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Abstract

Objectives: To develop and apply a robust method using NMR-based metabolic phenotyp-
ing to characterise the metabolic changes occurring in commercially acquired, market-ripe
orange (Citrus sinensis—a non-climacteric fruit) during postharvest ageing. Methods:
Orange juice was obtained at different postharvest timepoints, based on morphological
changes in the fruit (e.g., days 9, 30, and 35). The fruits were stored at room temperature
(26 °C) and 60% relative humidity, throughout the study. The NMR spectra of the juice were
collected and analysed using a semi-targeted approach alongside multivariate, correlation,
and entropy analyses. Results: A robust method to assess the orange juice metabotype
was developed with a total of 42 metabolites, of which two were unknowns, including
phenolic compounds, carbohydrates, amino acids (essential, conditionally essential and
non-essential), alcohols, and other metabolites that may have direct nutritional value. This
method proved to be useful to monitor the progressive metabotype complexity derived
from postharvest deterioration. Based on metabolite patterns across postharvest stages,
correlation structures, and entropy values, the ageing and advanced-ageing metabotypes
were defined at days 30 and 35, respectively. Conclusions: Phlorin, galacturonate, suc-
cinate, rhamnose and prolinebetaine were associated with ageing profiles, providing a
basis for their potential use in targeted monitoring of orange postharvest ageing. These
findings could support the future development of compact, affordable devices for rapid
in situ assessment of postharvest ageing status, with potential benefits of supporting the
preservation of product quality, nutritional and economic values.

Keywords: Citrus sinensis; advanced-ageing metabotype; metabotype complexity; entropy;
NMR

1. Introduction

Fruits are mature ovaries that have undergone major evolutionary adaptations to
improve seed protection and dispersal [1]. Fruit development comprises four stages: (i) fruit
set, which includes ovary development and the onset of cell division; (ii) cell division or
growth, (iii) cell expansion or maturation, during which the fruit increases mainly in size,
and ripening (iv) [2]. Ripening involves a series of coordinated physicochemical changes
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that enhance the fruit’s nutritional value by establishing an appropriate balance of sugars,
organic acids, amino acids, and carotenoids [3-6]. These changes also improve visual
appeal and palatability for consumers [7]. In this context, fleshy fruits are classified as
climacteric or non-climacteric according to the differences in respiration and ethylene
biosynthesis during ripening. Although these mechanisms have been studied extensively
in climacteric fruits, they remain less well understood in non-climacteric fruits such as
oranges [6,8,9].

Fruit quality depends on both nutritional composition and organoleptic attributes,
which are largely determined by the balance of organic acids, sugars, and other metabolites
accumulated during fruit development and present at harvest [2]. These characteristics
are influenced by multiple pre-harvest factors that include intrinsic biological factors
(e.g., genetic background), abiotic (e.g., cultivation practices, harvest methods, irrigation,
mechanical stress), and biotic (e.g., microbial invasion, insect pests). Preharvest stresses can
induce physiological and metabolic changes that persist after harvest, thereby influencing
fruit quality during postharvest stage [10]. Although the relative impact of each factor
is not always easy to define, proper crop management is essential to preserve quality
through storage. Once displayed at the point of sale, the shelf life of fruit in general can
be affected by postharvest factors including temperature, handling, packaging, relative
humidity, physical damage, exposure to pathogens, and chemical treatments, all of which
contribute to the fruit quality after harvest [11].

NMR-based metabolic phenotyping is one of the most effective approaches for obtain-
ing a detailed view of the biochemical processes occurring in biological systems [10,12].
NMR is widely used in metabolomics as it offers high reproducibility, enables the simulta-
neous analysis of metabolites in complex mixtures [13], and facilitates the integration of
spectral data with statistical models [14]. Food metabolomics (within the broader field of
Foodomics) has been widely applied and is emerging as a valuable long-term strategy for
ensuring food quality. It has the potential to have highly positive economic impact, as it
involves using analytical developments to protect both producers and consumers [13,15].

Previous 'H NMR studies have examined the metabotype of citrus fruits, quantified
citrate and malate, and evaluated the effect of temperature on orange juice [16]. A notable
study investigated the ageing of the peel of Citrus reticulata, a Chinese citrus variety
used in traditional medicine, where longer ripening was associated with potential health-
related benefits [17]. Additional studies have described the proteomic profile and genetic
regulation of Citrus sp. as well as the quality control and authenticity of orange juices [18,19].
More recently, NMR-based metabolomics has been used to monitor metabolic changes in
Navel orange juice, albedo, and flavedo during long-term cold storage [16]. Therefore,
this study aimed to characterise the physiological changes occurring during postharvest
ageing in Citrus sinensis by monitoring its juice metabotype using NMR-based metabolic
phenotyping approach.

2. Materials and Methods
2.1. Fruits Source

Fresh Valencia oranges (C. sinensis) were purchased from a local commercial distrib-
utor (Central de Abastos, Tultitlan, Mexico; 19.6397816, —99.1391827) on the 8 May 2019.
According to the supplier specifications, the fruits were harvested two days prior to ware-
house arrival. However, detailed pre-harvest conditions (orchard microclimate, agricultural
management) and postharvest chemical treatments were unrecorded due to commercial
supply chain constraints. The fruits were immediately transported to the laboratory, and
a total of 70 fruits were selected based on similar size, firm texture, uniform peel colour,
and an intact, glossy peel, apparent maturity, and with no visible mechanical damage or
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deterioration were randomly selected. Then, the fruits were washed with distilled water,
gently wiped dry, and randomly allocated into four sampling groups, each corresponding
to a defined sampling timepoint. The fruits were stored under controlled conditions at
26 °C and 60% relative humidity until their respective sampling and extraction times.

2.2. Sample Preparation

For this study, the day of purchase was defined as the experimental day 0, representing
the beginning of the controlled laboratory storage period rather than the harvest date.

To focus specifically on postharvest ageing, the sampling timepoints were defined
based on the progressive physical deterioration of the oranges during storage, with the
final timepoint corresponding to the appearance of clear signs of rotting.

The selected 70 fruits were randomly allocated to four sampling groups: D9 (n = 20),
D18 (n = 10), D30 (n = 20), and D35 (n = 20). However, as the study progressed, eight fruits
were excluded when, during sample preparation, they were found to exhibit deterioration
that was markedly more advanced or otherwise atypical relative to the other fruits in their
respective groups. These atypical features included localised tissue softening, loss of peel
gloss and firmness, and the development of brown spots on the peel. The cause of the
atypical deterioration could not be established as detailed information on preharvest
conditions, handling, transportation, and postharvest treatments was unavailable, as
mentioned above. These changes cannot therefore be attributed specifically to postharvest
ageing, and then the final sample size comprised 62 oranges.

The first juice extraction was performed on the 17 May 2019, after nine days (D9,
n = 17) of controlled storage and approximately 11 days postharvest. Subsequent sampling
and juice extraction were conducted on the 7 June 2019, after 30 days (D30, n = 18) of
controlled storage and approximately 32 days after harvest; and on the 12th of June 2019,
after 35 days (D35, n = 19) of controlled storage and approximately 37 days after harvest.
On D35, the oranges exhibited clear visible signs of deterioration. For sensitivity analysis,
an intermediate timepoint was introduced by subdividing the interval between D9 and
D30, corresponding to Day 18 (D18, n = 8), where sampling was carried out on the 26 May
2019, after 18 days of controlled storage and approximately 20 days after harvest.

For juice extraction, the oranges were peeled, and the juice was obtained using a
domestic electric juicer (brand RCA, Mexico branch), which was rinsed with distilled water
between each sample to prevent cross-contamination.

The juice obtained from each orange was filtered with acrodisc hydrophilic PES
Membrane syringe filter, 25 mm, 0.45 um (Corning® syringe filters, Kennebunk, ME, USA),
10 mL of the filtrate was taken and centrifuged three times at 3250 x g and 4 °C for 15 min.
The sediment (pulp) was removed between cycles, and 1 M NaOH was added to the clear
supernatant until pH 7.0 was reached. Subsequently, the clear supernatant was diluted 1:1
by adding 10 mL of 200 mM phosphate buffer (KH,PO4: K;HPOy, 5:3 molar ratio; pH 7.0,
0.1% (w/v) of sodium azide (99.7%, Sigma Aldrich, Milwaukee, WI, USA)) was added to
each sample to maintain pH 7.0. The samples were stored at —78 °C prior to NMR analysis.
For NMR analysis, 540 uL of the clear supernatant was transferred to a 5 mm NMR tube
and mixed with 60 pL of TSP solution at a concentration of 11 mM in 100% deuterium
oxide (D20), resulting in a final TSP concentration of 1.1 mM and in a total sample dilution
factor of 2.2. TSP was used only for chemical-shift referencing.

