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The metabolites of coconut water stored at room temperature were analyzed using UPLC-MS/MS and
multivariate statistical analysis to identify the differential biomarkers and metabolic pathways during
post-harvest storage. Principal component analysis (PCA), partial least squares-discriminate analysis (PLS-
DA), and orthogonal projections to latent structures discriminant analysis (OPLS-DA) were employed to
analyze the UPLC-MS/MS data set of 34 matured coconut water samples collected after O, 1, 2, 3, 4, and
5 months of storage (MOS); moreover, the p-value and fold change were chosen to identify the
differential biomarkers; furthermore, a KEGG pathway was applied to analyze the metabolic pathways. All
samples were discriminated well in the OPLS-DA model and were divided into two clusters: groups A (O

MOS, and so on), B, C, and D were in one cluster, and groups E and F were in another. A total of 18
Received 17th May 2018 biomark identified u d 12 biomarkers bet AandE, f hich
Accepted 28th August 2018 iomarkers were identified among all groups an iomarkers between groups A and E, from whic
we concluded that the post-harvest storage life of matured coconut water shall not exceed 3 months

DOI: 10.1039/c8ra04213f and the pathways of the TCA cycle, protein hydrolysis from coconut meat, and interconversion among

rsc.li/rsc-advances amino acids were mainly enriched during the post-harvest storage.

1. Introduction

Since the 1940s, researchers have conducted extensive research
on coconut water, which is a natural health drink and is widely
consumed due to its health benefits."* For example, coconut
water can be used as an alternative to oral rehydration medi-
cine, and even used as intravenous rehydration for patients in
remote areas.” Moreover, coconut water has been found to help
prevent myocardial infarction.® In addition, micronutrients,
such as inorganic ions and vitamins, in coconut water are
helpful in bolstering the human body's antioxidant system,
which can catalyze the removal of oxidizing substances by
supplying radicals or being a part of metallo-enzymes, thereby
reducing oxidative damage from polyunsaturated fatty acids in
the cell membrane or nucleic acids in the nucleus.* Further-
more, coconut water is widely used in plant tissue culture,
which dates back to more than half a century ago when van
Overbeek et al.” first used coconut water as a novel component
in callus culture medium. In addition to its nutritional effects,
coconut water appears to have growth-regulating properties,
such as cytokinin-type activity.®
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Metabolomics is a metabolic network established to illus-
trate the state of an organism within a certain moment or
environment. The main research objects of metabolomics are
some small molecules which are the end products of gene
expression and the biochemical phenotype of a cell or tissue,
such as carbohydrates, lipids, amino acids, and nucleotides.”
The main aim of metabolomics is to quantify the metabolic
changes in a biological system under certain stimuli (internal
stimulation such as genes changes, external one such as
temperature changes) and construct information models by
means of modern scientific detection and processing methods
based on the investigation of the organism community and
analysis of the community's overall index.® The first problem in
metabolomics is dynamically detecting the changes in metab-
olites within the organism and describing the rules of these
changes by using a mathematical formula, in order to establish
the relationship between the organism and the changing rules
of metabolites.” Therefore, metabolomic analysis possesses
indispensable research value in view of fully deriving biological
information and improving the use of this information for
humans.

Metabolomics has been applied in various fields, such as
disease diagnosis,' drug toxicity and mechanism research,™
gene function elucidation,” plant metabolomics,” nutrition
science, microbiological research," and emerging ecological
metabolomics.'>*®

This journal is © The Royal Society of Chemistry 2018


http://crossmark.crossref.org/dialog/?doi=10.1039/c8ra04213f&domain=pdf&date_stamp=2018-09-06
http://orcid.org/0000-0002-1260-3488
http://creativecommons.org/licenses/by-nc/3.0/
http://creativecommons.org/licenses/by-nc/3.0/
https://doi.org/10.1039/c8ra04213f
https://pubs.rsc.org/en/journals/journal/RA
https://pubs.rsc.org/en/journals/journal/RA?issueid=RA008055

Open Access Article. Published on 06 September 2018. Downloaded on 2/10/2026 4:20:32 PM.

Thisarticleislicensed under a Creative Commons Attribution-NonCommercial 3.0 Unported Licence.

