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Demo Full Spectrum Metabolomics for Plants Report

1 Abstract

Metabolites are the basis of organism phenotype and can help to understand biological processes and
mechanisms more intuitively and effectively. Based on qualitative and quantitative analysis of metabolites,
metabolomics can be used to analyze metabolic pathways or metabolic networks, study the metabolic basis of
macroscopic phenotypic phenomena of different organisms, response mechanisms of metabolites stimulated
by physical, chemical or pathogenic organisms such as diseases and drugs, and safety evaluation of food and
drugs.

(1) For this project, 6 samples were selected, and divided into 2 groups for metabolic study, with 1 bio-
logical replicates for each group. A total of 2755 metabolites were detected based on UPLC-MS/MS
system and identified using in-house metabolite database.

(2) Results of differential metabolite analysis:

Table 1: Number of differential metabolites

group name All sig diff down regulated up regulated

A_vs_B 787 478 309

Number of identifiedmetabolites: Final report/2.Basic_Analysis/Difference_analysis/sigMetabolitesCount.xlsx

2 The experimental process

Chromatography-mass spectrometry realizes the entire process from chromatography-separation tomass
spectrometry identification. Plants, as a direct or indirect source of nutrition, energy and medicine, can
synthesize a large number of metabolites with different biological functions. Therefore, the study of its
metabolomics plays a very important role in improving crop yield and food quality. The main purpose of
metabolomics analysis is to detect and identify metabolites with important biological significance, differenti-
ate statistically significant differences between biological samples, and thereby understanding the metabolic
process in organismal development. Metabolomics consists of metabolomics experiment and data analysis, in
which data analysis mainly includes differential metabolite screening and metabolic pathway analysis. Based
on the metabolomic data obtained through experimental design, sample collection and processing, metabolite
extraction, detection and analysis, metabolite identification and quality control analysis of sample data can
be carried out. Differential metabolites are then screened from the data to predict relevant functions. LC+GC
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full-spectrum metabolomics, using two platforms, LC-MS and GC-MS, can fully detect various types of
metabolites in samples. The overall process is as follows:

Fig 1: Flow chart of metabolomics analysis

2.1 Sample information and experimental materials and methods

Each sample group and corresponding sample information are as follows:

Table 2: Sample information

Species Tissue Sample Group

- - A1 A

- - A2 A

- - A3 A

- - B1 B

- - B2 B

- - B3 B

Sample information: Final report/1.Data_Assess/all_group/sample_info.xlsx
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2.2 Standards and reagents

Table 3: Information of standards and reagents

Reagent Purity Brand

Methanol HPLC-grade Thermo Fisher

MeCN HPLC-grade Thermo Fisher

Formic acid HPLC-grade Sigma

NaCl analytical reagent Sinopharm

n-hexane HPLC-grade Merck

2.3 Sample extraction process

Take biological samples, divide the samples into two equal parts on dry ice, and then carry out the
extraction process of different platforms.

2.3.1 LC-MS platform sample extraction process

2.3.1.1 Dry sample extraction

The samples were lyophilized using vacuum freeze-dryer and then ground in a ball mill grinder (30 Hz,
1.5 min) (MM 400, Retsch). 50 mg of the ground sample was mixed with 1200 μL of -20°C pre-cooled
70% methanol with internal standards. The mixture was mixed by vortex for 30 sec every 30 min for a total
of 6 times, followed by centrifugation (12000 rpm, 3 min, 4°C). The supernatant was collected and filtered
through a 0.22um filter membrane and kept for UPLC-MS/MS analysis.

2.3.2 GC-MS platform sample extraction process

2.3.2.1 Solid/Liquid samples class II

(1) Take out the sample from the -80 °C refrigerator (no special requirements, the default is fresh sample)
for liquid nitrogen grinding, vortex to mix evenly, and weigh about 500 mg (1 mL of liquid) for each
sample into a headspace vial;

(2) Add saturated NaCl solution and 10 μL (50 μg/mL) internal standard solution respectively;

(3) Fully automatic headspace solid-phase microextraction HS-SPME performs sample extraction for GC-
MS analysis.
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2.4 Chromatography-mass spectrometry acquisition conditions

2.4.1 LC-MS platform acquisition conditions

The data acquisition instruments consisted of Ultra Performance Liquid Chromatography (UPLC) (Ex-
ionLC™ AD, https://sciex.com/) and tandem mass spectrometry (MS/MS).

2.4.1.1 UPLC conditions

Liquid phase conditions were as follows:

(1) Chromatographic column: Agilent SB-C18 1.8 µm, 2.1 mm * 100 mm;

(2) Mobile phase: A phase was ultrapure water (0.1% formic acid added), B phase was acetonitrile (0.1%
formic acid added);

(3) Elution gradient: 0.00 min, the proportion of B phase was 5%, within 9.00 min, the proportion of B
phase increased linearly to 95%, and remained at 95% for 1 min, 10.00-11.10 min, the proportion of B
phase decreased to 5%, and balanced at 5% up to 14 min;

(4) Flow rate: 0.35 mL/min;

(5) Column temperature: 40 °C;

(6) Injection volume: 2 μL.

2.4.1.2 Quadrupole-Time of Flight spectrometry (TripleTOF 6600+,https://sciex.com/)

The mass spectrum conditions were as follows: source temperature 500°C; ion spray voltage (IS) 5500
V (positive ion mode) / -4500 V (negative ion mode); ion source gas I (GSI), gas II(GSII), curtain gas (CUR)
were set at 50, 60, and 25 psi, respectively; Declustering Potential (DP) was 80 V(positive ion mode) / -80
v (negative ion mode), Collision Energy (CE) was 30 V (positive ion mode) / -30 v (negative ion mode),
Collision Energy Spread was set at 15 V.

2.4.1.3 Triple quadrupole linear ion trap mass spectrometer (QTRAP®6500+,https://sciex.com/)

LIT and Triple Quadrupole (QQQ) scans were obtained on a triple quadrupole Linear Ion TRAP Mass
Spectrometer (Q TRAP) (AB6500 Q TRAP UPLC/MS/MS system). This system is equipped with ESI Turbo
ion spray interface and both positive and negative ion modes can be controlled by Analyst 1.6.3 software (AB
Sciex). Operating parameters of ESI source were as follows: ion source, turbine spray; Source temperature
550°C; Ion spray voltage (IS) 5500 V (positive ion mode) / -4500 V (negative ion mode); The ion source gas
I (GSI), gas II (GSII) and curtain gas (CUR) were set to 50, 60 and 25.0 psi respectively, and the collision-
induced ionization parameter was set to high. QQQ scan used MRM mode and collision gas (nitrogen) was
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set to medium. DP and CE of each MRM ion pair were completed by further DP and CE optimization. A
specific set of MRM ion pairs was monitored at each period based on the eluted metabolites in each period.

