ABSTRACT

OH, HEEDUK. Fruit Characteristics anQuantitative Trait Loc{QTLs) Associated with
Quiality Traits in BlueberrgVacciniumspp.).(Under the directioof Dr. Massimo lorizzo and
Dr. Penelope Perkingeazig.

In blueberry(Vacciniumspp.) improvingfruit quality, especiallytexture, sheHife, and
taste/flavorhas becomeraimportantoreeding priority for the industridowever, thdack of
empirical dataand DNA tooldimits the selection for bettdruit quality in breeding programs.
To address this gap, four studies were conducted to associate fruit characteristics (sugars, organic
acids, size, texturayith quality in terms of shellife (texture change, water loss, wrinkle) and
sensorial texture and to dissect the genetic mechanisms controlling these fruit characteristics.

In the first two studies, fruit characteristics such as size, texture, ancblaiite
chemical composition were used to predict shfdfindicators and sensorial texture. SHék
indicators such agxture changeyeight lossand fruit wrinkling could be predicted using fruit
characteristics measured at har{@s} or two weekqT>2) poststoragePrediction models for the
overall texture change reached a moderate level of accWkight loss could be predicted with
high accuracy wittberry size &To; the larger the initial berry size, the less weight loss.
Wrinkling could bepredicted by either the initial fruit size or theechanicap ar amet er o6f or
|l inear distanced6 (FLD) with | oohedessominklaaftgr; t he
storageThe sensoridexture attributesspringiness, hardness, snap/crisp, force to grind,
juiciness, and dissolvabilitgould be predicted with medium to high accuracy using texture
parameters measured at the harvdishoughthe predictions wernot perfect, &r most of the
sensory attributes, the modetsuld effectivelydifferentiatethe cultivars with the highest or

lowest intensity scores



As the physiochemical propertiestofal soluble solids (TS@ndtitratable acidity (TA)
play a critical role irconsumer acceptancé€SS TA, pH, sugars, and organic acids variation
among @ cultivars were followed over 0 to 6 weeks of storageharvest TSS and soluble
sugar(glucose, fructose, sucrosgntens ranged from 10.17 to 15.97% and 639.13 to 785.11
mg d* DW, respectively, across cultivatsarger variability was observddr parameters related
to acidity, such apH, TA, and total organiacid contentwhich ranged between 34.5, 0.15
0.79%, and 1:B5 mg ¢* DW, respectivelyCitric acid was the dominant organic acid in
highbush cultivars\(. corymbosumwhile quinic acid washe most abundant organic aad
rabbiteye cultivargV. virgatun). Changesverstorage were minimal aralltivar-specific

Elucidating thegenetic basis underlying fruit quality tradsuld enablemarker or
genomicassisted selection strategies in breeding prograhesgenetic mechanisms controlling
pH, TA, organic acidsTSS sugars, fruit size, and textuaeharvestandor six weeks post
storageand weight lossvere exploredSix majoreffectQTLs associated witlpH, TA, and citric
acid, two for quinic acid, and two for shikimic acid were consistently detected across two years
on the same genomic regions on chromosomésad 5, respectively. Candidate genes for
these QTLs were identified using comparative transcriptomic analysis. No QTL was detected for
malic acid content, TSS, and sugar contesile a number ofinor-effect QTLs were
identified for textureandsizerelatedparameters.

These studies provide insights itb@ associations between fruit characteristics and
quality traits in blueberryAdditionally, a frameworks offered for breeding programsualize
predictive models to enhance selection for improved difeldnd desired sensory texture

attributes Moreover, arr findingsprovide valuable informatioanthe genetic basihat



underliedfruit quality traits in blueberryfacilitating DNA-informedselectionstrategies in

breeding programs.
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INTRODUCTION

Blueberry {acciniumspp.) production hascreasedubstantiallyoverthe past few decades
dueto successful breeding effoitsdevelopingcultivarsadapted talifferentgrowing areas
(Edger et al., 2022)ncreased blueberry availability has led to increased selectiveness for fruit
guality by the industrandconsumergBrazelton et al., 2017; Gallardo et al., 2018)
Consequently, improvinfyuit quality traits, including texture, tasféavor, and sheHife, are
now crucialgoalsfor breeding programs and the production/distribution ind{&aflardo et al.,
2018) However,blueberry breedersurrentlyhave little empirical datthey could utilize for
their selections

Blueberries are prone to rapid softening, weight loss, wrinkling, and mold during storage,
limiting their shelflife to two to four weekgHuynh etal., 2019) and these changes can
negatively influenceonsumer experience and marketabilfgrneti et al., 2022; Gallardo et al.,
2018; Gilbert et al., 2014Multiple studies have reported the associakietweerfruit
characteristics at harveastd sheHife quality traits(Moggia et al., 2017b, 2017a; NeSmith et
al., 2005; Yan and Castellarin, 202Bpwever, the studiesitherinvolved a small number of
genotypes, leading to weak statistical pgueermeasured fruit texture using only one parameter,
while several studies indicated blueberry textorbe a multicomponent trai(Giongo et al.,
2022, 2013; Rivera et al., 2022)his suggests thatorein-depthand robust studies are needed
to further understankdow shelflife could be predictedsing measurements collectechatvest.
To address this issua wide variety of cultivarésl cultivars including Northern and Southern
highbush and rabbiteyg)ere evaluated fdruit texture using @iverseset of mechanical
parameters (17 parameters) andegyance traitdruit size, stem scar diameter, wrinkénd

mold) during six weeks of storagerosgo determine the predictability of shdilfie traits. The



findings fromChapterl offer valuable informatioron fruit characteristicselated tosheltlife,
with the goal of enhancing the posthanastability of blueberries.

Althoughinstrumentamethods have been widely used to evaluate fruit texture in blueberry
due totheir costefficiency and high throughp(Rivera et al., 2022}he relationship between
sensoial textureattributes andnechanicaparameters is not well establish&bmestudieshave
reported the connection betwemechanicapropertiesand sensorial texture in blueberry
(Ballinger et al., 1973; Blaker et al., 2014; Lobos et al., 2014; Rivera et al., 2023; Saftner et al.,
2008; Vilela et al., 2016puthere too,only one or twanechanicaparameters were evaluated
and onlysmallnumbes of genotypesvere examineth most of these studies ranging from 3 to
12, likely limiting the statistical powetn Chapter 2this workwas advanced by characterizing
sensontextureprofiles of a diverse set of cultivars ateterminingthe predictability of sensory
attributesusing a variety ofnechanicaparameters.

