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Abstract

Here, a comprehensive approach, based on chromatographic profiles and chemometric methods, was developed for the simul-
taneous qualitative and quantitative determinations of goji berry. High-performance liquid chromatography with diode-array
detection (HPLC-DAD) was employed to acquire the fingerprints of 67 water extracts of goji berries of different varieties and
growing years. The results indicated that the correlation coefficients among the samples of the same varieties and growing years
were > 0.900, although they varied from 0.726 to 0.986 among samples of different varieties and growing years. Based on these
data, the chemometric analysis was applied. Further, principal component analysis (PCA), hierarchical clustering analysis
(HCA), and orthogonal partial least squares discriminant analysis (OPLS-DA) were applied for the discrimination of the varieties
and the growing years. Moreover, nine marker compounds were obtained as potential references for goji berries of different
growing years and 10 other marker components contributed significantly to the varieties differentiation. Precisely, the goji berries
of Ningqi No. 7 (N7) and Ningqi No. 9 (N9) were of higher contents than the other three varieties (Ningqi No. 1 (N1), Ningqi No.
5 (NS5), and Zhongke Luchuan (ZKLC)), indicating that N7 and N9 were of higher qualities than the others. Conclusively, the
chromatographic fingerprint, combined with chemometric methods, could be employed to differentiate the raw materials of
different varieties and growing years. Additionally, it could be employed as a rapid and reliable tool for the quality control (QC)
of goji berries.
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Introduction

Goji berry, Lycium barbarum L., is a solanaceous defoliated
shrubbery, which is widely distributed in the arid and semiarid
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regions of Northwestern China. As documented in Chinese
Pharmacopoeia, goji berries possess tonic actions, such as
invigorating the liver and kidney, alleviating anemia and
waist/knee pains, and improving vision, and have been
employed as traditional Chinese medicine (TCM) for centu-
ries (Chinese Pharmacopoeia commission 2015). There are
about 80 varieties of goji berries (Wang et al. 2018). The most
widely cultivated varieties, namely Ningqi No. 1 (N1), Ningqi
No. 5 (N5), Ningqgi No. 7 (N7), Ningqi No. 9 (N9), and
Zhongke Luchuan (ZKLC), are cultivated in Ningxia,
Gansu, and Qinghai. Because of its beneficial effects, goji
berries account for a large market share in the functional food
industry (Lu et al. 2014).

Consequently, increased attention has been paid to the
quality assessment of the growing environments and chemical
compositions of goji berry to guarantee the efficacy and safety
in its utilization in clinical practices (Li et al. 2012; Xie et al.
2010; Zheng et al. 2010). Further, the National Medical
Products Administration (NMPA) has also regulated that fin-
gerprinting techniques, such as mass spectrometric and
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chromatographic fingerprints, combined with chemometric
analyses, be utilized for the discrimination of botanical mate-
rials of different genotypes, plant parts, or growing environ-
ments (Hori et al. 2016; Zhao et al. 2019; Bajoub et al. 2017;
Peng et al. 2017; Bertoldi et al. 2019). Based on the efficient
and fast separation performance of high-performance liquid
chromatography (HPLC) as well as the high sensitivity of
mass spectrometry (MS), similarity analysis (SA) was per-
formed to accurately calculate the correlation coefficients of
the original data for the classification of the similarities and
dissimilarities of the samples and to recognize the common
peaks of the chromatographic profiles as quantitative indices
(Gao et al. 2016). Principal component analysis (PCA) is an
unsupervised pattern recognition technique, which is an es-
sential tool for visualizing the similarities or dissimilarities
in multivariate data (Ma et al. 2007; Kim et al. 2015).
Hierarchical cluster analysis (HCA) determines the similari-
ties between samples by measuring the distance between all
the possible sample pairs in a high-dimensional space, and all
the similarities between the samples were represented on two-
dimensional diagrams (Lima et al. 2010). Further, the orthog-
onal partial least squares discriminant analysis (OPLS-DA)
model can achieve accurate predictions (Bylesjo et al. 2006;
Liu et al. 2018). These chemometric methods, combined with
fingerprinting techniques, can afford quantitative calculation
markers and enable the classification of the herb sources
(Bertoldi et al. 2019; Cheng et al. 2010).