2.4.2 GC-MS platform acquisition conditions

The identification and quantification of VOCs was carried out using an Agilent Model 8890 GC and a
7000D mass spectrometer (Agilent).

HS-SPME extraction conditions:

Under the constant temperature of 60 °C, shake for 5 min, insert a 120 µmDVB/CWR/PDMS extraction
tip into the sample headspace vial, perform headspace extraction for 15 min, decompose at 250 °C for 5 min,
and then conduct GC-MS separation and identification. The tips were conditioned for 5 min at 250 °C in the
Fiber Conditioning Station before sampling. NOTE: The new extraction tips were conditioned in the Fiber
Conditioning Station for 2 h prior to extraction. And it uses SPME Arrow, which is 10 times more sensitive
than traditional SPME fiber tips.

Chromatographic conditions:

DB-5MS capillary column (30 m × 0.25 mm × 0.25 μm, Agilent J&W Scientific, Folsom, CA, USA),
the carrier gas was high-purity helium (purity not less than 99.999%), the constant flow rate was 1.2 mL/min,
and the input was The injection port temperature was 250 °C, and the injection was splitless with a solvent
delay of 3.5 min. Ramp program: 40 °C for 3.5 min, 10 °C/min to 100 °C, 7 °C/min to 180 °C, and finally
25 °C/min to 280 °C, hold for 5 min.

MS conditions:

Electron bombardment ion source (EI), ion source temperature 230 °C, quadrupole temperature 150
°C, mass spectrometry interface temperature 280 °C, electron energy 70 eV, scanning mode is selected ion
detection mode (SIM), accurate qualitative and quantitative ions Scan (GB 23200.8-2016).

2.5 Metabolite Qualitative and Quantitative Principles

2.5.1 Metabolite Qualitative and Quantitative Principles on LC-MS Platform

Based on the MWDB metabolite database, the metabolites are annotated based on the secondary spec-
trum information, and the isotopic signal is removed during the analysis, including repeated signals of K+
ions, Na+ ions, NH4+ ions, and repeating signal that come from other larger molecular weight substances
themselves.

Metabolite quantification was performed using triple-quadrupole mass spectrometry in multiple reaction
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monitoring (MRM, as shown below). In the MRM mode, the first quadrupole screens the precursor ions
(precursor ions) of the target substance, and excludes ions corresponding to other molecular weight substances
to preliminarily eliminate interference; the precursor ions are fragmented after induced ionization by the
collision cell to form many fragment ions. Then, a required characteristic fragment ion is selected through the
last quadrupole filtration, and the interference of non-target ions is excluded, so that the quantification is more
accurate and the repeatability is better. After obtaining the metabolite profiling data of different samples, peak
area integration was performed on the mass spectral peaks of all substances, and the integration correction
was performed on the mass spectral peaks of the same metabolite in different samples (Fraga et al., 2010).

Fig 2:

Schematic diagram of multiple reaction monitoring mode by mass spectrometry

2.5.2 Qualitative and quantitative principle of metabolites on GC-MS platform

Based on multi-species, literature, standards and retention index, we independently establish a database,
including the determined RT, qualitative and quantitative ions for precise scanning in selected ion detection
mode, with each compound having 1 quantitative ion and 2~3 qualitative ions. All the ions to be detected in
each group are detected in different time periods according to the peak sequence. If the retention time of the
detected chromatographic peak is consistent with the standard reference, and the selected ions appear in the
sample mass spectrum after subtracting the background, then, it was determined to be this substance (Yuan
et al., 2021); quantitative ions were selected for the integration and calibration of chromatographic peaks to
enhance the accuracy of quantification.
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2.6 Data preprocessing

Based on the raw data file all_sample_data_raw.xlsx, the missing values were first filled in using 1/5 of
the minimum value of each row (metabolite), and then the CV value of the QC sample was calculated, and
the metabolites with a CV value less than 0.5 were retained to obtain the final data file all_sample_data.xlsx.

all_sample_data_raw.xlsx: Final report/1.Data_Assess/all_group/all_sample_data_raw.xlsx

all_sample_data.xlsx: Final report/1.Data_Assess/all_group/all_sample_data.xlsx

3 Data evaluation

3.1 Qualitative and quantitative analysis of metabolites

The LC-MS platform utilizes the software Analyst 1.6.3 to process the mass spectral data. The GC-MS
platform uses MassHunter software to process the off-machine raw data after mass spectrometry analysis for
qualitative and quantitative analysis. The following figure shows the Total Ion Current (TIC) of the mixed
QC samples on the LC-MS platform and the GC-MS platform,and the LC-MS platform MRM metabolite
detection multi-peak diagram (XIC) of samples, the X-axis is the retention time (RT) of metabolite detection,
the Y-axis shows the ion flow intensity from ion detection (intensity unit is cps, count per second). The results
are shown below:
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(a) Demo_QC_MS_TIC-N

(b) Demo_QC_MS_TIC-P

Fig 3: Total ion current diagram of mixed phase mass spectrum analysis

Note: QC_MS_TIC-N represents the Total Ion Current diagram of the negative ion

mode on the LC-MS platform, QC_MS_TIC-P represents the Total Ion Current dia-

gram of the positive ion mode on the LC-MS platform, and QC_MS_TIC represents

the Total Ion Current diagram of the GC-MS platform.

Total ion current diagram ofmixed phasemass spectrum analysis: Final report/1.Data_Assess/QC/*_QC_MS_TIC*.*
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(a) Demo_MRM_detection_of_multimodal_maps-N

(b) Demo_MRM_detection_of_multimodal_maps-P

Fig 4: Multi-peak diagram of MRM metabolite detection

Note: This figure is the MRM multimodal maps of the LC-MS platform, where N

represents the negative ion mode and P represents the positive ion mode.

Multi-peak diagram ofMRMmetabolite detection: Final report/1.Data_Assess/QC/*_MRM_detection_
of_multimodal_maps*.*

For the LC-MS platform, the metabolites of the samples were qualitatively and quantitatively analyzed
by mass spectrometry based on the MWDBmetabolite database. The MRMmetabolite detection multimodal
maps in the figure shows the substances that can be detected in the sample, and each mass spectrum peak of
different color represents a detected metabolite. The characteristic ions of each substance are screened out
by triple quadrupole, the signal intensity (CPS) of the characteristic ions is obtained in the detector, and the
mass spectrum file of the sample is opened with MultiQuant software, and the integration and correction of
chromatographic peaks are performed. The peak area represents the relative content of the corresponding
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substance, and finally all chromatographic peak area integration data are exported and saved.