(cc)

Paper

Plant metabolomics mostly focuses on areas involving
metabolic profiling or metabolite fingerprinting, including (1)
metabolomic studies of certain plant species, wherein a plant
organ or tissue are selected to analyze the metabolites therein
qualitatively and quantitatively; (2) metabolomic phenotype
studies of different genotype plants, wherein two or more plants
of the same species are selected and metabolomics is applied to
compare and identify their different genotypes; (3) metab-
olomic studies of certain ecological plants, wherein the same
plant species in different ecological environments are selected
to study the effects of the growth environments on plant
metabolites; (4) studies on the autoimmune responses of plants
after external stimulation.

Metabolomics has attained breakthroughs in the post-
harvest research of fruits and vegetables in recent years, and
has become an important research method by revealing the
metabolic and quality changes in the growth or post-harvest
storage of fruits and vegetables. Rudell et al'”'® applied
various multivariate data analysis to analyze the metabolomic
dataset of apple skin and confirmed that superficial scalding is
strongly influenced by light treatments and secondary metab-
olites, such as isoprene and phenylpropanoid. Moreover,
dramatic changes in metabolites accelerate the progress of
superficial scalding and UV radiation, and can reduce superfi-
cial scald incidence in Granny Smith Apple. Sun et al.*® used GC-
MS to explore organic acid regulatory mechanisms in post-
harvest Hirado Buntan Pummelo, and the results showed that
the concentration of organic acids is significantly related to the
physiological changes (such as hydrogen peroxide content,
superoxide dismutase, and peroxidase activities) during senes-
cence processes, thus indicating that organic acids are an
important index for estimating citrus fruit post-harvest senes-
cence processes.

The tender coconut water can be directly consumed or pro-
cessed into various beverages, whereas matured coconut water
is often wasted due to its unpleasant taste; thus, more studies
are focused on tender coconut water than on matured coconut
water, except for a small part that is used as the culture medium
of nata de coco. A series of physiological and biochemical
changes occur in coconut water during harvesting; however,
how these changes influence the metabolism of matured
coconut water during post-harvest storage has not yet been re-
ported. Therefore, this study applied a metabolomic tool
(multivariate data analysis based on UPLC-MS/MS) to reveal the
rules in the changes and accumulation models of metabolites in
matured coconut water during post-harvest storage to provide
a theoretical basis for the analysis of deterioration process and
metabolic regulation during storage.

2. Materials and methods
2.1 Reagents and chemicals

Double-distilled water (ddH,0) was produced by purifying
demineralized water in a purification system (arium® mini,
Sartorius, Gottingen, Germany). LC-MS-grade methanol, aceto-
nitrile, and formic acid were obtained from Merck (Darmstadt,
Germany).
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2.2 Sample collection

Matured coconuts (high-native species) were harvested from
a coconut planting base in Wenchang City (Hainan, China). All
coconuts had reached the age of 12 months, had uniform color,
no damage, and no pest infections as observed from the surface,
and were stored indoors at room temperature. Samples
(coconut water) were taken out from coconuts collected at 0, 1,
2, 3, 4, and 5 months during storage and quickly stored in
a refrigerator (Haier, Qingdao, China) at —80 °C after freezing in
liquid nitrogen.

The sampling details and appearance changes of coconuts
during storage are shown in Fig. 1.

2.3 Determination of conductivity, °Brix, pH, and sugar/acid
ratio

The conductivity of matured coconut water was measured using
a METTLER TOLEDO FE30 conductivity meter; °Brix was
measured using an ATAGO PAL-1 refractometer; and pH was
measured using a METTLER TOLEDO FE20 pH meter; more-
over, we used the formula: sugar/acid ratio = °Brix value/pH
value.

2.4 Sample preparation for UPLC-MS/MS analyses

The sample preparation was conducted according to previous
studies®>*** with some modifications. After thawing at 4 °C, 100
uL of each sample was transferred into 1.5 mL centrifuge
tubes, and each centrifuge tube was added with 200 pL
methanol (pre-cooled at —20 °C) and vortexed for 60 s. After-
ward, all tubes were centrifuged for 10 min at 12 000 rpm 4 °C
and each supernatant was transferred into another 1.5 mL
centrifuge tube for blow-drying by vacuum concentration. All
dried samples were dissolved with 300 uL methanol aqueous
solution (4:1, 4 °C) and filtered using a 0.22 pum PTFE
membrane (Jinteng, Tianjin, China) to obtain the prepared
sample extracts for LC-MS. Finally, 20 puL from each prepared
sample extract was taken and mixed as the quality control (QC)
sample (QC sample was used to monitor deviations of the
analytical results from the pool mixtures and to analyze the
errors caused by the instrument itself), and the remaining
sample extracts were used for LC-MS detection.

