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Comparative lipidomic analyses reveal differences in lipid meta-

bolism profiles between CL3 and CL53 C. oleifera cultivars 

 

ABSTRACT: Camellia oleifera Abel. is an evergreen oil-bearing tree and widely cultivated in China. 

Camellia oleifera oil is considered to be a healthiest edible oil. However, the lipid profile are not well 

studied and ultilized. In the current study, we firstly used non-targeted LC-MS/MS method to describe 

the lipid profiles of two C. oleifera cultivars. Stringent criteria was used to screen significantly differ-

ent lipids metabolites (SDLs). By comparing CL3 with CL5, 79 SDLs in CL3 were found to be signifi-

cantly up-regulated, and 61 SDLs were found to be significantly down-regulated. Correlation analysis 

indicated that intra-category and inter-category correlation of glycerolipids and glycerophospholipids 

were strong in CL3 and CL53 cultivars. Through pathway enrichment analysis, we found that the most 

influential pathway in two cultivars was the glycerophospholipid metabolism pathway. The present 

results provide essential insights into lipid composition and a basis to make better ultilization of the 

lipids. 
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1. INTRODUCTION 

Camellia oleifera Abel., belonging to the genus Camellia of Theaceae, is an evergreen oil-bearing 

tree. Because of the high oil content in seeds and well adapted, hundreds of cultivars were worked out 

and cultivated widely in China. The plantation area has reached 4,443,300 hectares with a total output 

value of about 113.394 billion CNY in 2018 [1]. Changlin clones of C. oleifera have been studied by 

the Subtropical Forestry Research Center of Chinese Academy of Forestry Sciences for many years. 

After careful cultivation and selection by many scientific researchers, the cultivars including ‘Changlin 

3’ (CL3) and ‘Changlin 53’ (CL53) with high quality and high yield were selected. In 2008, the CL3 

and CL53 were approved as excellent caltivars of C. oleifera by Forest Variety Approval Committee of 

State Forestry Administration. The oil contents in kernels of CL3 and CL53 were 46.43% and 41.22%, 
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respectively [2]. The color of the fresh fruit of CL 3 is cyan yellow, and the shape is olive; The color of 

the fresh fruit of CL 53 is yellow red, and the shape is oblate (Fig. 1 ). 

Camellia oleifera oil (Coo) is extracted from mature seeds of C. oleifera [3,4]. The composition of 

Coo is very similar to Olive oil [5]. It contains up to 93% unsaturated fatty acids, rich in bioactive sub-

stances, and is considered to be the healthiest edible oil [6]. As reported that increasing the amount of 

unsaturated fats intake, especially polyunsaturated fats, could help to decrease the risk of developing 

non-communicable diseases[7]. In China, Coo can be used not only as edible oil, but also as a health 

caring medicine to treat skin burns and infantile eczema as over-the-counter medicine [8]. The anti-

inflammatory effect of Coo was confirmed to the phenolic compounds [9]. Four fractions of phenolic 

compounds and their in vitro anti-inflammatory activities had been quantitated and worked out, respec-

tively [10]. In addition, the active ingredients in Coo had been proved to relieve liver fibrosis [11,12]. 

Lipids are a highly complex and diverse class of compounds and they can be classified into eight 

categories, glycerolipids (GLs), glycerophospholipids (GPs), sphingolipids (SPs), fatty acyls (FAs), 

prenol lipids (PRs), saccharolipids (SLs), sterol lipids (STs), and polyketides (PKs), according to their 

structural differences [13]. Lipids play an important role in biological processes including energy sto-

rage and conversion, material transports, signals recognition and transmission, cell development and 

differentiation [14]. EHA and DHA were reported to lower the risk of atherosclerosis [15]. Phospholi-

pids are the main components of biological membranes[16]. Abnormal metabolism of GLs are related 

to the developing coronary heart disease [17], . The development of lipidmics technology provides 

convenience for us to understand lipids and their interrelatonships [14]. Indeed, several studies had 

utilized lipidomics technology for the elucidation of biological processes related questions [18-22]. In 

previous research, the fatty acids composition of Coo has always been the focus. Through comparative 