For the GC-MS platform, we use the MassHunter quantitative software to process the mass spectrum
file of the sample, and select quantitative ions for the integration and calibration of chromatographic peaks.

Mass spectrum peak of each metabolite in different samples was corrected based on retention time and
peak distribution information to ensure the accuracy of qualitative and quantitative analysis. The following
figure shows the integral correction results from a randomly selected metabolite in the samples. The X-axis
of each sub-plot is the retention time (min), and the Y-axis of each sub-plot is the ion current intensity (CPS)
of a certain metabolite ion detection.

(a) Demo_Integral_correction_diagram-N

(b) Demo_Integral_correction_diagram-P

Fig 5: Integral correction diagram for quantitative analysis of metabolites

Note: The figure shows the quantitative analysis integral correction results of ran-

domly selected metabolites in different samples. The x-axis is the retention time

(min) of metabolite detection, the y-axis is the ion current intensity (CPS) of a cer-

tain metabolite ion detection, and the peak area represents the relative content of the

substance in the sample.

Integral correction diagram for quantitative analysis of metabolites: Final report/1.Data_Assess/QC/
*_Integral_correction_diagram*.*

The metabolite ID, relative content and corresponding metabolite names of some metabolites detected
in this experiment are shown in the following table:
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Table 4: Information of metabolite detected in sample

Index A1 A2

pme2244 293657.9 256204.9

MWSmce548 4498147.7 3849779.7

Qagp006800 1900820.1 921709.7

Hmsp003093 484852.1 2340397.3

pme3011 6314731.2 5982782.7

pmd0160 1427124.2 2601479.2

pmd0130 432210.1 836265.2

pme1137 2893082.8 3065946.8

pma1751 1362064.2 1442639.6

Qmgp102003 769339.0 1239237.5

Information ofmetabolite detected in sample: Final report/1.Data_Assess/all_group/all_sample_data.xlsx

Compound composition is sample-specific and varies between samples. The analysis of compound
composition ratios can help examine the distribution of major compounds in the samples. The proportion of
each compound class were analyzed and shown in the ring figure.
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Fig 6: Ring plot of metabolite categories

Note: Each color represents a metabolite class, and the area of the color block indi-

cates the proportion of that class.

Ring plot of metabolite categories: Final report/1.Data_Assess/Class_Count/Class_Count_Ring.*

3.2 Quality control sample analysis

3.2.1 Total ion chromatogram

Quality control samples (QC) are prepared by mixing sample extracts and are used to analyze the re-
peatability of samples under the same processing method. In the process of instrumental analysis, a quality
control sample is generally inserted into every 10 detection and analysis samples to monitor the repeatability
of the analysis process.

The repeatability of metabolite extraction and detection, that is, technical repeatability, can be judged
by overlapping Total Ion flow diagram (TIC diagram) of mass spectrometry detection and analysis of dif-
ferent quality control samples. The high stability of the instrument provides an important guarantee for the
repeatability and reliability of the data.
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(a) Demo_QC_MS_tic_overlap-N

(b) Demo_QC_MS_tic_overlap-P

Fig 7: TIC overlap diagram detected by QC sample essence spectrum

Note: Superimposed spectrum from different QC samples. The results showed that

the curves of total ion current had high overlap, that is, the retention time and peak in-

tensity were consistent, indicating that the signal stability of mass spectrometry was

better when the same sample was detected at different times. The high stability of

the instrument provides an important guarantee for the repeatability and reliability of

the data, where QC_MS_tic_overlap-N represents the negative ion mode TIC over-

lap of the LC-MS platform, and QC_MS_tic_overlap-P represents the positive ion

mode of the LC-MS platform. QC_MS_tic_overlap represents the GC-MS platform

TIC overlap result.

TIC overlap diagram detected by QC sample essence spectrum: Final report/1.Data_Assess/QC/
*_QC_MS_tic_overlap*.*
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3.2.2 CV value distribution of all samples

The Coefficient of Variation (CV) value is the ratio between the standard deviation of the original data
and the mean of the original data, which can reflect the degree of data dispersion. The Empirical Cumulative
Distribution Function (ECDF) can be used to analyze the frequency of CV of substances that is smaller than
the reference value. The higher the proportion of substances with low CV value in QC samples is, the more
stable the experimental data is. The proportion of substances with CV value less than 0.5 in QC samples was
higher than 85 %, indicating that the experimental data were relatively stable. The proportion of substances
with CV value less than 0.3 in QC samples was higher than 75 %, indicating that the experimental data were
very stable.

Fig 8: CV distribution of each group

Note: the X-axis represents the CV value, the Y-axis represents the proportion of

metabolites. Different colors represent different sample groups. QC indicates quality

control samples. The two dash lines on X-axis correspond to 0.3 and 0.5; the two

dash line on Y-axis correspond to 75 % and 85 %.

CV distribution of each group: Final report/1.Data_Assess/QC/*CV_ECDF.*
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3.3 Principal Component Analysis (PCA)

3.3.1 Principles of principal component analysis

Multivariate statistical analysis can simplify complex high-dimensional data while preserving the origi-
nal information to the maximum extent by establishing a reliable mathematical model to summarize the char-
acteristics of the metabolic spectrum. Among them, Principal Component Analysis (PCA) is an unsupervised
pattern recognition method for statistical analysis of multidimensional data. Through orthogonal transforma-
tion, a group of variables that may be correlated are converted into a group of linear unrelated variables that
are called principal components. This method is used to study how a few principal components may reveal the
internal structure of between multiple variables, while keeping the original variable information (Eriksson et
al., 2006). The first principal component (PC1) represents the most variable features in the multidimensional
data matrix, PC2 represents the second most variable feature in the data, and so on. The prcomp function of
R software (www.r-project.org/) was used with parameter scale=True indicating unit variance Scaling (UV)
for normalizing the data. See appendix for details of PCA calculation.

3.3.2 Principal component analysis of the sample population

Principal component analysis (PCA) was performed on all the samples (including QC samples) to exam-
ine the overall metabolic differences between each group and the variation between samples within a group.
QC is the Quality control sample mentioned above. PCA plot for the first two principal components is as
follows:
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Fig 9: PCA score dia-

gram of quality spectrum data of each group of samples and quality control samples

Note: PC1 represents the first principal component, PC2 represents the second prin-

cipal component, and PC3 represents the third principal component. Percentage rep-

resents the interpretation rate of the principal component to the data set. Each dot in

the figure represents a sample, and samples in the same group are indicated in the

same color.