2.5 Metabolomic analysis based on UPLC-MS/MS

The sample extracts were separated using HPLC with a Waters
ACQUITY UPLC system equipped with an ACQUITY UPLC®
BEH C18 (2.1 mm x 100 mm X 1.7 pm) analysis column
maintained at 40 °C. The temperature of the autosampler was
4 °C. Gradient elution of extracts was carried out with 0.1%
formic acid in water (A) and 0.1% formic acid in acetonitrile
(B) at a flow rate of 0.25 mL min~ . Moreover, 4 uL injections of
each extract was done after equilibration. An increasing linear
gradient of solvent B (v/v) was used as follows: 0-1 min, 2% B;
1-9.5 min, 2-50% B; 9.5-14 min, 50-98% B; 14-15 min, 98% B;
15-15.5 min, 98-2% B; 15.5-17 min, 2%.

The ESI-MS experiments were executed on the Thermo LTQ
Orbitrap XL mass spectrometer with spray voltage values of 4.8
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Group A (0 MOS®) Group B (1 MOS)
Sampling time: Jul 25" 2017

Number of samples: 6

Sampling time: Aug 27"

Number of samples: 6

Group C (2 MOS)
2017  Sampling time: Sep 27", 2017

Number of samples: 6

Group D (3 MOS)

Group E (4 MOS)
Sampling time: Oct 27, 2017

Number of samples: 6

Sampling time: Nov 27" 2017

Number of samples: 6

Group F (5 MOS)
Sampling time: Dec 27", 2017

Number of samples: 4

Fig. 1 Appearance changes of coconut water during storage. ® MOS: months of storage.

and —4.5 kV in positive and negative modes, respectively.
Moreover, sheath gas and auxiliary gas were set at 45 and 15
arbitrary units, respectively. The capillary temperature was
325 °C. The voltages of the capillary and tube were 35 and 50V,
and —15 and —50 V in positive and negative modes, respec-
tively. The Orbitrap analyzer scanned over a mass range of m/z
89-1000 for full scan at a mass resolution of 60 000. Data-
dependent acquisition (DDA) MS/MS experiments were per-
formed with CID scan. The normalized collision energy was
30 eV. Dynamic exclusion was implemented with a repeat
count of 2, and an exclusion duration of 15 s.??

2.6 Data processing and multivariate data analysis

The raw data obtained was converted by using Proteowizard
(v3.0.8789) into mzXML format (xcms input file format) and
imported into the XCMS package of R software (v3.3.2) to
derive the peak identification, filtration, and alignment with
main parameters of bw = 5, ppm = 15, peak width = ¢ (10,
120), mzwid = 0.015, mzdiff = 0.01, and method = “cen-
tWave”. Thus, some data matrices, including mass-to-charge
ratio (m/z), retention time, and peak area were obtained,
including 1405 precursor molecules in positive ion mode and
1275 in negative ion mode. Moreover, non-normalized values
for peak areas were exported to Excel (Microsoft Corp., Red-
mond, WA, USA) for batch normalization and calculation.

31398 | RSC Adv., 2018, 8, 31396-31405

Pareto scaling and visualization of data were accomplished by
plotting principal component scores, wherein each coordinate
represented a single biological sample. Principal component
analysis (PCA) and partial least squares discriminant analysis
(PLS-DA) were employed to classify and discriminate the
samples according to the multidimensional data generated
from the analytical techniques. The predictive ability of the
models estimated by cross validation was analyzed using three
predictive components (R2X, R2Y, and Q(cum)2). Afterward,
orthogonal projection to latent structure discriminant analysis
(OPLS-DA) model was applied to extract the interpretable
information from the multidimensional data and isolate the
metabolites responsible for the differences among each group.
Features with high loadings in the corresponding loading
plots that exerted high influence for PCA, PLS-DA, or OPLS-DA
calculation were picked for further identification. First, one-
way ANOVA with Tukey's test was used to analyze the signifi-
cant difference of each metabolite in the group discrimina-
tion, and fold change =1.5 or =0.667 and significance at p <
0.05 were used to identify differential biomarkers for
grouping. Additionally, differential biomarkers were ranked
using support vector machine (SVM) according to their influ-
ence or importance. Furthermore, pathway analysis was con-
ducted using MetaboAnalyst 3.0, which is an open-source
bioinformatics Web site mainly based on KEGG pathway for
metabolite data interpretation.

