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Nasopharyngeal carcinoma (NPC) is a common head and neck cancer with a poor prognosis. There is an urgent need to develop a simple and convenient screening tool for early detection and risk screening of NPC. 139 microbial samples were collected from 40 healthy people and 39 patients with nasopharyngeal biopsy. A total of 40 and 39 oral, eight and 27 nasal cavity, nine and 16 nasopharyngeal microbial samples were collected from the two sets of individuals. A risk screening tool for NPC was established by 16S rDNA sequencing and random forest. Patients with nasopharyngeal biopsy had significantly lower nasal cavity and nasopharynx microbial diversities than healthy people. The beta diversity of the oral microbiome was significantly different between the two groups. The NPC screening tools based on nasopharyngeal and oral microbiomes have 88% and 77.2% accuracies, respectively. The nasopharyngeal biopsy patients had significantly higher Granulicatella abundance in their oral cavity and lower Pseudomonas and Acinetobacter in the nasopharynx than healthy people. This study established microbiome-based non-invasive, simple, no radiation, and low-cost NPC screening tools. Individuals at a high risk of NPC should be advised to seek further examination, which might improve the early detection of NPC and save public health costs.
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Introduction

Nasopharyngeal carcinoma (NPC) is an aggressive malignant tumor of the head and neck mucosal epithelium. In 2018, 129,100 new NPC cases were reported worldwide (Ferlay et al., 2019), with over 70% of the cases in Southeast Asia (Chen et al., 2019). Severe NPC symptoms include headache, nasal bleeding, nasal congestion, hearing loss, and neck mass. Given that these symptoms are unspecific, NPC misdiagnosis is a common phenomenon (Kamran et al., 2015). Consequently, 80% of clinically confirmed NPC patients have locally advanced or distant metastases, all with poor prognoses (Chan et al., 2017; Lee H. M. et al., 2019). The 5-year survival rate of stage I and IV NPC are 90% and 60%, respectively (Li et al., 2014). Early diagnosis and treatment are vital for a good NPC prognosis, underscoring the need for early screening of NPC (Lee A.W.M. et al., 2019).

Clinical NPC diagnosis involves biopsy and imaging examinations, including endoscopy, Magnetic Resonance Imaging (MRI), Computed Tomography (CT), and ultrasound. Nasopharyngeal endoscopy examines the lesion range, and a biopsy is taken using forceps. MRI, CT, and ultrasound show nasopharyngeal lesions, invasion, and metastasis (King et al., 2011; Gao et al., 2014). However, these methods are expensive, require experienced personnel and expose patients to ion radiation. Presently, conventional NPC diagnosis methods are inaccurate for early screening. Thus, there is an urgent need for non-invasive, simple, and low-cost NPC screening tools.

Numerous factors, including genetics, dietary habits of preserved food, and Epstein-Barr virus (EBV) infection, have been implicated in the development of NPC (Tsao et al., 2017; Lee H. M. et al., 2019). Persistent nasopharyngeal mucosal inflammation and certain medications increase the risk of NPC (Xiao et al., 2018; Zhang et al., 2019). Recently, there has been increasing interest in the association between the microbiome and NPC. A retrospective study showed that poor oral hygiene, including infrequent brushing and frequent dental caries, increases the risk of NPC (Turkoz, 2011; Liu et al., 2016). Another study showed that the relative abundance of Firmicutes and Streptococcus was lower in the saliva of NPC patients than in healthy controls (Xu et al., 2014). The cytolethal distending toxin of Aggregatibacter actinomycetemcomitans, oral pathogenic bacteria, reactivates EBV and triggers DNA destruction. Thus, co-infection with bacteria and viruses can cause EBV-induced epithelial malignancy, including NPC (Frisan et al., 2018). A case-control study of 499 NPC patients and 495 healthy controls found that oral microbiome richness was significantly low in NPC patients (P < 0.001). The study revealed Granulicatella adiacens, a possible disease-related species (Debelius et al., 2020). These case studies suggest an aberrant oral microbial composition in NPC patients. However, the NPC screening tools of the oral microbiome are lacking.

