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Background

Induction chemotherapy (IC) can alleviate locoregionally advanced nasopharyngeal carcinoma (LA-NPC), but effectiveness differs between patients, toxicity is problematic, and effective blood-based IC efficacy predictors are lacking. Here, we aimed to identify biomarkers for early identification of IC beneficiaries.



Methods

Sixty-four pairs of matched plasma samples collected before and after IC from LA-NPC patients including 34 responders and 30 non-responders, as well as 50 plasma samples of healthy individuals, were tested using data-independent acquisition mass spectrometry. The proteins associated with clinical traits or IC benefits were investigated by weighted gene co-expression network analysis (WGCNA) and soft cluster analysis. Gene Ontology and Kyoto Encyclopedia of Genes and Genomes functional annotations were performed to determine the potential function of the identified proteins. The area under the receiver operating characteristic curve (AUC) was used to evaluate the performance of candidate biomarkers in predicting IC beneficiaries.



Results

Compared with healthy individuals, 1027 differentially expressed proteins (DEPs) were found in the plasma of LA-NPC patients. Based on feedback from IC outcomes, 463 DEPs were identified in the pre-IC plasma between responders and non-responders. A total of 1212 DEPs represented the proteomic changes before and after IC in responders, while 276 DEPs were identified in post-IC plasma between responders and non-responders. WGCNA identified nine protein co-expression modules correlated with clinical traits. Soft cluster analysis identified four IC benefits-related protein clusters. Functional enrichment analysis showed that these proteins may play a role in IC via immunity, complement, coagulation, glycosaminoglycan and serine. Four proteins differentially expressed in all group comparisons, paraoxonase/arylesterase 1 (PON1), insulin-like growth factor-binding protein 3 (IGFBP-3), rheumatoid factor D5 light chain (v-kappa-3) and RNA helicase (DDX55), were associated with clinical traits or IC benefits. A four-protein model accurately identified potential IC beneficiaries (AUC=0.95) while diagnosing LA-NPC (AUC=0.92), and the prediction performance was verified using the models to confirm the effective IC (AUC=0.97) and evaluate IC outcome (AUC=0.94).



Conclusion

The plasma protein profiles among IC responders and non-responders were different. PON1, IGFBP3, v-kappa-3 and DDX55 could serve as potential biomarkers for early identification of IC beneficiaries for individualised treatment of LA-NPC.
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Introduction

Nasopharyngeal carcinoma (NPC) is an aggressive type of head and neck malignant disease with a relatively high rate of morbidity and metastasis (1). In 2020, the World Cancer Report released by the International Agency for Research on Cancer (IARC) estimated 133,354 new cases of NPC and 80,008 NPC-related deaths worldwide (2). Within China, the corresponding numbers for such cases in 2020 were 62,444 and 34,810, accounting for 46.83% and 42.72% of the global total, respectively (3). Although progress in medical technology has made it possible to cure patients with early-stage NPC, more than 70% of patients were diagnosed as locoregionally advanced (LA)-NPC at initial presentation (4). Treatment fails for ~30–40% of LA-NPC patients, and tumour relapse or distant metastasis reduces the overall survival rate of these patients to 20% (5, 6). Therefore, improving the clinical treatment of LA-NPC is crucial for effectively controlling disease progression and reducing mortality.

In recent years, data from several large-scale clinical trials demonstrated that induction chemotherapy (IC) prior to radiotherapy of LA-NPC leads to improved survival outcomes (7–9). When employing IC as a National Comprehensive Cancer Network (NCCN) guideline recommendation for the treatment of LA-NPC, clinical analysis revealed that the short-term tumour response to IC varies significantly among individuals; symptoms of ~30% of LA-NPC patients receiving IC were not effectively alleviated, and IC only achieved 8% absolute survival benefit, indicating that numerous patients underwent ineffective treatment (8, 10, 11). Furthermore, the incidence of acute adverse grade 3 or 4 events triggered by IC was as high as 75% (7). Hematotoxicity, weight loss, oral mucositis and salivary gland dysfunction could postpone or interrupt follow-up treatment, thus increasing the risk of cancer progression and chemoresistance (12). Therefore, identifying in advance patients likely to have a favourable response to IC would be of great importance for individualised treatment of LA-NPC. Currently, clinical indicators cannot provide strategies for identifying patients suitable for IC before treatment, because existing evidence of Epstein-Barr virus (EBV) only supports its use in the diagnosis and prognosis of NPC, while the Response Evaluation Criteria in Solid Tumours (RECIST) value is limited to the determination of short-term efficacy after IC (13). Therefore, there is an urgent need to establish a biomarker-driven laboratory method for more precise IC application.

