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This study examined metabolite profile differences between serum samples of thyroid papillary carcinoma (PTC) patients and healthy controls, aiming to identify candidate biomarkers and pathogenesis pathways in this cancer type. Serum samples were collected from PTC patients (n = 80) and healthy controls (n = 80). Using principal component analysis (PCA), partial least squares discrimination analysis(PLS-DA), orthogonal partial least square discriminant analysis (OPLS-DA), t-tests, and the volcano plot, a model of abnormal metabolic pathways in PTC was constructed. PCA, PLS-DA, and OPLS-DA analysis revealed differences in serum metabolic profiles between the PTC and control group. OPLS-Loading plot analysis, combined with Variable importance in the projection (VIP)>1, Fold change (FC) > 1.5, and p < 0.05 were used to screen 64 candidate metabolites. Among them, 22 metabolites, including proline betaine, taurocholic acid, L-phenylalanine, retinyl beta-glucuronide, alpha-tocotrienol, and threonine acid were upregulated in the PTC group; meanwhile, L-tyrosine, L-tryptophan, 2-arachidonylglycerol, citric acid, and other 42 metabolites were downregulated in this group. There were eight abnormal metabolic pathways related to the differential metabolites, which may be involved in the pathophysiology of PTC. Six metabolites yielded an area under the receiver operating curve of >0.75, specifically, 3-hydroxy-cis-5-tetradecenoylcarnitine, aspartylphenylalanine, l-kynurenine, methylmalonic acid, phenylalanylphenylalanine, and l-glutamic acid. The Warburg effect was observed in PTC. The levels of 3-hydroxy-cis-5-tetradecenoylcarnitine, aspartylphenylalanine, l-kynurenine, methylmalonic acid, phenylalanine, and L-glutamic acid may help distinguish PTC patients from healthy controls. Aspartic acid metabolism, glutamic acid metabolism, urea cycle, and tricarboxylic acid cycle are involved in the mechanism of PTC.
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INTRODUCTION

Thyroid cancer is the most common type of endocrine tumor in clinical practice, accounting for 1.1% of all malignant tumors (Bray et al., 2018), while PTC is the most common type of thyroid cancer, accounting for ~90% of all cases. It is more common in women aged 30–45 years. PTC has good differentiation and low malignancy; however, it is prone to early lymph node metastasis (Ferlay et al., 2013). Therefore, early diagnosis and treatment are paramount to patient survival. Ultrasound-guided fine needle aspiration cytology (FNAC) is a commonly used auxiliary examination for the diagnosis of thyroid cancer. Although imaging tests have high sensitivity in the diagnosis of thyroid cancer, their specificity is poor (Remonti et al., 2015). FNAC is currently the most accurate and cost-effective method for assessing benign and malignant thyroid nodules; however, ~20–30% of cases cannot be confirmed as either benign or malignant by FNAC alone (Faquin, 2008; Fish, 2017). Because some papillary thyroid microcarcinomas have fewer abnormal cells, they may be missed or even misdiagnosed when only the FNAC method is performed (Kim et al., 2011). Therefore, several genetic tests have been proposed as useful in the diagnosis of thyroid cancer, including tests for BRAF and NRAS mutations, and RET translocation tests; in fact, BRAF mutations have been reported in 30–80% of PTC cases (Jin et al., 2006). However, samples from suspicious thyroid nodules that test negative for the BRAF gene mutation do not automatically exclude the possibility of PTC. In cases of inconclusive cytology findings, the detection of BRAF gene mutations can improve the rate of diagnosis of PTC (Johnson et al., 2014). Meanwhile, FNAC is an invasive examination, and the preoperative acceptance of patients is generally limited, but the clinical applicability of the latter is not very strong. Overall, this evidence indicates a need for a stable and reliable biomarker to assist in the diagnosis of thyroid cancer.