This study analyzed the microbiome of the oral and nasal cavities, and the nasopharynx from people with high NPC risk, requiring a nasopharyngeal biopsy and healthy controls. The NPC risk screening tool was established based on the16S rDNA sequencing and the random forest.



Materials and methods


Ethics statement and subjects

The experimental protocol of this study was approved by the ethics committee approved the (Approval number: WCHSIRB-D-2018-101). Previous studies (Xiao et al., 2018; Zhang et al., 2019) revealed that persistent nasopharyngeal mucosal inflammation increases the risk of NPC development, and a nasopharyngeal biopsy of such patients should be further analyzed for a definitive diagnosis. The inclusion criteria included: patients needing a nasopharyngeal biopsy and healthy people confirmed by nasopharyngeal fiberscope, aged 20-70 years old, and provided informed consent before sample collection.

The exclusion criteria were: antibiotics use within three months; a history of dental treatment within six months; less than 20 natural teeth; over six DMFT (decayed, missing, or filled teeth); severe oral disease (periodontal diseases, oral fungal infection, and oral cancer); pregnant or nursing women; a family history of cancer; and having smoked over 100 cigarettes in a lifetime (Yu et al., 2017).



Sample collection

As in a previous study (Hao et al., 2021), the participants included 40 healthy people and 39 patients with nasopharyngeal biopsy who were advised not to eat, drink, or chew gum 30 min before sampling. A 5 mL of saliva from each study participant was collected in a sterile centrifuge tube. After centrifugation (2600×g, 10min), the saliva was stored in a 2 mL cryogenic tube and immediately frozen at −80°C.

Nasopharyngeal microbiome were collected by nasopharyngeal swabs from nine healthy individuals and 17 patients with nasopharyngeal biopsies. The sterile nasopharyngeal swab was dipped in sterile saline and wrapped in a sterile infusion tube, passed through the nasal cavity into the nasopharynx. While in the nasopharynx, the swab was extended and rotated through 360° to dip in nasopharyngeal secretions. The swab was then withdrawn into the infusion tube, which was removed altogether. The swab tip was cut off with sterile scissors, stored in a cryogenic tube, and immediately frozen at −80°C. The microbiome of the nasal cavity was collected from eight healthy people and 27 patients with nasopharyngeal biopsy. Two swabs dipped in sterile saline were used to collect the microbiome in the left and right noses. The swabs were rotated and wiped the anterior nostril mucosa. The swab tip was cut off with sterile scissors, stored in a cryogenic tube, and immediately frozen at −80°C (Luna et al., 2018).



Illumina MiSeq sequencing

The collected microbiome samples above were used for DNA extraction, amplification, and 16S rDNA sequencing (Wang et al., 2016; Yin et al., 2016). Microbial DNA was extracted using the E.Z.N.A.® soil DNA Kit (Omega Bio-Tek, USA) following the manufacturer’s protocol. The V4-V5 target regions of the bacterial 16S rRNA gene were amplified via polymerase chain reaction (PCR) with barcoded primers 515 F (5′-GTGCCAGCMGCCGCGG-3′) and 907R (5′−CCGTCAATTCMTTTRAGTTT-3′) (Wu et al., 2020).

Majorbio Bio-Pharm Technology Co., Ltd. (Shanghai, China) purified and pooled amplicons in equimolar amounts and sequenced paired-end (2 x 300bp) on the Illumina MiSeq platform (Illumina, CA, USA) following standard protocols. Raw reads were deposited to the National Center for Biotechnology Information(NCBI) Sequence Read Archive(SRA) database (Accession Number: PRJNA722880).



Processing of sequencing data

Majorbio Bio-pharm Technology Co., Ltd. quality-filtered raw FASTQ files using Trimmomatic software and merged files using the FLASH software following the standard criteria. Operational taxonomic units(OTUs) were clustered with a 97% similarity cutoff using UPARSE Version 7.1 (http://drive5.com/uparse/) with a novel ‘greedy’ algorithm that simultaneously performs chimera filtering and OTU clustering. The taxonomy of each 16S rRNA gene sequence was analyzed using the Ribosomal Database Project(RPD) Classifier algorithm (http://rdp.cme.msu.edu/) against the Silva database using a 70% confidence threshold (Cole et al., 2005; Dewhirst et al., 2010) (Table S4, Figure S3).