Recently, researchers have committedly applied metabolo-
mics and chemical pattern recognition for the purpose of iden-
tification (Hori et al. 2016; Zhao et al. 2019). Lu et al. differ-
entiated the growing environments and cultivars of goji
berries, based on the differences between samples (Lu et al.
2014). However, their study was incomplete since they stud-
ied only four varieties of goji berries. Moreover, although they
successfully differentiated the samples, they could not deter-
mine the best with respect to quality. Growing year is an
important factor in determining the quality of goji berries,
although it has not been studied. Targeted cultivation could
require suitable harvest years according to the targeted active
components (Jin et al. 2016). Therefore, this work, which is a
vital one, is a comprehensive evaluation of the quality of goji
berries, combined with those in previous reports. Rapid and
effective techniques were employed to achieve the stated goal.

Here, five varieties of goji berries from six different grow-
ing years were studied, employing the developed strategy.
Their chromatographic profiles were first constructed,
employing HPLC. Thereafter, different chemometric
methods, including SA, HCA, and PCA combined with
OPLS-DA, were adopted to distinguish the samples and select
their respective characteristic chemical markers. Additionally,
major markers were identified by their spectral characteristics
by tandem mass spectrometry (MS/MS). The varieties and
growing years of goji berries with high qualities were obtained

by analyzing the contents of the major markers. The identifi-
cation and quality control (QC) of goji berries of different
varieties and growth stages were achieved. The results of this
study may be a scientific foundation for the authentication of
goji berries. Simultaneously, they could avail a new approach
for the study of other TCMs.

Materials and Methods
Chemicals and Materials

Acetonitrile (HPLC-grade and MS-grade) was purchased
from Beijing MREDA Technology Co., Ltd. (Beijing,
China). Glacial acetic acid (analytic grade) was purchased
from Tianjin Damao Chemical Reagent Factory (Tianjin,
China). Water (MS-grade) and glacial acetic acid (MS-
grade) were obtained from Merck (Darmstadt, Germany).
Fresh goji berry samples from 5 different varieties and 6 dif-
ferent growth stages were provided by local herbal farmers.
The details of samples are shown in Table 1.

Instrumentation

An Agilent HPLC system (Agilent Technologies,
America) consisting of a manual injector (G1328B), a
column oven (AT-950, Automatic Science,Tianjin,
China), a constant flow pump (G1312A), a photodiode
array detector (G1315B) and an Agilent Chemstation
software workstation, was used. UPLC—MS analysis
was performed by an Agilent 1290 UPLC coupled to
a quadrupole-time of flight mass spectrometry (6560
Ion Mobility-Q-TOF, Agilent Technologies, America).
A KQ-250DE sonicator was used for sonication during
sample extraction (Kunshan Ultrasonic Instrument Co.,
Ltd., China). A XQ100 grinder (Shanghai Guangsha
Industry and Trade Co., Ltd., China) and a TDL-5-A

Table 1 The information of samples

Sample information Sample no.

Different varieties N1 5 (N1-1-N1-5)
N5 5 (N5-1-N5-5)
N7 5 (N7-1-N7-5)
N9 5 (N9-1-N9-5)
ZKLC 5 (ZKLC1-1-ZKLC1-5)

Different growing year (N7) Y2 7 (Y2-1-Y2-7)
Y4 7 (Y4-1-Y4-7)
Y6 7 (Y6-1-Y6-7)
Y8 7 (Y8-1-Y8-7)
Y10 7 (Y10-1-Y10-7)
N1 7 (Y15-1-Y15-7)
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centrifuge (Shanghai Anheng Scientific Instrument
Factory, China) were used for processing raw samples.
An DHG-9140A oven (Shanghai Jinghong Experimental
Equipment Co., Ltd., China) was used to dry samples.
A Sartorius BSA224S-CW analytical balance (Beijing
Sartorius Instrument System Co., Ltd., China) was used
to weigh the samples.

Preparation of Goji Berry Water Extracts

Goji water extracts were prepared via an ultrasonic
method, as described by Liu et al. (2019). Briefly, the
samples were dried, at 60 °C for 4 h, in an oven. Next,
the samples were removed and placed in a desiccator to
cool to room temperature (22-25 °C). Afterward, the
samples were crushed with a grinder and passed through
an 80-mesh sieve. A 4.0-g portion of the powder was
packed in a 250-mL Erlenmeyer flask and mixed with a
12-fold volume of distilled water (w/v). The mixture
was extracted with an ultrasonic instrument, at 60 °C
for 30 min. After centrifuging, at 10,000 r/min for 20
min, the solutions were filtered through a 0.45-um
membrane filter for HPLC analysis.

Chromatographic Conditions

Chromatographic separation was performed at ambient tem-
perature (22-25 °C), employing a Sepherisorb ODS C,g col-
umn. The mobile phase consisted of water, containing 0.3%
glacial acetic acid (A), and acetonitrile (B) in gradient elution,
starting from 95 to 75% mobile phase A in 60 min, at a flow
rate of 1 mL/min. The injection volume and detection wave-
length were 20 puL and 310 nm, respectively.