Principal component analysis of the sample population: Final report /1.Data_Assess/pca/

3.3.3 Principal component univariate statistical process control

We plotted the sample order chart based on principle component analysis results. Each point in the
order chart represents a sample, and the X-axis is the injection order of the sample. Due to changes in the
instrument, the points on the chart may fluctuate up and down. Generally, PC1 of the QC sample should be
within 3 standard deviations (SD) from the normal range.
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Fig 10: PC1 variation diagram of all the sample

Note: In the figure, the X-axis is the injection order of the sample, and the Y-axis

reflects the PC1 value. The yellow and red lines define plus orminus 2 and 3 standard

deviations respectively. The green dots represent QC samples and the black dots

represent test samples.

PC1 control diagram of population sample: Final report/1.Data_Assess/pca/*_PC1_QCC.*

3.4 Hierarchical Cluster Analysis (HCA)

3.4.1 Principles of cluster analysis

Hierarchical Cluster Analysis (HCA) is a type of multivariate statistical analysis method. The samples
are classified according to their features such that highest homogeneity is achieved between sample from the
same group and highest heterogeneity is achieved between samples from different groups. In this report, the
compound quantification data was normalized (Unit Variance Scaling, UV Scaling) and heatmaps were drawn
by R software Pheatmap package. Hierarchical Cluster Analysis (HCA) was used to cluster the samples
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3.4.2 Hierarchical Cluster Analysis results

Fig 11: Sample clustering diagram

Note: X-axis indicates the sample name and the Y-axis are the metabolites. Group

indicates sample groups. The different colors are the results after standardization

of the relative contents (red represents high content, green represents low content).

*_all_heatmap_class: Heatmap by metabolites classification, Class represents the

first-level classification of metabolites. *_all_heatmap_col-row_cluster: clustering

analysis is performed for both metabolites and samples. The clustering tree on the

left represents clustering on the metabolites. The clustering tree on the top repre-

sent clustering on the samples. *_all_heatmap_row_cluster: clustering analysis is

performed for metabolites only.

Hierarchical Cluster Analysis results: Final report/1.Data_Assess/heatmap/

3.5 Sample correlation assessment

Pearson’s correlation analysis between samples are useful for examining the biological replicates in a
group. The higher the correlation between samples in the same group compared with samples in a different
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group, the more reliable the differential metabolite analysis. The cor function in R was used to calculate
Pearson correlation between every pair of samples. The higher the correlation of QC samples (| r | closer to
1) means that the stability of the whole testing process is better and the data quality is higher. The correlation
results can be seen in the figure below:

Fig 12: Correlation diagram between samples

Note: The labels on the left of each row and on the top of each column represent

samples. Different colors represent different Pearson correlation coefficients. The

darker the red, the stronger the correlation. The values in each box represent the

correlation coefficients. ”Correlation_expt” is the evaluation of the correlation be-

tween test samples; ”correlation_QC” is the evaluation of the correlation between

QC samples.

Sample correlation assessment: Final report/1.Data_Assess/correlation_analysis/

4 Analysis results

In order to ensure the data detected by the two platforms are useful for biological analysis, all the fol-
lowing analysis are analyzed after integrating the data of the two platforms.
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4.1 Grouping principal component analysis

Principal component analysis was first performed on each pair of sample groups to examine the degree
of variation between different groups and between samples within the group.

Fig 13: Principal component analysis of different groups

Note: Each group has a PCA plot, PC1 represents the first principal component,

PC2 represents the second principal component, and the percentages on the axis

represents the interpretation rate of the principal component to the data set. Each dot

in the figure represents a sample, samples in the same Group are represented by the

same color, and Group is a grouping.

The three-dimensional PCA result is shown in the figure below:
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Fig 14: Three-dimensional PCA plot of different groups

Note: PC1 represents the first principal component, PC2 represents the second prin-

cipal component, and PC3 represents the third principal component.

The explainable variation of the first five principal components is shown in the figure below:
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Fig 15: The explainable variation of the first five principal components

Note: the X-axis represents each principal component, the Y-axis represents the ex-

plainable variation, the left figure represents the cumulative explainable variation,

and the right figure represents the explainable variation of each principal component

Principal component analysis of sample groups: Final report/2.Basic_Analysis/Difference_analysis/*_vs_*/pca/

4.2 Discriminant Analysis by Orthogonal Partial Least Squares (OPLS-DA)

PCA analysis is often insensitive to variables with small correlation. In contrast, partial least squares-
discriminant analysis (PLS-DA) is a multivariate statistical analysis method with supervised pattern recogni-
tion, in which the independent variable X and dependent variable Y are extracted to calculate the correlation
between components. Compared with PCA, PLS-DA can maximize the difference between groups and facili-
tate the search for differential metabolites. Orthogonal partial least squares discriminant analysis (OPLS-DA)
combines orthogonal signal correction (OSC) and PLS-DA method, which can decompose the x-matrix in-
formation into two types (1. information related to Y and 2. irrelevant information) and filter the differential
variables by removing the irrelevant differences.

The OPLSR.Anal function in the R package MetaboAnalystR was used for this analysis. The following
table shows a partial result from the OPLS-DA model:
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Table 5: Partial results of OPLS-DA

Index Compounds VIP

pme2244 3-Indolepropionic acid 1.2270304

MWSmce548 Betaine 1.3598774

Qagp006800 Lyciumamide B 0.9681408

Hmsp003093 3,7-Dihydroxychromen-4-one 0.7124906

pme3011 γ-Aminobutyric acid 1.0222208

pmd0160 LysoPE 16:0(2n isomer) 1.2987781

pmd0130 LysoPC 14:0 1.3597487

pme1137 6-Hydroxynicotinic acid 0.3329804

pma1751 N-(beta-D-Glucosyl)nicotinate 1.2192607

Qmgp102003 O-Acetyljervine 1.3384175

Partial results of OPLS-DA: Final report/2.Basic_Analysis/Difference_analysis/*_vs_*/*_info.xlsx

OPLS-DA model overview: Final report/2.Basic_Analysis/Difference_analysis/*_vs_*/opls/*_OPLS-
DA_model.*

OPLS-DAmodel summary table: Final report/2.Basic_Analysis/Difference_analysis/*_vs_*/opls/*_OPLS-
DA_summary.xlsx

4.2.1 Principles of OPLS-DA model

During OPLS-DA modeling, the X matrix information is decomposed into information related to Y
and information unrelated to Y. Among them, the variable information related to Y is the predicted principal
component, and the information unrelated to Y is the orthogonal principal component (Thevenot et al., 2015).