Acidity and sweetness aceucialfruit quality traitsas wellthataffect theorganoleptic
experience and consumer acceptasfddueberriegGilbert et al., 2015)Neverthelesdjmited
work has been done tmderstand the chemicathangs in blueberryfruit during storage
(Goncalves et al., 2017; Kalt and McDonald, 1996; PefWeazie et al., 1995)n Chapter3,
we followed thechangesn chemistry profiles during six weeks of cold storage, includinail
soluble solid (TSS)pH, itratable acidity (TA, organic acids (citric, quinic, shikimic, malic),
and soluble sugars (fructose, glucose, sucrose)

In thefinal chapteyfruit quality traits covered in Chapters3lare unraveled at the genetic
level. Traditionalbreeding approachés blueberryrequireup to 20 year$or therelease of a
new cultivarfrom the original cross. Howevehanks to theapid advances in genotyping

technologies and computational tqdl¥NA-basedreedingstrategescan be developed to



accelerate the breeding process and to at@integration of multiple traiténto new cultivars
(Varshney et al., 2021; Zeng et al., 202X derstanohg the heitability and genetic mechanism
controlling a trait is the first step ttievelopingDNA-based breeding capaciyeveralgenetic
studies havalsobeenconductedn blueberry(Edger et al., 2022p facilitate DNAinformed
selection, but the genetic mechaniamserlyingfruit chemical composition (organic acids and
sugars), texture, appearanard sheHife characteristics arstill poorly understoodin Chapter
4, quantitative trait lociQTL) mappingwas performed in aniffnapping population to identify
genomic regions associated with these fruit characterigtittitionally, efforts todetermine
candidategenes controlling organic acdereinitiated throughcomparative transcriptome

analysis.
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ARTICLE INFO ABSTRACT

Keywords: Improving the shelf-life of blueberries (Vaccinium spp.) has become a crucial breeding priority for the industry.
Blueberry However, the breeders have sparse empirical data to select genotypes with extended shelf-life. In this study, a
Shelf-life large set of cultivars was evaluated for mechanical texture and appearance characteristics at harvest and after
5;::;??(15 storage to understand their relationship and test multiple statistical models to assess the predictability of shelf-
Fruit quality life. Blueberries harvested from 61 cultivars with extensive phenotypic variation were stored at 2 °C and 80%

relative humidity (RH) for six weeks. The results indicated that weight loss, texture change, and fruit wrinkling
could be predicted using fruit characteristics measured at harvest (Tp) or two weeks post-harvest (T3). The berry
size at T was able to predict postharvest weight loss with high accuracy; the larger the initial berry size, the less
weight loss. This trend plateaued with berries larger than 18 mm in diameter. For texture, the measurements at
Tp and six weeks after storage (Tg) were positively correlated in all mechanical texture parameters, indicating
that the initial texture is highly related to the final texture after storage. The overall change of texture could be
best predicted using the texture parameter ‘distance to maximum force’ (DFM) measured at Ty. Although the
prediction accuracy was relatively low (R? = 0.34), the model still effectively predicted the cultivars with the
most texture change and those with the least. Interestingly, the prediction power improved to a moderate level
(R? = 0.45-0.66) when using all the texture and appearance parameters measured at To and T». Wrinkling was
best predicted by either the initial fruit size or the texture parameter ‘force linear distance’ (FLD) with low
accuracy (R2 = 0.35-0.37); the larger the berry or FLD at Ty, the less wrinkle after storage. These findings
provide empirical data that blueberry breeders could use to select for shelf-life in blueberry. Predicting the
variation of shelf-life indicators in a germplasm can substantially reduce the cost and time required to phenotype
shelf-life performance.

Mechanical texture

1. Introduction stakeholders (Gallardo et al., 2018). Despite its importance, blueberry

breeders have little empirical data to assign a level of importance to fruit

In the fruit industry, the appearance and texture of fruit are critical
factors that significantly influence consumers’ willingness-to-pay and
overall satisfaction, especially in the case of small fruit (Daniels et al.,
2018). Blueberries (Vaccinium spp.) are susceptible to rapid weight loss,
texture changes (softening), appearance of wrinkle/shrivel, leakage, and
mold during storage, which limits their shelf-life to two to four weeks
(Huynh et al., 2019). Consequently, enhancing the shelf-life of blue-
berries has emerged as a key breeding priority among blueberry

characteristics that can extend shelf-life.

Fruit texture, in particular softening, is one of the components that
change during storage and can have significant consequences on both
consumer experience and marketability (Farneti et al., 2022; Gallardo
etal., 2018; Gilbert et al., 2014). Multiple studies evaluating postharvest
texture change in blueberry used a FirmTech II instrument, and sug-
gested a correlation between the initial firmness of the fruit at harvest
and the rate of fruit softening during storage (Moggia et al., 2017b;
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NeSmith et al., 2005). While the FirmTech II instrument offers rapid and
convenient evaluation of blueberry texture, only a single parameter is
measured (slope between two predefined points on the
force-deformation curve), with the assumption that blueberry texture is
defined by a single texture component (Ihlenfeldt and Martin, 2002;
Luby et al., 2023; Moggia et al., 2022b; Rivera et al., 2022, 2021).

Blueberry texture has been suggested to be a multi-component trait
in several studies (Giongo et al., 2022, 2013; Rivera et al., 2022). This
hypothesis developed from the ability to utilize texture analyzers that
could detect a number of texture parameters on larger sets of germ-
plasm. Farneti et al. (2020) further concluded that multiple texture
subcomponents contribute to overall texture and texture changes during
storage, utilizing 46 blueberry accessions using seven texture parame-
ters collected with a Zwick Roell (Ulm, Germany) texture analyzer. This
new information opens opportunities to better understand fruit texture
at harvest and its relationship with texture changes after storage.

Postharvest weight/water loss is another crucial attribute affecting
shelf-life, as it leads to economic loss and poor appearance (Gallardo
et al,, 2018; Gilbert et al., 2014). Various fruit characteristics at harvest
have been associated with water loss during storage. Moggia et al.
(2017a) found a positive correlation between fruit stem scar area and
the absolute rate of water loss among nine highbush genotypes, while no
significant effect of stem scar size on the rate of weight loss was observed
when expressed on a per gram fruit basis. Yan and Castellarin (2022)
reported that the size of the stem scar was directly associated with water
loss in four highbush cultivars, but only within a specific cultivar and not
across different cultivars. Cuticular wax composition was also reported
to be related to weight loss, with ursolic acid content at harvest having a
strong positive correlation to weight loss (Moggia et al., 2016), while the
amount and proportion of oleanolic acid were negatively related to
water loss (Yan and Castellarin, 2022). Moggia et al. (2022a) suggested
that increased weight loss may be attributed to a greater surface/volume
ratio and higher levels of ursolic acid and lupeol.

Despite these advances in understanding shelf-life in blueberry, most
of the studies above used a relatively small number of genotypes/cul-
tivars, ranging from two to nine. This small number may result in weak
statistical power and may not adequately represent the wide phenotypic
variation of blueberry genotypes. Additionally, no study attempted to
identify predictors and develop prediction models for extended shelf-
life. Empirical data on fruit characteristics to determine potential pre-
dictors of shelf life, and the effectiveness of these predictors, would
greatly accelerate the screening of blueberry germplasm for extended
storage life.