Statistical analysis

The states of nasopharynx were divided into healthy or tissue need biopsy according to the nasopharyngeal fiberscope. Then the nasopharyngeal biopsy group was further divided into cancer and inflammation groups based on pathological analysis (Table S3). Thus, the study participants were classified into healthy, inflammation, and cancer groups according to the states of the nasopharynx. The healthy and inflammation groups were integrated into non-cancer group, while the inflammation and cancer groups were integrated into the nasopharyngeal biopsy group.

The microbiome composition, alpha and beta diversity based on the genus level was established using the mother software (version.1.30.2.). Shannon indices were tested using the Wilcoxon rank-sum test, and the Principal Coordinates Analysis(PCoA) was performed based on the Bray_curtis distance methods. The differences among groups were determined using Analysis of Similarity (ANOSIM). Differences with P<0.05 were considered statistically significant. The R>0 was considered that there is a significant difference between the two sampling units.

Random Forest is a robust machine learning algorithm by combining the output of multiple decision trees to obtain a single outcome that could handle both classification and regression problems (Breiman, 2001). The random forest classifier and screened model establishment based on the high dimensional 16S rDNA sequencing data. One to three nasal and nasopharynx oral samples were used to establish the screening model considering the microbial community diversity from the different sample sources. The error rates of the training and verification sets were calculated. The optimal ntreevalue for establishing the random forest models with low and stable error rates were determined using multiple iterations. Repeated cross-validations with 80% training and 20% testing sets evaluated the model external accuracy. The weight, known as variable importance, was originally defined in the random forest using a measure involving surrogate variables, and it was calculated by randomly permuting a variable (Ishwaran, 2007). The weights of characteristic variables were calculated to correlate genus and outcomes according to the established optimal models.




Results


Characteristics and exploratory analysis of microbiome

The characteristics analysis was performed among the three microbiome habitats (oral, nasal and nasopharyngeal). The Shannon index of alpha diversity (Figure S1A) showed that the oral microbiome was the most diverse (P<0.001). PCoA analysis (Figure S1B) showed that the beta diversity of the oral, nasal, and nasopharyngeal microbiome was significantly different (P<0.05, R=0.9627). The Venn graph (Figure S1C) of species composition illustrated 599 common OTUs in the three groups, accounting for 25.72-37.94% of the total microbiome. The microbial community composition in the nasal cavity and nasopharynx was similar between the two groups. However, the oral microbial composition was different between the two groups (Figure S1D).

The Figure 1 shows the alpha diversity between healthy and biopsy groups. The oral microbiome of patients with nasopharyngeal biopsy and healthy counterparts were not significantly different (Figure 1A). As for nasal and nasopharyngeal microbiome (Figures 1B, C), the Shannon indices of patients with nasopharyngeal biopsy were significantly lower than healthy counterparts (P<0.05, P<0.01).




Figure 1 | Alpha diversity of Shannon index. (A) The Shannon index of oral microbiome between patients with nasopharyngeal biopsy and healthy counterparts. (B) The Shannon index of nasal microbiome between patients with nasopharyngeal biopsy and healthy counterparts. (C) The Shannon index of nasopharyngeal microbiome between patients with nasopharyngeal biopsy and healthy counterparts. Oral represents oral microbiome, nasal represents nasal microbiome, naso represents nasopharyngeal microbiome. "*" represented P<0.05, "**" represented P<0.01.



The PCoA based on Bray_curtis distance revealed that there was a significant difference in the beta diversity of oral microbiome between nasopharyngeal biopsy patients and healthy counterparts (R>0; P<0.05) (Figure 2A). However, there was no significant difference in the composition of the nasal cavity and nasopharyngeal microbiome between nasopharyngeal biopsy patients and healthy counterparts (Figures 2B, C).