2.3. TH NMR Spectroscopy

Water-suppressed 1D "H NMR spectroscopy was performed at 298 K on a 600 MHz
Bruker Avance III spectrometer (Bruker Biospin, Karlsruhe, Germany). The 1D I'H NMR
spectra were acquired using standard one-dimensional pulse sequence, with saturation
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of the water resonance (noesyprld, standard Bruker pulse program) during both the
relaxation delay (RD = 4 s) and mixing time (tm = 10 ms). The receiver gain was set to 45.2
and acquisition time (ACQ) to 2.59 s for all experiments. Each spectrum was acquired using
4 dummy scans, 32 scans, 64K data points and with a spectral window of 21 ppm. Prior
to Fourier Transformation, each free induction decay was multiplied by an exponential
function corresponding to a line broadening of 0.3 Hz. A zero-filling by a factor of 2 was
used to produce 128K data points, the first-order phase correction was set to 0.0 and only
zero-order phase correction was implemented. For quality assurance, the symmetry of the
TSP signal with a line width at half height of <1 Hz, and a flat baseline were assessed.

NMR spectra were acquired in batches corresponding to the predefined postharvest
ageing timepoints, with the actual acquisition sequence being D9, followed by D18, D35,
and finally D30. A total of 62 biological samples were analysed (D9 =17, D18 = 8, D30 = 18,
and D35 = 19).

Homo- and heteronuclear 2D NMR experiments, such as J-Resolved, COSY, TOCSY, HMBC
and HSQC, were acquired for representative samples to support the spectral assignment.

2.4. NMR Data Pre-Processing

All'1D 'H NMR spectra were automatically phased, baseline-corrected, and referenced
to the singlet of the internal standard (TSP) at & 0.0 using the Topspin 3.6.1 software
(BrukerBioSpin, Rheinstetten, Germany). Full resolution 1D 'H NMR spectra (~9K spectral
variables) were automatically phased and baseline corrected and then digitised over the
range 0 —0.5 to 11 and imported into MATLAB (2014a, MathWorks, Natick, MA, USA). The
spectral regions corresponding to the TSP (6 —0.5 to 0.7), water (6 4.7 to 5.2) and noise (6 9.8
to 11.00) were excluded. Prior to multivariate data analysis, the spectra were normalised
using the probabilistic quotient method (PQN) [20].

2.5. Identification of Metabolites

Subset optimisation by reference matching (STORM) was used to identify metabolites
using the correlation structure of 1D 'H NMR data set [21]. Strong coupling artefacts
from metabolites produced in the 2D J-Resolved spectrum were also used for metabolite
identification purposes [22].

Internal and external databases such as the Human Metabolome Data Base (HMDB;
http://hmdb.ca/, accessed on 16 January 2026), the Food Database (FOODB; https:/ /foodb.
ca/, accessed on 16 January 2026), the Biological Magnetic Resonance Data Bank (BMRB;
http:/ /www.bmrb.wisc.edu), nmrshiftdb2 (NMRShiftDB project; https:/ /nmrshiftdb.nmr.
uni-koeln.de/, accessed on 16 January 2026), and the database of the Chenomx® NMR
suite 8.0.1 were used for confirmation of assignments. The literature was also consulted for
identification purposes [23-30].

2.6. Semitargeted Approach

The integration of a respective NMR spectral region corresponding to a representative
resonance for each identified metabolite was obtained using the following equation:

I= i (/J;C I(x)dx)

k=1
where k corresponds to a spectral region peak, I is the area under the curve of the intensities
I(x) that define a metabolite’s resonance signal, with the spectral region ranging from high-
field to low-field (],i‘ and jt, respectively). A total of 40 metabolites were identified, of which
4 were putatively annotated as phenolic compounds, and 2 were unknown metabolites.
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This dataset was used to construct the semitargeted matrix (X), with m variables (columns)
and n observations (rows).

To address overlapping and shifted resonances, all spectra were subjected to extensive
and careful manual inspection and peak picking. Overlapping resonances were carefully
assessed using diagnostic chemical shifts, signal multiplicities, resonance patterns, and
comparison with reference spectra acquired from authentic reference standards or from
those reported in external databases and/or the literature. For each identified metabo-
lite, a single representative peak was selected, and its area was estimated by trapezoidal
numerical integration, using consistently defined spectral regions across all samples to
ensure comparable integration despite peak overlap and chemical-shift variation. Where
substantial overlap could compromise reliable assignment, only well-resolved resonances
were considered for area integration. Using this approach, 42 metabolites were assessed.

2.7. NMR Statistical Analysis

The semi-targeted dataset was modelled using orthogonal projection to latent struc-
tures discriminant analysis (OPLS-DA) in a Monte-Carlo Cross-Validation (MCCV) frame-
work based on pairwise comparisons. Under MCCV approach NMR dataset is split into
many different training and test sets, and each one is auto-scaled using the mean and
the standard deviation of the training set, to obtain robust and reliable estimates of the
regression coefficients and predicted scores. For each of 100 models, 1/5th of the data is left
out and the variability of the regression coefficients is calculated by running an additional
25 models with bootstrap resampling from the training data. These 100 models give a
robust estimate of the mean regression coefficients and the 2500 bootstrap models are used
to estimate the variance. For each variable, a t-score and a p-value are calculated using the
variance and the mean regression coefficient. The goodness of fit (R%Y) of the MCCV mod-
els is calculated across all models using the training data and the goodness of prediction
(Q?Y) for the test data. Permutation testing was not performed within this framework.

The variable significance is represented as “direction of change” (DoC) value:

DoC; = —logyo(p) x (Bi/|Bil)

where i is the ith regression coefficient and p the p-value. Significant changes were
identified using Bonferroni correction with a threshold of p < 0.05/42 [31]. The MCCV-
OPLS-DA code can be accessed through the original developer, as cited in Reference [31].

2.8. Correlation Analysis

Metabolite-metabolite correlation analysis was carried out using the Spearman method
(rho), with analysis performed separately for each timepoint. The same set of variables was
included at each timepoint (n = 42), with no missing values. Thus, all pairwise correlations
within a given timepoint were based on the same sample size, with differences in sample
size occurring only across timepoints. Statistical significance was assessed using the false
discovery rate (FDR) approach implemented in the R package qvalue, where g-values were
calculated from the resulting two-sided Spearman correlation p-values, with the estimation
of the proportion of true null hypotheses performed using 5000 bootstrap replicates. A cut
off of Irho| > 0.75 with g-value < 0.05 was used to indicate a significant correlation and to
be considered sufficiently strong for inclusion in the final network.

In addition, to assess correlation stability, non-parametric bootstrap resampling with
replacement was performed separately for each pairwise association using 5000 boot-
strap samples. Each bootstrap sample contained the same number of observations as the
corresponding pairwise complete dataset. Spearman correlation coefficients were recal-
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culated for each bootstrap sample, and 95% confidence intervals were obtained using the
percentile method.

Network density was also calculated as the number of retained associations divided
by the total number of possible pairwise associations.

At each timepoint, the same 42 metabolites were included, resulting in 861 unique
pairwise correlations. Thus, the same metabolites and pairwise comparisons were evaluated
at each timepoint, with FDR correction applied separately to the 861 tests performed at
each timepoint.

2.9. Entropy Analysis

Shannon entropy (H, also known as raw entropy) was calculated using the correlation
matrix per timepoint as follows:

N
H= —Y pilog,(pi)
i=1

Xi

N
Y1 Xi
where p; = normalised probability of event i (i.e., normalised correlation magnitude),
x = vector of correlation magnitudes (absolute values; dividend is the sum of all cor-
relations), N = number of correlations (upper triangle of the correlation matrix built

pi =

per timepoint).

In addition, and for better comparison, normalised entropy was also calculated. First,
theoretical maximum entropy (Hyux) was computed. Given that Hy,, for any vector of
length N does not depend on the actual correlation values, but only on the number of the
elements per timepoint [32,33]:

Hpax = logy(N)

Then, normalised entropy (Hyorm) is given by:

H
Hmax

Hnorm =

For better visualisation, normalised deviation was calculated:
Normalised deviation = 1 — Hyorm

Entropy was calculated from only statistically significant correlations.

Statistical, correlation and entropy analyses as well as data visualisation were per-
formed using MATLAB (2014a, MathWorks, Natick, MA, USA) and R (4.0.0) in RStudio.

The scripts used for the correlation and entropy analyses are available from the
corresponding author upon reasonable request.

3. Results

The present study describes a comprehensive analysis of Citrus sinensis through NMR-
based metabolic phenotyping to monitor its physiological changes during postharvest
storage. A total of 42 metabolites were assessed, of which 40 metabolites were identified,
including four that were putatively annotated as phenolic compounds, while two were
unknown metabolites (Figure 1 and Table S1).

