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Background: Oral lichen planus (OLP) is a T-cell-mediated chronic inflammatory disorder and precancerous oral lesion with high incidence. The current diagnostic method of OLP is very limited and metabolomics may provide a new approach for quantitative evaluation.
Methods: The Ultra-Performance Liquid Chromatography-Quadrupole/Orbitrap High Resolution Mass Spectrometry (UHPLC-Q-Orbitrap HRMS) was applied to analyze the change of metabolites in serum of patients with OLP. A total of 115 OLP patients and 124 healthy controls were assigned to either a training set (n = 160) or a test set (n = 79). The potential biomarkers and the change of serum metabolites were profiled and evaluated by multivariate analysis.
Results: Totally, 23 differential metabolites were identified in the training set between OLP group and healthy group. Three prominent metabolites in receiver operating characteristic (ROC) were selected as a panel to distinguish OLP or healthy individuals in the test set, and the diagnostic accuracy was 86.1%.
Conclusions: This study established a new method for the early detection of OLP by analyzing serum metabolomics using UHPLC-Q-Orbitrap HRMS, which will help in understanding the pathological processes of OLP and identifying precancerous lesions in oral cavity.
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INTRODUCTION
Oral lichen planus (OLP) is a T-cell-mediated chronic inflammatory disorder and potentially precancerous oral lesion, with a prevalence of 0.5–3% (Warnakulasuriya et al., 2007; Carbone et al., 2009; Kountakis, 2013). About 0.5–12.5% of patients with OLP will progress to malignant transformation (Kountakis, 2013). The diagnosis of OLP is usually based on dental exam, histological examinations and patient history (Alrashdan et al., 2016; Raj and Patil, 2017). Due to the lack of universal diagnostic criteria for OLP and related lesions such as oral epithelial dysplasia (OED), OLP with dysplasia and oral lichenoid lesions (OLL), misdiagnosis often occurs, leading to the incorrect treatment strategy (van der Meij et al., 1999; Au et al., 2013; Raj and Patil, 2017). Therefore, a more efficient, non-invasive and accurate diagnostic method for OLP is urgently needed.
As one of the major components of system biology, metabolomics is a well-established method to assess global metabolic profiles through biomarker discovery in accessible biofluids (Wang et al., 2012; Zhang et al., 2014; Yang et al., 2018). It shows great potential as a way of identifying biomarkers for various diseases (Tohge and Fernie, 2010). In recent years, the application of metabolomics in the diagnosis, etiology, prevention and treatment of oral diseases has attracted attentions in the field of stomatology (Rai et al., 2018). In 2017, Yang et al.(Yang et al., 2017)used metabolomics to detect plasma metabolites in 20 erosive OLP patients and successfully found ten differential biomarkers. Subsequently, the urinary metabolome was analyzed and 12 kinds of metabolites were found to have changed (Li et al., 2017). Recently, 16 oral epithelial tissue samples from reticular OLP patients were detected by metabolomics. As a result, 21 metabolites and eight signaling pathways were identified (Yang et al., 2018). These studies provided important references for further understanding the pathogenesis of OLP. However, due to the small sample size and other limitations in studies, further experimental and clinical researches are still needed.
In this study, ultra-performance liquid chromatography-quadrupole/orbitrap high resolution mass spectrometry (UHPLC-Q-Orbitrap HRMS) was used for metabolomic analysis. Serum samples from 160 healthy subjects and OLP patients were assigned as a training set to identify potential biomarkers for the early detection of OLP. To confirm the reliability and accuracy, an independent test sample set (n = 79) was used to evaluate the biomarkers panel we identified.
MATERIALS AND METHODS
Instruments and Reagents
UHPLC-Q-Orbitrap System: Ultimate 3000 UHPLC (Dionex, United States), Q Exactive high resolution mass spectrometry (Thermo Fisher Scientific, United States); ACQUITY UHPLC® BEH C18 (100 × 2.1 mm, 1.7 µm) chromatographic column (Waters, United States); AL104 balance with 0.0001 accuracy (Mettler Toledo, Switzerland); Centrifuge CF16RN (HITACHI, Japan); HeraeusFresco17 (Thermo, United States); Acetonitrile and methanol (UPLC-grade, Fisher Scientific, United States); formic acid (UPLC-grade, Aladdin Industrial Co., Ltd., China); Internal standard (L-2-chlorophenylalanine and ketoprofen) (Sigma, United States; J&K Chemical, China); Milli-Q water purification system (Millipore, Shanghai, China); all solutions were filtrated by 0.22 µm pore size filters.