Figure 2 | Beta diversity of PCoA analysis. (A) The PCoA analysis of oral microbiome between patients with nasopharyngeal biopsy and healthy counterparts. (B) The PCoA analysis of nasal microbiome between patients with nasopharyngeal biopsy and healthy counterparts. (C) The PCoA analysis of nasopharyngeal microbiome between patients with nasopharyngeal biopsy and healthy counterparts. Oral represents oral microbiome, nasal represents nasal microbiome, naso represents nasopharyngeal microbiome.



The similarity of microbial composition among groups was determined using ANOSIM (Table 1). The oral microbiome showed a significant difference between the healthy and the nasopharyngeal biopsy groups (R>0; P<0.05). The diversity of the nasopharyngeal microbiome was significantly different of the healthy vs. cancer, and healthy vs. inflammation groups (R>0; P<0.05). However, the microbial composition in the oral, nasal cavity and nasopharynx was not significantly different between the inflammation and the cancer groups (P>0.05).

Figure 3A shows the species differences in the oral microbiome on genus level. The relative abundance of Granulicatella genus was higher in the patients with nasopharyngeal biopsy than in healthy group (P < 0.001), but the Porphyromonas and Haemophilus were relatively less abundant (P < 0.05). There was no significant difference in the dominant microbial species in the nasal cavity between nasopharyngeal biopsy group and healthy counterparts (Figure 3B). Considering the nasopharynx, the relative abundances of Pseudomonas and Acinetobacter in the healthy counterparts were significantly higher than in patients with nasopharyngeal biopsy (P < 0.001, Figure 3C).




Figure 3 | Genus level analysis of species differences. (A) Differences in the dominant species composition of oral microbiome between patients with nasopharyngeal biopsy and healthy counterparts. (B) Differences in the dominant species composition of nasal cavity microbiome between patients with nasopharyngeal biopsy and healthy counterparts. (C) Differences in the dominant species composition of nasopharyngeal microbiome between patients with nasopharyngeal biopsy and healthy counterparts. Oral represents oral microbiome, nasal represents nasal microbiome, naso represents nasopharyngeal microbiome. "*" represented P<0.05, "***" represented P<0.001.





NPC risk screening model based on oral or nasopharyngeal microbiome

The NPC risk screening models were established via random forests using the microbial sequencing data. The accuracy of the models are shown in Table 2. The accuracy of models based on different microbial combinations were approximately 80%. The accuracy of the risk screening model based on the microbiome from one habitat (the oral microbiome) was 77.22%. The Area Under Curve(AUC), sensitivity, and specificity of the model were 80.96%, 0.7692, and 0.775, respectively. For the risk screening model based on the nasopharyngeal microbiome, the accuracy was 88%. The AUC, sensitivity, and specificity of the model were 83.33%, 0.875, and 0.8889, respectively.

The external performance of the model was evaluated using repeated cross-validations. For each model, 80% random samples were used for model training and 20% samples for validating the external test sets. The average external accuracy of all random forests provided an estimate of the model applied in external populations. The average accuracy of the model was stable in a 5000 times validation. Based on the oral microbiome, the average accuracy rate of the screening model was 75.08%, and the median accuracy rate was 75%. The nasopharyngeal microbiome had an 85.22% average accuracy rate of the screening model and an 80% median accuracy rate.

The weights of characteristic variables were calculated following the above-built models. Considering the oral microbial model, the most important genera in weight value were Graulicatella, Prevotella, Rhodococcus, and Haemophilus (Table S1). Granulicatella ranked first and fourth, suggesting that this genus is a key biomarker of the oral microbiome. For the nasopharyngeal microbial model, Candidatus solibacter, Pseudomonas, Bradyrhizobium, and Reyranella were the most important genera, ranked by the front of weight value (Table S2). Genus Pseudomonas ranked the second, third, and seventh, suggesting it is a key biomarker of the nasopharyngeal microbiome.