This journal is © The Royal Society of Chemistry 2018
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3. Results and discussion

3.1 Changes in conductivity, °Brix, pH, and sugar/acid ratio
of matured coconut water during storage

The influence of storage time on conductivity, °Brix, pH, and
sugar/acid ratio is shown in Fig. 2. No significant change in the
conductivity of matured coconut water was found during 0-1
MOS; however, a significant increase was observed until the end
of storage (5 MOS). The °Brix of matured coconut water declined
rapidly at 1 MOS from 4.17 to 3.14, but increased continuously
to 6.67 until the end, thus indicating that the °Brix of matured
coconut water experienced dramatic fluctuations during
storage. The rapid decrease in °Brix at 1 MOS might have been
caused by high metabolic activity, and the following increase
may be due to the weakening metabolism and the rapid
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Fig. 2 Changes in conductivity, °Brix, pH and sugar/acid ratio of
matured coconut water during storage.

04+

This journal is © The Royal Society of Chemistry 2018

View Article Online

RSC Advances

decrease in coconut water volume. The pH of matured coconut
water rose rapidly from 5.49 to 5.78 at 1 MOS, then gradually
decreased, reaching a peak value of 5.20 at 4 MOS. After this
time, it rose again, but with no significant changes. The
increase in pH at 1 MOS may be caused by the consumptions of
organ acids due to the oxidative metabolism via the Krebs cycle,
gluconeogenesis, fermentation, anthocyanin synthesis, amino
acids interconversion, etc.>?

The sugar/acid ratio, a quantitative indicator for taste and
consumer preferences,' showed a global upward trend (Fig. 2),
reaching a peak of 1.25 at 5 MOS. However, the sugar/acid ratio
dropped sharply at 1 MOS from 0.78 to 0.54, and the sharp
decline corresponded to the dramatic changes in °Brix and pH
values during this period. After 1 MOS, the sugar/acid ratio rose
steadily until the end of storage, mainly due to the increase in
°Brix and decrease in pH value. Therefore, the °Brix, pH, and
sugar/acid ratio of matured coconut water at 3 MOS were similar
to that of the fresh sample; however, the sugar/acid ratio
increased dramatically, leading to flavor fading and commercial
decrease. Therefore, the 1, 3, and 4 MOS during post-harvest
storage were the key time points for changes in coconut water
flavor and quality (including °Brix, pH, and sugar/acid ratio).

3.2 Metabolic profiling analysis of matured coconut water
during storage

The differentially expressed (DE) metabolites are shown in
Fig. 3a and e. For each phenotypic change, the metabolites that
are upregulated or downregulated from the standard in cells or
between the experimental and control groups are known as DE
metabolites. The method used to identify these DE metabolites
in the present study was Student's-test (for two groups).>* A total
of 1405 precursor molecules were obtained from nontargeted
UPLC-MS/MS analysis in the positive ion mode and 1275
precursor molecules were obtained in the negative ion mode
(hereafter referred to as NT-pos and NT-neg). Fig. 3a and e show
that in NT-pos, the number of upregulated DE metabolites show
a continually increasing trend and reached a peak of 200 at 5
MOS (group F), and the downregulated DE metabolites initially
increased to 148 and then decreased; whereas in NT-neg, both
upregulated and downregulated DE metabolites reached the
maximum values in group E. In addition, multivariate statistical
analysis was employed to discriminate samples based on the
dataset obtained from NT-pos and NT-neg. With regard to the
data from NT-pos, the resulting PCA score plot (Fig. 3b) showed,
that except for F1 and F3, the samples were mostly located in
the 95% confidence interval (hotelling T2 ellipse). The separa-
tion of MOS was insufficient with strong overlapping of samples
from groups A, B, C, and D. However, PLS-DA (Fig. 3¢) showed
no improvement over PCA with overlapping samples from
groups A and B, as well as groups C and Dj; although being
a supervised method and having better separation of sample
groups by maximizing the covariance between the explanatory
variables (metabolites) and the response (groups).>> OPLS-DA
model was further used to analyze the metabolites, and its
score plot (Fig. 3d) showed that all samples were discriminated
well. Meanwhile, the same conclusion could be drawn from

RSC Adv., 2018, 8, 31396-31405 | 31399
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Fig. 3 Upregulated and downregulated DE metabolites, PCA score plots, PLS-DA score plots, and OPLS-DA score plots based on NT-pos ((a)-
(d)) and NT-neg ((e)-(h)).

data of NT-neg. The PCA score plot (Fig. 3f) showed that A3 was
out of the 95% hotelling T2 ellipse, and separation of MOS was
insufficient with strong overlapping of samples from all groups.