In this study, we hypothesized that prediction models for shelf-life
indicators could be built using fruit texture parameters and appear-
ance traits (e.g., fruit size, stem scar diameter, wrinkle, or mold)
assessed at harvest across a wide variety of genotypes/cultivars. For this
work, we considered shelf-life indicators to be weight loss, appearance
of wrinkle, mold development, and changes in mechanical texture.
Based on this hypothesis, the objectives of this study were to (1)
investigate the variation of fruit characteristics, including texture com-
ponents and appearance attributes, in a large set of blueberry genotypes,
(2) identify fruit characteristics that could potentially determine shelf-
life fruit quality, and (3) build predictive models for shelf-life in-
dicators. The results of this study provide valuable information on
evaluating fruit characteristics related to shelf-life to ultimately improve
the postharvest storability of blueberries.

2. Materials and methods
2.1. Plant materials, sampling, and storage

Sixty-one blueberry cultivars, comprising 12 Northern highbush
(NHB), 41 Southern highbush (SHB), six rabbiteye (RE), and two

pentaploid cultivars, were harvested from the North Carolina Depart-
ment of Agriculture and Consumer Services (NCDA&CS) Castle Hayne
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Horticultural Crops Research Station (34.3649°, -77.8386°), Castle
Hayne, NC, from May to June 2021 at peak ripeness (Supplementary
material — Table S1). For simplicity, the two pentaploids, ‘Heintooga’
and ‘Robeson’, were classified as SHB in the analyses in this study.

Blueberry plants were inspected weekly and harvested when the
bushes had 50% ripe berries to ensure that the harvested berries were at
similar physiological maturity (Supplementary material — Table S1).
Fruit were harvested into plastic clamshells, placed into coolers con-
taining refreezable ice packs, transported by car (4 h) to the Plants for
Human Health Institute (PHHI, Kannapolis, NC, USA). Paper towels
were placed between the clamshells and the ice packs to protect the
berries from moisture condensed on the ice packs. During trans-
portation, fruit were at 7-10 °C and upon arrival at PHHI were stored
overnight at 2 °C and 80% RH. Blueberries were sorted and 10 fully
ripened firm berries with no sign of decay or wrinkling were placed into
plastic 188 mL portion cups (Uline, Pleasant Prairie, WI, USA) and
covered with lids having five equidistant holes of 3 mm diameter. Three
replications per storage time point and per texture method were ali-
quoted in a completely randomized design for each cultivar. The con-
tainers were placed on shallow cardboard box trays, covered with large
plastic bags, and held in a cooler set at 2 °C and 80% RH for 24 h, two,
four, or six weeks (hereafter indicated as Ty, T5, T4, and T, respectively)
for shelf-life evaluations.

To validate the 2021 data, 32 blueberry cultivars, comprising seven
NHB, 22 SHB, one RE cultivar, and two pentaploid cultivars, were
harvested in the 2022 season from May to June at peak ripeness from the
same location as the year 2021 (Supplementary material — Table S1). In
2022, seven berries were placed in portion cups, and only the 2 mm flat
probe was used to evaluate texture at Ty and Tg storage time points.

2.2. Texture evaluation

Fruit samples were held at room temperature (~20 °C) for 1 h prior
to texture analysis. Texture was profiled using a TA.XTPlus Texture
Analyzer (Stable Micro Systems, Hamilton, MA, USA) equipped with a 2
mm flat cylinder probe or a 1.4 mm needle probe at each time point and
the Exponent v.6 software (Stable Micro Systems). The texture analyzer
was integrated with a high precision scale (MS1602TS/00, Mettler
Toledo, Columbus, OH, USA) to measure individual berry weight, a
digital caliper (Mitutoyo Compact 4-Way 500-170-30, Mitutoyo, Ka-
wasaki, Japan) to measure berry stem scar diameter, and was pro-
grammed to input visual phenotypic data such as presence of mold,
wrinkling, and stem scar tear.

2.2.1. Texture profiling using a 2 mm flat probe

A force-deformation profile using a 2 mm flat probe was generated
with a pre-test speed of 1 mm 53, auto-trigger force of 0.05 N, test speed
of 2 mm s, stopping position of 90% strain, and post-test speed of 10
mm s ', Fruit samples were penetrated on the equatorial axis and data
was collected at a rate of 200 points per second. Seventeen parameters
were derived from the flat probe texture profile (Table 1). Texture
profiling with the flat probe was performed at all time points, Tg, T2, T4,
and Te.

2.2.2. Texture profiling using a 1.4 mm needle probe

The diameter of the needle was 1.4 mm and tapered from 4 mm to a
sharp tip. Each berry sample was penetrated on the equatorial axis toa 3
mm depth. Texture analysis was performed with a pre-test speed of 200
mm s ', auto-trigger force of 0.01 N, test speed of 300 mm s ', and post-
test speed of 1000 mm s7!. Data was collected at a rate of 500 points per
second. Four parameters were selected and stored from the needle probe
texture profile (Table 1). Texture profiling with the needle probe was
performed only at T.

2.2.3. FirmTech II firmness data
FirmTech II (BioWorks, Inc., Wamego, KS, USA) firmness data (Dr.
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Table 1

List of mechanical texture parameters measured with two penetration methods
(2 mm flat probe and 1.4 mm needle probe) that were used for evaluating the
texture profile of blueberry fruits.

Method Texture Abbreviation ~ Description Unit
parameter
Penetration Force at 1 mm F1mm Forceat1 mmdepth N
with 2 mm Maximum FM Force at point of N
flat probe force skin puncture
Distance to DFM Distance between mm
maximum point of contact and
force skin puncture
Slope SFM Slope between force N
maximum at 1 mm and mm’”
force maximum force
Area AFM Area underlying the N
maximum curve between mm
force point of contact and
maximum force
Linear distance ~ LDFM Length of curve
to maximum between point of
force contact and
maximum force
Mean internal MIF Mean force between N
force first peak after
minimum force
and 80% strain
Area internal AIF Area underlying the N
force curve between first mm
peak after minimum
force and 80%
strain
Number of NIP Number of peaks
internal peaks between first peak
after minimum
force and 80%
strain (threshold: 1
8)
Force linear FLD Length of curve -
distance between point of
contact and 80%
strain
Area force AFLD Area between point N
linear distance of contact and 80% mm
strain
Burst strain BrSt Strain at maximum %
force
Young’s YM10 Slope between force ~ MPa/
modulus 10% at minimum time %
and force at 10%
strain™*
Young’s YM20_BrSt Slope between force ~ MPa/
modulus 20% at minimum time %
burst strain and force at 20% of
BrSt
Young’s YMS80_BrSt Slope between force ~ MPa/
modulus 80% at minimum time %
burst strain and force at 80% of
BrSt
Young's YM100_BrSt Slope between force ~ MPa/
modulus 100% at minimum time %
burst strain and force at 100%
of BrSt
Young's YM1to2 Slope between force ~ MPa/
modulus 1-2% at 1% and 2% strain =~ %
Penetration Epidermis Fep Force at epidermis N
with 1.4 mm force level (between 2
needle and 3.7 pym)
probe Hypodermis Fn Force at N
force hypodermis level
(0.240 mm)
Parenchyma F, Force at N
force parenchyma level
(0.341 mm)
Internal force Fin Force at inner pulp N

level (1.53 mm)

Postharvest Biology and Technology 208 (2024) 112643

" Minimum force (N), first minimum force recorded after skin puncture.
Minimum force is not used as a parameter for analyses in this study, but it is used
to calculate other parameters such as MIF, AIF, and NIP.

