, the pheno-
typic variability of these characteristics in both the R×A 
population and the diversity set was narrow, having less 
than two-fold variation in TSS and major sugars (Fig. 1). 
This observation confirms that, in blueberry, sugar accu-
mulation may not be a qualitative trait. Major QTLs 
associated with TSS or sugars have been reported in 
other fruit where the phenotypic variation was wider (up 
to 7-fold variation), such as apple [68], citrus [69], grape 
[70–72], melon [67, 73, 74], peach [75], and watermelon 
[76]. The absence of QTLs for sugar content in blueberry 
fruit in this study suggests that identifying candidate 
genes or developing DNA markers for MAS strategies 
might be challenging and genomic selection may be a 
more suitable approach. MAS targeting acidity param-
eters or organic acid content could be a more suitable 
strategy for breeding programs that aim to improve taste 
or flavor. Nevertheless, the possibility of detecting QTLs 
for sugars in populations with wider phenotypic variation 
should not be excluded.

Texture is an important fruit quality trait that influ-
ences machine harvestability, shelf-life quality, and con-
sumers’ acceptance in blueberry [3, 4, 18–20]. A total of 
130 QTLs were detected for texture parameters (Supple-
mentary Table S3, Supplementary Figures S8-10). Some 
texture QTLs were consistent over years (2021–2022) 
and/or time points (T0 and T6), indicating that these loci 
could be potential targets for marker development. For 
example, a QTL for ‘force linear distance’ (FLD), a flat 
probe parameter, was detected on LG10 both at T0 and T6 
in both 2021 and 2022. FLD is a parameter that has been 
reported to be useful for predicting wrinkling occurrence 
during storage [21] and is highly correlated with sensory 
attributes such as springiness and hardness [26]. Several 
other flat probe parameters, such as ‘area force linear 
distance’ (AFLD), ‘force at 1 mm’ (F1mm), and ‘Young’s 
Modulus’ (YM) parameters (e.g., YM10, YM20_BrSt, 
YM80_BrSt, YM100_BrSt, YM1to2), were consistently 
detected over years on LG10 for measurements at T0. 
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These parameters are closely associated with the resis-
tance to external force before skin break [21] and were 
also highly related to the sensory perception of firmness 
[26]. Additionally, the F1mm and YM parameters were 
determined to be important parameters for predict-
ing shelf-life texture change [21, 25]. Selecting for high 
F1mm and YMs at harvest could contribute to better 
post-storage mechanical texture.

Several QTL clusters for fruit texture were identi-
fied on LGs 1, 4, 6, and 10, on which 17, 14, 23, and 49 
QTLs were mapped, respectively, including all years, 
time points, and parameters (Supplementary Table S3, 
Supplementary Figures S8-10). In these clusters, co-loca-
tion between QTLs for different texture parameters that 
were not highly correlated with each other was observed 
at several locations. For example, a hotspot on LG10 
included QTLs associated with flat probe parameters 
(F1mm, FLD, AIF, NIP, YM) and TPA parameters (hard-
ness, resilience, cohesiveness, area 1, area 1 total, and 
slope 1) measured at T0 (Fig.  6), which were not highly 
correlated with each other in all cases. This suggests 
that some texture QTLs might have pleiotropic effects 
controlling several parameters, perhaps due to the rela-
tionship between texture parameters and multiple bio-
logical processes that occur during ripening, such as cell 
wall modification, changes in turgor pressure, hormonal 

regulation, or changes in the biochemical constitution 
[77–82]. Fine-mapping these QTL clusters may provide 
further insight into these genomic regions. Also, the PVE 
values for all the texture parameter QTLs were relatively 
low (less than 15%) despite the relatively high heritability 
(≥ 60%) of the texture parameters, indicating that texture 
is a highly quantitative trait possibly controlled by mul-
tiple minor-effect QTLs. Ferrao et al., 2024 [27] evaluated 
blueberries using the flat probe parameters at T0, as in 
this study. Several minor-effect QTLs with very few sta-
ble across years were found, similar to our findings. This 
suggests that using genomic selection might be a more 
suitable approach for breeding programs when targeting 
fruit texture.

Fruit size is an important trait for breeders as larger 
berry size leads to less water loss and wrinkling during 
shelf-life [21, 25], which could substantially contribute to 
consumers’ acceptance and marketability. In this study, 
fruit weight and diameter were used as proxies for fruit 
size since they are highly correlated with fruit volume 
[83]. For these size-related parameters (i.e., fruit weight 
and diameter), we did not detect any QTLs that were 
consistently significant across years despite the relatively 
high heritability of fruit size (H2 ≈ 70%). Small-effect 
QTLs on LGs 1, 4, 9, and 10 were detected in only one 
year (Supplementary Table S3, Supplementary Figure 

Fig. 6  Quantitative trait loci (QTL) detected for texture, size, and chemistry parameters measured at harvest (T0). The circles represent the peak location 
of each QTL. The colors and numbers inside the circles represent the year/trait and the parameters, respectively
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S7), suggesting that size is a trait controlled by multiple 
minor-effect QTLs and possibly largely affected by envi-
ronmental factors. As with texture and sugar accumula-
tion, genomic selection could be a more suitable strategy 
to select for size. Also, testing QTLs in diverse environ-
ments to elucidate the influence of environment or geno-
type × environment interactions could benefit breeding 
strategies in the future.

Conclusion
Our comprehensive study assessed the genetic basis 
of organic acids, sugars, texture, size, and shelf-life in 
blueberry. All traits had moderate to high heritability, 
indicating that strong genetic factors interplay with the 
environment to control these traits. Major-effect QTLs 
controlling organic acid content and a number of under-
lying putative candidate genes were unveiled in this 
study. Additionally, QTLs for fruit texture were identi-
fied but had a lower effect, and no consistent QTL was 
identified for sugar content or size. Overall, the results 
of this study indicate that organic acids have a relatively 
simple genetic inheritance in blueberry, making these 
traits more suitable for MAS. In contrast, traits like size, 
texture, and sugar content have a more complex genetic 
architecture, making them more suitable for genomic 
selection. Our findings provide valuable information to 
facilitate DNA-informed selection in breeding programs.
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