31400 | RSC Adv., 2018, 8, 31396-31405

score plot (Fig. 3h) showed that all samples

However, PLS-DA (Fig. 3g) showed better discrimination over
PCA with less overlapping of samples. Furthermore, OPLS-DA

were grouped

This journal is © The Royal Society of Chemistry 2018
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well. Therefore, compared with PLS-DA and PCA, OPLS-DA led
to better discrimination of the sample groups in both NT-pos
and NT-neg.

3.3 Metabolomic analyses of matured coconut water among
all groups

The criteria of one-way ANOVA p-value < 0.05 and false discovery
rate (FDR) multiple test were used to compare the DE metabo-
lites obtained from NT-pos and NT-neg. A total of 14 differential
biomarkers, namely, i-valine, r-threonine, r-isoleucine, t-
leucine, L-proline, 5-oxo-p-proline, gamma-aminobutyric acid
zwitterion, taurine, dibutyl phthalate, deethylatrazine, 4-
hydroxyphenylacetic acid, (R)-pantothenic acid, acetoacetate,
and sphinganine at m/z [M + H]" ions; and three biomarkers,
namely, keto-p-fructose, malic acid, and fenbufen at m/z [M —
H]  ions, as well as (S)-malate at m/z [M + Na]" ion (Fig. 4a), were
determined and identified in all samples. Afterward, these
differential biomarkers in all groups were used for hierarchical
Cluster Analysis, and the samples were grouped into two clus-
ters: Cluster A had higher concentrations of taurine, sphinga-
nine, malic acid, fenbufen, 5-oxo-p-proline, r-isoleucine, r-
valine, i-threonine, deethylatrazine, r-leucine, (R)-pantothenic
acid, (S)-malate, di-4-hydroxyphenylacetic acid, and butyl
phthalate; and Cluster B contained higher gamma-
aminobutyric acid zwitterion, r-proline, acetoacetate, and
keto-p-fructose concentrations (Fig. 4a). Furthermore, in
observing the distribution patterns of the samples in the two
clusters, the samples of groups E and F were mainly concen-
trated on Cluster A, samples of groups A, B, C, and D were
mainly concentrated on Cluster B, which meant that high
metabolomic differences existed between groups A and E.
Moreover, the metabolomic analyses between groups A and E
are further discussed in Section 3.4.

Pairwise correlation analysis is helpful to identify biosyn-
thetically related and coordinately regulated metabolites;**® it
was performed to study the relationships between the 13 main
differential biomarkers of all sample groups. The correlation
matrix is shown in Fig. 4b, wherein the correlation of two
biomarkers was considered high if the corresponding coeffi-
cient value = 0.7. The results gave a total of 38 pairs of corre-
lation coefficient values, thus confirming 12 highly positively
correlated pairs and 3 highly negatively correlated pairs of
differential biomarkers. Among these highly positively correla-
tions, 5 pairs of amino acids were present (e.g., -leucine and 1~
valine, 1-isoleucine and i-valine, i-threonine and r-valine, r-
isoleucine and r-leucine, and r-threonine and t-isoleucine).
Except for the differential biomarkers of 4 amino acids with
highly positively correlation to each other, a non-protein amino
acid (taurine) was detected and identified as a biomarker.
Fig. 4b shows that taurine is not correlated to any amino acid.
There have been explanations for the high correlation between
amino acids, which were also observed by Roessner et al.,” who
considered that the highly positive correlation between leucine
and isoleucine is due to their common utilization of the same
terminal enzyme activity (branched chain amino acid trans-
aminase) and the same cofactor (glutamate) in their
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biosynthesis. The same authors reported a nonlinear curve for
the correlation of lysine and methionine, which is a metabolite
but not a differential biomarker in the present study; and this
correlation mainly seemed to be in accordance with a feedback
regulation model based on high flux.** Moreover, Dobson et al.>
demonstrated a linear relationship of isoleucine and valine and
a nonlinear relationship of lysine and serine. On the other
hand, the correlation between fructose and pantothenic acid,
fructose and leucine, and fructose and malate were highly
negative, and all had coefficient values of =—0.7. These negative
correlations were induced by the reduction of fructose to
pyruvate, where malate was generated via TCA cycle, leucine was
derived from alanine by transamination,® and pantothenic
acid, which is present as coenzyme A in animal tissues, as well
as in microorganisms and plants, was involved in pyruvate
utilization.***