" For YM10, if maximum force occurred before 10% strain (i.e., if the skin
break occurred before 10% strain), that data point was discarded.

Mike Mainland, personal communication) collected over nine years
(2008, 2011, 2013, 2014, 2015, 2016, 2017, 2018, and 2019) - from the
same cultivars/clones that were used in this study — was used to compare
cultivar groupings to our TA.XTPlus texture data. For FirmTech II
firmness measurements, the minimum and maximum compression
forces were set at 50 and 350 g, respectively, the compression rate was
adjusted to 15 mm s, and the load cell was calibrated with a 250 g
weight. Three groups of cultivars with high, medium, and low average
FirmTech II firmness over years of evaluation were selected. Cultivars
with average FirmTech II firmness of > 240 g mm’! (high) included
‘Indigocrisp’, ‘Suziblue’, and ‘Titan’, the medium group (195-205 g mm’
1) consisted of ‘New Hanover’, ‘Pinnacle’, ‘Santa Fe’, ‘Top Shelf’, and
‘Vernon’, and the low group (< 170 g mm™) consisted of ‘Croatan’,
‘Jewel’, and ‘Robeson’. The relative ranking of FirmTech II firmness
values among these three groups of cultivars was consistent over the
years (Supplementary material — Fig. S1).

2.3. Shelf-life indicators

Texture, weight, rate of wrinkle, and mold development were eval-
uated at each time point to assess shelf-life attributes. The descriptions
of the parameters and the rating scales that were used for each param-
eter are listed in Tables 1-2. The storage index (SI) was calculated ac-
cording to the method of Costa et al. (2012) to evaluate changes in each
shelf-life indicator during storage. The SI was computed as the base-2
logarithm of the ratio between the observed values at Tp and Te, using
the formula SI = logy (Xte / X10), where Xty and Xrg are the corre-
sponding values of the shelf-life indicator at Tp and T, respectively.
Since the texture profiling with flat probe was performed at multiple
time points, SI was calculated only for the flat probe data. The SI of
weight represents weight loss, which was also considered a proxy for
water loss in this study.

2.4. Predictive model development

For developing the prediction models, we utilized various sets of
parameters as predictors (or independent variables). Although obtaining
the best prediction models using the parameters measured at only To
would be ideal, we also tested if the addition of another time point close
to Tp could increase the prediction power. Therefore, the predictor sets
used for model selection were: (1) texture and appearance parameters
evaluated at Ty (hereafter referred to as Ty tx/app predictors); (2) texture
and appearance parameters evaluated at Ty and T (referred to as TopT2

Table 2
List of parameters and scales used for evaluating shelf-life of fruit characteristics
affecting appearance in blueberry.

Parameter Abbreviation Scale  Description
Fruit weight Wg - Fruit weight (g) (instrumental)
Rate of wrinkle Wrk 0 No wrinkle
1 Start to wrinkle
2 Moderate wrinkle
3 Severe wrinkle/shrivel
Stem scar Ssd Diameter of stem scar (mm)
diameter (instrumental)
Stem scar Sst 0 No tearing
tearing
1 Tearing
Mold Mold 0 No mold
development
1 Mold
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tx/app I predictors); and (3) the best predictor for predicting a given
shelf-life indicator, selected in set 1, measured at Ty and T (referred to
as ToT2 tx/app II predictors).

For building the prediction models, variable selection, dimension
reduction, and shrinkage methods were used. The variable selection
approach was used to select the predictive independent variables using
stepwise regression and k-fold cross-validation (CV). The selection of
variables when using stepwise regression was based on the minimization
of Akaike’s information criteria (AIC) (Akaike, 1974) and Schwarz's
Bayesian information criteria (BIC) (Schwarz, 1978). After model se-
lection, the variance inflation factors (VIF) were computed to assess the
collinearity among predictors in the models that had more than one
predictor. Typically, as a rule of thumb, VIF values larger than 5 or 10
indicate problematic collinearities (James et al., 2021). Here, predictors
with a VIF exceeding 5 were removed iteratively until all VIFs were
smaller than 5.

The prediction accuracy of the selected models was examined by
calculating the coefficient of determination (R2), adjusted R? (Adj. Rz),
root mean square error (RMSE), and mean absolute error (MAE). We
also calculated normalized RMSE (NRMSE) when comparing prediction
accuracies between datasets with different scales to account for the scale
differences, as the magnitude of RMSE is dependent on the scale of the
dataset (Shcherbakov et al., 2013). The RMSE was normalized by the
difference between the maximum and minimum values of the dependent
variable: NRMSE = RMSE / (Ymax — Ymin)- This facilitates the comparison
of datasets with different scales of the dependent variable. Higher R? and
Adj. R? and lower RMSE, NRMSE, and MAE indicate a better model.

CV was also used for variable selection. k-fold CV randomly divides
the samples into k folds or groups of approximately the same size. The
model is fitted with k-1 folds while the remaining fold is used as a
validation set. This is repeated k times, holding a different fold of
samples as the validation set each time. The mean square error (MSE) is
calculated each time and the k-fold CV estimate is determined based on
the average of the k MSEs (James et al., 2021). In this study, we used
10-fold CV.

Partial least square regression (PLSR), a dimension reduction
method, was also used to develop prediction models. PLSR is a multi-
variate statistical method to reduce the dimensionality while resolving
collinearity among the raw predictors (Maitra and Yan, 2008). While
variable selection using AIC, BIC, or CV is focused on leaving only a few
predictive variables, PLSR aims to reduce the dimensionality of the raw
variables into components that retain as much information (or variance)
of the raw variables as possible. The number of components to use for
prediction was determined by identifying the number of components
that had the lowest RMSE value.

Finally, two shrinkage methods, least absolute shrinkage and selec-
tion operator regression (LASSO) and ridge regression (RR), were used
to develop predictive models as well. These methods constrain or shrink
the coefficient estimates towards zero to address the collinearity among
variables, which reduces their variance and improves the fit of the model
(Friedman et al., 2010). While both LASSO and RR shrink all the co-
efficients, RR does not shrink any of them to exactly zero, whereas
LASSO may shrink some coefficients to zero resulting in a subset of in-
dependent variables.

Once prediction models were selected using 2021 data from 61
cultivars, we tested these models using 2022 data collected from 32
cultivars to evaluate their applicability across years. Specifically, we
evaluated the models developed with the Ty tx/app predictors.