MS/MS spectra were utilized to identify the compounds in
the real samples. Positive- and negative-ion electrospray MS/
MS (ESI-MS/MS) analysis was performed, at a scanning
range of m/z 100—1,700. The ion-source parameters were op-
timized and set as follows: ion-spray voltage, 4000 V; drying
gas temperature, 350 °C; flow rate, 10 L/min; and nebulizing
gas pressure, 35 psi. The sheath gas temperature was 350 °C,
and the flow rate was 10 L/min. The data were acquired at a
rate of 1 spectrum/s.

Method Validation
Precision

One sample extract (N1) was continuously injected (five times
on a single day), according to the chromatographic conditions.
The relative retention time (RRT) and relative peak area
(RPA) were calculated. The precision, calculated by the mark-
er compounds in the sample, was expressed as a relative stan-
dard deviation (RSD, %).

@ Springer

Stability

The sample stability was tested, employing one of the sample
extracts (N1) that had been stored, at 20-25 °C, and
reanalyzed after 0, 2, 4, 6, 8, and 24 h of storage. The chro-
matograms were detected and recorded, and RSDs of RRT
and RPA were obtained, as a measure of stability.

Repeatability

The repeatability of the extraction procedure and the analysis
were determined by repeating the procedure five times. The
samples were injected, and the chromatograms were recorded
according to the chromatographic conditions.

Data Collection and Chemometric Methods

The correlation coefficients of the entire chromatographic pat-
terns, among all the samples, were calculated, and the simu-
lative mean chromatogram, as well as the characteristic peaks,
was generated from the computer-aided similarity-evaluation
system (CASES) software, for the chromatographic finger-
print of TCM (China Committee of Pharmacopeia, 2012 ver-
sion). RPA and RRT of each characteristic peak, against the
internal reference peak, were calculated. Further, RPA of each
characteristic peak was utilized to perform the chemometric
analyses.

Chemometric analysis included the multivariate data anal-
ysis, employing unsupervised and supervised models. HCA,
PCA, and OPLS-DA were employed, based on the soft inde-
pendent modeling by class analogy (SIMCA) software (v.
14.1, 2015, Umetrics, Umea, Sweden; www.umetrics.com).

Firstly, HCA was employed to classify the samples, based
on the similarities of their chemical properties. The samples
were grouped in a high-dimensional space, thus forming a
dendrogram. Subsequently, unsupervised PCA was employed
to estimate the degree of clustering between several batches of
the samples. PCA enabled the transformation of the original
variables into new uncorrelated variables (PCs). Similarly, the
reduced dimensionality of the data was obtained while simul-
taneously preserving the information from the original dataset
(Lu et al. 2013; Hrbek et al. 2017). PCA afforded a score plot
that projected the chemical differences between the chromato-
grams and also afforded a loading plot that correlated with the
degree of variation, found in each variable (Yang et al. 2007).
Additionally, OPLS-DA was subsequently applied to differ-
entiate and obtain potential chemical marker compounds
among goji berries of different varieties and growing years.
The objective of OPLS-DA was to divide the systematic var-
iation, in the X-block, into two model parts; one of which
modeled the covariation between X and Y, while the other
expressed the X-variation that was unrelated to Y. The param-
eter, 0 > 0.5, was admitted for the good predictability of the
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<« Fig. 1 HPLC fingerprinting of samples. (a Fingerprint of different
varieties; b Standard fingerprint of different varieties; ¢ Fingerprint of
different growth years; d Standard fingerprint of different growth years)

OPLS-DA models. OPLS-DA was performed to avail a better
distribution of the samples and facilitate the creation and val-
idation of a statistical model (Triba et al. 2015; Xu et al. 2017).

Results and Discussion
Validation of the Method

According to the operation methods described in the “Method
Validation” section, the precision, stability, and repeatability
of the method were assessed by calculating RSDs of RRT and
RPA of corresponding peaks. The observed RSDs of RRT and
RPA for the characteristic peaks of the repeated injections of
the same sample were in the ranges of 0.15-0.71% and 0.38—
2.79%, respectively, indicating that the developed analytical
method was precise and accurate for the analyses of the sam-
ples. RSDs of RRT and RPA for the repeatability test were
0.04-1.53% and 0.97-4.80%, respectively. The results show
that the developed method demonstrated satisfactory repeat-
ability. Furthermore, the observed RSDs of RRT and RPA, in
the sample stability test, were < 1.62 and 4.50%, respectively.
The results suggested that it was feasible to analyze the sam-
ples within 24 h. All the results indicated that HPLC was a
valid and satisfactory method for fingerprint analyses.
Moreover, the method could also be applied, for the quality
evaluation of the samples.