studies on the fatty acid composition between different clones or cultivars, the lipid characteristics was 

significantly affected by different clones or cultivars was concluded [23,24]. Therefore, understanding 

the lipid profile, breeding superior clones or cultivars with higher oil content and higher unsaturated 

fatty acids content of C. oleifera were considered to be very necessary.   
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In the current study, the fresh kernels of CL3 and CL53 at the mature stage were used as experi-

mental materials. Non-targeted LC-MS/MS (liquid chromatography tandem mass spectrometry) 

method was used to analyze the lipid profiles of the fresh kernels of two C. oleifera cultivars for the 

first time. With the help of lipidomics analysis, more comprehensive lipids information will be clear. 

And this study can lay a solid foundation for the high value utilization of C. oleifera. 

 

1. MATERIALS AND METHODS 

1.1 Camellia oleifera cultivars sample collection  

The mature fruits of C. oleifera CL3 and CL53 were collected from Huaguoshan farm in Liping 

County, Guizhou Province on 27th October, 2019. To minimize the biological differences, three bio-

logical duplications collected from each cultivar were analyzed. And each biological duplication was 

consist of the kernels which randomly selected from three fresh fruits with similar shape and size and 

maturity. These fresh kernels of a single fruit were taken out and put into a tube, then frozen with liquid 

nitrogen immediately. After back to lab, all samples were stored at -80� until analyze.  

 

1.2 Chemicals  

The chemicals used in this study were as follows: water (7732-18-5; Thermon, USA), acetonitrile 

(75-05-8; Thermon, USA), methanol (67-56-1; Thermon, USA), isopropanol (67-63-0; Thermon, 

USA), dichloromethane (75-09-2; Scharlau, Spain), ammonium formate (540-69-2; SIGMA, USA). 

 

1.3 Lipid extraction and quality control (QC) sample  

The 100 mg of each sample was transferred to a tube, and then 500 µL of lysate (MeOH: 

H2O=1:1) was added. The tissues were homogenized at 6500 mhz for 1 minute with Qiagen tissue ana-

lyzer and cycled three times. After the samples were incubated at -20 � for overnight and then centri-

fuged at 13000 rpm, 4 � for 20 min. The supernatant was discarded, and then added 5 mL of lysate 

(DCM: MeOH=3:1) and centrifuged at 13000 rpm, 4 � for 20 min. The supernatant was dried and add-

ed mobile phase buffer B isopropanol (containing 5 mmol/L ammonium formate) in compound sample, 
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then centrifuged at 13000 rpm, 4 � for 20 min. Quality control samples were equally mixed from lipid 

extracts of 60 samples from 20 cultivars including CL3 and CL53. Six identical QC samples were used 

to identify the lipids in C. oleifera and to ensure the reliability of the experimental results. Finally, the 

supernatant was analyzed by LC-MS/MS (ExionLCTM Series HPLC + SCIEX Triple-TOF 5600+). 

 

1.4 Liquid-chromatography separation  

Chromatographic analysis was performed using a ExionLCTM Series HPLC system. Samples 

were injected onto a kinetex 2.6 µm C18 100A (100×2.1mm, 2.6 µm) using a 20-min linear gradient at 

a flow rate of 0.3 mL/min. The mobile phase consisted of A (20% acetonitrile [ACN] + 60% H2O + 

20% methanol + 5 mM HCOONH4 ), and B (5 mM HCOONH4 + isopropanol). The solvent gradient 

was set as follows: 30% B, initial; 30% B, 1 min; 95% B, 14 min; 95% B, 17 min; 30% B, 17.1 min; 

30%B, 20 min. The injection volumes were 2 µl for both positive- and negative-ion modes. 

 

1.5 Mass spectrometric detection  

Mass spectrometry was performed using a Triple-TOF 5600 (SCIEX, USA) with an electrospray 

ionization (ESI) source. In positive ion-mode (NT-pos), MS parameters were as follows: Curtain Gas: 

35; Ion Spray Voltage: 5500; Temperature: 600; Ion Source Gas 1: 60；Ion Source Gas 2: 60; Colli-

sion energy: 40 eV. Acquisition was performed from Da 50 to 1200. In negative ion-mode (NT-neg), 

MS parameters were as follows: Curtain Gas: 35; Ion Spray Voltage: -4500; Temperature: 550; Ion 

Source Gas 1: 60; Ion Source Gas 2: 60; Collision energy: -40eV. Acquisition was performed from Da 

50 to 1200. 