Metabolomics refers to a comprehensive analysis of the metabolome of biological systems under specific conditions. It is a type of high-throughput technology that plays an important role in systems biology research. The metabolome consists of thousands of complex molecular metabolites, whose relative molecular mass is <1 × 103 (Barnes et al., 2016). High Performance Liquid Chromatography of Quadrupole Time of Flight Mass Spectrometry (HPLC-Q-TOF-MS/MS) combines liquid chromatography and mass spectrometry, thereby allowing to examine metabolites and perform stoichiometric analysis and improving the understanding of the molecular mechanisms of cancer development and associated biomarkers (Monteiro et al., 2013). The HPLC-Q-TOF-MS/MS platform allows for the separation and identification of complex mixtures, combining the compound separation capacity of the liquid chromatograph with the component identification ability of the mass spectrometer, resulting in high detection sensitivity and wide coverage of metabolite detection (Shepherd et al., 2011). Metabolomics is key to the understanding of the mechanisms of various cancers. For example, Yuan et al. (2018) used tandem mass spectrometry (UHPLC-MS/MS and FIA-MS/MS) to compare the types and levels of metabolites extracted from the plasma of patients with primary breast cancer with those of healthy controls, revealing that metabolites are mainly involved in amino acid metabolism and breast cancer cell growth pathways. Concurrently, Han et al. (2020) used UHPLC-MS/MS to show that retinol is a biomarker that distinguishes hepatocellular carcinoma (HCC) from adjacent tissues. The reported area under the curve associated with retinol (The area under curve, AUC = 0.991) suggests that it is important in HCC. Several previous studies have used metabolomics technology to distinguish PTC patients from healthy subjects; however, the studies had certain limitations. The advantages of the current study were as follows: (1). HPLC-Q-TOF-MS/MS is a novel method for identifying non-target metabolites, although it is less used in PTC research. (2). The sample size was sufficient. Using HPLC-Q-TOF-MS/MS to assess metabolic changes of PTC, we established a reliable statistical model that could distinguish and predict PTC patients and healthy controls. The main purpose of the study were as follows: (1). to identify metabolic markers that can distinguish PTC patients from healthy subjects using metabolomics; (2). to determine detailed metabolic changes and related metabolic pathways in PTC; and (3). to provide evidence for the diagnosis and treatment of PTC patients on the basis of science.



MATERIALS AND METHODS


Patients and Study Design

This study complied with the guidelines of the Declaration of Helsinki and the Conference for Coordination of Clinical Practice and was approved by the Ethics Committee of Hunan Provincial People's Hospital. Each participant signed an informed consent form. The seventh edition of the American Joint Committee on Cancer Tumor-Lymph Node Metastasis staging system was used to determine PTC stage (Edge and Compton, 2010). This case-control study involved obtaining a serum sample from PTC patients undergoing total thyroidectomy at the study site between October 2018 and February 2020. Patient eligibility was confirmed based on pathological findings after thyroidectomy; only patients diagnosed with PTC were included; in contrast, patients with micro-PTC were excluded from this study. None of the patients had a history of another cancer, normal levels of thyroid hormones (T3 and T4), thyroid-stimulating hormone (TSH), no thyroid hormone medications before surgery, no other forms of cancer, immune blood system diseases, or metabolic disorders (metabolic syndrome, diabetes, and insulin resistance). Healthy controls visited the hospital to draw blood voluntarily for regular physical examinations. Healthy controls were recruited from among the individuals referred to the Saeed Pathobiology and Genetics Laboratory for routine examinations. Laboratory examination results confirmed normal levels of T3, T4, and TSH, and the absence of hypothyroidism, hyperthyroidism, nodular goiter, or autoimmune thyroid inflammation.

Each PTC patient provided ~5 ml of blood before the operation (patients were treatment-naïve at the time of sample collection); healthy controls provided blood samples after overnight fasting. Blood samples from both groups were stored for 2 h at 4°C and were subsequently centrifuged for 10 min at 4°C and 3,000 rpm. The centrifuged serum samples were extracted into 1.5 ml Eppendorf (Eppendorf Corporation, Germany)microtubes and stored at −80°C for later use.



Serum Metabolite Extraction

Serum metabolites were extracted by adding 400 μl protein precipitant (MEthanol/ACN,v/v, 2:1) and 10 μl internal standard (L-2-chlorophenylalanine, 0.3 mg/ml, methanol preparation) to 100 μl of serum into 2 ml Eppendorf (Eppendorf Corporation, Germany)microtubes. The tube was vortexed for 30 s, ultrasonicated for 10 min (4°C water bath) and cooled at −20°C for 1 h. The tube was then centrifuged at 4°C at 13,000 rpm for 15 min to remove the precipitated protein.The supernatant of each sample was collected and stored in a refrigerator at −20°C.

Quality Control (QC) preparation: 10 μl was taken from each sample and added into 2 ml Eppendorf (Eppendorf Corporation, Germany)microtubes.Then vortex and divide into 200 μl for each tube.Quality control (QC) samples were pooled and pretreated using the same procedure to improve the data quality for metabolic profiling.