Metabolite identification was performed using a combination of spectral database
matching and comparison with the published literature. N-methyl-Proline and phlorin
were assigned based on spectral database matches and the literature evidence; therefore,
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these metabolites were putatively annotated compounds. Phenolic compounds 1-4 were
putatively annotated at the phenolic compound class level based on similarities in spectral
fingerprints from known phenolic compounds. The remaining 36 metabolites were confi-
dently identified compounds using spectra acquired from authentic reference standards,
spectral database matches, and/or the literature evidence.
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Figure 1. 2D J-Res spectrum (600 MHz) of market-ripe orange (C. sinensis) juice with the 1D 'H spec-
trum plotted above showing the aliphatic (A), carbohydrate (B) and aromatic (C) regions. Detailed
metabolite names are provided in Table S1.
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R 076,05 062

Most MCCV-OPLS-DA models were statistically significant, exhibited adequate
model performance, and showed no clear evidence of overfitting. Clear clustering sep-
aration across timepoints was easily visualised through Kernel Density Estimate (KDE,
Figures 2 and S1). The corresponding pairwise comparisons between timepoints resulted
in good models, with Q?Y > 0.5 and with A < 0.3 (i.e., RY — Q?Y; Tables S2 and S3) [34,35].
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Figure 2. MCCV-OPLS-DA score plots derived from 1D "H-NMR spectra of the metabotype of
market-ripe oranges at different timepoints in a pairwise comparison (D9+D18, D30, and D35 in
blue, red, and green, respectively). Each model comprises a Kernel Density Estimate (KDE) from the
predicted scores (Tpred) for both groups. Dots represent the metabotype of each analysed orange.
The fit and predictability of each model were obtained and expressed as RZY (explained variance) and
Q?Y (capability of prediction) values using two components in a 1 + 1 framework (i.e., one principal
component and one orthogonal component). Comparisons made: D9+D18 (n = 25) vs. D30 (n = 18;
(left)), D9+D18 (n = 25) vs. D35 (n = 19; (middle)), and D30 (n = 18) vs. D35 (n = 19; (right)).

However, comparing the metabotype of oranges with reduced turgor to those with
firm pericarp tissue within D35 resulted in a non-significant model (R*Y = 0.31, Q?Y = 0.03),
indicating that, despite their morphological differences, their metabotypes are similar
(Figure S4). Furthermore, the pairwise model for sensitivity analysis, in which D18 was
assessed separately by comparing D9 and D18, resulted in a poor model (R?Y = 0.77,
Q%Y = 0.3 and D = 0.47). Based on the MCCV-OPLS-DA model and its corresponding KDE
and predicted scores, this suggested that the orange metabotypes exhibited similar profiles
at both timepoints. (Figure S1A). These two timepoints were therefore combined into one
group, denoted D9+D18, and then compared with D30 and D35 using separate pairwise
comparison models. For exact R?Y and Q?Y values for all pairwise models, please refer to
Supplementary Tables S1 and S2.

Metabolic changes were consistent across both analyses, merging D9 and D18, as well
as the sensitivity analysis in which D18 was assessed separately. For instance, putrescine,
acetone, malate, choline, sucrose, hesperidin and phenolic compound 3 were all increased
at both D9+D18 and D9 when compared with D30. Succinate, tyrosine, phenylalanine
and formate were increased at D30 when compared with D9+D18. However, ethanol, N-
methyl-proline and fumarate were increased at D30 compared with D9; and phloroglucinol
was the only metabolite increased at D30 compared with D9+D18 (Figures 3 and S2,
Tables S2 and S3).

Atboth D9+D18 and D9, arginine, putrescine, prolinebetaine, malate, citrate, aspartate,
asparagine, sucrose, hesperidin and phenolic compound 3 were found to be increased
against D35. GABA and proline were increased at D9+D18, while trigonelline was only
increased at D9, compared with D35. Accordingly, isoleucine, leucine, valine, meso-2,3-
butanediol, U1, ethanol, rhamnose, U2, succinate, methanol, galacturonate, phloroglucinol,
phlorin, fumarate, tyrosine, phenylalanine and phenolic compound 4 were all increased at
D35 in comparison with D9+D18 and D9. N-methyl-proline was the only compound to be
increased at D35 compared with D9 (Figures 3 and 52, Tables S2 and S3).

GABA, proline, malate, citrate, aspartate, asparagine, sucrose, hesperidin, formate,
and trigonelline increased at D30 against D35. By contrast, isoleucine, leucine, meso-2,3-
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butanediol, U1, ethanol, rhamnose, U2, succinate, methanol, galacturonate, phloroglucinol,
phlorin, fumarate, tyrosine, phenylalanine, and phenolic compound 4 increased at D35
against D30 (Figure 3 and Table S2).

‘ ;
|| 4 =
! ] [
| | | ]
u u :
| | |
] ] ]
! || |
| || ||
— ] ]
{ || [ —
] | |
! = _— T."“eP°'"t
‘ | ! D9+D18
‘ ‘
- ! ! = D30
{ || | D35
; [ ] [ ]
‘ [ | | .
.I — .- Bonferroni
| <0.05/42
e ‘ : (P )
| - ~ o
‘
i Yes
[ E - "
i
{ 1 |
! | |
‘
; = h
{ r |
‘ ‘
| — g —
H ‘ ‘
20 10 0 10 20 20 10 0 10 20 20 -0 0 10 20

Direction of change Direction of change Direction of change

Figure 3. MCCV-OPLS-DA loading plots derived from the 1D 'H-NMR spectra of the metabotype of
market-ripe oranges at different timepoints in a pairwise comparison (D9+D18, D30, and D35 in blue,
red, and green, respectively). The X-axis depicts the direction of change derived from the variable
significance detected per variable for each pairwise model. In blue are shown metabolites that are
significantly higher at D9+D18 (n = 25); in red, metabolites that are significantly higher in D30 (n = 18),
and in green, metabolites that are significantly higher at D35 (n = 19). Comparisons made: D9+D18
vs. D30 (left), D9+D18 vs. D35 (middle), and D30 vs. D35 (right). Significant changes were identified
using Bonferroni correction with a threshold of p < 0.05/42. Key: GABA, 4-aminobutyrate; EG, ethyl
glucoside; m-2,3-BD, meso-2,3-butanediol; PCs, phenolic compounds; Ui, unknown metabolites.

Regarding the sensitivity analyses, putrescine and trigonelline were increased at
D9 compared with D18. Conversely, leucine, valine, ethanol, N-methyl-proline, tyrosine
and phenylalanine increased at the later timepoint. Choline and sucrose levels were
higher at D18 than at D30, whereas formate showed an inverse trend. Lastly, arginine,
GABA, proline, prolinebetaine, malate, asparagine, sucrose and hesperidin increased at
D18 when compared with D35. However, isoleucine, leucine, meso-2,3-butanediol, U1,
ethanol, rhamnose, succinate, methanol, galacturonate, phloroglucinol, phlorin, fumarate,
tyrosine, phenylalanine and phenolic compound 4 increased at D35 (Figure S3, Table S3).

To better observe the patterns of significant metabolites across postharvest ageing
stages, cross-sectional metabolite trends were plotted for both the primary and sensitivity
analyses (Figures S7 and S8). A sustained decrease was observed across time for putrescine,
sucrose, malate, prolinebetaine, proline, arginine, asparagine, hesperidin, and phenolic
compound 3. On the other hand, a sustained increase was observed for phenolic compound
4, phloroglucinol, rhamnose, fumarate, galacturonate, phenylalanine, phlorin, U1, U2,
tyrosine, isoleucine, valine, leucine, methanol, ethanol and succinate.
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Furthermore, to detect patterns of orange metabolites per timepoint, correlation analy-
sis was performed. Concomitantly, to evaluate whether the number of correlations was
associated with metabolic complexity at each timepoint, entropy was calculated from the
corresponding correlation matrices. The correlation structure differed in the number of
metabolites and in the number of significant metabolite-metabolite correlations across
timepoints (Figures 4 and S5). For instance, 19, 27 and 33 metabolites characterised the
correlation pattern at D9+D18, D30 and D35, respectively. The number of correlations also
increased over time (e.g., 15, 50 and 210, in the same order). The correlation structure at
D30 was defined by positive correlations only (Figure 5). For the sensitivity analysis of D9
and D18, 29 and 2 metabolites defined the correlation structure with 55 and 1 correlation,
respectively (Figure S6). In this context, despite the relatively small sample size, all signifi-
cant correlations were supported by bootstrap analysis, with 95% confidence intervals that
did not cross zero, indicating that the direction and statistical evidence of these correlations
were robust to resampling (Supplementary Tables S4-59). Accordingly, raw Shannon en-
tropy (H), which is related to absolute disorder, increases with the number of correlations.
The normalised deviation (1 — Hyor,), which highlights subtle differences between groups
and is related to relative disorder, has the opposite behaviour (Figures 5 and 56). Entropy
values could be calculated for all timepoints based on significant correlations, with D18
being the only exception, where a single significant association was identified and therefore
did not provide a sufficient correlation structure for meaningful entropy calculation.

Suesedsy

%

Formate
Trigonelline

Isoleucine

Figure 4. Correlations of metabolite NMR peak areas of market-ripe orange with |rho| > 0.75 and
g-value < 0.05 for D9+D18 (n = 25), D30 (n = 18) and D35 (n = 19; top left, top right, and bottom,
respectively), showing 15, 50, and 210 significant correlations with the corresponding network
densities of 1.74%, 5.81%, and 24.39%, respectively. Red denotes a positive correlation and blue
a negative correlation. Key: GABA, 4-aminobutyrate; EG, ethyl glucoside; m-2,3-BD, meso-2,3-
butanediol; PCs, phenolic compounds; Ui, unknown metabolites.
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Figure 5. Entropy analysis. Shannon entropy (H, also known as raw entropy) coloured by the
number of correlations per timepoint (top). Normalised entropy (Hjor) is visualised as normalised
deviation (1 — Hyorm) comparing D9+D18 (n = 25), D30 (n = 18), and D35 (n = 19; blue, red, and green,
respectively; bottom). Entropy was calculated from only statistically significant correlations.