Generally, according to the analysis of metabolic pathways
(Fig. 4c) using KEGG pathway and MetPA databases, the
differential biomarkers of matured coconut water during post-
harvest storage mainly enriched the following metabolic path-
ways: (1) hydrolysis of proteins from coconut meat increased
amino acids; (2) taurine and hypotaurine metabolism induce
increase in glutamate and reduction in cysteine, wherein
hypotaurine is an intermediate of taurine biosynthesis from
cysteine,* and glutamate production is modulated by taurine;**
(3) glycine, serine, and threonine metabolism reduces 3-phos-
pho-p-glycerate, which is an intermediate of glycolysis and gives
rise to serine and glycine, and also reduces aspartate, which
gives rise to threonine in plants and bacteria; (4) pantothenate
and CoA biosynthesis give rise to 4’-phosphopantetheine,
promotes TCA cycle, B-oxidation, and fatty acid and polyketide
biosynthesis pathways as essential cofactors;* (6) valine,
leucine, and isoleucine biosynthesis lead to 3-phospho-b-glyc-
erate and pyruvate consumption through transamination;* (7)
activation of anaerobic metabolism leads to adenosine
triphosphate depletion, sugar consumption, organic acid
production, and pH decrease;*” (8) pH decrease hinders anaer-
obic metabolism.

3.4 Metabolomic analyses of matured coconut water
between groups A and E

From the hierarchical clustering analysis (Fig. 4a) of differ-
ential biomarkers during post-harvest storage, samples of
groups E and F were mainly restricted to Cluster A, and
samples of groups A, B, C, and D were mainly restricted to
Cluster B. Further metabolomic analysis was therefore per-
formed to analyze the difference between groups A and E, and
this clustering was supported by the results of °Brix, pH, and
sugar/acid ratio, as shown in Fig. 2, wherein dramatic changes
are shown between groups A, B, C, and D, and groups E and F.
The criteria of one-way ANOVA p-value < 0.05 and fold change
(FC) = 1.5 or =—0.667 multiple test were used to compare
these DE metabolites obtained from both NT-pos and NT-neg.
A total of 9 differential biomarkers, namely, dibutyl phthalate,
t-leucine, (S)-malate, i-valine, deethylatrazine, r-threonine,
(R)-pantothenic acid, taurine, and malic acid, were
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upregulated significantly in groups A to E; whereas 4
biomarkers, including gamma-aminobutyric acid zwitterion,
acetoacetate, and keto-o-fructose, were downregulated, as
shown in Table 1. Afterward, we ranked the 12 differential

31402 | RSC Adv., 2018, 8, 31396-31405

biomarkers using SVM technique based on their importance,
and the ranked upregulated and downregulated biomarkers
are shown in Fig. 5a, where red bars denote upregulated
biomarkers and blue bars denote downregulated biomarkers.

This journal is © The Royal Society of Chemistry 2018


http://creativecommons.org/licenses/by-nc/3.0/
http://creativecommons.org/licenses/by-nc/3.0/
https://doi.org/10.1039/c8ra04213f

Open Access Article. Published on 06 September 2018. Downloaded on 2/10/2026 4:20:32 PM.

Thisarticleislicensed under a Creative Commons Attribution-NonCommercial 3.0 Unported Licence.

(cc)

Paper

View Article Online

RSC Advances

Table 1 A list of 12 ions as the identified biomarkers in LC-MS-based analysis between group A and E of matured coconut water

No.  Metabolites mz RT Exact mass  Precursor_type  Formula Fold change  p-value FDR