Participants
A total of 239 participants were recruited including 115 OLP patients (100 patients with reticular OLP and 15 patients with erosive OLP) and 124 healthy individuals from March 1, 2019 to August 30, 2019 at the First Affiliated Hospital of Zhengzhou University. Patients were randomly assigned (by a random-number Generator in Excel) to either a training set (n = 160) or a test set (n = 79). The distributions of gender, age and other information were listed in Table 1. The written informed consent was obtained from all participants. The approval of the Ethical Committees of the First Affiliated Hospital of Zhengzhou University (Name of IRB: Ethics Committee of Scientific Research Project of the First Affiliated Hospital of Zhengzhou University; Date of approval: February 26, 2019; Ethical number: 2019-KY-26) were obtained. This research was conducted in accordance to the ethical guidelines of the 1975 Declaration of Helsinki.
TABLE 1 | The baseline characteristics of 239 participants.
[image: Table 1]The diagnosis of OLP was made by one oral clinician based on the clinical and pathological criteria and independently confirmed by two pathologists. Excluding criteria: 1) Received any treatment prior to admission; 2) Had other systemic diseases such as cardiovascular diseases, hypertension, kidney disease, diabetes, and other intraoral inflammation, etc.; and 3) Used antibiotics, hormones, or immunomodulator for at least 3 months.
Sample Collection and Preparation
Blood samples were collected in the morning after fasting at patients’ initial visit (Walsh et al., 2006). Samples were put in vacutainer tubes containing coagulant, which is a silica gel blood coagulation activator to promote the coagulation of blood samples, and cooled down in the insulated ice packs, then transferred to the laboratory immediately within half an hour. They were centrifuged at 3,000 × g for 10 min at 4°C. Supernatants (serum) were separated and transferred into new vials, and immediately cryopreserved at −80°C until used.
After thawing on ice, the serum (100 µl) sample was added into 300 µl methanol solution (containing 0.05 μg/ml L-2-chlorophenylalanine and 0.5 μg/ml ketoprofen as internal standard). After vortexing for 1 min, the mixture was centrifuged at 16,200 × g at 4°C for 10 min 200 μl pipette gun was used to suck out the supernatant and transferred to an auto-sampler vial for analysis.
In order to ensure the reliability, quality control (QC) sample analysis was carried out in the process of metabolomics data collection. Six QC samples were first analyzed, and sample analysis was started after the instrument was stabilized. After that, QC samples were evenly inserted every ten samples in the sequence of sample analysis to monitor the stability of analysis. Blank samples containing only solvent are inserted after each QC sample to avoid contamination.
UHPLC-MS/MS System Conditions
An ultra high performance liquid chromatography (UHPLC) system was used to separate the metabolites in serum. Five microliters aliquot from each sample was injected into a ACQUITY UHPLC® BEH C18 column maintained at 40°C. The mobile phase was the acetonitrile (A) with 0.1% formic acid aqueous solution (B). The gradient elution was as follows: at a flow rate of 0.2 ml/min: 0–0.5 min, 5% A; 0.5–1.0 min, 5–60% A; 1.0–7.0 min, 60–80% A; 7.0–9.0 min, 80–100% A; 9.0–11.0 min, 100% A; 11.0–11.2 min, 100–5% A; 11.2–13.0 min, 5% A.
A Q Exactive high resolution mass spectrometry was tandem to the UHPLC system using a heated electrospray ionization (HESI) source. The temperature of the auxiliary gas, ion source, and capillary were 300°C, 350°C, and 320°C, respectively, the flow rate of the auxiliary gas was 10 arb. Samples were respectively tested in the positive and negative modes by full scan/ddms two scan patterns from 80 to 1,200 m/z at the mass resolving power of 17,500 in MS/MS. The gradient collision energy was at 20, 40, and 60 eV. The spray voltage and the sheath gas flow rate were set to 3.50 kV and 40 arb for the positive mode and 2.80 kV and 38 arb for the negative mode. The order of sample analysis was randomized.