 

1.6 Data processing for identification of lipids  

The open-source software pipeline MS-DIAL (http://prime.psc.riken.jp/Metabolomics Software/) 

was wildly used for identification and quantification of small molecules by mass spectral deconvolu-

tion [32]. Raw data were transformed to an ABF file and then imported to the MS-DIAL for peak 

alignment to obtain a peak list containing the retention time (RT), mass to charge ratio(m/z), and peak 
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area of each sample. Database including LipidBlast was used for metabolites identification [33,34]. 

The mass error was set as 5 ppm. Metabolites’ value of CV (Coefficient of Variance) in QC samples is 

less than 30% [35](Dai, W. et al 2017). In MS-DIAL, the quality collection range was set from 0 to 

2000Da. In positive ion mode, the cutoff of matching score was set at 85. In negative ion mode, the 

matching score cutoff was set at 80.  

 

1.7 Statistical analysis 

For the high dimensions and correlations between variables of omics data, the potential informa-

tions cannot be mined quickly and accurately with traditional univariate analysis. Therefore, multiva-

riate statistical methods, such as principal component analysis (PCA), partial least squares discriminant 

analysis (PLS-DA), should be used. PCA was performed to visualize a comprehensive clustering trend 

and outliers [36,37]. Principal component was conducted using SIMCA (Version 14.1, Umetrics, Swe-

den), and data were Log-transformed and Pareto-scaled. The square root of the standard deviation was 

used as the scaling factor [38]. The metaX packages of R language was used for PLS-DA analysis be-

tween CL3 and CL53 [39]. Based on the PLS-DA model, the corresponding variable importance in the 

projection (VIP values) was calculated. A sixfold cross-validation method was used to estimate the 

robustness and the predictive ability of our model. The 200 permutation tests were performed to verify 

whether the model was over-fitting [25]. Potential SDLs were selected with a VIP value >1, and a P-

value of Student’s t-test < 0.05. Data processing was conducted by Novogene Co., Ltd. (Beijing, Chi-

na). 

 

1.8 Correlation analysis 

The hierarchical clustering analysis was generated using a scientific data analysis and visualiza-

tion online tool (https://hiplot.com.cn/). The correlation network analysis was performed using Cytos-

cape 3.8.2 [40]. The lipid metabolism pathway analysis was performed using Web-based MetaboAna-

lyst (http://www.metaboanalyst.ca) [41]. 
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2. RESULTS 

2.1 Reliability of the analytical method 

A total of 6 QC samples were added and tested before, during and after LC-MS/MS injection of 

the sample to be tested, respectively. The retention time and peak area of total ion chromatograms in 

QC samples were overlapped well in both positive and negative ion modes, indicating that instrument 

had excellent stability. As shown in PCA-X score plots, scores for all QC samples were distributed 

within two standard deviations, indicating that data were reliable [18]. In addition, QC samples with R2 

>0.98 were highly correlated in both positive and negative ion modes, suggesting that data quality were 

sufficient. These results indicated the reliability of the analytical methods. 

 

2.2 Lipids profiles of CL3 and CL53 samples  

In total, 1329 lipid metabolites were identified according to the classification methods of MS-

DIAL database . These metabolites can be summed up in 6 categories, namely 104 FAs, 547 GLs, 345 

GPs, 286 SPs, 27 STs, 20 PRs. The 6 categories can be divided into 27 main class, including 32 fatty 

acids and conjugates [FA01], 13 fatty esters [FA07], 59 fatty amides [FA08], 20 isoprenoids [PR01],9 

other sterol lipids [ST00], 14 sterols [ST01], 1 steroid conjugates[ST05], 22 sphingoid bases[SP01], 