4. Discussion
4.1. The Rationale for Merging Days 9 and 18

The combination of these timepoints was supported by the main objective of this study,
which focuses on the later stages of postharvest ageing and the quality deterioration expe-
rienced by consumers, rather than on mechanistic changes occurring at the earliest stages
of storage. D18 was initially included to provide additional molecular information during
the early postharvest period. However, the molecular profiles observed at this timepoint
did not show substantial differences from those observed on D9. The experimental design
was therefore developed with the final consumer in mind, focusing on quality changes
relevant to fruit available on the market. As market-sourced oranges exhibit inherent
heterogeneity, the samples were first screened to remove fruits with hidden defects that
could have introduced bias into the NMR analysis. Following this quality-control step, and
to maintain the most homogeneous sample size and group composition possible, D9 and
D18 were combined. This decision was based on the comparable initial ripening/quality
status observed in the two groups rather than on the OPLS-DA model alone. This grouping
allowed us to focus the analysis on the progressive changes that occur during postharvest
ageing and on the practical shelf life of the fruit under conditions relevant to consumers.

4.2. C. sinensis Metabotype over Time

The orange (C. sinensis) juice metabotype (here just “metabotype”) is characterised by
carbohydrates (glucose, sucrose and fructose), essential amino acids (isoleucine, leucine,
valine and phenylalanine), conditionally essential amino acids (arginine, proline and
tyrosine), non-essential amino acids (alanine, aspartate and asparagine), alcohols (ethanol
and methanol), polyphenols (hesperidin and unidentified phenolic compounds), and
other metabolites that may have direct nutritional value (GABA, choline, trigonelline and
prolinebetaine) [3-5,36] or indirect nutritional value as implicated in energy metabolism
as intermediates (lactate, malate, succinate, fumarate and citrate), and metabolites with
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limited or no nutritional value (acetone and formate). These metabolites were detected
from D9, representing the early-ageing metabotype.

Our results, obtained by modelling the NMR data using MCCV-OPLS-DA, indicate
that the abundance of some of these metabolites changed or that degradation products
were produced over time during shelf storage at room temperature, compared with the
baseline orange metabotype. For instance, the levels of formate, phenylalanine, tyrosine,
phloroglucinol, and succinate increased, while the levels of hesperidin, sucrose, putrescine,
acetone and malate decreased at D30. In line with this, branched-chain amino acids
(BCAAs, leucine, isoleucine, valine), ethanol, methanol, fumarate, phlorin, rhamnose, meso-
2,3-butanediol, galacturonate, phenolic compound 4, and the aliphatic compounds U1 and
U2 increased, whereas asparagine, aspartate, citrate, prolinebetaine, proline, GABA and
arginine increased at D35. Meanwhile, fructose, glucose, alanine, lactate, ethyl glucoside,
and phenolic compounds 1 and 2 remained unchanged over time. Taken together, these
findings suggest metabotype patterns of ageing and advanced ageing at days 30 and 35,
respectively. An overview of the changes derived from postharvest ageing reflected in the
metabotype is shown by plotting cross-sectional metabolite trends (Figures S7 and S8).

These patterns were consistent with the correlation structure of the orange metabo-
types at both time points. For instance, the highest number of correlations was observed
at D35. Hesperidin and citrate were negatively correlated with metabolites related to
advanced ageing that were observed to be increased at either D30 or D35 compared with
D9/D9+D18. These metabolites include rhamnose, phenolic compound 4, alanine, pheny-
lalanine, tyrosine, BCAAs, lactate, succinate, phloroglucinol, putrescine, ethanol, ethyl
glucoside, meso-2,3-butanediol, Ul and U2. Additionally, hesperidin showed negative cor-
relations with galacturonate and phenolic compound 2, as well as positive correlations with
citrate and sucrose. Concomitantly, the latter had negative correlations with rhamnose, phe-
nolic compounds 2 and 4, and the amino acids alanine, phenylalanine and tyrosine. It also
had negative correlations with lactate, phloroglucinol, putrescine, methanol, galacturonate
and U2. Moreover, metabolites that are inversely correlated with hesperidin, citrate, and
sucrose tend to be positively correlated with each other. This suggests that these metabo-
lites shared similar patterns of variation. Most of these metabolites that produced inverse
correlations with hesperidin, citrate and sucrose are considered degradation byproducts.

For instance, hesperidin can degrade to produce rutinose, which undergoes complete
hydrolysis to produce rhamnose and glucose. Meanwhile, phenolic compounds 2 and 4
could be degradation byproducts of hesperetin. Ethanol and methanol may be produced
through the fermentation of sugars, such as sucrose, rutinose, rhamnose and glucose. Galac-
turonate is another degradation byproduct from carbohydrates. Phenylalanine, tyrosine,
and phenolic compounds 2 and 4 could derive from the degradation of hesperidin. Fur-
thermore, BCAAs, phenylalanine, tyrosine and alanine may be produced through protein
degradation by enzymes or through microbial fermentation. The presence of phlorin and its
possible degradation product, phloroglucinol, may be related to the changes in the pericarp
tissue, which facilitate their transfer into the juice. This occurs despite careful handling
to avoid overextraction when collecting the sample. Regarding the correlation analysis
at D30, this timepoint showed the second-highest number of correlations. Its structure
consists entirely of positive correlations, which makes it particularly distinct compared to
the correlation structures at the other timepoints.

The resulting metabolite-metabolite correlations were used to identify patterns of
covariation among metabolites and were not interpreted, by themselves, as evidence of
direct structural or biosynthetic relationships.

Although the correlations do not directly reflect structural relationships among the
metabolites, the correlation patterns were used to obtain entropy values for each timepoint,
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revealing a progressive increase in metabolic complexity across the postharvest ageing,
reaching its highest at D35.

4.3. Nutritional and Commercial Implications

One objective for prolonging the post-harvest storage of citrus fruits is to delay deteri-
oration, thereby ensuring postharvest quality, consumer acceptability, commercial value,
and prolonging shelf life. In this sense, and to the best of our knowledge, this is the first
study to characterise metabolite abundance and metabolic patterns during postharvest
ageing of market-ripe C. sinensis at room temperature. NMR-based metabolic phenotyping
made it possible to distinguish the early-ageing, ageing and advanced-ageing metabotypes.
Concomitantly, the progressive metabotype complexity corresponded to the changes in
the fruit’s morphological characteristics over time. For instance, on day 9, the fruits were
generally yellow to green in colour, had turgor, were uniform in size, were firm to the
touch, and produced yellow juice. On day 30, all oranges had turned yellow and the
juice was darker than in previous timepoints. Similar morphological changes have been
reported in association with cellular deterioration in fruit [37,38]. Therefore, this timepoint
defined an ageing metabotype. By day 35, the morphological characteristics of the fruit
were already very different compared with those from the other timepoints. Two sub-
groups were identified: one with reduced turgor and the other with firm pericarp tissue.
However, the former showed a subtle unpleasant smell, suggesting possible microbial
fermentation, which was not observed in the latter. Despite these changes, the resulting
juice exhibited pronounced browning in both. This colour alteration is consistent with
advanced fruit deterioration and may arise from multiple processes associated with age-
ing. At advanced stages of postharvest deterioration, microbial infection of C. sinensis by
Penicillium spp. has been associated with substantial changes in primary metabolism and
volatile profiles, including increased ethanol accumulation and a concomitant decline in
fruit quality [39]. Therefore, the accumulation of ethanol observed in the advanced-ageing
metabotype may reflect enhanced fermentative metabolism and/or pathogen-associated
deterioration, whereas changes in methanol and formate should be interpreted cautiously
because they may originate from additional metabolic and cell-wall degradation processes.
Accordingly, this timepoint was characterised by a metabotype with advanced ageing and
the highest entropy values, consistent with greater metabolic complexity.

The behaviour observed in the metabotype after postharvest using NMR was similar
to what was reported using other techniques, indicating a natural mechanism in citrus fruits
after harvest [40], where non-climacteric fruits exhibit minimal changes due to ripening,
but continue to undergo ageing. This results in a deterioration of quality during storage.
For instance, citrate catabolism is associated with an increased presence of alcohols and
aldehydes, as well as other secondary metabolites, which are linked to a decrease in the juice
flavour in hot climates [41]. However, aliphatic alcohols, such as ethanol and methanol,
have not yet been observed in the analysis. Furthermore, citrate is a product of the Krebs
cycle that accumulates in vacuoles during fruit development and decreases during ripening
and maturation [42,43]. Citrate accounts for over 90% of the total acid content, whereas
other acids, such as malate, are present in low concentrations.

Although the mechanisms underlying changes in citrate abundance and its degrada-
tion during pre- and postharvest are unknown, citrate plays a crucial role in the quality of
many fruit species, especially citrus fruits [43].