Data Processing and Statistical Analysis
All data were acquired and processed by Thermo XcaliburTM software (Version 3.0, Thermo Scientific, United States). Then the peak calibration, peak matching and peak alignment were performed by the Compound Discovery software (Version 3.0, Thermo Scientific) to extract the information. Specific parameters were as follows: the width of Retention Time (RT) is set to 0.1 min and the mass width to 5 ppm. The intensity threshold for filtering ion peak is 1,000,000 in both the positive ion mode and negative ion mode. The data result set which corresponds to the concentration of certain metabolite, contained all the m/z value, RT and ion peak area of each sample. And they were exported to the multivariate statistical software SIMCA (version 14.0, Umetrics, Umea, Sweden) for the subsequent principal component analysis (PCA) and orthogonal partial least square discrimination analysis (OPLS-DA), and Variable importance in projection (VIP) was obtained from the OPLS-DA model. A 200 times permutation test was performed to assess the risk of overfitting for the model. The preliminary discriminating metabolites were selected by plotting the data set of all the discriminators in a volcano plot. To further screen the significant variables between the two groups, a student’s t-test and fold change of all the detected peaks were carried out by the SPSS 21.0 software (IBM, United States). Finally, the metabolites with statistical significance were selected and identified to distinguish the difference between the two groups. A Heatmap was generated with these screened metabolites by MetaboAnalyst (https://www.metaboanalyst.ca/) to show the trend of change. For each identified differential metabolite, receiver operating characteristic (ROC) curve was drawn and areas under the curve (AUC) were calculated using the SPSS 21.0 software (IBM, United States).
In order to adjust the influence of confounding factors (in Table 1) on each differential metabolite, SPSS 21.0 software (IBM, United States) was used to establish a binary logistic regression model by taking groups as dependent variables and each metabolite and each confounding factor as covariables.
Identification of Differential Metabolites
Compound identification was achieved by comparing the precision m/z, MS2, RT and other information collected by mass spectrometry with authentic standards or searching the Human Metabolome database (http://hmdb.ca/), the PubChem compound database.
Metabolic Pathway Analysis and Pathological Network Construction
Metabolic pathway analysis of differential metabolites was performed by MetaboAnalyst based on the database source including The Human Metabolome database (HMDB), PubChem and Kyoto Encyclopedia of Genes and Genomes (KEGG).
RESULTS
Demographic Characteristics
The baseline characteristics of these 239 participants was showed in Table 1. There were more cases had the habit of smoking (p < 0.001) and a preference for very hot food in the OLP group compared with the healthy subjects (p < 0.001). There was no significant difference among OLP and healthy controls in terms of the habit of drinking (p = 0.150) and the preference for spicy food (p = 0.330). In addition, most of the subjects in the OLP group lacked exercises (p < 0.001), and most of them did not get enough time for sleeping (p = 0.028).
Supplementary Figure S1 showed the binary logistic regression model established by taking groups as dependent variables and each metabolite and each confounding factor as covariables, in order to adjust the influence of confounding factors on each differential metabolite. It showed that 23 differential metabolites have strong correlation with the occurrence of OLP after adjusting for various risk factors.
Data Quality Evaluation in Metabolomic Analysis
QC samples in both positive and negative mode were clustered closely in PCA score plots (Figures 1A,B), which indicated that the analytical process was stable and reliable.
[image: Figure 1]FIGURE 1 | Multivariate statistical analysis of two groups. The principal component analysis (PCA) plot of QC and samples in (A) positive ion mode and (B) negative ion mode in the training set. The orthogonal partial least square discrimination analysis (OPLS-DA) score plots of OLP group vs. healthy control group in (C) positive ion mode and (D) negative ion mode in the training set. Cross-validation plot with a permutation test repeated 200 times of OLP group vs. healthy group in (E) positive ion mode and (F) negative ion mode in the training set. A, OLP group; H, healthy control; QC, quality control.
