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Abstract


Currently, the clinical cure rate for primary liver cancer remains low. Effective screening and early diagnosis of hepatocellular carcinoma (HCC) remain clinical challenges. Exosomes are intimately associated with tumor development and their contents have the potential to serve as highly sensitive tumor-specific markers. A comprehensive untargeted metabolomics study was conducted using exosome samples extracted from the serum of 48 subjects (36 HCC patients and 12 healthy controls) via a commercial kit. An ultra-performance liquid chromatography-mass spectrometry (UPLC-MS) strategy was used to identify the metabolic compounds. A total of 18 differential metabolites were identified using the non-targeted metabolomics approach of UPLC-QTOF-MS/MS. Pathway analysis revealed significant alterations in the arachidonic acid metabolism, linoleic acid metabolism, and unsaturated fatty acid metabolism pathways. ROC analysis indicated that three metabolites with AUC values exceeding 0.900 were selected as potential biomarkers: caprylic acid and linoleic acid were upregulated in the HCC group, whereas pentadecanoic acid was downregulated. Linoleic acid, caprylic acid, and pentadecanoic acid are potential biomarkers for diagnosing HCC. The significant alterations in these three metabolic pathways offer new insights into the mechanisms underlying HCC formation and progression.
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1. Introduction


The incidence of primary liver cancer is rising globally, with hepatocellular carcinoma accounting for over 90% of cases, and China has the highest incidence and mortality rates of liver cancer worldwide [1]. Early-stage HCC often presents without specific clinical symptoms or signs, or only with those resembling cirrhosis, and by the time obvious clinical symptoms and signs appear, the cancer is usually in the middle or late stages, significantly impacting the cure rate and prognosis [2].



Currently, the primary bases for confirming the diagnosis of HCC include serologic markers (alpha-fetoprotein (AFP)), imaging examinations (ultrasound, CT, MRI), and pathological tissue biopsies. However, when the diameter of the cancer lesion is less than 3.0 cm, the sensitivity of AFP is only 25–50% [3,4]. On the one hand, there is a risk of missed diagnosis due to variations in doctors’ expertise and, on the other hand, imaging examinations require long-term, periodic follow-ups, which is time-consuming, costly, and leads to low compliance [5]. A pathologic tissue biopsy, as a confirmatory test, is not suitable for disease screening due to its invasiveness. Therefore, there is an urgent need to develop new, specific early diagnostic methods.



In this study, exosomes are characterized as nanosized vesicles, spanning diameters between 30 and 150 nm, which encapsulate a diverse cargo of DNA, RNA, proteins, and other bioactive small molecules [6]. These vesicles act as pivotal mediators of intercellular communication, facilitating the transfer of vital information [7]. Notably, the composition of exosomal contents undergoes dynamic alterations during the onset and progression of tumorigenesis. Specifically, exosomal LysoPC (22:0), PC (P-14:0/22:2), and PE (16:0/18:1) have been implicated in correlating with CA19-9 levels, tumor staging, and size in pancreatic cancer [8], while PG (34:1)-H lipids exhibit significant differences in ovarian cancer contexts [9]. Furthermore, the membrane lipidome of exosomes derived from colon cancer patients is enriched in polyunsaturated fatty acids, particularly omega-6 fatty acids, suggesting a distinct metabolic signature [10]. Consequently, the differential lipid profiles within exosomes hold promise as diagnostic biomarkers for cancer, underscoring the need for comprehensive serum exosome-based metabolic profiling in HCC patients. This approach offers a novel lens for monitoring HCC progression and sheds light on the exploration of exosome-mediated metabolic pathways pertinent to HCC.



Metabolomics, a field that concurrently examines metabolic processes qualitatively and quantitatively over a defined physiological period, is instrumental in unraveling the intricacies of organismal or cellular metabolism [11]. Metabolites, being the end products of cellular processes, are believed to harbor extensive information that can predictively map phenotypic traits [12]. Metabolomics offers several advantages in screening for tumor markers, including high sensitivity, high throughput, non-invasiveness, and low cost. Ultra-high-performance liquid chromatography-tandem mass spectrometry (UPLC-MS/MS) is widely utilized for its high accuracy and sensitivity in histological analyses [13,14].



Based on UPLC-ESI-MS/MS analysis and multivariate statistical analysis, the primary objective of this study was to identify highly sensitive biomarkers for hepatocellular carcinoma. A total of 48 exosome samples derived from serum were analyzed, comprising healthy controls and HCC patient groups.