The presence of aspartate, asparagine, serine, glutamine and proline has also been
reported in orange juice from ripe fruit [16,44]. Tyrosine and phenylalanine are found
in lower proportions but undergo increased biosynthesis under biotic and abiotic stress
conditions. This is consistent with the biosynthesis of flavonoids, such as hesperidin, as well
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as other phenolic compounds. These secondary metabolites have antioxidant properties
and are derived from hydroxycinnamic acids, whose biosynthesis involves tyrosine and
phenylalanine as precursors [45]. Alternatively, the presence of these amino acids could
also indicate the degradation of polyphenols, as observed on days 30 and 35. Tyrosine and
phenylalanine are considered antioxidants per se and can prevent cell damage caused by
reactive oxygen species, which are generated by the fruit as a defence mechanism and as
signalling molecules that induce cell death [45]. Therefore, their increasing abundance may
be associated with the cellular stress experienced by the fruit during postharvest ageing.
Although microbial communities were not assessed in the present study, the potential
involvement of Penicillium spp. may be considered based on previous reports. In particular,
Penicillium digitatum has been shown to suppress the enzyme phenylalanine ammonium
lyase activity in citrus fruit, potentially affecting phenylpropanoid biosynthesis and related
host-defence responses [46]. This mechanism may contribute to changes in phenylalanine
levels; however, it does not directly explain the observed tyrosine increase. Both metabolites
may instead reflect broader changes in aromatic amino acid metabolism associated with
postharvest stress. These interpretations remain speculative and require direct experimental
validation. Furthermore, BCAAs also act as defence metabolites against pathogens [47].
These amino acids were also increased in the ageing and advanced-ageing metabotypes.

During citrus fruit development and ripening, soluble sugars progressively ac-
cumulate, with sucrose, glucose, and fructose representing the predominant carbohy-
drates [43,48]. Sucrose homeostasis is controlled by coordinated transport, synthesis, and
cleavage mechanisms, including sucrose transporters, sucrose synthases, and vacuolar
and cell-wall invertases [47]. During the advanced postharvest stage, increased carbo-
hydrate catabolism may promote glycolytic and fermentative metabolism, resulting in
the accumulation of ethanol, particularly under tissue stress or pathogen-associated de-
cay [39]. Methanol accumulation, however, should be considered separately from ethanol
fermentation. In citrus-derived products, methanol can arise from the de-esterification
of methylated pectins through pectin methylesterase activity and may increase during
tissue degradation or microbial processing [49]. Consistent with progressive cell-wall
disassembly, pectin solubilisation, de-esterification, and depolymerisation during citrus
storage can also increase galacturonic-acid-related metabolites [50]. Changes in the volatile
fraction, including alcohols, aldehydes, esters, and ketones, accompany citrus maturation,
storage, and pathogen-associated deterioration and may contribute to changes in aroma
and off-flavour development [51].

Several studies indicate that the catabolism of organic acids and amino acids, as well
as carbohydrate metabolism, are interconnected. A report suggests that the decrease in
citrate is due to its utilisation in three metabolic pathways: sugar production, amino acid
synthesis and acetyl-CoA generation [18,52]. Consistent with the progressive shift from
organic acid accumulation to sugar accumulation during fruit development, recent studies
have shown that sucrose, glucose, and fructose progressively accumulate in citrus fruit,
with sucrose becoming a major component of the soluble sugar pool during ripening [43].
In the present study, citrate showed negative correlations with several amino acids and
organic acids, whereas a positive correlation was observed with sucrose. This relationship
may reflect the coordinated remodelling of organic acid and carbohydrate metabolism
during citrus fruit development rather than a direct metabolic conversion between citrate
and sucrose. Previous proteomic and metabolomic analyses have also shown that citrate
decreases during the final stages of citrus fruit development, accompanied by substantial
changes in tricarboxylic acid cycle intermediates and amino acid metabolism [53]. These
observations are consistent with the metabolic trends identified in the present study.
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The metabolomic composition of orange juice is highly complex, and its complete char-
acterisation remains analytically challenging. In the present study, NMR-based metabolic
phenotyping enabled the detection of 36 identified and six currently unidentified metabo-
lites, of which two were tentatively classified as aliphatic compounds and four as phenolic
compounds based on their chemical shifts and signal multiplicities. Nevertheless, addi-
tional metabolites may be present at concentrations below the detection limit of NMR
spectroscopy or may remain unresolved because of spectral overlap, thereby limiting
complete coverage of the orange juice metabotype.

Despite these analytical limitations, the metabolites identified in the present study
provide a basis for developing targeted approaches for assessing orange juice quality and
authenticity. Recent studies have demonstrated that targeted 'H-NMR spectroscopy, partic-
ularly when combined with complementary chromatographic techniques, can characterise
citrus juices [54]. Accordingly, metabolites identified in the present study, including phlorin,
galacturonate, succinate, rhamnose, and proline betaine, could be further evaluated as
components of targeted biomarker panels for orange juice quality and authentication.

In addition, prolinebetaine is particularly relevant because it is abundant in citrus
products and has been extensively validated as a biomarker of citrus consumption, includ-
ing orange juice intake [55]. However, because prolinebetaine is not exclusive to C. sinensis,
its potential application to orange juice authentication should preferably be considered
as part of a multimetabolite metabolic panel rather than as a stand-alone, species-specific
biomarker. Such targeted approaches are consistent with recent developments in citrus juice
authentication, in which combinations of metabolomic markers and complementary analyt-
ical platforms are increasingly used to improve species discrimination and adulteration
detection [56,57].

A potential limitation of the study is that acquisition order was not randomised across
postharvest ageing timepoints, and therefore a potential acquisition-order effect cannot
be completely excluded. Nevertheless, the acquisition sequence (D9, D18, D35, D30) did
not follow the chronological order of postharvest ageing, reducing the extent to which
acquisition time and ageing time were systematically aligned. In addition, all spectra
underwent identical preprocessing and PQN normalisation, and the robustness of the
OPLS-DA models was evaluated using repeated random MCCYV. Together, these measures
provide some protection against potential acquisition-related effects, although they cannot
fully rule out residual confounding between acquisition order and postharvest ageing time.

5. Conclusions

This study provides a comprehensive characterisation of metabotype patterns as-
sociated with market-ripe C. sinensis postharvest ageing. Oranges intended for human
consumption and available through a retail outlet were selected to simulate the storage
process commonly occurring in households at room temperature. The observed changes in
the metabolic profile demonstrate that the ageing process is associated with coordinated
remodelling of primary and secondary metabolism, reflecting the progressive changes
occurring in pathways related to energy metabolism, carbohydrate turnover, the dynamics
of amino acids, organic acids and polyphenols. It also reflects the accumulation or deple-
tion of metabolites associated with fruit postharvest ageing. This research demonstrates
that comparative metabolic phenotyping across postharvest stages could identify key
ageing-associated metabolites of market-ripe C. sinensis, including phlorin, galacturonate,
succinate, thamnose and prolinebetaine. In the future, this approach could be further
developed into a compact and affordable device for rapid in situ monitoring of ageing-
associated metabolites and/or combining metabolic phenotyping with measurements of
physical, physicochemical and sensory quality to support the assessment of postharvest
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ageing status and fruit quality. Our findings also provide a metabolic basis for targeted
strategies to monitor postharvest ageing and preserve the quality of perishable fruits and
food products, with potential applications in the development and implementation of
innovative preservation technologies.

Supplementary Materials: The following supporting information can be downloaded at: https:
/ /www.mdpi.com/article/10.3390 /metabo16100735/s1. Figure S1. MCCV-OPLS-DA score plots
derived from 1D 'H-NMR spectra of the metabotype of market-ripe oranges at different timepoints in
a pairwise comparison (D9, D18, D30 and D35 in blue, black, red, and green, respectively); Figure S2.
MCCV-OPLS-DA loading plots derived from 1D 'H-NMR spectra of the metabotype of market-ripe
oranges at different timepoints in a pairwise comparison (D9, D18, D30 and D35 in blue, black,
red, and green, respectively) for sensitivity analysis; Figure S3. MCCV-OPLS-DA loading plots
derived from 1D "H-NMR spectra of the metabotype of market-ripe oranges at different timepoints
in a pairwise comparison (D9, D18, D30 and D35 in blue, black, red, and green, respectively) for
sensitivity analysis; Figure S4. MCCV-OPLS-DA score plot derived from 1D TH-NMR spectra of
the metabotype of market-ripe oranges within D35 (n = 19) comparing the juice produced from
oranges that exhibited reduced turgor (n = 11; yellow) versus those with firm pericarp tissue (n = 8;
orange); Figure S5. Correlations of market-ripe orange metabolite NMR peak areas with Irthol > 0.75
and g-value < 0.05 for D9 (n = 17) regarding the sensitivity analysis, with 55 significant correlations
and a network density of 6.39%; Figure S6. Entropy analysis for the sensitivity analysis; Figure S7.
Cross-sectional metabolite trends (median =+ IQR) for those metabolites whose change was significant
at least in one pairwise MCCV-OPLS-DA model, including D9+D18 (n = 25), D30 (n = 18), and D35
(n =19); Figure S8. Cross-sectional metabolite trends (median & IQR) for those metabolites whose
change was significant in at least one pairwise MCCV-OPLS-DA model, including D9 (n = 17), D18
(n=8), D30 (n = 18), and D35 (n = 19) for the sensitivity analysis; Table S1. 'H and '3C NMR peak
assignments for identified metabolites in orange (C. sinensis) juice; Table S2. Metabolites observed in
orange (C. sinensis) whose changes in abundance were significantly associated with the differences
observed across all timepoints; Table S3. Metabolites observed in orange (C. sinensis) whose changes
in abundance were significantly associated with the differences observed across all timepoints for
sensitivity analysis; Table S4. Correlation analyses for D9; Table S5. Correlation analyses for D18;
Table S6. Correlation analyses for D30; Table S7. Correlation analyses for D35; Table S8. Correlation
analyses for D9+D18; Table S9. Summary of network densities.
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Abbreviations