25



Fig 16: OPLS-DA score diagram

Note: the X-axis represents the predicted principal component, and the difference

between groups can be seen in the horizontal direction. The Y-axis represents the or-

thogonal principal component, and the vertical direction shows the difference within

the group. Percentage indicates the degree to which the component explains the

data set. Each dot in the figure represents a sample, samples in the same Group are

represented by the same color, and Group indicates sample groups.

OPLS-DA score diagram: Final report/2.Basic_Analysis/Difference_analysis/*_vs_*/opls/*_OPLS-
DA_scorePlot.*

4.2.2 OPLS-DA model validation

The prediction parameters of the evaluation model are R²X, R²Y and Q², where R²X and R²Y represent
the explanatory rate of the model to X and Y matrix respectively, and Q² represents the predictability of the
model. The closer these three indicators are to 1, the more stable and reliable the model is. Q² > 0.5 can
be considered as an effective model, and Q² > 0.9 can be considered as an excellent model. The following
figure shows the OPLS-DA validation plot with the horizontal coX-axis indicating the model R²Y, Q² values,
and the vertical coY-axis is the frequency of the model classification effect. Bootstrapping on the model was
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performed for 200 times and if Q² P = 0.02, it indicates that the predictability of four random grouping models
is better than that of the OPLS-DA model in the Permutation detection. If R²Y P = 0.545, it indicated that
there were 109 random grouping models in the Permutation detection, whose explanation rate of Y matrix
was better than that of the OPLS-DA model. In general, P < 0.05 is the best model.

Fig 17: OPLS-DA verification diagram

Note: The X-axis represents the R�õY and Q�õvalues of the model, and the Y-axis is

the frequency of the model classification effect in 200 random permutation and com-

bination experiments. The orange in the figure represents the randomization model

R�õY, the purple represents the randomization model Q�õ, and the values represented

by the black arrows represent the R�õX, R�õY and Q�õvalues of the original model.

OPLS-DAverification diagram: Final report/2.Basic_Analysis/Difference_analysis/*_vs_*/opls/*_OPLS-
DA_permutation.*

4.2.3 OPLS-DA S-plot

The figure below shows the OPLS-DA S-plot. The horizontal axis is the covariance between the princi-
pal components and metabolites, the vertical axis indicates the correlation coefficient between the principal
components and the metabolites. The closer the points are to the top right corner or bottom left corner, the
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more significant the difference in metabolite abundance. Red dots indicate metabolites with VIP value > 1
and green dots indicate metabolites with VIP value <= 1.

Fig 18: OPLS-DA S-plot

OPLS-DAS-plot: Final report/2.Basic_Analysis/Difference_analysis/*_vs_*/opls/*_OPLS-DA_SPlot.*

4.3 Dynamic distribution of metabolite content differences

To show the overall metabolite abundance distribution in the samples, metabolites were sorted and plot-
ted based on fold-change values from small to large. The distribution of the ranked metabolites is shown
below with the top 10 up-regulated and top 10 down-regulated metabolites labelled.
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Fig 19: Dynamic distribution of metabolite content difference

Note: In the figure, the X-axis represents the rank number ofmetabolites based on FC

value. The Y-axis represents the log�õFC value. Each point represents a metabolite.

The green points represent the top 10 down-regulated metabolites and the red points

represent the top 10 up-regulated metabolites.

Dynamic distribution ofmetabolite content difference: Final report/2.Basic_Analysis/Difference_analysis/
*_vs_*/TopFcMetabolites/*_TopFcDistribution_*.*

4.4 Differential metabolite screening

It is often necessary to combine univariate statistical analysis and multivariate statistical analysis for
large high dimensional datasets such as metabolomics datasets to accurately identify differential metabolites.
Univariate statistical analysis methods include parametric test and nonparametric test. Multivariate statistical
analysis methods include principal component analysis and partial least square discriminant analysis. Based
on the results of OPLS-DA (biological repetition ≥ 3), multivariate analysis of Variable Importance in Projec-
tion (VIP) from OPLS-DA modeling was used to preliminarily select differential metabolites from different
samples. Differential metabolites can further be screened by combining the P-value/FDR (when biological
replicates ≥ 2) or FC values from univariate analysis. The screening criteria for this project are as follows:
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1. Metabolites with VIP > 1 were selected. VIP value represents the effect of the differences between

groups for a particular metabolite in various models and sample groups. It is generally considered that

the metabolites with VIP > 1 are significantly difference.

2. Metabolites with fold change ≥ 2 or fold change ≤ 0.5 were considered as significant and selected.

Partial results from the screening criteria is shown below.

Table 6: Screening results of differential metabolites

Index Compounds Type

MWSmce548 Betaine down

pmd0160 LysoPE 16:0(2n isomer) down

pmd0130 LysoPC 14:0 down

pma1751 N-(beta-D-Glucosyl)nicotinate down

Qmgp102003 O-Acetyljervine down

Zmcp010827 Spirost-5-en-3-ol (Diosgenin) down

Lahp003147 N,N-cinnamoylbutanediamine* down

Hmmp002701 β2-Solanine down

pme0014 L-Glutamic acid up

Lskp211385 dihydrosesamin up

Screening results of differentialmetabolites: Final report/2.Basic_Analysis/Difference_analysis/*_vs_*/
*_filter.xlsx

4.4.1 Bar chart of differential metabolites

The following figure shows the result of top 20 differentially expressed metabolites in each comparison
with fold-change value shown as log2 values.
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Fig 20: Bar chart of differential metabolites

Note: X-axis refers to log�õFC values of top differential metabolites,the Y-axis refers

to metabolites. Red bars represent up-regulated differential metabolites and green

bars represent down-regulated differential metabolites.

Histogram of multiple difference: Final report/2.Basic_Analysis/Difference_analysis/*_vs_*/
TopFcMetabolites/*_TopFcBarChart_*.*

4.4.2 Differential metabolite radar map

The top 10 differential metabolites based on absolute value of Fold-change were selected and plotted on
the radar plot.
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Fig 21: Radar map of differential metabolites

Note: The grid lines correspond to the log�õFC, The green colored area are formed

from the lines connecting the dots.