Chromatographic Profiles and SA of Goji Berries
Chromatographic Profiles

For the QC of the herbs, chromatographic profiles were effec-
tively applied to reveal the chemical information of the botan-
ical products and discriminate the different goji berry samples
of different varieties and growing years. Here, we selected the
water extraction method of goji berry to generate the chromato-
graphic profiles. Goji berry is a TCM material. Since ancient
times, the dosage forms of TCMs were generally as water
decoctions without the utilization of harmful organic solvents.
The study of water extraction could afford a basis for future
clinical research on goji berry. Further, the purpose of this
study is to establish a fast and convenient technology for the
recognition of the various goji berries. Additionally, we select-
ed water extraction, considering that a simple sample extrac-
tion method will result in the increased efficiency of the iden-
tification technology. Under optimal conditions, the HPLC
profiles of the 67 batches of goji berries of different varieties
and growing years in China were obtained. The

@ Springer

chromatograms of the samples were inputted into the
“Similarity Evaluation System for Chromatographic
Fingerprint of TCMs” software (Chinese Pharmacopeia
Commission, version 2012.130723) to generate the reference
fingerprints of goji berries of different varieties and growing
years. The reference fingerprints of N1 and 2 years (Y2) were
employed as the reference spectra. The time window width
was set to 0.3. The mean fingerprint method was employed
to generate the standard chromatograms of the different varie-
ties and growing years. It was found that a total of 33 peaks
were displayed in the chromatographic profiles (Fig. 1). It
could be concluded, from Fig. 1a, that the fingerprints of the
different samples varied significantly. Further, the peak area of
No. 24 was largest for the ZKLC sample while the other vari-
eties possessed negligible contents of this ingredient. The peak
area of No. 16 is the largest for the N7 sample while the other
varieties possessed negligible contents of this ingredient. It can
be concluded, from Fig. 1c, that the chromatographic profiles
of the samples from different growing years were similar.

These results indicate that the different varieties of goji
berries exhibited significant differences in the compositions
of their ingredients. Our results verify that the genotype, geo-
graphical origin, cultivation conditions, ripeness stage, and
storage time and conditions could affect the composition of
the herbs. The results also agree with those of a previous
report on the composition of goji berries in which the dissim-
ilarity of goji cultivars was investigated, based on the evidence
of DNA sequencing and the chemical results of PCA
(Kosinska-Cagnazzo et al. 2017). In our study, the composi-
tion of the samples from different growing years was consis-
tent because they were of the same variety. However, the
relative contents of the ingredients differed slightly, as ob-
served in the peak areas of corresponding peaks. This artificial
observation was susceptible to subjective factors, hence, it
was necessary to employ objective methods to analyze the
obtained fingerprint data.

Additionally, the marker compounds were character-
ized by their precursor and product ions by MS/MS.
When they were scanned in positive mode, the marker
compounds produced [M + H]+, while [M — H]— were
produced in the negative mode. We analyzed 11 peaks,
from the fingerprint chromatograms, in the positive and
negative modes. The structural information of each mo-
lecular ion, present within the compounds, was obtained
by MS/MS. These characterized compounds were
matched to the HPLC peaks that were detected within
the samples and were numbered by elution order. We also
compared RTs, the molecular weight, and the characteris-
tic MS fragment ion data with those in published articles
(Benchennouf et al. 2017; Bondia-Pons et al. 2014; Zhang
et al. 2018; Zhu et al. 2017; Wang and Tang 2019). The
tentative structure of the 11 peaks, in the fingerprint chro-
matogram, were assigned and presented in Table 2. These
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Table 2 Mass spectrometric identification results

Tentative structural assignment

Molecular
formula

MS/MS fragmentation (m/z)

Theoretical mass

Detected mass
(m/z) [M-H]

(m/z) [M-H]

Theoretical mass
(m/z) [M+H]*

Detected mass

Peak Retention

(m/z) [M+H]*

time (min)

No.