2.5. Statistical analysis

Statistical differences were determined using SAS 9.4 (SAS Institute,
Cary, NC, USA). R.4.2.1 software was used for all other statistical ana-
lyses. Correlation analysis was conducted using the ‘stats’ package (R
Core Team, 2022) and was visualized using the ‘ggcorrplot’ package
(version 0.1.4) (Kassambara, 2022). Hierarchical clustering analysis was
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performed using the ‘heatmaply’ package (version 1.4.0) (Galili et al_,
2017). Principal component analysis (PCA), partial least
squares-discriminant analysis (PLS-DA), and random forest (RF) analysis
were performed using the ‘factoextra’ (version 1.0.7) (Kassambara and
Mundt, 2020), ‘mixOmics’ (version 6.22.0) (Rohart et al., 2017), and
‘randomForest’ (version 4.7-1.1) (Liaw and Wiener, 2002) packages,
respectively. For prediction, stepwise regression, CV, and PLSR were
performed using the ‘stats’ (R Core Team, 2022), ‘caret’ (version 6.0-94)
(Kuhn, 2022), and ‘pls’ (version 2.8-2) (Liland et al., 2022) packages,
respectively. LASSO and RR were performed using the ‘glmnet’ package
(version 4.1-7) (Friedman et al., 2010). Other graphic presentations
were generated using the ‘ggplot2’ package (version 3.4.2) (Wickham,
2016).

3. Results and discussion
3.1. Texture and appearance parameters at harvest

Extensive variation for texture and appearance parameters evaluated
at Tg was observed (Fig. 1, Supplementary material — Table S2), with
large differences among cultivars for all parameters. For example, fruit
weight (Wg) ranged from 0.84 to 3.62 g, fruit diameter (Dia) ranged
from 11.37 to 20.98 mm, and stem scar diameter (Ssd) ranged from 1.55
to 3.28 mm (Fig. 1). No clear distinction between NHB, SHB, and RE
blueberry types was observed for Wg and Dia. However, highbush and
RE cultivars had notable differences for a few parameters, such as Ssd,
area maximum force (AFM), and distance to maximum force (DFM), etc.
When all the texture parameters were considered, the overall texture
had no evident distinction among NHB, SHB, and RE types (Supple-
mentary materials — Figs. S2, S3). Moreover, the correlation between Ssd
and the texture parameters was very low ®? < 0.15), suggesting that
stem scar size has little influence on the fruit texture.

The variation of the overall texture among cultivars was further
explored by performing PCA using the 21 texture parameters (Supple-
mentary material — Fig. $4). The 61 cultivars were spread over all four
quadrants, indicating a high level of variation irrespective of the blue-
berry type (SHB, NHB, and RE). To determine parameters that contrib-
uted the most to the overall texture variation, those with redundant
vector directions were eliminated. Parameter redundancy was also
evaluated through correlation analysis (Supplementary material —
Fig. S5) and hierarchical clustering analysis (Supplementary material —
Fig. S3). This step filtered out 11 parameters and the first two principal
components (PC1 and PC2) captured 89.8% of the total variation
(Fig. 2), compared to 83.2% prior to filtering (Supplementary material —
Fig. S4). The 10 parameters, AFLD, AFM, BrSt, DFM, LDFM, FLD, FM,
Flmm, SFM, and YM100_BrSt (refer to Table 1 for abbreviations),
retained after filtering, explained most of the overall texture diversity
among the cultivars (89.8%).

Next, we evaluated how well the texture data obtained using the TA.
XTPlus Texture Analyzer explained cultivar variation for firmness
detected using historical FirmTech II data (see Materials and Methods).
The results indicated that the three groups of cultivars with high, me-
dium, and low average FirmTech II firmness values (Supplementary
material — Fig. S1) were separated clearly along the negative diagonal
direction of the PCA plot in Fig. 2a. Texture parameters such as area
force linear distance (AFLD), force at 1 mm (F1mm), slope maximum
force (SFM), Young's modulus 100% burst strain (YM100_BrSt), and
force linear distance (FLD) contributed the most to this separation. This
indicates that these texture parameters explain most of the textural
variation detected by FirmTech II at Ty.

Firmness measured by FirmTech II, often referred to as chord stiff-
ness in previous reports, is calculated as the slope between two specific
points on the force-deformation curve that are predefined by the oper-
ator (Rivera et al., 2022). Similarly, SFM and YM100_BrSt evaluate the
slope before maximum force, which aligned well with the direction of
separation for the three cultivar groups along the negative diagonal

12



H. Oh et al.

Postharvest Biology and Technology 208 (2024) 112643

. . ] . 30- o 35- .
5 ° 20- S 1.50 d )
18- 1.25- . 3.0- 3
L 16- 22 1.00- @ 207 25-
14- o 20- J 15-
" ! 4 a 075 $ ol .
; ; 15- e 0.50- ; 1.0- , >
Wg (9) Dia (mm) Ssd (mm) Fimm (N) FM (N) DFM (mm)
0.9- % 40- | . 10.0-
08- . 4- N kel 5 0.5 = 75- -
0.74 - il 75-
3- 0.6 50-
06- 30- & ; e 50-
-k 21 25- o 25- Type
04 25-
) Y : ) 0.2- ; . o E NHB
2 SFM (N/mm) AFM (N mm) LDFM MIF (N) AIF (N mm) NIP
> » . % 8- E B3 Re
- . - - L
175 12 24 = 64 6- 6- B3 stB
{ 10- 20-
15.0 .
. 8- g 16- 4- 4- 4-
125+ 6- 12- ¥
10.0- ! 4- ) 8- ; 2- : 2- ! 25 :
FLD AFLD (N mm) BrSt (%) YM10 (MPa/%) YM20_BrSt (MPa/%) YM80_BrSt (MPa/%)
7- " 0.11- o
30-
6- 7- 0.019- 0.10- 0.12- 030 -
53 0.09- . Siin 0.25-
i & 0.017- 0.08- 4= : % 0.20-
3- 0.015- 0.07- 9,08 0.15- e
3- 0.06- 0.06-
9 0.013- B : . . 2 0.10-
) ; : ; v !
YM100_BrSt (MPa/%)  YM1to2 (MPa/%) Fep (N) Fh (N) Fp (N) Fin (N)
Parameter

Fig. 1. Box plots of appearance and texture parameters measured in 61 blueberry cultivars after 24 h of storage (T,) at 2 °C and 80% RH. AFLD, area force linear
distance; AFM, area maximum force; AIF, area internal force; BrSt, burst strain; DFM, distance to maximum force; Dia, fruit diameter; Fep, epidermis force; Fh,
hypodermis force; Fin, internal force; FLD, force linear distance; FM, maximum force; Fp, parenchyma force; Flmm, force at 1 mm; LDFM, linear distance to
maximum force; MIF, mean internal force; NHB, Northern highbush; NIP, number of internal peaks; RE, Rabbiteye; SFM, slope maximum force; SHB, Southern
highbush; Ssd, stem scar diameter; Wg, fruit weight; YM1to2, Young’s modulus 1-2%; YM10, Young’s modulus 10%; YM100_BrSt, Young's modulus 100% burst
strain; YM20_BrSt, Young’s modulus 20% burst strain; YM80_BrSt, Young’s modulus 80% burst strain.