102 ceramides [SP02], 14 phosphosphingolipids [SP03], 101 neutral glycosphingolipids [SP05], 46 

acidic glycosphingolipids [SP06], 48 other glycerophospholipids[GP00], 42 glycerophosphocholines 

[GP01], 58 glycerophosphoethanolamines [GP02], 14 glycerophosphoserines [GP03], 69 glycerophos-

phoglycerols [GP04], 49 glycerophosphoinositols [GP06], 51 glycerophosphates[GP10], 10 glycero-

phosphoglycerophosphoglycerols [GP12], 97 other glycerolipids  [GL00], 10 monoradylglycerols 

[GL01], 133 diradylglycerols [GL02], 221 triradylglycerols  [GL03], 86 glycosyldiradylglycerols 

[GL05] (Fig. 2A), and subdivided into 71 subclass, such as NAE, PMeOH, TG and etc. The GLs ac-

counted for the largest proportion among the 6 categories, accounting for 41%. The GPs and SPs ac-

counted for 26% and 22%, respectively, ranking second and third. FAs accounted for 8%. STs account 

for 2% and PRs account for 1% (Fig. 2B). 
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The relative abundance of each main class was estimated by the ratio of the sum of the relative 

concentration of the same main lipid to that of the total lipid. When CL3 was compared with CL53, the 

relative abundances of GL02, GL03, SP05, FA08 were increased, but the relative abundance of GL00 

and SP02 were decreased with NT-pos mode. The relative abundance of GP10 and GP02 increased, but 

GP00, GP06 decreased with NT-neg mode (Fig. 3A and 3B). Both in CL3 and CL53 the GL, GP cate-

gories account for most. 

 

2.3 Identification of significantly different lipids metabolites (SDLs) between CL3 and CL53 

Comparison between CL3 and CL53 groups with regard to the lipid components was performed 

by PCA and PLS-DA analyses. The PCA in NT-pos and in NT-neg was showed in Fig. 4A and 4B. 

The cumulative proportion for PC1 (explained variation 58.1%) and PC2 (21.3%) was 79.4% in NT-

pos (Fig. 4A). The cumulative proportion for PC1 (explained variation 70.3%) and PC2 (13.0%) was 

83.3% in NT-neg (Fig. 4B). The CL3 and CL53 had good separation on principal component 1, and the 

samples all in 95% confidence intervals (Fig. 4A and 4B), indicating that CL53 and CL3 had a very 

distinct lipid composition and no outliers. The PLS-DA score showed that all samples were well diffe-

rentiated under NT-pos and NT-neg conditions (Fig. 4C, 4D). The R2Y>Q2Y>0.5 indicated that the 

model had excellent interpretability and predictability. The PLS-DA permutation plots (Fig. 4E, 4F) 

were used for effectively assessing whether the current PLS-DA model was over-fitting. Any one of 

the following criteria needed to be satisfied. Firstly, all Q2 points were lower than the rightmost origi-

nal Q2 point. Secondly, the regression line of the Q2 point was less than or equal to zero at the inter-

section of the ordinate [25]. The Q2 intercept was less than zero, indicating the model was not over-

fitting [26]. The PLS-DA model also provided the VIP score, which was a measure of a variable’s im-

portance in the analysis. In summary, the model could effectively distinguish the features of two 

groups. Furthermore, the threshold for screening SDLs was narrowed as follows: P < 0.05, VIP > 1.0.  

With the above criteria, 140 SDLs were identified between CL53 and CL3, 74 in NT-pos and 66 

in NT-neg, finally. By comparing CL3 with CL53, 79 SDLs in CL3 were found to be significantly up-

regulated, and 61 SDLs were found to be significantly down-regulated. To better visualize these differ-
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ences, the hierarchical analysis was conducted using Euclidean distance with an average clustering 

algorithm [27]. A heat map with dendrograms showing the hierarchical clustering of SDLs was gener-

ated. When CL3 compared with CL53, the DGGA and DGTS/A subclasses of GL00 main class, LPI 

and PI subclass of GP06 main class, PEtOH and PMeOH subclasses of GP00 main class, and ST sub-

class of ST01main class were almost all significantly down-regulated among the140 SDLs. However, 

the DGDG subclass of GL05 main class, TG and EtherTG of GL03 main class, LPC and PC subclasses 

of GP01 main class, VAE subclass of PR01 main class, Cer and Cer-NS of SP02 main class were near-

ly all up-regulated (Fig. 5A ,5B). 