Ferulic acid di-hexose
Ferulic acid di-hexose

C27H38018

649.1985
649.1985
196.0615
487.1457

649.1923
649.1945
196.0636
487.1419

651.2131
651.2131

673.1950
673.1957

11.50
13.30
15.63
18.77

P9

Cy7H35015

P11

CoH;NO,
C21H2013

P12
P14

N-hydroxyl-L-tyrosine

Coumaric acid di-hexose

(+)325.1853, 197.0282, 183.0124,

489.1603

511.1396

119.0500

Coumaric acid hexose
Coumaric acid isomer

CISHISOS
CgHgOg,

325.0929
163.0401
245.0932

794.338

325.0777
163.0343
245.0870
794.3381

327.1074

349.0895

19.19

P15
P25

(+)163.0343, 119.0440

34.03
P26 3553
P29 4357

N-Acetyl-DL-tryptophan
C40H51N4O153 N, N-caffeoyl, di-hydrocaffeoyl,spermidine,

C13H14N,03

(+)796.3496, 634.2972, 472.2487,

796.3525

796.351

di-hexaose

382.1494, 310.2122, 220.0966,

163.0388 (-)794.3354, 632.2818,
470.2291, 334.1782, 135.0446

(+)796.3497, 634.2967, 472.2497,

C4Hs5;N40;3 N,N-caffeoyl, di-hydrocaffeoyl,spermidine,

796.3525 794.3360 794.3380

796.3508

P30 4529

di-hexaose
C40H51N4O13 N, N-caffeoyl, di-hydrocaffeoyl,spermidine,

382.1497, 220.0968, 160.0386
(+)796.3498, 634.2974, 472.2560,

796.3525 794.3332 794.3380

796.3504

P32 4859

di-hexaose

382.1494, 310.2127, 220.0964,

163.0385
(4)796.3500, 634.2976, 472.2516,

C40Hs51N4O13 N,N-caffeoyl, di-hydrocaffeoyl,spermidine,

794.338

794.3371

796.3525

796.349

50.52

P33

di-hexaose

382.1500, 220.0969, 163.0390

peaks, some of them are isomers, were identified as
ferulic acid dihexose, N-hydroxyl-L-tyrosine, coumaric
acid dihexose, coumaric acid hexose, coumaric acid iso-
mer, N-acetyl-DL-tryptophan, and N,N-caffeoyl
dihydrocaffeoyl spermidine dihexaose.

SA of Goji Berry

The software of “Similarity Evaluation System for
Chromatographic Fingerprint of TCMs” was employed to cal-
culate the correlation coefficient, by median date. The similar-
ity is a measure of the distance between two samples, which
exhibits their relationship: a stronger correlation is observed
when the value is closer to 1 (Kim et al. 2015). Tables 3 and 5
show the similarity among the samples of the same varieties
and growing years. The similarities were all > 0.900, indicat-
ing that the samples exhibited similar HPLC fingerprints.
Tables 4 and 6 show the similarity among the samples of
different varieties and growing years. The similarities among
the samples of different varieties are in the range of 0.726—
0.928. There were significant differences between samples of
different varieties. The correlation coefficients of the different
growing years are in the range of 0.808-0.986, which indicat-
ed that the samples exhibited similar HPLC fingerprints, al-
though there were specific differences.

The above results are consistent with our expected results:
the similarity among the different samples was significantly
different because of the multifactorial parameters. Our results
also agree with those of previous ultraperformance liquid
chromatography (UPLC)-MS and field ionization MS
(FIMS) fingerprint reports on goji berries in which the finger-
prints of goji berries of different growing environments and
cultivars were significantly different (Lu et al. 2014). It is
well-known that the chemical composition of the plants will
accumulate and change with the growing years. A study in-
vestigated the changes in the phytochemical properties of goji
berries and demonstrated that vitamin C, the total phenolic,
and total anthocyanin contents varied with the harvest dates
(Colak et al. 2019). This may explain why the correlation
coefficients of the samples from different growing years, in
this study, were different. The SA results indicate that the
quality of the sample was unevenly distributed. However,
SA was only employed to calculate the correlation coefficient
among the samples, and it could not achieve their

Table 3 Similarity of

samples from same Sample Similarity
varieties
N1 0.914 - 0.994
N5 0.904 - 0.999
N7 0.978 - 0.998
N9 0.950 - 0.996
ZKLC 0.969 - 0.999
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Table 4  Similarity of samples from different varieties

Table 6  Similarity of samples from different growth years

NI N5 N7 N9 ZKLC Y2 Y4 Y6 Y8 Y10 Y15
N1 1.000 0.726 0.902 0.833 0.768 Y2 1.000 0.954 0.865 0.986 0.911 0.976
N5 0.726 1.000 0.776 0.866 0.928 Y4 0.954 1.000 0.844 0.970 0.904 0.942
N7 0.902 0.776 1.000 0.889 0.892 Y6 0.865 0.844 1.000 0.868 0.950 0.808
N9 0.833 0.866 0.889 1.000 0.891 Y8 0.986 0.970 0.868 1.000 0.924 0.980
ZKLC 0.768 0.928 0.892 0.891 1.000 Y10 0911 0.904 0.950 0.924 1.000 0.892
Y15 0.976 0.942 0.808 0.980 0.892 1.000

classification, identification, and quality evaluation.
Resultantly, it was necessary to conduct the next analyses.