(Fig. 2a,c). These observations, along with our results, suggest that SFM
and YM100_BrSt parameters generated with the TA.XTPlus Texture
Analyzer could represent firmness measured by FirmTech II.

Interestingly, SHB cultivars had higher average SFM and
YM100_BrSt values than RE or NHB (Fig. 1), which is consistent with the
higher FirmTech II firmness reported for SHB blueberries (Cappai et al.,
2018). Additionally, the crisp cultivars, particularly ‘Indigocrisp’ and
‘Keecrisp’, were positioned on the outer side of the first quadrant of the
PCA plot (Fig. 2a), supporting previous findings of distinctive FirmTech
11 firmness between crisp and non-crisp genotypes (Blaker et al., 2014;
Cappai et al., 2018). However, future work should evaluate the direct
correlation between FirmTech II firmness and TA.XTPlus Texture
Analyzer parameters evaluated here.

3.2. Change of texture and appearance parameters during storage

3.2.1. Variation of fruit characteristic changes among cultivars

Change of texture during postharvest storage had extensive variation
among the 61 cultivars (Supplementary materials — Fig. $6, Table S2).
More pronounced changes in texture started either at T or T, depending
on the parameter, suggesting that rapid texture change during storage
can begin at an early stage (Supplementary material — Fig. S6). Inter-
estingly, the T values were positively correlated with the T values with
high significance (p < 0.001) in all texture parameters (Supplementary
material — Fig. $7). The correlation coefficients (R%) ranged from 0.42 to
0.80. This indicates that the initial texture of the fruit is highly related to
the final texture after storage, and thus, measurements of each texture
parameter may provide key information to predict shelf-life texture.

‘Mini Blues’ and ‘Southmoon’ cultivars had the highest weight loss
and ‘Draper’, ‘Farthing’, and ‘Valor’ had the least weight loss after six
weeks of storage (Supplementary material — Fig. S6u). The time point
where visible wrinkling was apparent depended on the cultivar (Sup-
plementary material — Fig. S6t). ‘Mini Blues’, ‘Bladen’, ‘Reveille’, and

‘Southmoon’ started to develop wrinkle early in storage (two weeks),
with a Ty average wrinkle rating > 1.0 (out of 3.0). In contrast, wrinkle
was not apparent in ‘Titan’ and ‘Vernon’ until four weeks (T4) and
remained < 1.0 at Te. Interestingly, cultivars with average wrinkle rat-
ing > 2.0 at T showed a strong correlation between the rate of wrinkle
and weight loss R2= 0.839; p < 0.001; n = 18; data not shown). These
results indicate that loss of water from the berries might be the major
cause of wrinkling during storage, as reported in previous studies (Bai
et al.,, 2019; Paull, 1999). The rate of mold development also varied
among cultivars (Supplementary material - Fig. S6s). Almost 50% of the
berries of ‘Arlen’, ‘Duke’, and ‘Robeson’ had mold by Tg, while cultivars
such as ‘Biloxi’, ‘Draper’, ‘O’Neal’, and ‘Sweetheart’ had no visible mold
even at Te. It is important to note that other external factors such as
preharvest infection and the concentration of plant pathogens were not
taken into account here, which may considerably affect mold
development.

3.2.2. Identification of key parameters contributing to postharvest change

The changes in texture and weight over the 6-week storage were
visually apparent on a PCA plot (Supplementary material - Fig. S8). As
the distinction between Ty and T was less obvious when the variables
were not filtered for PCA, filtering was done by eliminating those with
redundant vector directions and relatively low contributions to the
variation. Filtering increased the variation captured by PCA from 86.5%
to 92.0% (Fig. 3, Supplementary material — Fig. S8). The remaining
parameters were AFLD, AFM, AIF, DFM, Flmm, LDFM, SFM, and
YM1to2. A clear shift from T to Tg was observed in Fig. 3, where DFM
and YM1to2 most closely aligned with the negative diagonal, which is
the direction of the overall shift from Ty to Te.

These findings were validated using supervised classification
methods, such as partial least-squares discriminant analysis (PLS-DA)
and random forest (RF). PLS-DA (Supplementary material - Fig. $9) and
RF (Supplementary material — Fig. 510) also identified DFM and YM1to2

13



H. Oh et al.

Postharvest Biology and Technology 208 (2024) 112643

a i . " 3
i FirmTech Il firmness (g mm 1)
5:0~ 1
! o >240
1
: 4 195-205
i = <170
1
1 Other
1
1
1
|
1
2.5- Croatan i
® 1
o 1
R vel |
) Jev ? :
@« 1
e '
o~ . |
-— 1
S Robeson NewHanover
= ”
é‘ ! . aPinnacle
e e s e i s S e
O |
g I
1
S SantaFe !
am— A 1
= I
o ] o
: Suzieblue
|
1
A 1
25- Vernon !
L]
TopShelf H Indigocrisp
1
1
1
1
1
1
i Titan
L]
1
1
} 1 i !
25 0.0 25 5.0
Principal component 1 (51.8%)
b c
5.0- . i 1.0-
'
—_ ! —_
X i s R
O. L] 1 L] O
2 25- ol © 05-
< °°* 1o, <
e Poen o
3 P . o' . S
5 . ’ § 00
(1) N e e e Sl s
g— e e i e e e i G g—
o o' % - S o
2 L Fad : [ 4 % ﬁ
© o ©
(=% . e g (=%
‘S « ° o ! ‘D -0.5-
[ =4 L4 1 [=
6—: 2.5~ = 1 Y E
&
: .
1
1
I . -1.0-
] | i . ' '
25 0.0 25 5.0 -1.0 05

Principal component 1 (51.8%)

Principal compdnent 1 (51V.8%)

Fig. 2. Principal component analysis (PCA) of 61 blueberry cultivars using 10 texture parameters measured after 24 h of storage (T) at 2 °C and 80% RH. (a) PCA
plot of individuals. FirmTech II firmness data that was collected from the same cultivars/clones in Castle Hayne, NC over nine years between 2008 and 2019 (Dr.
Mike Mainland, unpublished data, 2020) was used to highlight three cultivar groups that had an average FirmTech II firmness of > 240, 195-205, or < 170 g mm™,
respectively. (b) PCA plot of individuals without color labeling. (c) PCA plot of variables. AFLD, area force linear distance; AFM, area maximum force; BrSt, burst
strain; DFM, distance to maximum force; FLD, force linear distance; FM, maximum force; F1lmm, force at 1 mm; LDFM, linear distance to maximum force; SFM, slope

maximum force; YM100_BrSt, Young’s modulus 100% burst strain.
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Fig. 3. Principal component analysis (PCA) of 61 blueberry cultivars using eight texture parameters measured after 24 h (Ty; red) and six weeks (Te; blue) of storage
at 2 °C and 80% RH. AFLD, area force linear distance; AFM, area maximum force; AlF, area internal force; DFM, distance to maximum force; F1lmm, force at 1 mm;
LDFM, linear distance to maximum force; SFM, slope maximum force; YM1to2, Young’s modulus 1-2%.

as the parameters that contribute the most to separating To and Tg, while
BrSt, Flmm, LDFM, and YM20_BrSt were additionally determined to be
important parameters.