 

2.4 Correlation analysis of SDLs between CL3 and CL53 

Owing to numerous lipids have similar physiological and molecular characteristics, and the same 

trend at mature stage, the hypothesized that they were correlated/co-regulated was valid. To assess this, 

an unweighted correlation network analysis of 140 SDLs was performed to reveal interactions among 

different lipid species and classes. As shown in Fig. 6, numerous lipids were highly correlated. In total, 

272 correlations were detected in the CL3 group, and 269 correlations in the CL53 group (P-value < 

0.05). Among these SDLs, intra-category and inter-category correlation of GL and GP were strong in 

CL3 and CL53. However, intra-category correlations of GP, SP, FA, ST and PR were relatively weak. 

These results indicated that different categories of lipids were related, and GL had strong intra-category 

and inter-category correlation with other categories during the oil accumulation at mature stage. 

 

2.5 Metabolic pathways of SDLs analysis 

To further explore the effects of these SDLs, we performed a pathway analysis using pathway 

analysis model of MetaboAnalyst 5.0. The 140 SDLs were mapped to the KEGG, HMDB, and Pub-

Chem databases. In total, 7 metabolic pathways were obtained when SDLs were searched against the 

KEGG pathway database in Arabidopsis thaliana library. The P-value and pathway impact were calcu-

lated from pathway topology analysis, respectively. The most relevant pathways identified were glyce-

rophospholipid metabolism, glycerolipid metabolism, glycosylphosphatidylinositol (GPI)-anchor bio-
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synthesis. Linoleic acid metabolism, arachidonic acid metabolism, phosphatidylinositol signaling sys-

tem, alpha-linolenic acid metabolism had little pathway impact (Fig. 7A). Among these, glycerophos-

pholipid metabolism pathway was the most significantly relevant metabolic pathway. 

 

3. DISCUSSION 

Coo is a complex and heterogeneous mixture containing thousands of lipids. The present results 

deepened our understanding of the lipids composition of Coo. Comparison with traditional methods, 

high-throughput lipidomics can simultaneously identify and quantify hundreds of lipids, including po-

lar and non-polar, high-abundance and low-abundance lipids. Previously, gas chromatography was 

used to determine the fatty acid composition of different C. oleifera cultivars, and the composition of 

triglycerides were analyzed in Coo by high performance liquid chromatography (HILIC) [28]. In this 

study, using the LC-MS/MS method, 1329 lipids of 27 main classes and 140 SDLs were identified in 

CL3 and CL53. Futhermore, we have a more comprehensive understanding of the lipid composition in 

the fresh kernels of C. oleifera at mature stage, which provides a basis for us to make better ultilization 

of the lipids in Coo. At the same time, it also provides a valuable information for cultivars breeding.  

In the present study, we found that the composition types of lipids contained in the mature fresh 

kernels of CL3 were consistent with that in CL53. The 1329 identified lipids was detected in CL3 and 

CL53. It may be caused by the similar genetic backgrounds of CL3 and CL53. However, the relative 

abundance of different lipid classes in CL3 and CL53 was different, indicating that the concentration of 

different lipid classes in different varieties was different. The main storage form of plant oil was tri-

acylglycerol (TAG) ,which was a glycerol skeleton on which three fatty acids were esterified in se-

quences. The synthesis and assembly of TAG in plants is complicated. After fatty acids are located in 

the endoplasmic reticulum, they are assembled into TAG through the combination of two pathways. 