BCAAs Branched-chain amino acids

DoC Direction of change

EG Ethyl glucoside

GABA 4-Aminobutyrate

KDE Kernel density estimate

m-2,3-BD  meso-2,3-butanediol

MCCV Monte-Carlo cross-validation

NMR Nuclear magnetic resonance

OPLS-DA  Orthogonal projection to latent structures discriminant analysis
PCs Phenolic compounds

References

1.  Ahn,]; Gao, F; Dong, Y. Developmental Mechanisms of Fruit Diversification in Angiosperms and the Evolutionary Implications.
Plant Cell Environ. 2025, 48, 4585-4598. [CrossRef] [PubMed]

2. Agusti, M,; Reig, C.; Martinez-Fuentes, A.; Mesejo, C. Advances in Citrus Fruit Set and Development: A Review. Horticulturae
2026, 12, 18. [CrossRef]

3. Lu, X, Zhao, C,; Shi, H; Liao, Y.; Xu, F,; Du, H.; Xiao, H.; Zheng, J. Nutrients and Bioactives in Citrus Fruits: Different Citrus
Varieties, Fruit Parts, and Growth Stages. Crit. Rev. Food Sci. Nutr. 2023, 63, 2018-2041. [CrossRef] [PubMed]

4. Liu, S.; Lou, Y,; Li, Y,; Zhang, J.; Li, P; Yang, B.; Gu, Q. Review of Phytochemical and Nutritional Characteristics and Food
Applications of Citrus L. Fruits. Front. Nutr. 2022, 9, 968604. [CrossRef] [PubMed]

5. Ma, G,; Zhang, L.; Kato, M. Molecular Regulation of Carotenoid Biosynthesis in Citrus Juice Sacs: New Advances. Sci. Hortic.
2023, 309, 111629. [CrossRef]

6.  Giovannoni, ].; Nguyen, C.; Ampofo, B.; Zhong, S.; Fei, Z. The Epigenome and Transcriptional Dynamics of Fruit Ripening. Annu.
Rev. Plant Biol. 2017, 68, 61-84. [CrossRef] [PubMed]

7.  Batista-Silva, W.; Nascimento, V.L.; Medeiros, D.B.; Nunes-Nesi, A.; Ribeiro, D.M.; Zs6gon, A.; Aratjo, W.L. Modifications
in Organic Acid Profiles During Fruit Development and Ripening: Correlation or Causation? Front. Plant Sci. 2018, 9, 1689.
[CrossRef] [PubMed]

8. Liu, M.; Wang, C.; Ji, H,; Sun, M,; Liu, T.; Wang, ]J.; Cao, H.; Zhu, Q. Ethylene Biosynthesis and Signal Transduction during
Ripening and Softening in Non-Climacteric Fruits: An Overview. Front. Plant Sci. 2024, 15, 1368692. [CrossRef] [PubMed]

9. Yu K; Xu, Q; Da, X; Guo, E; Ding, Y,; Deng, X. Transcriptome Changes during Fruit Development and Ripening of Sweet
Orange (Citrus sinensis). BMC Genom. 2012, 13, 10. [CrossRef] [PubMed]

10.  Pott, D.M.; Vallarino, J.G.; Osorio, S. Metabolite Changes during Postharvest Storage: Effects on Fruit Quality Traits. Metabolites
2020, 10, 187. [CrossRef] [PubMed]

11. Onwude, D.; Cronje, P; North, J.; Defraeye, T. Digital Replica to Unveil the Impact of Growing Conditions on Orange Postharvest
Quality. Sci. Rep. 2024, 14, 14437. [CrossRef] [PubMed]

12. Vignoli, A.; Ghini, V.; Meoni, G.; Licari, C.; Takis, P.G.; Tenori, L.; Turano, P.; Luchinat, C. High-Throughput Metabolomics by 1D
NMR. Angew. Chem. Int. Ed. 2019, 58, 968-994. [CrossRef] [PubMed]

13. Lolli, V,; Caligiani, A. How Nuclear Magnetic Resonance Contributes to Food Authentication: Current Trends and Perspectives.
Curr. Opin. Food Sci. 2024, 58, 101200. [CrossRef]

14. Garcia-Pérez, P; Becchi, P.P.; Zhang, L.; Rocchetti, G.; Lucini, L. Metabolomics and Chemometrics: The next-Generation Analytical
Toolkit for the Evaluation of Food Quality and Authenticity. Trends Food Sci. Technol. 2024, 147, 104481. [CrossRef]

15.  Musio, B.; Rizzuti, A.; Mastrorilli, P.; Gallo, V. Advances in Food Metabolomics: Validating NMR-Based Non-Targeted Methods
and Fostering Collaborative NMR Applications. Prog. Nucl. Magn. Reson. Spectrosc. 2025, 150-151, 101562. [CrossRef] [PubMed]

16. Montgomery, K.H.; Elhabashy, A.; Del Carmen Reynoso Rivas, M.; Brar, G.; Krishnan, V.V. NMR Metabolomics as a Complemen-
tary Tool to Brix-Acid Tests for Navel Orange Quality Control of Long-Term Cold Storage. Sci. Rep. 2024, 14, 30078. [CrossRef]
[PubMed]

17.  Zhang, W,; Fu, X.; Zhang, Y.; Chen, X.; Feng, T.; Xiong, C.; Nie, Q. Metabolome Comparison of Sichuan Dried Orange Peels
(Chenpi) Aged for Different Years. Horticulturae 2024, 10, 421. [CrossRef]

18. Katz, E.; Fon, M; Lee, Y.J.; Phinney, B.S.; Sadka, A.; Blumwald, E. The Citrus Fruit Proteome: Insights into Citrus Fruit Metabolism.

Planta 2007, 226, 989-1005. [CrossRef] [PubMed]

https://doi.org/10.3390 /metabo16100735


https://doi.org/10.1111/pce.15453
https://www.ncbi.nlm.nih.gov/pubmed/40038898
https://doi.org/10.3390/horticulturae12010018
https://doi.org/10.1080/10408398.2021.1969891
https://www.ncbi.nlm.nih.gov/pubmed/34609268
https://doi.org/10.3389/fnut.2022.968604
https://www.ncbi.nlm.nih.gov/pubmed/35923210
https://doi.org/10.1016/j.scienta.2022.111629
https://doi.org/10.1146/annurev-arplant-042916-040906
https://www.ncbi.nlm.nih.gov/pubmed/28226232
https://doi.org/10.3389/fpls.2018.01689
https://www.ncbi.nlm.nih.gov/pubmed/30524461
https://doi.org/10.3389/fpls.2024.1368692
https://www.ncbi.nlm.nih.gov/pubmed/38736445
https://doi.org/10.1186/1471-2164-13-10
https://www.ncbi.nlm.nih.gov/pubmed/22230690
https://doi.org/10.3390/metabo10050187
https://www.ncbi.nlm.nih.gov/pubmed/32397309
https://doi.org/10.1038/s41598-024-65285-w
https://www.ncbi.nlm.nih.gov/pubmed/38910156
https://doi.org/10.1002/anie.201804736
https://www.ncbi.nlm.nih.gov/pubmed/29999221
https://doi.org/10.1016/j.cofs.2024.101200
https://doi.org/10.1016/j.tifs.2024.104481
https://doi.org/10.1016/j.pnmrs.2025.101562
https://www.ncbi.nlm.nih.gov/pubmed/41352865
https://doi.org/10.1038/s41598-024-77871-z
https://www.ncbi.nlm.nih.gov/pubmed/39627282
https://doi.org/10.3390/horticulturae10040421
https://doi.org/10.1007/s00425-007-0545-8
https://www.ncbi.nlm.nih.gov/pubmed/17541628
https://doi.org/10.3390/metabo16100735

Metabolites 2026, 16, 735 18 of 19

19.

20.

21.

22.

23.

24.

25.

26.

27.

28.

29.

30.

31.

32.

33.

34.

35.

36.

37.

38.

39.