Interestingly, all three methods (PCA, PLS-DA, and RF) indicated
that weight loss did not contribute much to the overall texture change
from T to Ts. These results were confirmed by the data collected in 2022
using the same discrimination methods (Supplementary material —
Fig. S§11). This somewhat contradicts previous findings that suggested
moisture loss to be the major cause of firmness change during storage
(Paniagua et al., 2013). Although Paniagua et al. (2013) demonstrated
the contribution of water loss on change of firmness using novel
methods, only one cultivar and one texture parameter were used in the
study. This may have limited the statistical power to represent the

overall variation for texture parameters and relationship between
postharvest water loss and texture change in blueberry. Our results,
obtained from a large set of cultivars (61 in 2021 and 32 in 2022) and
texture parameters (17 parameters), indicate that texture change and
weight loss during storage are mostly independent of each other.

We also followed individual cultivar texture response to storage by
using the distance that each cultivar shifted from Ty to Te on the PCA
plot in Fig. 3. The 10 cultivars that shifted the most from Ty to Tg on the
PCA plot (‘Draper’, ‘Misty’, ‘Vireo’, ‘Keecrisp’, ‘Meadowlark’, ‘South-
moon’, ‘Prince’, ‘Pinnacle’, ‘Sweetheart’, and ‘Millenia’) and the 10
cultivars that shifted the least (‘Blue Ridge’, ‘Lilly’, ‘Biloxi’, ‘Carteret’,
‘Blue Ribbon’, ‘Legacy’, ‘Titan’, ‘Pender’, ‘Windsor’, and ‘Robeson’) are
presented in Fig. 4. The storage index (SI) for the parameters that
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to maximum force; PC, principal component; PCA, principal component analysis; YM1to2, Young's modulus 1-2%.

contributed the most to separating T and Tg, i.e., DFM, YM1to2, BrSt,
Flmm, and LDFM, contrasted between the 10 cultivars that shifted the
most and the 10 cultivars that shifted the least on the PCA plot in Fig. 3,
as shown in Fig. 4. This further validates the importance of these key
parameters in explaining texture changes during storage and their po-
tential as key selection criteria for breeders aiming to enhance shelf-life
texture.

The textural parameters mostly differed between those that were
related to the variation at Tj and those that explained the textural dif-
ference between Ty and Tg (the overall change in texture during stor-
age). AFLD, Flmm, SFM, YM100_BrSt, and FLD accounted for the
textural variation among the cultivars at To (Fig. 2), while DFM,
YM1to2, BrSt, Fimm, LDFM, and YM20_BrSt contributed to the overall
shift from Tg to Te (Fig. 3, Supplementary materials — Figs. S9, S10).
These findings suggest that textural parameters can be grouped into
separate categories, with some primarily related to variability among
genotypes and others explaining changes during storage. This does not
eliminate the possibility that some parameters, like Flmm, contribute to
both conditions.

Farneti et al. (2020) evaluated texture changes in blueberries using a
similar method using different cultivars in a different environment.
Farneti et al. (2020) identified ‘max force’ (N, maximum force value
recorded over the probe’s travel), ‘min force’ (N, minimum force value
recorded after max force), ‘area’ (N%, area underlying the mechanical
profile), and ‘final force’ (N, force measured at the end of the probe’s
travel) as the parameters that explain most of the differences among
genotypes. Among these parameters, ‘max force’ and ‘area’ correspond
to FM and AFLD in our study, respectively. AFLD was among the pa-
rameters that explained the textural variation at Ty (Fig. 2).

The variability of blueberry textural differences related to cold
storage (six weeks of storage at 2 °C and 85% RH) in Farneti et al. (2020)
was determined to be from the parameters ‘maximum force strain” (%,
strain value coincident with the occurrence of the maximum force),
‘minimum force strain’ (%, strain value coincident with the occurrence
of the minimum force), and ‘gradient’ (MPa, Young’s modulus or elas-
ticity modulus computed as ratio between stress and strain). In the
current study, ‘maximum force strain’ and ‘gradient’ were assessed as

DFM and YM1to2, respectively, and were the key parameters contrib-
uting to the overall texture change during storage (Fig. 3). The parallel
results in these studies with different germplasm and production envi-
ronments indicate that common texture parameters contribute to overall
texture changes in blueberry after storage.

The differing roles of each texture parameter could be useful for
breeding programs when determining key parameters for assessing the
phenotypic variance in the germplasm at harvest or for prolonged shelf-
life. For instance, the texture of the fruit affects the resistance to bruising
during mechanical harvest or processing and consumer preference
(Gallardo et al., 2018; Olmstead and Finn, 2014). The parameters AFLD,
F1lmm, SFM, YM100_BrSt, and FLD, identified as useful in genotype
differentiation, could be targeted in future studies to understand their
association with resistance to bruising or consumer preferences. In
contrast, DFM, YM1to2, BrSt, Fimm, and LDFM could be parameters
that aid the identification of genotypes that maintain their texture
during storage.

3.3. Prediction

Next, we determined the best models to predict the change of shelf-
life indicators using the fruit characteristics evaluated across 61 culti-
vars at Tg (or T2) in 2021 and tested some of the models using the data
collected in 32 cultivars in 2022.

Based on PCA (Fig. 3), PLS-DA (Supplementary material — Fig. S9),
and RF analysis (Supplementary material — Fig. S10), we attempted to
predict the storage index (SI; SI = logs (Xt / X10), where Xtg and Xt are
the corresponding values of the shelf-life indicator at Tp and Te,
respectively) of DFM, LDFM, F1mm, BrSt, and YM1to2 (abbreviated as
DFMg;, LDFMg;, Flmmyg, BrStg;, and YM1to2g, respectively). These pa-
rameters contributed the most to the overall texture change during six
weeks of storage across the two years. To consider other shelf-life pa-
rameters that are not necessarily associated with texture, prediction
models were also developed for SI of fruit weight (Wgg;) and the rate of
wrinkle at Tg (Wrkys). Although variation of mold development was
observed among cultivars, we did not attempt to predict mold, as
external environmental factors such as preharvest infection may be a
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major cause, diminishing the effectiveness of prediction. The sets of
parameters used as predictors (Tp tx/app, ToT2 tx/app I, and ToT5 tx/app
II predictor sets) and model selection methods that were used (variable
selection (AIC, BIC, and CV), PLSR, LASSO, and RR) are described in
detail in the Materials and Methods section. PLSR, LASSO, and RR were
not used for the TyT2 tx/app II predictor set as it only involves two
variables.