2. Materials and Methods


2.1. Collection of Clinical Samples


A total of 36 patients diagnosed with HCC and 12 healthy volunteers were meticulously recruited from the Bethune International Peace Hospital. A comprehensive set of 48 serum samples was systematically obtained, with each being promptly centrifuged within four hours of collection to ensure sample integrity. These samples were then carefully stored in an ultra-low-temperature freezer at −80 °C, preserving them for subsequent analysis. This study was approved by the Ethics Committee of the Bethune International Peace Hospital (Table 1).




2.2. Exosome Isolation and Characterization


After centrifuging 100 μL of serum at 3000× g for 15 min at 4 °C, the supernatant was collected and 25.2 μL of ExoQuick-TCTM reagent was added. For exosome precipitation, the mixture was centrifuged at 1500× g for 30 min at 4 °C to separate the supernatant, followed by a further 5-min centrifugation at 1500× g to remove any residual liquid. The sample was then prepared for injection to ensure optimal analysis. From each serum sample, 10 μL was pooled to create quality control (QC) samples, which were processed in parallel and identically to the study samples.




2.3. Extraction of Exosome Metabolites


To the exosome sample, 0.5 mL of acetonitrile was added and the mixture was vortexed for 30 s with vigorous shaking. The mixture was then sonicated for 45 min and incubated at −20 °C overnight to precipitate proteins in the sample. The samples were centrifuged at 12,000× g for 10 min and the supernatant was carefully removed, dried under a stream of nitrogen, and reconstituted with 50 μL of acetonitrile. All samples were stored at −80 °C until analysis.




2.4. UPLC-Q-TOF-MS/MS Analysis


Chromatographic separation was conducted using ultra-performance liquid chromatography under optimized conditions. The Waters HSS T3 column (150 × 3 mm, 1.8 μm) was employed and maintained at 40 °C, with mobile phases comprising (A) 0.1% formic acid in water and (B) acetonitrile in the positive mode. For negative ionization mode, mobile phases were adjusted to (A) 6.5 mM ammonia bicarbonate in water and (B) a 5% water–methanol mixture. The elution gradient was tailored as follows: 0–4 min, 2–40% B; 4–12 min, 40–100% B; 12–16 min, 100% B; and 16–20 min, 2% B, all at a constant flow rate of 0.30 mL/min. The injection volume was standardized at 3 μL, with the autosampler tray temperature maintained at 4 °C.



Serum exosome samples were analyzed using a Triple TOF 6600+ mass spectrometer (Sciex, Framingham, MA, USA) in ESI (+/−) mode, operating in IDA mode. The scanning range was set to encompass m/z 50–1200 Da, with positive/negative ion source voltages adjusted to 5500 V/−4500 V, respectively. The collision energy was set at 10 V; de-clustering voltage at 80 V; and the gas parameters were optimized with a curtain gas of 30 psi, sheath gas of 50 psi, and heating gas of 50 psi. The ion source temperature was uniformly maintained at 500 °C. The CE ± CES used to acquire the secondary mass spectra was 35 ± 15 V.




2.5. Data Analysis


Data preprocessing was performed using MS-DIAL ver.4.9. for peak extraction, the automatic checking of peak alignment, normalization, and the background deduction of mass spectrometry raw data. The MS/MS fragmentation patterns and retention times of the target endogenous metabolites were searched in the METLIN database, HMDB database, and KEGG database, and the results of metabolite identification were obtained by comparing the MS/MS fragmentation patterns and retention times of the target endogenous metabolites with those of the standards.



Statistical analyses included unpaired t-tests, fold-change assessments, unsupervised principal component analysis (PCA), and supervised orthogonal partial least squares discriminant analysis (OPLS-DA). The outcomes of the multivariate analyses were visualized using score plots, revealing the overall distribution trends of the samples. OPLS-DA, an extension of the traditional PLS-DA method, was employed for the classification and discrimination of two or more data classes. Following the identification of differentially expressed metabolites using OPLS-DA, the model’s reliability was evaluated through cross-validation and permutation testing.



Significantly different metabolites were selected based on screening criteria of p < 0.05, fold change (FC) values > 2 or <0.5, and variable importance in projection (VIP) scores > 1. Receiver operating characteristic (ROC) curves were plotted for each subject and the area under each curve was calculated to assess the predictive performance of the differential metabolites.