Proteins control all physiological processes including immunity, material exchange, metabolism and signal pathway regulation (14). During cancer progression, protein synthesis and the decomposition of tumour tissue are enhanced, which affects the expression and composition of circulating proteins. These abnormalities are accompanied by dynamic changes in tumour cell apoptosis or proliferation during treatment. Therefore, circulating proteins have been studied for their utility as biomarkers in a wide range of malignancies and disorders (15, 16). High-throughput technology has been employed to develop biomarkers for early diagnosis, chemo- and radio-resistance, and prognosis of NPC in the field of proteomics (17–19). However, the circulating protein profiles of LA-NPC patients with different IC efficacy, and the proteomic biomarkers for predicting the short-term efficacy of IC have not been reported.

In the present study, we investigated the plasma protein profiles of LA-NPC patients with different IC efficacy using data-independent acquisition (DIA) mass spectrometry, and conducted in-depth screening for differentially expressed proteins (DEPs), as well as the correlative analysis between pre-treatment plasma proteins, clinical traits and IC benefits. Then, we explored whether pre-treatment plasma proteins have the potential as biomarkers for early identification of IC beneficiaries.



Material and Methods


Participants, Samples and Grouping

We recruited 50 healthy controls (HC group) and 64 patients with non-metastatic stage III−IVa LA-NPC patients (LA-NPC group) at Yuebei People’s Hospital, Shantou University Medical College (Shaoguan, China), between May 2020 and January 2021. The detailed descriptions of participants are shown in Table 1. The distributions of age, gender, clinical stage, T- and N-classification, and EBV DNA load between patients showed no statistical differences. All patients were diagnosed under the guidance of the 8th edition of the American Joint Committee on Cancer (AJCC) Staging Manual (20). Patients participating in this study were not suffering from any other major diseases at the time of diagnosis, and all were initially diagnosed and did not receive any anti-tumour therapy before blood sampling. Histopathological diagnosis was non-keratinising undifferentiated carcinoma in all cases.


Table 1 | Demographics and baseline characteristics of enrolled participants.



To ensure that the identified proteins are relevant to IC efficacy, we only enrolled patients who received IC alone and who were administrated with the same regimen before radiotherapy. For IC, 75 mg/m2 docetaxel and 80 mg/m2 cisplatin (DP regimen) were given once every 3 weeks for two cycles. Prior to radiotherapy, we evaluated the tumour response to IC using RECIST (version 1.1) (21). Based on the measurement of gross tumour volume (GTV) using an Elekta Unity dedicated treatment planning system (TPS) and Monaco (v5.40.01) (22), we defined patients with complete and partial responses (CR/PR) as the effective (EFF) cohort, and patients with stable and progressive disease (SD/PD) as the non-effective (NEFF) cohort.

Plasma sampling was performed following the Human Proteome Organization (HUPO) recommendations (23). A total of 64 pairs of fasting blood samples were collected at two timepoints before and after IC. For plasma separation, peripheral blood was centrifuged under anticoagulant conditions at 1300 g for 10 min at 4°C, and the supernatant was transferred to an Eppendorf tube and stored at -80°C. Based on sampling times, we further divided the EFF cohort into pre-treatment effective (pre-EFF) and post-treatment effective (post-EFF) groups, and the NEFF cohort into pre-treatment non-effective (pre-NEFF) and post-treatment non-effective (post-NEFF) groups. This study was conducted in compliance with the ethical guidelines of the Helsinki Declaration, and was approved by the Institutional Review Board of Yuebei People’s Hospital, Shantou University Medical College (KY-2020-020). All participants gave written informed consent.



Sample Preparation

Briefly, high abundance and low abundance proteins were separated from the plasma pools using a Multiple Affinity Removal LC Column-Human 14 (Hu14; Agilent Technologies), and their components were desalted and concentrated using a 5 kDa cut-off ultrafiltration device (Sartorius Corp). Samples were mixed with SDT buffer comprising 4% sodium dodecyl sulphate (SDS), 100 mM dithiothreitol (DTT) and 150 mM Tris-HCl pH 8.0, boiled for 15 min, centrifuged at 14,000 g for 20 min, and the supernatant was quantified using a BCA Protein Assay Kit (Bio-Rad Corp). Samples were stored at -80°C for subsequent experiments.

For digestion, 200 μg of proteins was repeatedly ultrafiltered with UA buffer (8 M Urea,150 mM Tris-HCl, pH 8.0) according to the filter-aided sample preparation (FASP) procedure to remove detergent and low-molecular-weight components. Next, 100 μL of 100 mM iodoacetamide (IAA) in UA buffer was added to block reduced cysteine residues and samples were incubated for 30 min in darkness. Filters were washed with 100 μL UA buffer three times then with 100 μL 25 mM NH4HCO3 buffer twice. The obtained protein suspensions were digested with 4 μg trypsin (Promega Corp) in 40 μL 25 mM NH4HCO3 buffer overnight at 37°C, and the resulting peptides were collected as a filtrate. The peptide content of each sample was estimated by UV light spectral density at 280 nm after desalting on an Empore SPE C18 cartridge (standard density, bed I.D. 7 mm, volume 3 mL; Sigma Corp), concentrated by vacuum centrifugation, and reconstituted in 40 µL of 0.1% (v/v) formic acid.