Metabolomics Analysis and Biomarkers Identification
Using the alignment software, 1,540 ion peaks in positive and 837 in negative mode and their areas were captured. The total intensity chromatograms (TIC) of serum samples obtained from the training set in both positive and negative ion modes are shown in Figure 2, which included the retention time, precise mass and ion intensity of the detected metabolites. Both PCA and OPLS-DA score plots in training set showed difference of metabolites between the OLP and control groups (Figures 1A–D). R2Y at 0.893 and Q2 at 0.777 in positive ion mode and R2Y at 0.892 and Q2 at 0.828 in the negative ion mode, suggesting that biochemical changes occurred in the blood of patients. The 200 times permutation test in both positive and negative ion modes (Figures 1E,F) demonstrated that the model was not overfitting (R2 at 0.423 and Q2 at −0.41 in positive in mode, R2 at 0.461 and Q2 at −0.482 in negative in mode). A volcano plot containing the p values of student’s t-test and fold changes was performed between the two groups to identify the differential metabolites (Figures 3A,B). In the volcano plot, the red dots represented the metabolites with the p values lower than 0.05 (–log10p > 1.30). In this way, several potential biomarkers were distinguished which showed significant difference between the OLP and healthy group. Heat map of the Pearson correlation coefficients between differential metabolites and groups (Figure 3C) also revealed the distinct difference observed between the OLP and control groups. The metabolites with VIP values >1.0 and p values <0.05 for each comparison were shown in Table 2.
[image: Figure 2]FIGURE 2 | The representative total intensity chromatograms (TIC) of OLP and healthy group serum samples. TIC of OLP group obtained from the training set in (A) positive mode and (B) negative mode. TIC of healthy control obtained from the training set in (C) positive mode and (D) negative mode.
[image: Figure 3]FIGURE 3 | The volcano plot and heat map of two groups. The volcano plot of the OLP group vs. healthy group in (A) positive ion mode and in (B) negative ion mode. (C) The heat map of the changed metabolites in OLP group vs. healthy control. A, OLP group; H, health control.
TABLE 2 | Statistical analysis of potential metabolic biomarkers.
[image: Table 2]Establishment and Evaluation of the Metabolic Biomarkers Panel
Considering the clinical significance of the identified differential metabolites, the combination of Glutamic acid, LysoPE (18:0), Taurine was proposed to be a panel of metabolic biomarkers for the early detection of OLP in patients. The ROC presentations appear in the logistic regression of the metabolic biomarkers panel from the training set (Figures 4A–D), and the test set (Supplementary Figure S2). The AUC, sensitivity, and specificity are 0.938, 90.5%, and 84.4%, respectively. Supplementary Figure S3 showed the structure and mass fragmentation pattern of these three metabolic biomarkers and mass fragmentation pattern in real samples. The mass fragmentation pattern from the peak in real sample was matched with the pattern of these three metabolic biomarkers.
[image: Figure 4]FIGURE 4 | Diagnostic outcomes and prediction accuracies. Receiver operating curves (ROC) obtained by the (A) biomarkers panel, and (B–D) three highest metabolites in the comparisons between OLP group vs. healthy group. (E) The prediction accuracies by the biomarkers in test phase compared between OLP group vs. healthy group. AUC, area under curve; 95% CI, 95% confidence interval.
On the basis of the highest prediction sensitivity and specificity of the ROC in the training set, the optimal cut-off value was 0.461 for OLP and healthy control groups. This cut-off value was then used to distinguish different individuals in the test set and the diagnostic accuracy was 86.1% (Figure 4E).
Metabolic Pathway Analysis of Potential Biomarkers
The perturbed pathways of metabolites occurred in the serum of patients with OLP were showed in Figure 5, including Taurine and hypotaurine metabolism, Alanine, aspartate and glutamate metabolism, Arginine and proline metabolism, Glutamine and glutamate metabolism and Aminoacyl-tRNA biosynthesis, etc. Based on the differential metabolites, the metabolic pathway network was mapped to display the metabolic disorders in patients with oral lichen planus (Figure 6). These results may provide an important basis for further studies of the pathogenic mechanism of OLP.