Finally, the differential metabolites were subjected to metabolic pathway analysis using the MetaboAnalyst online platform.





3. Results


3.1. Reliability of the Analytical Method


System stability was maintained by injecting one QC sample after every five experimental samples throughout the entire sample batch. PCA was used to evaluate the system’s stability and reproducibility. Representative PCA score plots for all experimental samples and QC samples are shown in Figure 1. The QC samples clustered tightly in the score plots, indicating that the system exhibited high stability and reproducibility over the course of the experiment.




3.2. Differential Metabolite Screening


The supervised method OPLS-DA was used for further modeling analysis. The classification effect of the two groups was more significant, as seen by the OPLS-DA plot (Figure 2). R2Y = 0.90 and Q2Y = 0.67, with R2Y close to 1, indicating a better explanation rate. The results of the model replacement test are shown in Figure 2; in both models, the left-side R2 intercept and Q2 intercept are lower than the right-side values and the Q2 intercept is lower than 0. According to the above parameters, it indicates that there is no overfitting phenomenon in the model and, therefore, the metabolic model is stable and reliable.



The VIP values of the first two principal components of the OPLS-DA model were analyzed by multivariate analysis and combined with p-values and fold changes to screen for differential metabolites. The screening criteria were as follows: (1) p-value < 0.05; (2) VIP value > 1.00; (3) FC value > 2 or <0.5. Using UPLC-Q-TOF-MS/MS, a total of 18 significant differential metabolites were identified between the two groups, which are detailed in Table 2. Relatively higher concentrations of taurochenodeoxycholic acid, tauroursodeoxycholic acid, taurodeoxycholic acid, linoleic acid, and caprylic acid were observed in the HCC group compared to the HC group. Conversely, the healthy group showed relatively higher concentrations of oleic acid, two phosphatidylcholines, four epoxyeicosatrienoic acids (EETs), and five hydroxyeicosatetraenoic acids (HETEs).



The accuracy of the metabolites in distinguishing hepatocellular carcinoma patients from healthy individuals was determined by the area under the ROC curve (AUC) values. Based on the results of ROC curves, metabolites with an AUC > 0.90 were selected as potential biomarkers. A total of three metabolites were identified: linoleic acid, caprylic acid, and pentadecanoic acid. Box plots were generated to visualize the relative levels of these potential markers between the two groups (Figure 3).




3.3. Metabolic Pathway Analysis


Eighteen differential metabolites were subjected to metabolite pathway analysis using MetaboAnalyst 5.0 to analyze the alteration of metabolic pathways in humans with hepatocellular carcinoma (Figure 4) Pathway topology analysis provided the x−axis with pathway impact values, while pathway analysis provided the y−axis with -log(p) values. Pathways with a p−value < 0.05 were considered to have a high impact (Table 3).





4. Discussion


The MetaboAnalyst 5.0 pathway analysis and literature review revealed significant changes (p < 0.05) in several key metabolic pathways, including arachidonic acid metabolism, linoleic acid metabolism, and unsaturated fatty acid biosynthesis.



4.1. Arachidonic Acid Metabolism


Pathway analysis of differential metabolites revealed that, compared to the HC group, the HCC group showed the most significant changes in the metabolism of arachidonic acid (AA), linoleic acid (LA), and unsaturated fatty acids (p < 0.001). We observed that the levels of nine metabolites involved in arachidonic acid metabolism underwent significant decreases, with generally similar magnitudes. AA can be metabolized into two types of metabolites by different members of the CYP2A family [15]. Additionally, ω-Hydroxylase enzymes convert AA to hydroxyeicosatetraenoic acids (HETEs) while cyclooxygenases convert AA to epoxyeicosatrienoic acids (EETs) [16]. Overall, HCC reduces the enzymatic pathway metabolism of arachidonic acid, which may be related to altered CYP family expression. A typical role for CYP2A6 is to decrease the production of EETs and increase the production of 20-HETE in AA metabolism. Additionally, 20-HETE promotes M1 macrophage polarization, stimulates pro-inflammatory cytokine production, and enhances macrophage phagocytosis, thereby contributing to tumor killing. When CYP2A6 is reduced in HCC, macrophage polarization is affected, creating a tumor microenvironment conducive to tumor growth. Abnormal expression of CYP2A6 may disrupt the balance between 20-HETE and EETs, leading to a reduced conversion of AA to 20-HETE, which is consistent with the decrease in 20-HETE observed in this study. Our study also found a similar decrease in EETs, which may be due to decreased metabolism by other enzyme pathways [15]. A study demonstrated that during the progression of HCC, the expression of CYP2C8 and CYP2C9 significantly decreased (Kruskal–Wallis, p < 0.001). A significant decrease in CYP2C9 expression led to a decrease in EET levels [17], which aligns with our findings.