Multivariate Statistical Analysis
HCA

To classify the different samples, another well-known unsu-
pervised pattern recognition method of data analysis, HCA,
was performed. HCA was employed to assign a set of differ-
ent goji berry samples into clusters (Gao et al. 2016). The
peaks of No. 27 (Fig. 1b) and No. 25 (Fig. 1d) exhibited a
stable area, good peak shape, and suitable RT. They were
selected as the reference peaks, and RPAs of the other peaks
were calculated. The corresponding RPA data were imported
into the SIMCA 14.1 software to classify the different sam-
ples. The results of the cluster dendrograms were calculated,
utilizing the hierarchical, and squared Euclidean distances
(Fig. 2). Clearly, all the samples were grouped into main clus-
ters, according to their varieties and growing year. Samples of
different varieties were grouped into five clusters, including
N1, N5, N7, N9, and ZKLC (Fig. 2a). Samples from different
growing years were grouped into six clusters, namely Y2, Y4,
Y6, Y8, Y10, and Y15 (Fig. 2b).

These results demonstrate that the metabolites in the sam-
ples of different varieties and growing years were substantially
different. The cluster analysis revealed that the varieties and
growing years exerted a certain influence on the metabolite
compositions. One of the purposes of this study was to ade-
quately classify the goji berry samples. As could be observed,
the classification trend of the samples, as estimated from the
dendrograms, exhibited good clustering in the same samples
and substantial discrimination among different samples.

Table 5 Similarity of

samples from same Sample Similarity

growth years
Y2 0.943-0.997
Y4 0.903-0.996
Y6 0.963-0.994
Y8 0.953-0.997
Y10 0.960-0.994
Y15 0.955-0.997
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Cluster analysis displayed some limitations, such as poor vi-
sualization and the inability to screen out the variables that
were unrelated to the categorical variables. To further distin-
guish the samples, the application of other multivariate statis-
tical analyses was necessary.

Principal Component Analysis

PCA is a partitioning process of object sets into disjoint clus-
ters: objects in the same cluster are similar while those of dif-
ferent clusters differ considerably, according to their attributes
(Gonzalez et al. 2017). To obtain an overview of the data struc-
ture and the distribution, similarities, and differences of the
studied samples, the datasets of RPAs were subjected to PCA,
employing the SIMCA 14.1 software. The peaks were investi-
gated to determine if they could be utilized in grouping goji
berries, based on the different varieties and growing years, and
to determine which peaks were the most informative (if the
peaks could be utilized) in distinguishing the different varieties.
The first three PCs delivered the greatest eigenvalues, and thus
contained the chemically relevant variance. Therefore, PC1,
PC2, and PC3 were utilized for further analyses. The total var-
iances for the first two factors are 83.15% and 86.36%, for the
PCA models of the different varieties and growing years, re-
spectively. The projection of the samples onto the first two PCs
demonstrated the distribution of the samples and enabled the
analysis of their discrimination (Fig. 3), where good discrimi-
nation of the samples was observed. The tested samples were
grouped into five clusters, N1, N5, N7, N9, and ZKLC. Further,
PCA results revealed that the N9 samples were distinctly dif-
ferent from others (Fig. 3a). Moreover, the samples of different
growing years were clustered into six different groups, which
corresponded to the different growing years of goji berry (Fig.
3b). The results show that the Y6, Y10, and Y15 samples were
distinctly different from others while the variance between the
Y2, Y4, and Y8 samples was relatively small.

PCA results suggested that there was a significant chemical
difference between the samples, and this is consistent with the
results of SA and HCA. PCA clearly separated the samples of
different varieties and growing years and also distinguished
the different samples adequately, thereby affording an impor-
tant method for goji berry identification. Like our results,
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some studies have also identified the varieties and growing
environments of goji berries by PCA (Lu et al. 2014; Li
et al. 2017). These studies mainly identified goji berries of
different origins, although the samples of different varieties
and growing years were limitedly involved. The findings in
our research, combined with those of previous studies, could
avail a comprehensive method, for the identification and qual-
ity evaluation of goji berries of different sources.
Additionally, the loading plots, on PC2 versus PCI, are
shown in Fig. 4. Each point in the plots represented a charac-
teristic peak. The distance of each peak from the center point
indicated the contribution of the variables in the sample com-
position: the greater the distance from the center point, the

greater the contribution to the differences between the samples
(Yang et al. 2007). Figure 4a shows that peaks 2,9, 12, 13, 24,
and 26 were the most important components for
distinguishing the different goji berry varieties. Contrarily,
peaks 26, 29, 32, and 33, mainly contributed to the distinction
of goji berries of various growing years (Fig. 4b). Apart from
peaks 2 and 13, the remaining chromatographic peaks were
detected by MS (Table 2).