Radar map of differential metabolites: Final report/2.Basic_Analysis/Difference_analysis/*_vs_*/
TopFcMetabolites/*_TopFcRadarChart_*.*

4.4.3 VIP value map of differential metabolites

The top 20 metabolites with the largest VIP value from the OPLS-DA model were selected and plotted.
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Fig 22: VIP values of differential metabolites

Note: The X-axis represents VIP values, and the Y-axis represents metabolites. Red

dots represent up-regulated differential metabolites, and green dots represent down-

regulated differential metabolites

VIP values of differential metabolites: Final report/2.Basic_Analysis/Difference_analysis/*_vs_*/ vip-
score/*_vipScore.*

4.4.4 Volcano plot of differential metabolites

Volcano Plot is used to show the relative differences and the statistical significance of metabolites be-
tween two groups. We provided the volcano plot of differential metabolites using different selection criteria
for your consideration. The details of different selection criteria are described in the README document
under the volcano plot directory. In addition, the attached results also provided an interactive web version of
the volcano plot where you can examine the details of each metabolite.
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Fig 23: Volcano plot of differential metabolites

Note: Each point in the volcano plot represents ametabolite with green dots represent

down-regulated differential metabolite, red dots represent up-regulated differential

metabolite, and gray dots represent the detected metabolites but show no significant

differences. The X-axis represents the (log2 FC) value of metabolites between two

groups. The further away from 0 on the X-axis, the greater the fold-change between

two groups. If themetabolites were screened usingVIP+FC, theY-axis will represent

VIP value. The larger the VIP value, the more significant the difference and the more

reliable in the screening process.If the metabolites were screened using VIP + FC +

P-value, the Y-axis will represent the the level of significant differences (-log�Æ��P-

value). The size of each dot represents the VIP value.

Volcano maps of differential metabolites: Final report/2.Basic_Analysis/Difference_analysis/*_vs_*/
vol/*_volcano_*.*

4.4.5 Scatter plot of differential metabolites

The differential metabolites scatter plot is used to show the abundance differences in compound sub-
classes between two groups.
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Fig 24: Scatter plot of differential metabolites

Note: Each dot in the graph indicates a metabolite, and different colors indicate

different metabolite subclasses; the horizontal coordinate indicates the logarithmic

value of the multiplicative difference in the content of a substance in two groups

of samples (log�õFC), the larger the absolute value of the horizontal coordinate, the

greater the difference in the content of the substance between the two groups of

samples, and the size of the dot represents the VIP value.

Scatter plot of differentialmetabolites: Final report/2.Basic_Analysis/Difference_analysis/*_vs_*/Scatter/

4.4.6 Hierarchical clustering tree

Hierarchical clustering was performed on different sample groups to form a clustering tree showing the
similarity between samples. Samples in the same cluster have higher similarity.
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Fig 25: Hierarchical clustering tree

Note: Samples with higher similarity are clustered more closely on the clustering

tree.

Hierarchical clustering tree: Final report/2.Basic_Analysis/Difference_analysis/*_vs_*/dendrogram/
*_dendrogram.*

4.4.7 Heatmap of differential metabolites

In order to observe the fold-change of differential metabolites more intuitively, we normalized the rela-
tive quantification using unit variance scaling (UV scaling, see appendix for details of calculation formula)
and plotted the results on a heatmap using ComplexHeatmap in R.
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Fig 26: Heatmap of differential metabolites

Note: The X-axis shows the name of the samples and the Y-axis shows the differen-

tial metabolites. Different colors in the heatmap represent the values obtained after

UV scaling and reflects the level of relative quantification. The darker the red, the

higher the quantification. In contrast, the darker the green, the lower the quantifi-

cation. The colored bar on top depicts sample groups. If hierarchical clustering is

performed, the clustering tree will be shown on the left or on the top. If classification

was performed on the compounds, a colored bar will be shown on the left to depict

Level 1 classifications. *_all_heatmap_class: Heatmap by metabolites classifica-

tion, Class represents the first-level classification ofmetabolites. *_all_heatmap_col-

row_cluster: clustering analysis is performed for both metabolites and samples, the

clustering tree on the left side is the metabolite clustering tree, and the clustering tree

on the top is the sample clustering tree. *_all_heatmap_row_cluster: clustering anal-

ysis is performed for metabolites only, the clustering tree on the left is the metabolite

clustering tree.

Heatmap of differentialmetabolites: Final report//2.Basic_Analysis/ Difference_analysis/*_vs_*/heatmap/
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4.4.8 Correlation analysis of differential metabolites

Metabolites may act synergistically or in mutually exclusive relationships amongst each other. The
correlation analysis can help measure the metabolic proximities of significantly different metabolites. This
analysis will help further understand the mutual regulatory relationship between metabolites in the biological
process. Pearson correlation was used to perform correlation analysis on the differential metabolites identified
based on the screening criteria described previously.

Fig 27: Heatmap of correlation of different metabolites

Note: The ID of the metabolites are shown on both horizontal and verticle axses.

The colors represent the Pearson correlation coefficient (r) with the scale seen on

the right (The darker the red, the stronger the positive correlation; the darker the

green the stronger the negative correlation). If there are more than 50 differential

metabolites, the figure will only show the top 50 metabolites based on VIP.

Heatmap of correlation of different metabolites: Final report/2.Basic_Analysis/Difference_analysis/
*_vs_*/cpdCorr/*_cpdCorr_*.*
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Fig 28: Chord diagram of differential metabolites

Note: The outermost layer shows the metabolite ID. The second layer shows log�õFC

value, The larger the dot, the larger the log�õFC value; The color for the first and

second layer represent Class I metabolite classification. The chords in the inner most

layer reflect the Pearson correlation between the connected metabolites. Red chords

represent positive correlation and the blue chords represent negative correlation. If

there are more than 50 differential metabolites, the figure will only show the top 50

metabolites based on VIP.
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Fig 29: Correlation network diagram of differential metabolites

Note: The points in the figure represent the various differential metabolites, and the

size of the points is related to the Degree of connection. The greater the degree of

connection, the larger the point, i.e. the more points (neighbors) connected to it. Red

lines represent positive correlations and blue lines represent negative correlations.

Line thickness represent the absolute value of Pearson correlation coefficient. The

larger the |r|, the thicker the line. If there are more than 50 differential metabolites,

the figure will only show the top 50 metabolites based on VIP.