Lin, Q.; Wang, C.; Dong, W.; Jiang, Q.; Wang, D.; Li, S.; Chen, M.; Liu, C.; Sun, C.; Chen, K. Transcriptome and Metabolome
Analyses of Sugar and Organic Acid Metabolism in Ponkan (Citrus reticulata) Fruit during Fruit Maturation. Gene 2015, 554, 64-74.
[CrossRef] [PubMed]

Dieterle, F.; Ross, A.; Schlotterbeck, G.; Senn, H. Probabilistic Quotient Normalization as Robust Method to Account for Dilution
of Complex Biological Mixtures. Application in 1H NMR Metabonomics. Anal. Chem. 2006, 78, 4281-4290. [CrossRef] [PubMed]
Posma, ].M.; Garcia-Perez, I.; De Iorio, M.; Lindon, J.C.; Elliott, P.; Holmes, E.; Ebbels, TM.D.; Nicholson, ].K. Subset Optimization
by Reference Matching (STORM): An Optimized Statistical Approach for Recovery of Metabolic Biomarker Structural Information
from 1H NMR Spectra of Biofluids. Anal. Chem. 2012, 84, 10694-10701. [CrossRef] [PubMed]

Serrano-Contreras, ]J.I; Lindon, J.C.; Frost, G.; Holmes, E.; Nicholson, J.K.; Garcia-Perez, I. Implementation of Pure Shift 1IH NMR
in Metabolic Phenotyping for Structural Information Recovery of Biofluid Metabolites with Complex Spin Systems. NMR Biomed.
2024, 37, €5060. [CrossRef] [PubMed]

Jandri¢, Z.; Islam, M.; Singh, D.K.; Cannavan, A. Authentication of Indian Citrus Fruit/Fruit Juices by Untargeted and Targeted
Metabolomics. Food Control 2017, 72, 181-188. [CrossRef]

Bisen, A.C.; Rawat, P; Sharma, G.; Sanap, S.N.; Agrawal, S.; Kumar, S.; Kumar, A.; Choudhury, A.D.; Kamboj, S.; Narender, T.;
et al. Hesperidin: Enrichment, Forced Degradation, and Structural Elucidation of Potential Degradation Products Using Spectral
Techniques. Rapid Commun. Mass Spectrom. 2023, 37, €9615. [CrossRef] [PubMed]

da Silva, D.F.; Bomfim, J.P.A.; Marchi, R.C.; Amaral, J.C.; Pinto, L.S.; Carlos, R.M.; Ferreira, A.G.; Forim, M.R.; Fernandes,
J.B.; da Silva, M.E.G.F;; et al. Valorization of Hesperidin from Citrus Residues: Evaluation of Microwave-Assisted Synthesis of
Hesperidin-Mg Complex and Their Insecticidal Activity. J. Braz. Chem. Soc. 2022, 33, 772-782.

Jadeja, Y.S.; Kapadiya, K.M.; Jebaliya, H.J.; Shah, A.K.; Khunt, R.C. Dihedral Angle Study in Hesperidin Using NMR Spectroscopy.
Magn. Reson. Chem. 2017, 55, 589-594. [CrossRef] [PubMed]

Jungen, M.; Schiitz, B.; Schweiggert, R. Influence of Species and Processing Techniques on Phlorin in Citrus Juices as Quantified
by TH-NMR Spectroscopy. LWT 2020, 134, 109949. [CrossRef]

Le Gall, G.; Puaud, M.; Colquhoun, 1.]. Discrimination between Orange Juice and Pulp Wash by 1H Nuclear Magnetic Resonance
Spectroscopy: Identification of Marker Compounds. J. Agric. Food Chem. 2001, 49, 580-588. [CrossRef] [PubMed]

Slisz, A.M.; Breksa, A.P, III; Mishchuk, D.O.; McCollum, G.; Slupsky, C.M. Metabolomic Analysis of Citrus Infection by
‘Candidatus Liberibacter” Reveals Insight into Pathogenicity. J. Proteome Res. 2012, 11, 4223-4230. [CrossRef] [PubMed]

Teague, C.; Holmes, E.; Maibaum, E.; Nicholson, J.; Tang, H.; Chan, Q.; Elliott, P.; Wilson, I. Ethyl Glucoside in Human Urine
Following Dietary Exposure: Detection by 1H NMR Spectroscopy as a Result of Metabonomic Screening of Humans. Analyst
2004, 129, 259-264. [CrossRef] [PubMed]

Posma, ].M.; Garcia-Perez, I.; Ebbels, TM.D.; Lindon, J.C.; Stamler, J.; Elliott, P.; Holmes, E.; Nicholson, J.K. Optimized Phenotypic
Biomarker Discovery and Confounder Elimination via Covariate-Adjusted Projection to Latent Structures from Metabolic
Spectroscopy Data. . Proteome Res. 2018, 17, 1586-1595. [CrossRef] [PubMed]

Everett, ].R.; Holmes, E.; Veselkov, K.A.; Lindon, ].C.; Nicholson, ].K. A Unified Conceptual Framework for Metabolic Phenotyping
in Diagnosis and Prognosis. Trends Pharmacol. Sci. 2019, 40, 763-773. [CrossRef] [PubMed]

Faivishevsky, L.; Goldberger, J. ICA Based on a Smooth Estimation of the Differential Entropy. In Proceedings of the Advances in
Neural Information Processing Systems; Koller, D., Schuurmans, D., Bengio, Y., Bottou, L., Eds.; Curran Associates, Inc.: Red Hook,
NY, USA, 2008; Volume 21.

Atoum, D.; Fernandez-Pastor, I.; Young, L.; Edrada-Ebel, R. Use of Multivariate Analysis to Unravel the Differences between Two
Chamomile Varieties and Their Anticancer and Antioxidant Activities. Plants 2023, 12, 2297. [CrossRef] [PubMed]

Eriksson, L.; Jaworska, J.; Worth, A.P.; Cronin, M.T.D.; McDowell, R.M.; Gramatica, P. Methods for Reliability and Uncertainty
Assessment and for Applicability Evaluations of Classification- and Regression-Based QSARs. Environ. Health Perspect. 2003, 111,
1361-1375. [CrossRef] [PubMed]

Hou, D.; Tang, J.; Feng, Q.; Niu, Z.; Shen, Q.; Wang, L.; Zhou, S. Gamma-Aminobutyric Acid (GABA): A Comprehensive Review
of Dietary Sources, Enrichment Technologies, Processing Effects, Health Benefits, and Its Applications. Crit. Rev. Food Sci. Nutr.
2024, 64, 8852-8874. [CrossRef] [PubMed]

Tang, N.; Deng, W.; Hu, N.; Chen, N.; Li, Z. Metabolite and Transcriptomic Analysis Reveals Metabolic and Regulatory Features
Associated with Powell Orange Pulp Deterioration during Room Temperature and Cold Storage. Postharvest Biol. Technol. 2016,
112, 75-86. [CrossRef]

Yao, S.; Wang, Z.; Cao, Q.; Xie, J.; Wang, X.; Zhang, R.; Deng, L.; Ming, J.; Zeng, K. Molecular Basis of Postharvest Granulation
in Orange Fruit Revealed by Metabolite, Transcriptome and Methylome Profiling. Postharvest Biol. Technol. 2020, 166, 111205.
[CrossRef]

Tang, N.; Chen, N.; Hu, N.; Deng, W.; Chen, Z; Li, Z. Comparative Metabolomics and Transcriptomic Profiling Reveal the
Mechanism of Fruit Quality Deterioration and the Resistance of Citrus Fruit against Penicillium digitatum. Postharvest Biol. Technol.
2018, 145, 61-73. [CrossRef]

https:/ /doi.org/10.3390/metabo16100735


https://doi.org/10.1016/j.gene.2014.10.025
https://www.ncbi.nlm.nih.gov/pubmed/25455100
https://doi.org/10.1021/ac051632c
https://www.ncbi.nlm.nih.gov/pubmed/16808434
https://doi.org/10.1021/ac302360v
https://www.ncbi.nlm.nih.gov/pubmed/23151027
https://doi.org/10.1002/nbm.5060
https://www.ncbi.nlm.nih.gov/pubmed/37937465
https://doi.org/10.1016/j.foodcont.2015.10.044
https://doi.org/10.1002/rcm.9615
https://www.ncbi.nlm.nih.gov/pubmed/37706431
https://doi.org/10.1002/mrc.4559
https://www.ncbi.nlm.nih.gov/pubmed/27943395
https://doi.org/10.1016/j.lwt.2020.109949
https://doi.org/10.1021/jf001046e
https://www.ncbi.nlm.nih.gov/pubmed/11261996
https://doi.org/10.1021/pr300350x
https://www.ncbi.nlm.nih.gov/pubmed/22698301
https://doi.org/10.1039/b314316n
https://www.ncbi.nlm.nih.gov/pubmed/14978530
https://doi.org/10.1021/acs.jproteome.7b00879
https://www.ncbi.nlm.nih.gov/pubmed/29457906
https://doi.org/10.1016/j.tips.2019.08.004
https://www.ncbi.nlm.nih.gov/pubmed/31511194
https://doi.org/10.3390/plants12122297
https://www.ncbi.nlm.nih.gov/pubmed/37375922
https://doi.org/10.1289/ehp.5758
https://www.ncbi.nlm.nih.gov/pubmed/12896860
https://doi.org/10.1080/10408398.2023.2204373
https://www.ncbi.nlm.nih.gov/pubmed/37096548
https://doi.org/10.1016/j.postharvbio.2015.10.008
https://doi.org/10.1016/j.postharvbio.2020.111205
https://doi.org/10.1016/j.postharvbio.2018.06.007
https://doi.org/10.3390/metabo16100735

Metabolites 2026, 16, 735 19 of 19

40.

41.

42.

43.

44.

45.

46.

47.

48.

49.

50.

51.

52.

53.

54.

55.

56.

57.