HPLC-Q-TOF-MS/MS Metabolomics Analysis

HPLC-Q-TOF-MS/MS (Bruker Corporation, USA) was used as a metabolite separation and detection platform to study the metabolite differences between the PTC and control groups. The data were collected under the positive and negative ion modes of mass spectrometry. HPLC-Q-TOF-MS/MS conditions were the following: ACCLAINMTMRSLC120-C18 column (100 × 2.1 mm,2.2 μm) (Thermo fisher scientific, USA) at 40°C with 3 μl sample injection; mobile phase A was 0.1% (volume fraction) formic acid/water, and mobile phase B was 0.1% (volume fraction) acetonitrile/water (containing 0.1% formic acid). The gradient was set as follows: 2% B for 0–2 min, 50% B for 2–12 min, 90% B for 10–30 min, and 98% B for 30–60 min. The flow rate was maintained at 400 μl/min. The mass spectrometry conditions were as follows: Electrospray ion source was detected using positive and negative ion mode; high purity N2-assisted spray ionization and solvent removal was used; the flow rate was 1.2 l/min, the mass scanning range was 20–1,000 m/z, and the drying temperature was 200°C. In ESI positive mode, the Spray voltage (ISVF) is 4,500 V, and the capillary voltage is 100 V; in ESI negative ion mode, the Spray voltage (ISVF) is −4,500 V, and the capillary voltage is −100 V, fragmentor voltage 70 V.Quality control samples (QC samples) were analyzed five times at the beginning of the run and injected once after every 20 injections of the random sequenced samples.



Raw HPLC-Q-TOF-MS/MS Data Processing

Metaboscape 3.0 (Bruker Corporation, USA) software was used to perform data cleaning, including peak extraction, noise reduction, standardization, and export, among others. Minimum Peak Length (3–5) spectrum; Recursive Feature Extraction/ Recursive Feature Extraction: Minimum Peak Length (Recursive) (5–7) spectrum. Minimum feature for extraction and presence of features in minimum of analyses will be selected according to the actual sample size. According to the 80% principle (Bijlsma et al., 2006), given 80 analyses, 64/80 analyses, retention time range [0, 30] min, and mass range [20, 1,000] M/Z. Ion Deconvolution/ Deconvolution inverse volume product EIC correlation ≥0.8. The ion fragments [such as [M+H]+, [M-H]–] were then recombined. Subsequently, the known false positive peaks, such as derivative chemical reagent peak, noise, and column loss peak, were removed from the data matrix; finally, the redundancy and peak combination procedures were performed. The data were uploaded to Annotate with Analyte List (HMDB database www.hmdb.ca), Annotate with Spectral Library [the standard product database created by Bruker [the most accurate]], and Annotate with Smartformula (online website database) database for matching and finally maintain the output A three-dimensional data matrix of time, mass response intensity, mass-to-nucleus ratio (M/Z), sample information, etc. This matrix was suitable for data analysis software such as SIMCAP, SPSS, and R language.



Statistical Analysis

The metabolic profiles of serum samples were compared between the PTC and control groups, using multivariate and univariate analyses. Variable distribution was normalized using Log transformation and Pareto scaling for all pre-processed data. The Mann-Whitney-Wilcoxon test with false discovery rate correction was used to measure the significance of each metabolite. The SIMCAP14.1 software (Umetrics, Umea, Sweden) was used to PCA, PLS-DA, and OPLS-DA to determine the differences in metabolic profiles between the groups. The quality of the model is determined by the values of R2Y and Q2. R2Y represents the explanatory rate model, Q2 represents the forecast rate. Higher values of R2Y and Q2 usually indicate that the model is more reliable.Benjamini-Hochberg false discovery rate (FDR) procedure was employed for the multiple test adjustments. Adjusted p < 0.05 were considered statistically significant. Two hundred Permutation test was used to test model reliability. R2 and Q2 are obtained through permutations test, and its function is to verify whether the model is overfitting. When R2 > 0 and Q2 < 0, it means that the model is not overfitting and the model is reliable.VIP index represents the importance of each variable to model performance and describes the overall contribution of each variable to the model. Variables with a VIP of >1 have greater significance than do their counterparts. These variables were obtained from the PLS-DA model and adjusted p < 0.05.One-way analysis of variance and volcano plot were used to identify which metabolites annotated in the HPLC-Q-TOF-MS/MS dataset were significantly affected by the factor assessed in the experiment. MetaboAnalyst 4.0 (https://www.metaboanalyst.ca/) drew a heatmap, which was based on the estimates derived from the Spearman rank correlation and cluster analysis. The receiver operating characteristic (ROC) curve analysis was performed using the survival analysis module to evaluate the area under the curve (AUC) and to compare the diagnostic ability of significant metabolites between the tested groups.