CYP-produced EETs modulate inflammation, angiogenesis, and vascular tone. In mice with non-alcoholic steatohepatitis, EETs have a protective effect [18]. It has been demonstrated that EETs, acting as paracrine molecules within the microvascular endothelium, play a critical role in liver regeneration [19,20]. EETs’ pro-angiogenic effects could explain their association with tumor growth. Several studies have shown that increasing 14,15-EET promotes tumor growth and metastasis via cell invasion when soluble epoxide hydrolase (sEH) is inhibited [21]. By administering 15-HETE exogenously, it has been demonstrated that blocking the 15-LOX-1 pathway with selective inhibitors or siRNA causes growth arrest and apoptosis in HCC cells [22]. It is evident that the metabolites EET and HETE are closely associated with the presence of HCC. We speculate whether it is possible to interfere with the metabolic pathways of EETs and HETEs to protect and repair normal hepatocytes and inhibit the development of hepatocellular carcinoma. Preemptive monitoring of the metabolic levels of EETs and HETEs may be helpful in achieving the early diagnosis of hepatocellular carcinoma.




4.2. Linoleic Acid and Unsaturated Fatty Acid Metabolism


Linoleic acid and oleic acid were involved in both pathways and displayed statistically different metabolic levels (p < 0.05, FC value > 2 or <0.5, and VIP > 1). In the present study, linoleic acid had an AUC value > 0.9 and its metabolic level was upregulated compared to the HC group. It has been found that linoleic acid interferes with the immune response in the liver, promoting hepatocellular carcinoma development [23]. This finding is consistent with the results of the current study. Linoleic acid upregulates carnitine palmitoyl transferase 1 (CPT1) to induce apoptosis in CD4+ T cells, disrupting mitochondrial function, while also increasing fatty acid desaturase 2 (FADS2) expression in tumors [23,24,25]. Furthermore, linoleic acid interferes with the immune response in mice with non-alcoholic steatohepatitis (NASH). Normal livers have the potential to progress to chronic liver disease (from hepatic steatosis to NASH) and, ultimately, to primary liver cancer [26]. We hypothesize that altered linoleic acid metabolism may be one of the pathways leading to HCC. Whether linoleic acid metabolism levels are statistically different in HCC and NASH remains uncertain and should be examined in a separate cohort.



Oleic acid (OA), as a monounsaturated fatty acid, is one of the most abundant fatty acids. Studies have shown that the metastatic potential of cancer cells is associated with genes involved in fatty acid synthesis and intracellular lipid storage [27,28]. OA regulates cell death by altering lipid metabolism or changing membrane lipid composition [29,30]. Specifically, OA induces lipid accumulation in hepatocyte cell lines and high levels of OA reduce viability, proliferation, migration, and invasive behaviors in HCC cell lines, potentially leading to cell death [31]. Consistent with previous studies, our metabolomics analysis showed that the HCC group had metabolically downregulated OA compared to the HC group. Based on these findings, targeting OA metabolism pathways could potentially be used as a therapeutic strategy for HCC and other forms of cancer.





5. Conclusions


Our study comprehensively analyzed metabolic alterations in serum exosomes from patients with primary hepatocellular carcinoma using UPLC-MS-based metabolomics and metabolic pathway analysis. Among the 18 crucial differential metabolites identified, linoleic acid, octanoic acid, and pentadecanoic acid exhibited high area under the curve values. In pathway analysis matching, these key differential metabolites, reductions in arachidonic acid derivatives, elevations in linoleic acid metabolic levels, and downregulations in OA metabolic levels were observed in the HCC group, offering novel insights into the mechanisms underlying HCC formation and progression.



Notably, the relatively small number of clinical samples in this study may have impacted data integrity. Metabolite identification relied on three databases, yet, due to the incompleteness of these databases, a substantial proportion of ion feature peaks remained unmatched, resulting in a compound identification rate of approximately 15%. This limitation represents a current bottleneck in metabolomics research. Additionally, the incomplete coverage of metabolic pathways by the KEGG database hindered the assignment of many identified differential metabolites to specific pathways, necessitating an extensive literature review to explore the mechanisms of action of these crucial metabolites in HCC development, a time-consuming endeavor.