Yuan, Y,; Duan, Y.; Zhang, Q.; Hou, J.; Xu, C.; Zhao, J; Jin, R;; Yu, Y.; Mao, X.; Wang, Y. Untargeted Metabolomics Analysis of
Gannan Navel Orange at Different Storage Periods under Room Temperature Using HS-SPME-GC-MS and UPLC-Q-TOF/MS.
Food Chem. 2024, 440, 138186. [CrossRef] [PubMed]

Liu, S.; Cai, Y.;; Lou, Y.; Zhao, Y.; Cao, M,; Li, P; Gu, Q. Understanding Citrus Aroma: Changes Induced by Postharvest Treatments
of Fresh Fruit. Postharvest Biol. Technol. 2025, 224, 113491. [CrossRef]

Mao, Z.; Wang, Y.; Li, M.; Zhang, S.; Zhao, Z.; Xu, Q.; Liu, ].-H.; Li, C. Vacuolar Proteomic Analysis Reveals Tonoplast Transporters
for Accumulation of Citric Acid and Sugar in Citrus Fruit. Hortic. Res. 2024, 11, uhad249. [CrossRef] [PubMed]

Lu, W,; Hao, W,; Liu, K;; Liu, J.; Yin, C.; Su, Y.;; Hang, Z.; Peng, B.; Liu, H.; Xiong, B.; et al. Analysis of Sugar Components and
Identification of SPS Genes in Citrus Fruit Development. Front. Plant Sci. 2024, 15, 1372809. [CrossRef] [PubMed]

Horvathov4, J.; Tobolkov4, B.; Kopuncova, M.; Polovka, M.; Durec, J.; Hrouzkovd, S. Free Amino Acid Profile of Orange and
Pineapple Juices as a Marker of Geographical Origin. J. Food Compos. Anal. 2025, 148, 108311. [CrossRef]

Rao, M.J.; Wu, S.; Duan, M.; Wang, L. Antioxidant Metabolites in Primitive, Wild, and Cultivated Citrus and Their Role in Stress
Tolerance. Molecules 2021, 26, 5801. [CrossRef] [PubMed]

Macarisin, D.; Cohen, L.; Eick, A.; Rafael, G.; Belausov, E.; Wisniewski, M.; Droby, S. Penicillium digitatum Suppresses Production
of Hydrogen Peroxide in Host Tissue During Infection of Citrus Fruit. Phytopathology 2007, 97, 1491-1500. [CrossRef] [PubMed]
Ballester, A.-R.; Teresa Lafuente, M.; Gonzélez-Candelas, L. Citrus Phenylpropanoids and Defence against Pathogens. Part II:
Gene Expression and Metabolite Accumulation in the Response of Fruits to Penicillium digitatum Infection. Food Chem. 2013, 136,
285-291. [CrossRef] [PubMed]

Bai, J.; Baldwin, E.A.; McCollum, G.; Plotto, A.; Manthey, J.A.; Widmer, W.W.,; Luzio, G.; Cameron, R. Changes in Volatile and
Non-Volatile Flavor Chemicals of “Valencia” Orange Juice over the Harvest Seasons. Foods 2016, 5, 4. [CrossRef] [PubMed]

Du, Y.; Zhao, Y.; Wei, X.; Zhang, Y.; Dai, Y.; Chen, Y; Ji, C,; Lin, X.; Zhang, S. Pectinase from Bacillus velezensis W6: A Low
Pectin-Methylesterase Activity Pectinase for Enhancing Quality and Safety in Orah Mandarin Wine and Its Mechanism for
Methanol Reduction. Food Biosci. 2025, 71, 107279. [CrossRef]

Frempong, K.E.B.; Chen, Y.; Wang, Z.; Xu, J.; Xu, X.; Cui, W.; Gong, H.; Peng, D.; Liang, L.; Meng, Y,; et al. Study on Textural
Changes and Pectin Degradation of Tarocco Blood Orange during Storage. Int. J. Food Prop. 2022, 25, 344-358. [CrossRef]

Han, L.; Li, G.; Wang, X.; Yu, B.; Zhang, T.; Cheng, Y. Characterization of Volatile Compounds from Healthy and Citrus Black
Spot-Infected Valencia Orange Juice and Essential Oil by Using Gas Chromatography-Mass Spectrometry. Food Chem. X 2024,
22,101374. [CrossRef] [PubMed]

Cercds, M.; Soler, G.; Iglesias, D.].; Gadea, J.; Forment, J.; Talén, M. Global Analysis of Gene Expression during Development and
Ripening of Citrus Fruit Flesh. A Proposed Mechanism for Citric Acid Utilization. Plant Mol. Biol. 2006, 62, 513-527. [CrossRef]
[PubMed]

Katz, E.; Boo, K.H.; Kim, H.Y.; Eigenheer, R.A.; Phinney, B.S.; Shulaev, V.; Negre-Zakharov, F.; Sadka, A.; Blumwald, E. Label-Free
Shotgun Proteomics and Metabolite Analysis Reveal a Significant Metabolic Shift during Citrus Fruit Development. . Exp. Bot.
2011, 62, 5367-5384. [CrossRef] [PubMed]

Jungen, M.; Gilcher, C.; Patz, C.; Steingass, C.B.; Schweiggert, R. Phenolic Compounds and Quantitative 1IH-NMR Spectroscopy
for Authentication of Lemon, Lime, Orange, and Grapefruit Juices. Food Chem. 2025, 485, 144379. [CrossRef] [PubMed]

French, C.D.; Arnold, C.D.; Taha, A.Y.; Engle-Stone, R.; Schmidt, R.J.; Hertz-Picciotto, I.; Slupsky, C.M. Assessing Repeated
Urinary Proline Betaine Measures as a Biomarker of Usual Citrus Intake during Pregnancy: Sources of Within-Person Variation
and Correlation with Reported Intake. Metabolites 2023, 13, 904. [CrossRef] [PubMed]

Jahani, R.; Nasiri, A.; Eslamizad, S.; Mokhtari, S.; Bayanati, M.; Haratian, A.; Yazdanpanah, H. Detection and Verification of
Citrus Juice Adulteration: A Comprehensive Review of Targeted and Untargeted Analytical Methods. J. Food Compos. Anal. 2025,
139, 107127. [CrossRef]

Hu, Y,; Wang, M.; Willett, W.C.; Stampfer, M.; Liang, L.; Hu, EB.; Rimm, E.; Brennan, L.; Sun, Q. Calibration of Citrus Intake
Assessed by Food Frequency Questionnaires Using Urinary Proline Betaine in an Observational Study Setting. Am. |. Clin. Nutr.
2024, 120, 178-186. [CrossRef] [PubMed]

Disclaimer/Publisher’s Note: The statements, opinions and data contained in all publications are solely those of the individual

author(s) and contributor(s) and not of MDPI and/or the editor(s). MDPI and/or the editor(s) disclaim responsibility for any injury to

people or property resulting from any ideas, methods, instructions or products referred to in the content.

https:/ /doi.org/10.3390/metabo16100735


https://doi.org/10.1016/j.foodchem.2023.138186
https://www.ncbi.nlm.nih.gov/pubmed/38104456
https://doi.org/10.1016/j.postharvbio.2025.113491
https://doi.org/10.1093/hr/uhad249
https://www.ncbi.nlm.nih.gov/pubmed/38288255
https://doi.org/10.3389/fpls.2024.1372809
https://www.ncbi.nlm.nih.gov/pubmed/38606072
https://doi.org/10.1016/j.jfca.2025.108311
https://doi.org/10.3390/molecules26195801
https://www.ncbi.nlm.nih.gov/pubmed/34641344
https://doi.org/10.1094/PHYTO-97-11-1491
https://www.ncbi.nlm.nih.gov/pubmed/18943520
https://doi.org/10.1016/j.foodchem.2012.08.006
https://www.ncbi.nlm.nih.gov/pubmed/23017425
https://doi.org/10.3390/foods5010004
https://www.ncbi.nlm.nih.gov/pubmed/28231099
https://doi.org/10.1016/j.fbio.2025.107279
https://doi.org/10.1080/10942912.2022.2032736
https://doi.org/10.1016/j.fochx.2024.101374
https://www.ncbi.nlm.nih.gov/pubmed/38681230
https://doi.org/10.1007/s11103-006-9037-7
https://www.ncbi.nlm.nih.gov/pubmed/16897468
https://doi.org/10.1093/jxb/err197
https://www.ncbi.nlm.nih.gov/pubmed/21841177
https://doi.org/10.1016/j.foodchem.2025.144379
https://www.ncbi.nlm.nih.gov/pubmed/40288342
https://doi.org/10.3390/metabo13080904
https://www.ncbi.nlm.nih.gov/pubmed/37623848
https://doi.org/10.1016/j.jfca.2024.107127
https://doi.org/10.1016/j.ajcnut.2024.05.011
https://www.ncbi.nlm.nih.gov/pubmed/38762186
https://doi.org/10.3390/metabo16100735

	Introduction 
	Materials and Methods 
	Fruits Source 
	Sample Preparation 
	1H NMR Spectroscopy 
	NMR Data Pre-Processing 
	Identification of Metabolites 
	Semitargeted Approach 
	NMR Statistical Analysis 
	Correlation Analysis 
	Entropy Analysis 

	Results 
	Discussion 
	The Rationale for Merging Days 9 and 18 
	C. sinensis Metabotype over Time 
	Nutritional and Commercial Implications 

	Conclusions 
	References