Correlation network diagram of differentialmetabolites: Final report/2.Basic_Analysis/Difference_analysis/
*_vs_*/cpdCorr/*_cpdCorrNet_*.*

4.4.9 Z-value map of differential metabolites

Z-score standardization normalizes the relative content of the differential metabolites by calculating Z-
scores. The Z-score is calculated by z = (x - µ) / σ; Where x is a specific score, µ is the mean, and σ is the
standard deviation. The Z-score plot provides a visual representation of the distribution of each differential
metabolite across groups. The colored dots in the plot represent samples of different groups.
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Fig 30: Z-value map of differential metabolites

Note: The X-axis represents the z-score and the Y-axis represents the differential

metabolites. The colored dots in the plot represent samples of different groups. If

there are more than 50 differential metabolites, the figure will only show the top 50

metabolites based on VIP.

Z-value map of differential metabolites: Final report/2.Basic_Analysis/Difference_analysis/*_vs_*/ zS-
core/*_zScore*.*

4.4.10 Violin plot of differential metabolites

A violin plot is a combination of a box plot and a density plot, mainly used to show the data distribution
and its probability density. The box shape in the middle indicates the interquartile range, the thin black line
extending from it represents the 95% confidence interval, the black horizontal line right in the middle is the
median, and the outer shape indicates the density of the data distribution.
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Fig 31: Violin plot of differential metabolites

Note: The horizontal coordinate is the grouping and the vertical coordinate is the

relative content of the differential metabolites (raw peak area). If there are more

than 50 differential metabolites, the figure will only show the top 50 metabolites

based on VIP.

Violin plot of differentialmetabolites: Final report/2.Basic_Analysis/Difference_analysis/*_vs_*/fullViolin/
*_fullViolin*.*

Violin plot of singlemetabolite: Final report/2.Basic_Analysis/Difference_analysis/*_vs_*/fullViolin/single

4.4.11 K-Means analysis

K-Means analysis is a method to examine the trend of relative quantification changes of a metabolite
in different sample groups. K-Means is performed based on the Z-score normalized relative quantification
value.
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Fig 32: K-Means diagram of differential metabolites

Note: The X-axis represents the sample names and the Y-axis represents the normal-

ized relative quantification. ”Sub class” represents a group of metabolites with the

same trend and the ”total” represent the number of metabolites in this cluster.

K-Means diagram of differential metabolites: Final report/2.Basic_Analysis/kmeans/kmeans_cluster.*

4.5 Functional annotation and enrichment analysis of differential metabolites with

KEGG database

KEGG (Kyoto Encyclopedia of Genes and Genomes) is a database that integrates compounds and genes
into metabolic pathways. The KEGG database enabled researchers to study genes with their expression in-
formation and compounds with its abundances as a complete network.

4.5.1 Functional annotation of metabolites

Metabolites are annotated using the KEGG database (Kanehisa et al., 2000), and only metabolic path-
ways containing differential metabolites are shown. Detailed results are found in the attached results. A
portion of the results is shown below.
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Fig 33: KEGG pathway with detected metabolites

Note: Red circles indicate that the metabolite content was significantly up-regulated

in the experimental group; blue circles indicate that the metabolite content was de-

tected but did not change significantly; green circles indicate that the metabolite

content was significantly down-regulated in the experimental group; and orange cir-

cles indicate a mixture of both up-regulated and down-regulated metabolites. This

allows searching for metabolites that may contribute to the phenotypic differences.

KEGG pathway of differential metabolites: Final report/2.Basic_Analysis/Difference_analysis/*_vs_*/
enrichment/Graph/ko*****

Statistical analysis of KEGG database annotation of screened metabolites with significant differences.
Some of the results are as follows:
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Table 7: KEGG annotations for differential metabolites

Index Compounds Type cpd_ID

MWSmce548 Betaine down C00719

pmd0160 LysoPE 16:0(2n isomer) down -

pmd0130 LysoPC 14:0 down -

pma1751 N-(beta-D-Glucosyl)nicotinate down -

Qmgp102003 O-Acetyljervine down -

Zmcp010827 Spirost-5-en-3-ol (Diosgenin) down C08898

Lahp003147 N,N-cinnamoylbutanediamine* down -

Hmmp002701 β2-Solanine down -

pme0014 L-Glutamic acid up C00025

Lskp211385 dihydrosesamin up -

Table 8: Enrichment statistical of KEGG annotations for differential metabolites

ko_ID Sig_compound compound Sig_compound_all compound_all

ko00260 3 11 118 442

ko01100 85 313 118 442

ko02010 11 46 118 442

ko00220 4 11 118 442

ko00250 6 13 118 442

ko00330 2 19 118 442

ko00332 3 4 118 442

ko00340 2 8 118 442

ko00430 2 4 118 442

ko00470 9 21 118 442

KEGGannotations for differentialmetabolites: Final report/2.Basic_Analysis/Difference_analysis/*_vs_*/
enrichment/*_filter_anno.xlsx

Enrichment statistical of KEGG annotations for differential metabolites: Final report/2.Basic_Analysis/
Difference_analysis/*_vs_*/enrichment/*_KEGG.xlsx

4.5.2 KEGG classification of differential metabolites

The significant differential metabolites were classified based on pathway annotation. The results are as
follows:
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Fig 34: KEGG classification of differential metabolites

Note: the Y-axis shows the name of the KEGG pathway. The number of signifi-

cant differential metabolites and the proportion of the total significant differential

metabolites are shown next to the bar plot.

KEGGclassification of differentialmetabolites: Final report/2.Basic_Analysis/Difference_analysis/*_vs_*/
enrichment/*KEGG_barplot.*

4.5.3 Hierarchical Cluster Analysis of differential metabolites in KEGG pathway

We clustered the compounds in each pathway base on their quantification in order to examine the pattern
of metabolite changes in different sample groups. Only pathways with at leaset 5 differential compounds were
analyzed.
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Fig 35: Clustering heat map of differential metabolites in KEGG pathway

Note: The X-axis shows the name of the samples and the Y-axis shows the differ-

ential metabolites. Different colors in the heatmap represent the values obtained

after normalization and reflects the level of relative quantification. The darker the

red, the higher the quantification. In contrast, the darker the green, the lower the

quantification. The colored bar on top depicts sample groups. If hierarchical clus-

tering is performed, the clustering tree will be shown on the left. If classification

was performed on the metabolites, a colored bar will be shown on the left to depict

compound classifications.