Metabolic Pathway Analysis

Use MetaboAnalyst 4.0 (https://www.metaboanalyst.ca/) on the difference of PTC patients serum and healthy subjects serum metabolites analysis of metabolic pathways, the purpose is to explain the biological correlation between PTC patients and healthy subjects. In this study, we referred to the Kyoto Encyclopedia of Gene and Genomes (KEGG, https://www.genome.jp/kegg) and the Human Metabolome Database (HMDB, https://hmdb.ca/) to elucidate any changes or interference patterns observed in the metabolic pathways in the study participants. KEGG is a knowledge base and is used for systematic analysis of metabolite function (Du et al., 2014). HMDB is a comprehensive database of metabolomics and metabolites biology (Wishart et al., 2013). MetaboAnalyst 4.0 combines enrichment and topology pathway analyses to identify relevant pathways. The module of pathway analysis was based on the KEGG database; the enrichment analysis was based on the Small Molecule Pathway Database (http://smpdb.ca/) (Jewison at al, 2014).



Ethics Statement

The study was conducted in accordance with the Helsinki Declaration and was approved by the Ethics Committee of Human Provincial People's Hospital in Changsha, Hunan Province, China. Patients/participants provided their written informed consent to participate in the study.




RESULTS


Clinical Characteristics of the Subjects

There were 80 PTC patients (18 men and 62 women; age range, 20–72 years), and 80 healthy controls (32 women and 48 men; age range, 30 and 67 years). The median age of the PTC and control groups was 41.63 ± 11.213 years and 43.44 ± 8.378 years, respectively; this difference was no statistically significant (p > 0.05) (Table 1).


Table 1. Clinical and pathological characteristic of the participants.
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Serum Metabolomics Profiles in the PTC and Control Groups

After Metaboscape 3.0 pretreatment, a series of metabonomic data was obtained. In positive ion patterns, there were 384 identifiable peaks (Supplementary Figure 1), representing 384 detected metabolites. Supplementary Figure 1 shows the base peak chromatograms (BPC) of the PTC and control group serum samples. In negative ion patterns, there were 678 identifiable peaks (Supplementary Figure 2), representing 678 detected metabolites. Supplementary Figure 2 shows the BPC of the PTC and control group serum samples. There were significant between-peak differences in intensity, indicating that in the positive and negative ion mode, there were significant between-group differences in the metabolic profiles.

Statistical tests commonly used to examine between-group differences in metabolite profiles include the t-test, FC analysis, and volcano plot. Univariate analysis can intuitively show the significance of different metabolites in two samples, and it is an essential statistical method in screening differential metabolites. A p < 0.05 was used to screen the different markers. Meanwhile, the volcano map (Figures 1A,B) was drawn based on the FC values and t-test findings (Supplementary Tables 1, 2). In the positive and negative ion mode, a total of 27 (Supplementary Table 1) and 73 different metabolites (Supplementary Table 2) were screened, respectively. Between-group differences in metabolites in the positive and negative ion modes were plotted as volcanic maps; red dots represent the differences in serum metabolites between the PTC and control groups. The volcanic map of metabolites given the positive and negative ion modes is shown in Figures 1A,B, respectively; there were 27 and 73 different metabolites, respectively. These findings indicated that amino acids, fatty acids and their derivatives, and nucleotides, among others, were the most important metabolites that differed between the groups. In particular, an increase in the levels of proline betaine, L-phenylalanine, threonic acid, isobutyryl-L-carnitine, and retinyl beta-glucuronide was observed in the PTC group, presenting candidate metabolic markers for differentiating PTC patients from healthy controls.