OPLS-DA

HCA and PCA of the data revealed the clustering of the stud-
ied samples better. To clarify the discriminations among the
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different samples, we performed OPLS-DA. This method is
employed to discriminate classes of data and to increase class
separation, simplify interpretation, and identify potential bio-
markers (Nikles et al. 2017). The OPLS-DA model was
established with the score plot, as shown in Fig. 5. R2X,
R?Y, and Q? of the model (Fig. 5a) are 0.952, 0.986, and
0.970, respectively. Further, R*X, R?Y, and Q* of the model
(Fig. 5b) are 0.972, 0.868, and 0.805, respectively. These
values indicate the stability and reliability of the OPLS-DA
model (Mao et al. 2014). Figure 5 shows that most of the
samples could be clearly separated into different groups, cor-
responding to the different varieties and growing years. Only
the Y4 and Y8 samples were similar, although they could still
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be differentiated. Thus, OPLS-DA exhibited better perfor-
mance and was more suitable than PCA and HCA, for the
discrimination. Moreover, 200 random permutation tests were
performed with the established OPLS-DA models to assess its
validity (Zhao et al. 2019). R? and Q? values were higher in
the original OPLS-DA models than in the permuted ones, and
the regression line of the permuted Q*-points intersected the
vertical axis, below zero (Fig. 6). These results demonstrate
both the high goodness of fit and predictability of the
established OPLS-DA model.

Here, the OPLS-DA model was established, and we could
observe from the score plot that the samples could be clearly
separated, thereby validating the results of SA, HCA, and
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PCA. Since OPLS-DA could screen out the data variations
that were not related to the independent and categorical vari-
ables, this method demonstrated better performance and was
more accurate than PCA and HCA for discrimination.
Researchers, such as Jarouche, unsuccessfully employed
LC-ESI-MS/MS and chemometrics to identify two varieties
of goji berry. They speculated that the genes of the two vari-
eties may be too similar and may require genetic fingerprint-
ing and pharmacological testing for their identification
(Jarouche et al. 2019). However, in our research, we success-
fully classified and identified goji berries of different sources,
employing a particularly simple method. Unfortunately, the
number of samples utilized here was relatively small because
of'the limitation of the sampling method. However, this chal-
lenge did not affect our conclusion. Based on the results,
the sample classification was evident and could have pro-
duced the same results, even if we had increased the num-
ber of samples.

Moreover, the contribution of each major compound to
the discrimination of the samples was calculated and
ranked as the variable influence on projection (VIP pre-
dictive) values. A VIP predictive value indicates the im-
portance of a variable in terms of explaining the variance
in the dataset and the correlations among groups (Chen
et al. 2019). The major compounds, exhibiting VIP pre-
dictive values > 1.0, were selected as the marker com-
pounds. Finally, 10 marker compounds, consisting of
peaks 13, 12, 26, 9, 29, 1, 14, 6, 11, and 19, were obtain-
ed to identify the different varieties (Fig. 7a). Further,
nine marker compounds, consisting of peaks 29, 32, 12,
26, 13, 9, 33, 6, and 14, were obtained to identify the
different growing years (Fig. 7b). Apart from peaks 1, 6,
13, and 19, the remaining chromatographic peaks were
identified by MS (Table 2). The OPLS-DA model could
clearly and systematically identify five goji berry varieties
and six goji berries of different growing years.
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Previous pharmacological studies have revealed that
goji berry from different sources exhibited different bio-
logical activities, thus creating an urgent demand for its
quality evaluation (Kosinska-Cagnazzo et al. 2017;
Mocan et al. 2019). To evaluate the quality of the samples,
we monitored the dynamic accumulation of nine marker
compounds of goji berries from different growing years.
We analyzed RPAs of these compounds, as quantitative
expressions. (Shi et al. 2018). Figure 8a reveals the distri-
bution of each peak in goji berries of different growing
years. Comprehensively, the content of each component
exhibited a similar trend, that is, they decreased at first,
and increased thereafter. The contents were significantly
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high in the Y2 and Y15 samples, especially in the Y15
samples. Meanwhile, the content of each component in
the Y4, Y6, Y8, and Y10 samples was relatively stable.
We could also conclude that the contents of peaks 33, 32,
29, and 26 were the most abundant in the samples of dif-
ferent growing years. These results demonstrate a large
difference in the dynamic accumulations of the nine mark-
er components. We also analyzed the 10 marker com-
pounds in goji berries of different varieties (Fig. 8b). The
contents of the 10 marker compounds were extremely high
in the N7 and N9 varieties, indicating that their qualities
were > those of the other three varieties. Simultaneously,
the N1 sample also possessed relatively high content.
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Therefore, we could assess the quality of goji berry
through RPA of these characteristic peaks, based on fin-
gerprint analysis.