Regarding potential biomarkers associated with HCC development, functional validation can be conducted at the cellular or animal level, involving the addition or subtraction of small molecule metabolites or the knock-out or knock-in of key proteins and enzymes that influence these metabolites, to evaluate their impact on the growth and metastasis of HCC cells or tumors in animals. Addressing these limitations constitutes a crucial direction for our future work.
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Figure 1. PCA score plot (A) Positive pattern of exosome samples (B) Negative pattern of exosome samples, with the HCC group in green, the HC group in red, and the QC group in blue. 
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Figure 2. OPLS−DA score plot (A) Positive pattern of exosome samples (B) Negative pattern of exosome samples. Permutation (C) Positive pattern of exosome samples (D) Negative pattern of exosome samples. 
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Figure 3. ROC analysis results of three potential biomarkers and the levels of potential markers in the HCC group and HC group, *** p < 0.05. 
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Figure 4. Bubble chart for differential metabolite pathway analysis in HCC. 
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Table 1. Clinical characteristics of the subjects.
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	Characteristics
	HC Group
	HCC Group





	Number
	12
	36



	Gender (male/female)
	9/3
	30/6



	Age (years)
	49.2 ± 7.5
	59.2 ± 8.2



	AFP (ng/mL)
	3.0 ± 1.5
	106.8 ± 126.3



	CEA (ng/mL)
	1.8 ± 0.5
	3.5 ± 1.8







HC, health control.













 





Table 2. Differential metabolites in the exosomes and serum of HCC patients.






Table 2. Differential metabolites in the exosomes and serum of HCC patients.





	Metabolite
	VIP
	FC
	p
	Pathway





	Linoleic acid ↑
	1.39
	2.02
	<0.001
	Biosynthesis of unsaturated fatty acids

Linoleic acid metabolism



	Caprylic acid ↑
	1.50
	10.55
	<0.001
	Fatty acid biosynthesis



	Taurochenodeoxycholic acid ↑
	1.29
	17.92
	0.030
	Primary bile acid biosynthesis



	Tauroursodeoxycholic acid ↑
	1.34
	17.92
	0.034
	NA



	Taurodeoxycholic acid ↑
	1.36
	17.92
	0.028
	NA



	Pentadecanoic acid ↓
	1.13
	0.49
	<0.001
	NA



	Hexacosanoic acid ↓
	3.78
	0.22
	0.009
	NA



	PC(16:0/20:4) ↓
	2.57
	0.40
	0.002
	NA



	PC(18:2/18:2) ↓
	2.64
	0.40
	0.003
	NA



	Oleic acid ↓
	1.31
	0.47
	0.023
	Biosynthesis of unsaturated fatty acids



	5,6-EET ↓
	1.84
	0.29
	0.002
	Arachidonic acid metabolism



	14,15-EET ↓
	1.85
	0.29
	0.002
	NA



	16(R)-HETE ↓
	1.81
	0.29
	0.002
	NA



	8,9-EET ↓
	1.87
	0.29
	0.002
	Arachidonic acid metabolism



	11,12-EET ↓
	1.86
	0.29
	0.002
	Arachidonic acid metabolism



	20-HETE ↓
	1.85
	0.29
	0.002
	Arachidonic acid metabolism



	15(S)-HETE ↓
	1.85
	0.29
	0.002
	Arachidonic acid metabolism



	19(S)-HETE ↓
	1.84
	0.29
	0.002
	Arachidonic acid metabolism







The ↑ indicates that the metabolite is upregulated in the HCC group, and the ↓ indicates that it is downregulated.













 





Table 3. Metabolic pathway analysis results.






Table 3. Metabolic pathway analysis results.





	Pathway
	Total
	Hits
	Raw P
	Impact





	Arachidonic acid metabolism
	36
	8
	<0.001
	0.06



	Linoleic acid metabolism
	5
	2
	<0.001
	1.00



	Biosynthesis of unsaturated fatty acids
	36
	2
	0.030
	0.01



	Primary bile acid biosynthesis
	46
	1
	0.304
	0.01



	Fatty acid biosynthesis
	47
	1
	0.310
	<0.01
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