[image: Figure 1]
FIGURE 1. (A,B) Volcano diagrams showing the changes in PTC and the most important metabolites of healthy subjects. (A) Represents the volcano map in positive ion mode, and (B) represents the volcano map in negative ion mode. The red dots in the figure represent differential metabolites, and the black dots represent no significant difference. The red dot on the right side of the figure represents the upregulated metabolite, and the red dot on the left side represents the downregulated metabolite. x-axis corresponds to log2 (fold change) and y-axis corresponds to –log10 (p-value). (C,D) Heatmap visualization of metabolomics data with hierarchical clustering analysis (HCA). (C) Represents the heatmap in positive ion mode, and (D) represents the heatmap in negative ion mode. The red color represents the peak value that is relatively large; the blue color represents the peak value that is relatively small; and the gray color represents the metabolite peak value of zero. The more similar the color, the more similar the peak value. The panel on the right represents the different metabolites. The upper dendritic structure is clustered according to the degree of metabolite similarity across samples. The red line below the dendritic structure represents the PTC group, and the green line represents the control group. PTC, papillary thyroid carcinoma; Control, healthy subject.


Hierarchical cluster analysis was used to cluster all metabolomic data with a p < 0.05 to examine the metabolites significantly changed between different groups. Within-group sample similarity was evaluated and presented as a heatmap obtained in positive and negative ion modes (Figures 1C,D, respectively). These data indicate specific patterns of differences in the metabolites between PTC and healthy controls.



Screening of Differential Metabolites in Serum Samples Between the Two Groups

In the positive and negative ion mode, through the PCA model, we found that the clustering degree of the QC samples was good, indicating that the instrument was stable during this experiment. At the same time, we also found signs of separation between the PTC group and the Control group. The red triangle, green dot and blue square in the figure represent the QC group, the control group and the PTC group, respectively (Figures 2A,B).


[image: Figure 2]
FIGURE 2. PCA (A,B), PLS-DA (C,D), and OPLS-DA (G,H) analysis score scatter plots illustrating that the metabolic profiles of PTC are distinct from those of healthy subjects. PLS-DA and OPLS-DA analysis score scatter plots for metabolic profiles of healthy subjects (green dots) and PTC patients (blue squares) showing clear discrimination between the two groups. (E,F,I,J) Permutation test was used to assess the reliability of the models. ROC curve analyses of the ability of six metabolites to predict PTC patients and healthy subject (K–P). PCA, principal component analysis; PLS-DA, partial least squares discrimination analysis; OPLS-DA, orthogonal partial least squares-discriminant analysis; QC, Quality Control; PTC, papillary thyroid carcinoma; Control, healthy subject. ROC, receiver operating characteristic.


Use the PLS-DA method to analyze the metabolite profile of the serum sample, as shown in Figure 1C: in the positive ion mode, the metabolomics data of serum samples were analyzed by PLS-DA, suggesting that there were significant differences between PTC and Control groups [R2X (cum) = 0.497, R2Y (cum) = 0.882, Q2 (cum) = 0.735). In the PLS-DA model, after 200 permutations tests, the R2 intercept of the substitution test in the positive ion mode was 0.505, and the intercept of Q2 was −0.33 (Figure 2E), suggesting model reliability, given no evidence of over-fitting;As shown in Figure 1D: in the negative ion mode, the metabolomics data of the PTC and Control groups also have significant differences between groups [R2X(cum) = 0.679, R2Y(cum) = 0.916, Q2(cum) = 0.634]. After 200 permutations tests, the R2 intercept of the substitution test in the positive ion mode was 0.831, and the intercept of Q2 was −0.0441 (Figure 2F), suggesting model reliability, given no evidence of over-fitting. These findings indicate that the PLS-DA model could be used to distinguish PTC patients from healthy controls; The parameters included in the model in both ion modes are shown in Supplementary Tables 3, 4.

To achieve the greatest separation of metabolites between the two sets of samples, OPLS-DA was performed (Figures 2G,H). In the positive and negative ion modes, there was a clear separation between the groups; concurrently, there were clear between-group differences in serum metabolic profiles. The samples from both groups tended to cluster in a concentrated manner, with a high degree of aggregation, without any obvious intragroup difference. In the OPLS-DA model, after 200 permutations tests, the R2 intercept of the substitution test in the positive ion mode was 0.506, and the intercept of Q2 was −0.493 (Figure 2I); the corresponding values in the negative ion mode were 0.455 and −0.3 (Figure 2J), suggesting model reliability, given no evidence of over-fitting. These findings indicate that the OPLS-DA model could be used to distinguish PTC patients from healthy controls; the model has a high discrimination and prediction rates (P < 0.05).