One is that diacylglycerol acyltransferases (DGAT) transfer acyl-CoAs to the sn-3 position of DAG to 

produce TAG. The other is that phospho-lipid: diacylglycerol acyltransferases (PDAT) transfer the sn-2 

acyl group of phospholipids to DAG to form TAG. [20,29-31]. Through the operation of DGAT and/or 

PDAT, any PC-derived DAG generated by these activities can be assembled into TAG [29-31]. In CL3 
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and CL53, the number of GLs accounted for 41% of all lipids, and GPs accounted for 26%. In NT-pos 

mode, the contents of GLs were the highest, accounting for 80% of the total lipids. The total lipid con-

tents of GL03 in CL3 and CL53 were 38.74% and 31.78%, respectively. The total lipid contents of 

GL02 in CL3 and CL53 were 27.22%, and 23.31%, respectively. In NT-neg mode, the contents of GPs 

were the highest, accounting for 75% of the total lipids. The total lipid contents of GP10 in CL3 and 

CL53 were 48.49%%, and 39.06%, respectively (Fig. 3C, 3D). GLs and GPs categories regardless of 

the proportion of the number of lipids types or the proportion of relative concentration was more domi-

nant than other types of lipids. In addition, we found that in the CL53, the number of GLs category in 

the SDLs had 216 correlation network edges, and an average of 3.93 SDLs had a strong correlation 

with the GLs of SDLs. However, in the CL3, there were 244 correlation network edges, and an average 

of 4.20 SDLs were strongly correlated with the number of GLs category of SDLs. Furthermore, The 

SDLs correlation network of CL3 was more complicated than that of CL53. CL3 was divided into 8 

clusters (Fig. 6A), and CL53 was divided into 7 clusters (Fig. 6B). We speculate that there are more 

SDLs in CL3 that transform to GLs category, and a storage of oil was carried out. At the same time, the 

fact that the oil production characteristics of CL3 were better than CL53. That also supports our find-

ings. At the mature stage, fatty acid synthesis will transform to triacylglycerol (TAG). Although the 

structure of some basic pathways for fatty acid and lipid synthesis in plants has been well characte-

rized, the enzymes in these pathways are little known about the regulations and working mechanisms. 

There are few studies on whether these enzymes work in specific crops. Therefore, it is necessary to 

elucidate the mechanism of these enzymes in the process of oil synthesis and transformation in C. olei-

fera fruits. 

Through pathway enrichment analysis, we found that the most influential pathway between these 

two cultivars was the glycerophospholipid metabolism pathway. In the glycerophospholipid metabol-

ism pathway, the network relationship of these different metabolites was shown in Fig. 7 B. The 

C04230 compound (LPC 18:1) and C00157 compounds (PC (16:0/18:0), PC (16:0/18:3)) can be in-

versely transformed. The C00157compounds (PC (16:0/18:0), PC (16:0/18:3)), and C00350 compound 

(PE 44:6) can be transformed into C00416 compounds (LPA (18:0), LPA (18:1)). The CL3 expression 
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level of these metabolites in the network was higher than that of CL53. We speculated that there were 

differences in the activity of certain enzymes that regulated the metabolic network in CL3 varieties. For 

example, in the process of the transition from C00157 to C00416 and C00350 to C00416, the phospho-

lipase D1/2 was required to participate in phosphatidylcholine phosphatidyl hydrolysis reaction , since 

the expression intensity of the gene encoding phospholipase D1/2 in CL3 may be higher than that of 

CL53.  

Since C. oleifera lacks genome-wide data, it is a feasible way to analyze possible causes of lipid 

differences in different cultivars of C. oleifera using multi-omics techniques. In addition, although a 

large number of lipid metabolites have been identified, how the mutual transformation of different li-

pids is still unknown. Huge number of lipid metabolites have not been matched to the pathway in the 

KEGG database. Therefore, it is complicated for C. oleifera and the study of lipid metabolism pathway 

still needs further work. This research can fill the gap in the lipid profiles of C. oleifera, and also pro-

vide a reference for the subsequent analysis of the complex mechanism of the lipid synthesis. At the 

same time, this research can provide a basis for us to make better ultilization of the lipids in Coo. 