Clustering heat map of differential metabolites in KEGG pathway: Final report/2.Basic_Analysis/ Dif-
ference_analysis/*_vs_*/enrichment/KEGG_heatmap/*_KEGG_heatmap*.*

4.5.4 KEGG enrichment analysis of differential metabolites

KEGG pathway enrichment analysis was conducted based on the annotation results. We calculated the
Rich Factor for each pathway, which is the ratio of the number of differential metabolites in the corresponding
pathway to the total number of metabolites annotated in the same pathway. The greater the value, the greater
the degree of enrichment. P-value is calculated using hypergeometric test as shown below:
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N represents the total number metabolites with KEGG annotation, n represents the number of differential
metabolites in N, M represents the number of metabolites in a KEGG pathway in N, and m represents the
number of differentialmetabolites in aKEGGpathway inM. The closer the p-value is to 0, themore significant
the enrichment. The size of the dots in the figure represents the number of significantly different metabolites
enriched in the corresponding pathway. The top 20 pathways in terms of P-value are plotted.

Fig 36: KEGG enrichment diagram of differential metabolites

Note: The X-axis represents the Rich Factor and the Y-axis represents the pathway.

The color of points reflects the p-value. The darker the red, the more significant

the enrichment. The size of the dot represents the number of enriched differential

metabolites.

KEGGenrichment diagram of differentialmetabolites: Final report/2.Basic_Analysis/Difference_analysis/
*_vs_*/enrichment/*_KEGG_Enrichment.*
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4.6 GC-MS platform different metabolites taste and aroma analysis

The aroma of plants, animals and food is closely related to taste and nutritional quality, and is an impor-
tant factor affecting their characteristics. Aroma components can objectively reflect the flavor characteristics
of different samples and are important indexes to evaluate flavor quality. Through the sensory analysis of the
differential metabolites, the sensory flavor characteristics of the samples can be investigated.

4.6.1 Radar map of sensory flavor characteristics analysis of differential metabolites

According to the differential metabolites identified based on screening criteria and the sensory flavor
feature annotated in each difference comparison group, the top 10 sensory flavors with the highest frequency
were selected for display:

Fig 37:

Radar map of sensory flavor characteristics analysis of differential metabolites

Note: The name out of the circle represents the sensory flavor feature, and the green

dot represents the frequency of the corresponding sensory flavor feature, that is, the

number of differential metabolites annotated to the sensory flavor feature.
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Radarmap of sensory flavor characteristics analysis of differentialmetabolites: Final report/2.Basic_Analysis/Difference_analysis/group-
ID*_vs_group-ID*/flavor/group-ID*_vs_group-ID*_flavor_radarchart*.*

4.6.2 Differential metabolite flavor wheel

According to the differential metabolites identified based on screening criteria and the sensory flavor
feature annotated in each difference comparison group, the top 10 sensory flavors with the highest frequency
were selected for display:

Fig 38: Differential metabolite flavor wheel

Note: The innermost circle is the difference comparison group; the second circle is

the top 10most frequent sensory flavor features annotated by differential metabolites

of this comparison group; the numbers in brackets represent the number of differen-

tial metabolites annotated to this sensory flavor feature; the outermost circle repre-

sents the index of differential metabolites; if the number of differential metabolites

annotated to a certain sensory flavor feature exceeds 10, the figure will only show

the top 10 metabolites based on VIP.

Differential metabolite flavor wheel: Final report/2.Basic_Analysis/Difference_analysis/group-
ID*_vs_group-ID*/flavor/group-ID*_vs_group-ID*_flavor_sunburst*.*
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4.6.3 Flavor characteristics association network diagram

According to the differential metabolites identified based on screening criteria and the sensory flavor
feature annotated in each difference comparison group, the top 10 sensory flavors with the highest frequency
were selected to draw the network diagram.

Fig 39:

Sensory flavor feature and differential metabolite association network diagram

Note: Pink circles represent sensory flavor feature, green circles represent differen-

tial metabolites, and the lines between the two color circles represent the differential

metabolites annotated to the sensory flavor feature. The larger the pink circle, the

more differential metabolites annotated the sensory flavor feature, the more impor-

tant the sensory flavor feature; The larger the green circle, the more sensory flavor

features of the differential metabolite annotation, and the more important the differ-

ential metabolite. When the number of differential metabolites for a certain sensory

flavor feature exceeds 50, the figure will only show the top 50 metabolites based on

VIP.

Flavor characteristics association network diagram: Final report/2.Basic_Analysis/Difference_analysis/group-
ID*_vs_group-ID*/flavor/group-ID*_vs_group-ID_flavor_network.*
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4.6.4 Sankey map of flavor characteristics

According to the differential metabolites identified based on screening criteria and the sensory flavor
feature annotated in each difference comparison group, the top 10 sensory flavors with the highest frequency
were selected to draw the Sankey chart.

Fig 40: Sankey map of flavor characteristics

Note: The left column represents sensory flavor feature, the right column repre-

sents differential metabolites, red streamlines represent up-regulated (up) differen-

tial metabolites, and green streamlines represent down-regulated (down) differential

metabolites. The height of the left column is determined by the number of differen-

tial metabolites displayed in the right column, and the higher the number, the higher

the box. When there were more than 10 differential metabolites corresponding to

this sensory flavor feature, the figure will only show the top 10 metabolites based on

VIP.

Sankey map of flavor characteristics: Final report/2.Basic_Analysis/Difference_analysis/group-
ID*_vs_group-ID*/flavor/group-ID*_vs_group-ID*_flavor_sankey*.*
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6 Appendix

6.1 Software list and version

Table 9: Software used

Analysis Software Version Method

KNN R (impute) 1.56.0 default parameters

PCA R (base package) 4.1.2 UV (unit variance scaling)

Heatmap R (ComplexHeatmap) 2.9.4 UV (unit variance scaling)

Pearson Correlation R (base package) 4.1.2 -

Correlation plot R (corrplot) 0.92 -

OPLS-DA R (MetaboAnalystR) 1.0.1 log2 + mean centering

Radar plot R (fmsb) 0.7.1 -

Chord diagram R (igraph; ggraph) 1.2.11; 2.0.5 -

Network diagram R (igraph) 1.2.11 -

K-Means R (base package) 4.1.2 UV (unit variance scaling)

In all the analyses of this project, two main approaches were taken to pre-process the data, which were
calculated as follows:

(1) Unit variance scaling (UV)

Unit variance scaling (UV), also known as Z-score normalization / auto scaling, is a method of normal-
izing data based on the mean and standard deviation of the original data. The processed data conforms to a
standard normal distribution with a mean of 0 and a standard deviation of 1.

Calculation method:

Original data centering divided by the standard deviation of the variable.

The formula is as follows:
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µ is the mean value and σ is the standard deviation.

(2) Zero-centered (Ctr)

Calculation method:

Original data minus the mean value of the variable.
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