To distinguish the most important metabolites between the groups, FC, p-values, and VIP scores were used to screen for differential metabolites. In the positive and negative ion mode, the PCA-, PLS-DA-, and OPLS-DA-based models for distinguishing between the groups were constructed, and between-group metabolic differences were determined. Given VIP > 1.0, FC > 1.5, and p < 0.05, 64 metabolites were identified (Table 2). Among them, the levels of 22 metabolites showed a significant upward trend in the PTC group, including proline betaine, taurocholic acid, threonic acid, 3-hydroxyhexadecadienoylcarnitine, and dopamine. In contrast, the levels of 42 metabolites showed a significant downward trend in the PTC group, including L-tyrosine, 8-hydroxy-deoxyguanosine, 3-hydroxy-cis-5-tetradecenoylcarnitine, L-tryptophan, phenylalanylphenylalanine, argininic acid, beta-alanine, acetone, citric acid, and glucose 6-phosphate.


Table 2. Differential metabolites in the serum of papillary thyroid cancer patients and healthy subjects with positive and negative ion patterns.
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Finally, ROC curve analysis was used to evaluate the diagnostic ability of the differential metabolites for PTC screening (Table 2). False positive rate and True positive rate are presented along the x-axis and y-axis, respectively. The AUC values of 6 metabolites in the PTC and control groups were of >0.75 (Figures 2K–P).



Pathway Analysis

KEGG and HMDB (Table 2) were used to analyze 64 PTC-related metabolites, and the results were submitted to MetaboAnalyst to display the statistical analysis results of informatics analysis. The path analysis results are shown in Supplementary Table 5 and Figure 3A. The most influenced metabolic pathway was considered a pathway influence cut-off value >0.1 to filter for less important pathways. The following eight important metabolic pathways were identified: phenylalanine, tyrosine and tryptophan biosynthesis; D-glutamine and D-glutamate metabolism; beta-alanine metabolism; phenylalanine metabolism; histidine metabolism; alanine, aspartate, and glutamate metabolism; citrate cycle (TCA cycle); and arginine biosynthesis.


[image: Figure 3]
FIGURE 3. (A) Results of pathway analysis of metabolomics data. Pathway analysis based on “Kyoto Encyclopedia of Genes and Genomes” (KEGG).The color and size of each circle is based on p-values (yellow: higher p-values and red: lower p-values) and pathway impact values (the larger the circle the higher the impact score) calculated from the topological analysis, respectively. Pathways were considered significantly enriched if p < 0.05, impact >0.1 and number of metabolite hits in the pathway >1. PTC, papillary thyroid carcinoma. (B) The significantly enriched pathways involved in the pathogenesis of papillary thyroid carcinoma, including Aspartate metabolism, Glutamate metabolism, Urea cycle, and TCA cycle.





DISCUSSION

With the rapid development of analysis technology, metabolomics has been applied in many fields such as cancer disease research (Tayanloo-Beik et al., 2020). At the molecular level, metabolomics uses novel biomarkers to explore the mechanism underlying disease development (Wang et al., 2011). To the best of our knowledge, this is the first study to use HPLC-Q-TOF-MS/MS to analyze metabolic pathways of a large number of serum samples from PTC patients and healthy subjects. In this study, based on PCA, PLS-DA, OPLS-DA model results (Figures 2A–J), and single-factor analysis results (Figures 1A–D), we first identified key metabolites related to PTC (Table 2). Based on these key metabolites, six metabolic markers, namely 3-hydroxy-cis-5-tetradecenoylcarnitine, aspartylphenylalanine, l-kynurenine, methylmalonic acid, phenylalanylphenylalanine, and l-glutamic acid, that could distinguish PTC patients from healthy subjects were further identified (Figures 2K–P). At the same time, we discovered eight important metabolic pathways related to PTC (Figure 3A), which were involved in PTC development; however, the detailed metabolic changes remain unknown. We also found the association among aspartate metabolism, glutamate metabolism, urea cycle, and tricarboxylic acid cycle in the PTC metabolic pathway, thereby explaining the pathogenesis of PTC (Figure 3B).