[image: Figure 5]FIGURE 5 | The disturbed metabolic pathways showed various metabolism changes between OLP group and healthy control.
[image: Figure 6]FIGURE 6 | Metabolic pathway network based on the differential metabolites between OLP and healthy controls.
DISCUSSION
Currently, the identification of potential serum biomarkers for the detection of OLP remains challenged. Studies to date have been conducted on small population and small sample size.
In this study, we demonstrated an untargeted metabolomic evaluation for 115 OLP patients and 124 healthy controls based on UHPLC-Q-Orbitrap HRMS analysis. To our knowledge, this is the largest sample size of metabolomics research to date to investigate the potential biomarkers for early detection of OLP. Metabolic phenotypes revealed significant differences between OLP patients and healthy controls. We established a biomarkers panel for the detection of OLP, which consisted of Glutamic acid, LysoPE (18:0), and Taurine. This panel could be successfully used to reveal the change of metabolites and discriminate OLP from healthy individuals. The ability of this panel to diagnose OLP was excellent, with an accuracy of 87.1% in the test set.
OLP affects females more than males and commonly affects patients of middle age (Wagner et al., 2013). In our study, the mean age of OLP participants was 50.66, and the gender ratio between men and women is 48/67, that are basically consistent with the reported data. We collected the data of personal habits of each patients and healthy controls, and found that smoking was a strong risk factor for OLP. This result was supported by some previous studies (Villa and Gohel, 2014; Feng et al., 2015) indicating that subjects who has a habit of smoking were found to increase almost four-fold risk for oral malignant disorders. Another study showed that drinking alcohol on its own did not seem to increase the risk for oral malignant disorders, which is in consistent with our findings (Hassona et al., 2014). As for food eating habit, 44.3% OLP patients had a preference for very hot food before they got sick, while it was only 17.9% in healthy controls, which showed a significant difference between the two groups. But there was no significant difference for the preference for spicy food before they got sick. We also found that patients with OLP usually have less exercise and sleeping time than the healthy controls. Most patients claimed to have varying degrees of insomnia and we noticed that insomnia is more likely to lead to psychological problems, and people who are non-depressed subjects with insomnia have a two-fold risk to develop depression (Baglioni et al., 2011). Moreover, psychological factors are thought to play an important role in the pathogenesis of OLP (Liao et al., 2020; Alrashdan et al., 2016). Extensive evidence has indicated that the depression is related to metabolic disturbance in glutamic metabolism (Moriguchi et al., 2019). We found decreased level in Glutamic acid concentration in the serum sample of patients.
Apoptotic cell death may be a contributory cause of basal cell destruction in oral lichen planus (Neppelberg et al., 2001). Phosphatidylcholine (PC) metabolism plays a significant role in the apoptotic program (Wright et al., 2004). In eukaryotic cellular membranes, the most abundant phospholipid moiety is phosphatidylcholine (Raetz, 1986) and apoptosis can be caused by inactivation of phosphatidylcholine biosynthesis (Cui et al., 1996). As a breakdown product of phosphatidylcholine (Zhao et al., 2019), we observed there were changes in four lysophosphatidylcholines including [LysoPC (17:0), LysoPC (P-16:0), LysoPC (16:1), and LysoPC (20:4)]. In addition, lipid-related molecules are often used as biomarkers for tumorigenesis (Defagó and Soria, 2010). Phosphatidylcholine might be the important contributory cause of apoptosis induction in oral precancerous lesions.
Taurine is widely distributed in human body, and it is closely associated with the development of immune system (Piao et al., 2019). It has been suggested that OLP patients might have some immune system dysfunction since the significantly decreased level of Taurine was observed on them. It might be a potential etiological factor of OLP.
Besides, patients with OLP have low defense to oxidative stress (Ergun et al., 2011). Low expression of Glutamic was found to be associated with oxidative stress (Wu et al., 2014). In this study, we found that the level of Glutamic was higher in healthy individuals, which indicated that oxidative stress may have potential biological effect in patients with OLP.
In summary, this study established a new method for the early detection of OLP, using UHPLC-Q-Orbitrap HRMS serum metabolomics analysis, which will help in understanding the pathological processes of OLP and identifying precancerous lesions in oral cavity.
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