Discussion

Many recent studies revealed the close relationship between the microbiome and neoplasm (Flemer et al., 2018; Yang et al., 2018; Li et al., 2020). In some studies, the specific microbiome composition was used as a biomarker to evaluate the risk of cancers and establishing diagnostic models (Lim et al., 2018; Ren et al., 2018; Sze and Schloss, 2018; Zhou et al., 2021). The microbiome capability to serve as disease biomarkers varied with the specificity of the microbial composition at the disease and anatomical site (Nejman et al., 2020). This study established for the first time the NPC risk screening models using the oral and nasopharyngeal microbiomes. The accuracy rates of nasopharyngeal and oral microbiomes were 88% and 77.2%, respectively. This model can preliminarily screen the NPC high-risk group through a non-invasive microbial sample detection. For the high-risk group with detected NPC, invasive nasopharyngeal fiberscope and biopsy can be applied for further examination, a conducive strategy for early NPC detection.

The 16S rDNA sequencing showed that the alpha diversity of the oral microbiome displayed no significant difference between healthy and biopsy samples (Figure 1A), whereas the beta diversity was significantly different (Figure 2A). The Shannon index of oral microbiome was differed from that of previous study, which might due to different clustering methods and grouping (Debelius et al., 2020). The different beta-diversity suggested that the development of NPC shaped different microbiome in the oral cavity. Besides, there was no significant difference in the oral, nasal cavity, and nasopharynx microbial composition betwwen the inflammation and cancer groups (Table 1, P>0.05). The dominant species of the inflammation group were more similar to cancer than the healthy group (Figure S2). Studies revealed that persistent nasopharyngeal mucosal inflammation increases the risk of NPC (Xiao et al., 2018; Zhang et al., 2019). Inflammation produces reactive oxygen and nitrogen, which damage DNA and cause stem cell mutations, damage biological macromolecules, and induce cell dysfunction, promoting NPC occurrence and development (Murata, 2018). Thus, the inflammation group was a likely NPC high-risk group that needed further examination.


Table 1 | Analysis of similarity among groups.



Traditional analysis methods for establishing the risk screening tools based on the microbial community suffer numerous limitations and challenges for the multi-dimensionally complex microbial sequencing data (Quince et al., 2009; Hu et al., 2013). Random forests are effective tool in prediction which can effectively analyze large and noisy datasets with small samples and build classification models (Caruana and Niculescu-Mizil, 2006; Teng et al., 2015; Zhu et al., 2017). Random forests models do not overfit because of the law of large numbers. Following the right kind of randomness makes them accurate classifiers. (Breiman, 2001; Doupe et al., 2019). The performances of random forests vary among diseases (Teng et al., 2015; Ren et al., 2018; Zhou et al., 2021). This study established the NPC risk screening tools using a non-invasive approach based on microbial sample detection for the first time.

Risk screening tools based on different sample sources showed different performances (Table 2). The oral or nasopharyngeal microbiome showed good screening capability with balanced sensitivity and specificity based on the microbiome from one habitat. The oral microbiome tool identified approximately 77% of the NPC high-risk population that needed further examination. The nasopharyngeal microbiome tool identified approximately 88% of the NPC high-risk population requiring further examination. Although the specificity of the EBV serology test was 97.12%, which is very high compared with the commonly used screening tool, its positive predictive value was only 4.41%, even in the high prevalence areas (Li et al., 2018). The positive predictive value of the microbiome-based screening tools of the oral and nasopharyngeal microbiome was 76.9% and 93.3% respectively. The highest sensitivity with a 0% false-negative rate was for the nasal microbiome, conducive for initial NPC screening to avoid missed diagnosis. Similarly, screening tools based on the combination of nasal and other habitats showed higher sensitivities. Meanwhile, higher specificities were registered, and more than half of patients were misdiagnosed. A previous study (Zhou et al., 2021) revealed that more samples improve the performance of the screening tools, especially the nasopharyngeal samples.


Table 2 | Accuracy rates of NPC risk screening models.