Warburg (Hsu and Sabatini, 2008) reported that a large amount of energy is being produced by glycolysis during the growth of cancer cells, which is distinct from the energy metabolism observed in normal cells, where it involves oxidative phosphorylation. This finding suggests that the different growth patterns of cancer and normal cells may be due to the different energy production pathways involved. The rates of glucose uptake, aerobic glycolysis, and metabolism are increased in cancer cells due to cell proliferation (Zhao et al., 2010). The energy in healthy cells comes from the mitochondria that oxidize sugar molecules; in contrast, tumor cells mainly rely on glycolysis for energy, which does not require the participation of oxygen atoms or mitochondria (Gioia et al., 2019). According to Abooshahab et al. (2020), sucrose levels can separate PTC from benign thyroid tumors (AUC = 0.92). Sucrose is converted into glucose and fructose through the hydrolysis process; subsequently, glucose enters the aerobic glycolysis pathway, where it is converted into two molecules of pyruvate. In this study, the level of glucose 6-phosphate in the serum of PTC patients was lower than that in the serum of healthy subjects, which may indicate that PTC tumor cells obtain energy through enhanced glycolysis, which accelerates the conversion of glucose 6-phosphate into pyruvate molecules, required for the TCA cycle. The citric acid levels in the PTC group were lower than those in the control group, indicating that thyroid cancer cells consume a significant amount of citric acid during the TCA cycle. The present findings are consistent with the Warburg effect.

Glycerol phospholipids are the most abundant type of phospholipid in eukaryotic cell membranes. Together, phosphatidylcholine (PC) and phosphatidylethanolamine(PE) account for ~50% of the phospholipid components of cell membranes. In addition, glycerophospholipids are involved in protein recognition and signal transduction of cell membranes (Kuhajda, 2000). In malignant tumor tissues, as the rate of synthesis of glycerophospholipids is greater than that of their decomposition, choline substances are expressed at high levels (Treede et al., 2007). As a result of the destruction of membrane structures associated with the development of a malignant tumor, choline levels tend to increase (Wu et al., 2016). According to Wojakowska et al. (2017), PC and glycerophosphocholine are expressed at high levels in PTC tissues, and choline, the end product of metabolism, can generate new PC again. This process demonstrates that PTC also decomposes phospholipids while synthesizing phospholipids, with the goal of meeting the needs of cancer cell proliferation. In the present study, serum levels of 3-hydroxy-cis-5-tetradecenoylcarnitine in the PTC group were lower than in the control group. In addition, the associated AUC value was >0.865, indicating that 3-this metabolite may help distinguish PTC patients from healthy controls. Moreover, 3-hydroxy-cis-5-tetradecenoylcarnitine belongs to the carnitine group; carnitine and its short-chain derivatives are necessary for fatty acids to enter the mitochondria for oxidation. Cheng et al. (2018) has shown that 3-hydroxy-cis-5-tetradecenoylcarnitine can be used as an important biomarker for the diagnosis of bladder cancer (AUC and sensitivity values of 0.899 and 0.881, respectively). Nevertheless, the diagnostic validity of 3-hydroxy-cis-5-tetradecenoylcarnitine in PTC requires further studies to confirm. Arachidonylglycerol (2-AG) is an important endogenous cannabinoid, associated with abnormal metabolism in pancreatic ductal adenocarcinoma (Qiu et al., 2019), prostate cancer (Endsley et al., 2008), and HCC (Yang et al., 2019). Serum levels of 2-AG in the PTC group were lower than those in the control group. This finding might be accounted for by the fact that PTC tends to be characterized by a lower degree of malignancy than does HCC. Moreover, 2-AG has strong anti-proliferative and pro-apoptotic properties in PTC patients. A large amount of 2-AG is consumed in anti-proliferation and pro-apoptosis processes, resulting in the rate of 2-AG degradation higher than that of its synthesis. Further studies are required to verify these observations.