 

4. CONCLUSIONS 

In the current study, lipids in mature kernels of C. oleifera were characterized using a non-target 

LC-MS/MS approach. In total, 140 SDLs were selected from 1329 lipids assigned to 6 categories, 

27main class, 71 subclass in CL3 and CL53. Furthermore, the correlations and the related metabolic 

pathways of these 140 SDLs were analyzed. Seven metabolic pathways associated with changes in 

lipids were detected. The most significant pathway of which was glycerophospholipids metabolism, 

and followed by the glycerolipid metabolism, glycosylphosphatidylinositol (GPI)-anchor biosynthesis 

metabolism. Our research results in the present study can fill the gap in the lipid composition of C. 

oleifera, and also provide a reference for the subsequent analysis of the complex mechanism of the 

lipid synthesis of C. oleifera by the combination of multi-omics technology. We speculate that the rea-

son for the difference in glycerophospholipid metabolism between CL3 and CL53 may be related to 

some enzymes activity such as phospholipase activity between these two cultivars. 
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Our results provided a basis for a comprehensive understanding of the lipid characteristics of C. 

oleifera fruit at the mature stage and a deeply understanding of the lipid differences between two C. 

oleifera cultivars in the ‘Changlin’ clones. It will also provide practical and important references for 

the breeding and development of C. oleifera varieties. 
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Fig. 1 Morphological observation of CL3 (a-c) and CL 53 (d-f). (a) Fresh fruits of CL3. (b) equa-
torial section of CL3 Fruit. (c) longitudinal section of CL3 Fruit. (d) Fresh fruits of CL53. (e) equatori-
al section of CL53 Fruit. (f) longitudinal section of CL53 Fruit. 
  



 
 

 

 

Fig. 2 Types and proportions of lipids in fresh kernels of mature Camellia oleifera. (a)The number 
of identified lipid main classes. (b) The percentage composition of lipid categories. FA, Fatty acyls; GL, 
Glycerolipids; GP, Glycerophospholipids; PR, Prenol lipids; SP, Sphingolipids; ST, Sterol Lipids. 
  



 
 

 

 
Fig. 3 The relative abundance of the relative concentration of the categories and main class lipids 
between C53 and CL3 samples. (a) Relative concentration of the categories in positive ion mode 
(NT-pos). (b) Relative concentration of the categories in negative ion mode (NT-neg). (c) Relative 
concentration of the main class lipids in positive ion mode (NT-pos). (d) Relative concentration of the 
main class lipids in negative ion mode(NT-neg). 
  



 
 

  

 

Fig. 4 Multivariate statistical analysis between CL3 and CL53. (a)PCA score charts based on NT-
pos, R21[X]=0.581, R22[X]=0.213. (b) PCA score charts based on NT-neg, R21[X]=0.703, 
R22[X]=0.130. (c) PLS-DA score charts based on NT-pos. (d) PLS-DA score charts based on NT-neg. 
(e) PLS-DA permutation plot based on NT-pos. (f) PLS-DA permutation plot based on NT-neg. R2Y, 
the interpretability of the model; Q2 Y the predictability of the model. 
  



 
 

  
Fig. 5 Heat map analysis based on the relative concentration of 140 SDLs between CL3 and CL53. 
(a) SDLs in NT-pos. (b) SDLs in NT-neg. 

  
 

 

 

 

 

 



 
 

 
 Fig. 6 Pearson correlation network (P-value<=0.05) of 140 SDLs in CL3 (a) and CL53 (b). Lipids 

species are color-coded as 6 categories. The size of node represents the level of relationship, the larger 

the node, the more SDLs associated. The width of edges represents the credibility of relevance (P-

value), the wider the edge (the smaller the P-value), the higher the credibility of the correlation. 

  



 
 

  

 
Fig.7 Analysis of 140 SDLs enrichment pathways and SDLs transition relationship in glycerophospho-
lipid metabolism pathway. (a) Metabolomic view of the significant lipid biosynthetic pathways in CL3 
and CL53. The X-axis represents the pathway impact, and the Y-axis represents the -ln P-value. Large 
sizes and dark colors represent major pathway enrichment and high pathway impact values, respective-
ly. (b) Lipids transformation relationship in glycerophospholipid metabolism based on KEGG 
(https://www.kegg.jp/). The red rectangular boxes represent the id of enriched SDLs on KEGG data-
bases; The green ellipse represents the enzyme that catalyzes this reaction. 

 