3.3.1. Prediction of postharvest change of texture parameters DEM, LDFM,
F1mm, BrSt, and YM1to2

To select prediction models for DFMg;, we first used the Ty tx/app
predictor set, consisting of all 17 flat probe parameters and fruit weight
measured at To (Table 1). When we used the variable selection methods
to identify significant predictors within this set, all AIC, BIC, and CV
identified DFMry as the sole best predictor for DFMg; with Rz, Adj. R2,
and NRMSE of 0.337, 0.326, and 0.160, respectively (Table 3, Fig. 5a,b,
d). The model was

DFMg = —0.243 x DFM7""" + 1.030"" (€D)]

where DFMg; is storage index (SI) of distance to maximum force and
DFMyyg is distance to maximum force at Ty (*“, p <0.001) (Fig. 6a).
Fig. 6a indicates that the higher the DFM value was at T, the less change
of DFM occurred during storage. Despite the relatively low R? value, the
model effectively predicted the cultivars with the most change of DFM
(represented by red dots in Fig. 6a) as well as those with the least change
of DFM (represented by blue dots in Fig. 6a).

To validate how consistent this model is from year to year, we tested
Eq. (1) on the 32 cultivars evaluated in 2022. The resulting Adj. R? of
0.299 (Fig. 5b) was similar to that from 2021 (0.326), indicating that
this model captured a similar proportion of the variance of DFMg; among
cultivars in the consecutive year. However, the NRMSE increased 1.7-
fold when the model was tested on the 2022 data (Fig. 5d), indicating
a higher prediction error. This may be due to the fact that the absolute
values of blueberry texture vary from one year to another (Ballinger
et al., 1973; Lobos et al., 2018). These results suggest that this model
would be more accurate to predict the relative ranking of the cultivar
performances for DFMg; rather than its absolute values.

We also used PLSR to build predictive models for DFMg; using the Ty
tx/app predictor set. The resulting model had a similar Adj. R and
NRMSE (0.263 and 0.166, respectively) compared to the model selected

Table 3
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using the variable selection methods, Eq. (1), (0.326 and 0.160,
respectively) (Fig. 5b,d). Although the PLSR method preserved more
variation of the Ty tx/app predictors, it did not improve the accuracy of
predicting DFMg;.

Interestingly, the prediction accuracy was substantially improved
when we used the TyT2 tx/app I predictor set. This set includes the same
parameters as the Ty tx/app set but also includes measurements of those
parameters at T. The Adj. R? increased from 0.326 (T, tx/app) to 0.439
(TpT2 tx/app I) while the NRMSE remained similar (0.160 and 0.143 for
To tx/app and ToT2 tx/app I, respectively) for variable selection method
results (Fig. 5b,d). DFMyo and DFMry were the statistically significant
predictors in all AIC, BIC, and CV results, while AlFy was also included
as a statistically insignificant predictor in the AIC results. The equation
resulting from AIC was

DFMg = —0.463 x DFMp™** +0.274 x DFM7,™* +0.019
x AIF™ +0.722™ @

where DFMg; is storage index (SI) of distance to maximum force, DFMrg
is distance to maximum force at Ty, and AlFy is area internal force at Ty

(""", p < 0.001; ™, not significant) (Adj. R%, 0.439; NRMSE, 0.143), and
the equation resulting from BIC and CV was

DFMg = —0.458 x DFM7p""" +0.257 x DFM7;™ +0.829™" 3)

("™, p <0.001; ', p < 0.01) (Adj. R? 0.429; NRMSE, 0.146). Eq. (3),
which includes only DFMrq and DFMry, is represented as the ‘ToT2 tx/
app II" bars in the DFMg; plots in Fig. 5.

The improvement of prediction accuracy by using the TyT> tx/app I
predictor set instead of using the Ty tx/app set was more substantial
when LASSO or RR was used (Fig. 5). For example, in the case of using
RR, the R? increased from 0.337 (Tp tx/app) to 0.622 (TpT2 tx/app D),
representing almost a two-fold increase, and the NRMSE decreased from
0.162 (T tx/app) to 0.123 (TyT2 tx/app I). This suggests that assessing all
the flat probe texture parameters at more than one time point close to
harvest could be advantageous in predicting the change of DFM, and
potentially the overall texture change, during shelf-life. However, the
models developed using the TpT2 tx/app I predictors could not be vali-
dated in the 2022 data as T, was not included in that year’s
measurements.

The results indicate that DFM is a critical parameter in explaining the

Predictive models selected for DFMg;, Wgs;, and Wrkre using variable selection methods, and prediction accuracy for each model (n = 61). Variable selection methods
included stepwise regression and CV. In stepwise regression, the independent variables were selected based on the minimization of AIC and BIC. Prediction accuracy

was evaluated using R?, Adj. R%, and NRMSE.

Dependent Variable selection Equation  Independent variables in selected model (coefficient/standard error) Prediction accuracy
wariable metiod Intercept Variable 1 Variable 2 Variable 3 Variable 4 R? A;:lj. NRMSE
R

DFMg; AIC, BIC, CV Eq. (1) - DFMrq - - - 0.337  0.326 0.160
(1.030%*%/ (-0.243*7/
0.111) 0.044)

Wes; BIC, CV Eq. (4) : Diaro DiaZy 0.834 0.828  0.062
(-0.096"**/ (0.157%%%/ (-0.067""/
0.001) 0.010) 0.010)

AIC Eq. (5) - Diarg Dia%o YM1to2rq AFLD1o 0.861  0.851 0.056

(-0.097***/ (0.177%%*/ (-0.069***/ (-0.004"*/ (0.003"*/
0.006) 0.012) 0.010) 0.001) 0.001)

Wrkyg AIC, BIC, CV Eq. (6) - FLDyo - - 0.371  0.360 0.182
(4.646° "7/ (-0.184%7/
0.491) 0.031)

Adj. R?, adjusted coefficient of determination; AFLD, area force linear distance (N mm); AIC, Akaike’s information criteria; BIC, Schwarz’s Bayesian information
criteria; CV, 10-fold cross-validation; DFM, distance to maximum force (mm); Dia, fruit diameter (mm); FLD, force linear distance; NRMSE, normalized root mean
square error (NRMSE = RMSE / (Vmax — Ymin)); R?, coefficient of determination; SI, change during storage calculated as storage index (SI = log (Te / To)); To, 24 h after
storage at 2 °C, 80% RH; T, six weeks after storage at 2 °C, 80% RH; Wg, fruit weight (g); Wrk, rate of wrinkle (rated 0-3; 0, no wrinkle; 1, start to wrinkle; 2, moderate

wrinkle; 3, severe wrinkle/shrivel); YM1to2, Young’s modulus 1-2% (MPa/%).

p < 0.01.
“ p<0.001.
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