Cancer cells maintain cell growth and proliferation through different metabolic pathways. New cancer cells require a large number of biomolecular components, including proteins, nucleic acids, lipids, and important cofactors to maintain the redox state of cells. Amino acids are used by tumors as a source of nutrition during development; they can also be used as the main carbon source by new cancer cells (Kuhajda, 2000; Voeller et al., 2004). In the present study, the OPLS-DA model was used to screen amino acid-related differential metabolites, showing that the levels of tyrosine, tryptophan, arginine, alanine, glutamic acid, and histidine were lower in the PTC group than in the control group. Alanine is a glycogen amino acid that can be converted into an intermediate substrate in the tricarboxylic acid cycle, and then into glucose in the process of gluconeogenesis. Therefore, alanine can also be considered as an energy source for the rapid proliferation of PTC cells (Tian et al., 2015; Ryoo et al., 2016). In this study, serum levels of beta-alanine in the PTC group were lower than those in the control group. This finding might be accounted for by the fact that PTC cells use beta-alanine metabolism to convert large amounts of beta-alanine into raw materials for energy metabolism. Concurrently, this study examined amino acid metabolism in the context of energy metabolism. Aspartate and glutamate metabolism, and urea and TCA cycles emerged as important pathways in the development of PTC (Figure 3B). The metabolism of glutamate and aspartic acid is the most important participatory pathway in malignant thyroid tumors, linking the urea cycle with the TCA cycle. The urea cycle converts excess ammonia and aspartic acid into urea. Reduce the toxicity of its high ammonia content (Yekta et al., 2018). According to Nagamani and Erez (2016), in many malignant tumor tissues, the ASS1 enzyme is silenced in the urea cycle, which leads to the preferential synthesis of pyrimidine by aspartic acid to support cell proliferation, reducing the utilization of aspartic acid in pyrimidine synthesis, which limits the proliferation of cancer cells. Meanwhile, the silencing of the ASS1 enzyme in cancer cells supports their proliferation by activating carbamyl phosphate synthase-2, aspartate transcarbamylase, and the dihydrotransaminase complex, which promote pyrimidine synthesis (Rabinovich et al., 2015). This evidence suggests that silencing of the ASS1 enzyme is associated with poor prognosis in patients with malignant tumors. Ammonia plays an important role in the proliferation of PTC cells (Figure 3B). Glutamine provides ammonia and triggers autophagy in PTC cells. PTC cells generate glutamate through glutaminase and glutamate dehydrogenase, whereby glutamate further produces α-ketoglutarate, which provides sufficient energy for the survival of tumor cells. Glutamic acid and aspartic acid also undergo anaplerotic reactions, through which amino acids are oxidized and decomposed to generate intermediate metabolites of the TCA cycle, thereby supplying energy to tumor cells (Owen et al., 2002; Jones and Bianchi, 2015). A large number of studies has shown that in the proliferation of cancer cells, the metabolites of citric acid are transported out of the mitochondria, and used in lipid biosynthesis in the cytoplasm as a precursor of acetyl coenzyme-A to compensate for the continuous consumption of citric acid. Meanwhile, glutamine is the main anaplerotic precursor in cancer cells, compensating for the lack of citric acid, which is involved in energy generation (DeBerardinis et al., 2007). This study found that citric acid was significantly downregulated in PTC, as were glutamine and asparagine, reflecting the weakened replenishment response of glutamine in PTC. In addition, the levels of oxalic acid were lower in the PTC group than in the control group. The consumed oxalic acid was likely converted into an oxaloyl group, and the oxalic acid group was then converted into oxaloacetate. Oxalic acid is formed by combining an oxalyl group (after removing a hydroxyl group) and an acetic acid group. The acid cycle plays a catalyst-like role and determines the speed of the TCA cell cycle (Kuang et al., 2018). Oxaloacetic acid can also be transformed into non-essential amino acids such as asparate and asparagine, which are involved in nucleotide synthesis (Yang et al., 2017), suggesting that oxalic acid may be involved in PTC development.

In the present study, metabolomic and multivariate analyses were combined to distinguish PTC patients from healthy controls, aiming to determine the metabolic characteristics of PTC and improve the understanding of PTC development and associated prognosis. Future studies should include PTC tissue and lymph fluid analysis, and combine genomic and proteomic methods to yield further insights into PTC biomarkers and candidate treatment targets. Furthermore, future studies should involve accurate metabolomics analyses with a large number of specimens from PTC patients with lymph node metastasis, aiming to clarify the role of lymph node metastasis in PTC.



CONCLUSIONS

We found that metabolomics based on HPLC-Q-TOF-MS/MS can clearly distinguish PTC patients from healthy subjects. Lower levels of 3-hydroxy-cis-5-tetradecenoylcarnitine, aspartylphenylalanine, l-kynurenine, methylmalonic acid, phenylalanylphenylalanine, and l-glutamic acid were observed in the serum of PTC patients than in the serum of healthy subjects. These six metabolic markers can theoretically be used in combination with current PTC diagnostic methods to guide the clinical diagnosis of PTC. However, we the following issues need to be considered: (1). For future clinical studies of PTC, it is necessary to further analyze the serum of PTC patients of phase III and IV to further confirm and summarize the results of this study; (2). Tissue and urine samples of PTC patients should be combined. The metabolomics research of lymphatic fluid can be used as a plan for future metabolomics research. This multicenter research aims to improve the accuracy of prediction.
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The metabolites were listed in a decreasing order based on variable importance in the projection values (VIF). p value adjusted by false discovery rate method across ail the metabolites
within the comparison.
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on Cancer (AJCC) Tumor-Node-Metastasis (TNM) staging system.
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