Following the weight values order of characteristic variables, the id ranked first, suggesting that the microbiome composition varied among individuals (Zhu et al., 2020). Besides, the weights of characteristic variables provided potential NPC biomarkers. In the oral microbial model, the genus Granulicatella ranked first and fourth (Table S1), showing higher relative abundance (P < 0.001) in the oral habitat of patients with nasopharyngeal biopsy, consistent with Debelius et al. findings, which suggested that the oral Granulicatella adiacens variant from an individual was significantly associated with microbial community structure and may be a way by which NPC status shaped the oral microbiome. (Debelius et al., 2020). The oral microbiome produced carcinogenic metabolites such as nitrosamines. Granulicatella adiacens mentions genes related to nitrate and nitrite reduction (Hyde et al., 2014). Carcinogens such as nitrosamines, produced by chemical reactions of nitrates and nitrites, can initiate and stimulate cancer progression through various mechanism including inflammation, DNA damage, oxidative stress, cytotoxicity, and subsequent regenerative proliferation via apoptosis (Song et al., 2015; Fishbein et al., 2021).

In the nasopharyngeal microbial model, genus Pseudomonas ranked the second, third and seventh among the weight values order (Table S2). The relative abundance of Pseudomonas and Acinetobacter significantly decreased in the patients with nasopharyngeal biopsy (P < 0.001, Figure 3C). Similar microbial changes have been observed in the gut microbiome of patients with colorectal cancer (Yang et al., 2019). Acinetobacter and Pseudomonas are opportunistic pathogens associated with nosocomial infection (Mwangi et al., 2019). However, the abundance of Pseudomonas and Acinetobacter was significantly low in the NPC high-risk group. It was illustrated that Acinetobacter species play a significant immunomodulatory and anti-inflammatory role in the skin microbiome (Fyhrquist et al., 2014). The high cytotoxic potential of Pseudomonas exotoxin A (PE) can generate anti-tumor immunotoxins for targeting tumor-associated antigens (Wolf and Elsasser-Beile, 2009). The Pseudomonas aeruginosa exopolysaccharides demonstrated anti-tumor activity against HT-29 colorectal cancer cells (Tahmourespour et al., 2020), while Pseudomonas aeruginosa L-asparaginase showed strong anti-tumor activity against HeLa cells (Fatima et al., 2019). Besides, Pseudomonas fluorescens lectin (PFL) inhibited neovascularization in a dose-dependent manner and downregulated the integrin and epidermal growth factor receptor, inhibiting in vitro and in vivo tumor growth (Sato et al., 2016; Sato et al., 2019). Altogether, the abovementioned potential biomarkers provide the preliminary basis for further studying the NPC-microbiome relationship.

The nasopharynx has a higher proportion of potentially pathogenic microorganisms than the nasal cavity (De Boeck et al., 2017). The nasopharyngeal microbiome was in situ of NPC, from which the model accuracy reached 88%. Although the nasopharyngeal microbiome sampling causes discomfort, the recent popularity of COVID-19 detection using the nasopharyngeal swab (Seo et al., 2020) has improved sampling acceptability. Thus, the nasopharyngeal microbiome can be used for NPC risk screening.

Saliva can be collected non-invasively and easily. The inorganic components, antioxidants, hormones, antibodies, and antigens in the saliva are biomarkers for diagnosing various oral and systemic diseases (Ngamchuea et al., 2017; Gerner et al., 2019). Specific microbiome changes in saliva are potential diagnostic biomarkers for head and neck cancers, including oral and hypopharyngeal cancers (Lim et al., 2018; Panda et al., 2020). Additionally, the oral microbiome predicts early childhood caries with 81% accuracy (Teng et al., 2015) and also predicts the oral mucositis progression after NPC radiotherapy (Zhu et al., 2017). In this study, the oral microbiome accuracy rate for NPC risk screening reached 77.2%. There is need to establish a non-invasive and convenient oral microbial sampling model to screen various diseases in a large population simultaneously. Therefore, this model has a high prospect of clinical application and could be applied in other regions with high disease incidence.



Conclusion

This study established a non-invasive and low-cost NPC risk screening model based on the oral and nasopharyngeal microbiome. The present study demonstrated characteristic microbial diversities varied from different nasopharynx status in the oral and nasopharyngeal microbiome. Future studies with a larger cohort from the different regions are needed to validate and promote the efficacy of oral microbiome-based NPC screening. Generally, we developed an accurate model with specific microbial markers for early screening of the risk of NPC, which guides further confirmatory examination to achieve early diagnosis and early therapy for NPC.
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