QC of herbal materials is rather challenging because of its
chemical complexity as well as the fact that a single active
substance is not responsible for the overall pharmacological
potency. Previously, few researchers quantified the amounts
of several or individual chemical markers, which were bene-
ficial to the quality assessment of goji berries, but they were
inadequate for discrimination (Jarouche et al. 2019; Sa et al.
2019; Jeszka-Skowron et al. 2018; Capecchi et al. 2015).
HPLC fingerprint analysis, combined with pattern recognition

0.4 0.6 0.8 1

analyses, has been demonstrated to obtain information about
the overall chemical composition of the samples from differ-
ent sources and to distinguish them (Bajoub et al. 2017;
Bylesjo et al. 2006). Moreover, chemometric methods could
also evaluate the samples comprehensively. The various re-
sults complemented and validated one another, thus ensuring
the accurate classification and identification of the samples
and confirming their reliability and authenticity.
Chemometric methods, especially PCA and OPLS-DA, which
could extract chemical information objectively, have been
well-established for classification and discrimination as well
as the analyses of the chemical profiles of TCMs.
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Accordingly, we also established a comparative method of
discriminating and evaluating the quality of goji berries from
five varieties and six growing years. It is, therefore, necessary
to validate this method, by combining it with more compre-
hensive pharmacological comparisons of samples of different
sources, in the future.

Conclusions

The analytical method, developed employing HPLC finger-
print with chemometric methods, which was precise, accurate,
and reliable for the quality assessment of goji berry, was suc-
cessfully applied to identify goji berries of different varieties
and growing years. The chemometric analysis, applied in this
work, revealed that HCA and PCA could be employed to
classify the samples, based on their varieties and growing
years. The OPLS-DA model exhibited nearly complete
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goodness of fit and excellent predictive capability and could
adequately discriminate goji berries of five varieties and six
growing years. Moreover, nine and ten major compounds
were identified as marker compounds, for the discrimination
of goji berries of different growing years and varieties, respec-
tively. Some compounds were identified or tentatively identi-
fied, based on their RTs, MS spectra, and the available litera-
ture, which further characterized chromatographic fingerprint
and contributed to the quality evaluation of goji berry. The
contents of the marker compounds varied among the samples.
The contents were significantly high in the Y2 and Y15 sam-
ples, exhibiting a large difference in the dynamic accumula-
tion of the nine marker components. The qualities of N7 and
N9 were > those of the other three varieties because of the
high contents of the ten marker compounds.

Our results suggest that HPLC fingerprint, combined
with chemometric analysis, was validated for potential
utilization in differentiating goji berry samples of



Food Anal. Methods (2020) 13:2222-2237

2235

a
100 - P33
90 - P32
80 4 P29
70 -
—P26
60 -
= 50 - —P14
o~
40 e P13
30 - ——P12
20 - —p9
107 —P6
(B R e e
M XA D o Vv o N HX A D o AV S
ORI R SIS
Different Growth Years
bmo, P29
90 | P26
80 - P19
70 - P14
< 60 - ——P13
& 50 - —P12
40 1 ——p11
307_/\/\“ o
20 - — e
10 -
—\ L\  —p1
0 T At e
DI I R RN V- IR B N NS )
FIP I IO OO
A AR AR

Different Varieties

Fig. 8 The distribution of marker compounds. (a different growth years;
b different varieties)

different varieties and growing years. The results of this
study could be a basis for future QC studies of goji
berries. Additionally, the generated data could afford
valuable insights into the application of HPLC fingerprint,
coupled with powerful chemometric analyses, in the QC
of goji berries. These approaches will aid the prevention
of possible side effects and poor quality, resulting from
incorrect identifications. Furthermore, the method
employed here could be applied, to achieve comprehen-
sive QC of TCMs and other related products.
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