1 Dibutyl phthalate 279.16 48.6329  278.3435 [M +H] C16H,,0, 1.5642 0.015450  0.061998
2 r-Leucine 132.10 562.92 131.1730 M+ H]+ Ce¢H13NO, 3.2962 0.001121 0.013333
3 (S)-Malate 133.01 331.87 134.0215 M+ H]+ C4HgO5 1.5003 0.013515 0.074707
4 1-Valine 118.09 118.09 119.1192 M+ H]+ CsH,1NO, 6.3049 0.008480 0.043862
5 Deethylatrazine 188.07 254.66 187.0625 M+ H]+ CeH;CINg 1.6827 0.015390 0.06199
6 t-Threonine 120.07 80.9026 119.1192 M+ H]+ C4HoNO; 2.6115 0.002244 0.020482
7 (R)-Pantothenic acid 22012  222.67 219.2350 M +H]' CoH;,NO;  2.928 0.002717  0.021808
8 Taurine 125.99 299.08 131.1730 M + H]+ C,H,;NO;S 1.9281 0.001045 0.012768
9 Malic acid 133.01 105.06 134.08744 M —H]” C4HeOs5 2.3213 0.001322 0.014273
10 Gamma-aminobutyric 104.07 74.72 103.1198 M+ H]+ C4HoNO, 0.46612 0.021746 0.076232

acid zwitterion

11 Acetoacetate 103.04 93.00 102.09 M+ H]+ C4HeO3 0.61798 0.001131 0.013333
12 Keto-p-fructose 179.06 95.69 180.1559 M - H]|” CeH 1206 0.33386 0.007132 0.037234

Taurine was thus identified as the most influential upregu-
lated biomarker and keto-p-fructose was the most influential
downregulated biomarker between groups A and E. In

@

addition, we constructed a correlation network using the 12
upregulated and downregulated differential biomarkers data
set, as shown in Fig. 5b. The results gave a total of 40 pairs of
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correlation coefficient values, confirming the 13 highly posi-
tively correlated pairs of biomarkers with values of =0.7; 12
positive correlated pairs with values of 0.6-0.7; 12 highly
negatively correlated pairs with values of =-0.7; and 3
negative correlated pairs with values of —0.6-—0.7. From
Fig. 5c, (S)-malate showed the most connected nodes and the
most connections to other biomarkers. Furthermore, L-valine,
L-threonine, and pantothenic acid showed the same correla-
tion characteristics, showed the second most connected
nodes, and displayed no correlations with dibutyl phthalate
and gamma-aminobutyric acid zwitterion, as well as the same
negative correlations with acetoacetate and keto-p-fructose;
whereas gamma-aminobutyric acid zwitterion showed the
least connected nodes (Fig. 5b).

According to the analysis of metabolic pathways (Fig. 5c)
using KEGG pathway and MetPA databases, the differential
biomarkers of matured coconut water between groups A and E
mainly enriched the following metabolomic pathways: (1)
hydrolysis of proteins from coconut meat increases amino
acids; (2) taurine and hypotaurine metabolism induce gluta-
mate increase and cysteine reduction; (3) glycine, serine, and
threonine metabolism reduce 3-phospho-p-glycerate aspar-
tate; (4) pantothenate and CoA biosynthesis give rise to 4'-
phosphopantetheine, and promotes TCA cycle, B-oxidation,
and fatty acid and polyketide biosynthesis pathways as
essential cofactors; (6) valine, leucine, and isoleucine
biosynthesis lead to 3-phospho-p-glycerate and pyruvate
consumption; (7) activation of anaerobic metabolism leads to
adenosine triphosphate depletion, sugar consumption,
organic acid production, and pH decrease.

4. Conclusion

A series of physiological and biochemical changes and quality
deterioration will occur in matured coconut water during the
post-harvest storage, thus affecting flavor and industrial value.
The metabolomic technique based on UPLC-MS/MS employed
in the present study was efficient for exploring physiological
and biochemical changes in coconut water during storage.
Furthermore, compared with the other two multivariate statis-
tics analyses, namely PCA and PLS-DA, OPLS-DA led to better
discrimination of the sample groups in NT-pos and NT-neg. A
total of 18 metabolites were identified as differential
biomarkers in all groups, which were separated using hierar-
chal Cluster Analysis based on these biomarkers into two clus-
ters: groups A, B, C, and D in one, and groups E and F in
another. Therefore, by using metabolomic analysis, coconut
water should be within a storage period of no more than 4
months, and this is the most suitable storage life.

The present study also has its limitations. For instance,
during post-harvest, the metabolism of coconut meat plays an
important influence on the metabolism of coconut water; thus,
studying how the metabolomics, proteomics, and tran-
scriptomics of coconut meat influence coconut water during
post-harvest should be interesting.
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