Digested pool peptides were subsequently fractionated using a High pH Reversed-phase Peptide Fractionation Kit (Thermo Scientific Corp) into 10 fractions. Each fraction was concentrated by vacuum centrifugation and reconstituted in 15 µL of 0.1% (v/v) formic acid. Collected peptides were desalted and reconstituted successively with a C18 cartridge and 40 µL of 0.1% (v/v) formic acid. Finally, iRT-Kits (Biognosys Corp) were added to correct the relative retention time differences between runs at a volume ratio of 1:3 for iRT standard peptides versus sample peptides.



Data-Dependent Acquisition Mass Spectrometry

Peptide fractions for DDA library generation were analysed using a Q Exactive HF X mass spectrometer (Thermo Scientific Corp) coupled to an Easy nLC 1200 chromatography system (Thermo Scientific Corp). Peptide samples (1.5 μg) were first loaded onto an EASY-Spray C18 Trap column (P/N 164946, 3 μm, 75 μm × 2 cm; Thermo Scientific Corp), then separated on an EASY-Spray C18 LC Analytical Column (ES802, 2 μm, 75 μm × 25 cm; Thermo Scientific Corp) over a 120 min gradient from buffer B (0.1% formic acid and 84% acetonitrile). The column flow rate was maintained at 250 nL/min. MS detection was performed in positive ion mode, full scans were performed between 300 and 1800 m/z, the resolution for the MS1 scan was 60,000 at 200 m/z, the automatic gain control (AGC) target for the MS scan was set to 3e6, and the maximum injection time (IT) was 25 ms. The dynamic exclusion was set to 30.0s. Each full mass spectrometry (MS)-selected ion monitoring (SIM) scan followed 20 ddMS2 scans. The MS2 scan was performed at 15,000 resolution, the AGC target was 5e4, the maximum IT was 25 ms, and the collision energy was 30 eV.



DIA Mass Spectrometry

Liquid chromatography-tandem mass spectrometry (LC-MS/MS) running in DIA mode (Shanghai Applied Protein Technology Co., Ltd) was used for analysis of sample peptides. Each DIA cycle was comprised of one full MS-SIM scan, and 30 DIA scans covered a mass range of 350−1,800 m/z. For full scans, the resolution was 120,000 at 200 m/z, the AGC target was 3e6, and the maximum IT was 50 ms. DIA scans were performed at 15,000 resolution, and the AGC target and maximum IT were set to 3e6 and auto, respectively. The collision energy was 30 eV and the runtime was 120 min, with a linear gradient of buffer B (84% acetonitrile and 0.1% formic acid) at a flow rate of 250 nL/min. MS performance monitoring was conducted by injection of QC samples (pooled samples from equal aliquots of each sample in the experiment) in DIA mode at the beginning of the MS study, and after every six injections throughout the experiment.



Mass Spectrometry Data Analysis

To process and analyse the raw DDA data, Spectronaut 14.4.200727.47784 (Biognosys Corp) was used for FASTA sequence database searching, and the database was downloaded from the web at http://www.uniprot.org. The iRT peptide sequence was added to the database (>Biognosys|iRTKit|Sequence_fusionLGGNEQVTRYILAGVENSKGTFIIDPGGVIRGTFIIDPAAVIRGAGSSEPVTGLDAKTPVISGGPYEYRVEATFGVDESNAKTPVITGAPYEYRDGLDAASYYAPVRADVTPADFSEWSKLFLQFGAQGSPFLK). Regarding parameters, trypsin was used as the digestion enzyme, and max missed cleavages was set to 2. Carbamidomethyl (C) was specified as a fixed modification, and oxidation (M) and acetyl (protein N-term) were specified as dynamic modifications. All reported data were based on 99% confidence for protein identification as determined by false discovery rate [FDR = N(decoy)*2/(N(decoy) + N(target))] ≤1%. Finally, Spectronaut Pulsar X TM_12.0.20491.4 (Biognosys Corp) loaded with the original raw files and DDA searching results was used to construct the spectral library.



Bioinformatics and Statistical Analyses

All statistical testing was performed using R version 4.1.1 (R Foundation for Statistical Computing) software packages and SPSS Statistics version 22.0 (IBM Corp.). To mine the proteomic differences between IC responders and non-responders, proteins with either increased or decreased relative abundance in the inter-group comparisons were defined as DEPs according to fold change ≥1.2 or ≤0.833 and p-value <0.05. A weighted protein co-expression network was constructed to identify hub modules related to clinical traits among the identified proteins using the Weighted Gene Co-Expression Network Analysis (WGCNA) package for R software. The fuzzy C-means algorithm, a software package termed Mfuzz (http://mfuzz.sysbiolab.eu/) based on the open-source statistical language R, was used for soft clustering analysis to observe changes in the expression of plasma proteins in the EFF cohort before and after IC. For DEPs and proteins related to clinical traits or IC benefits, Gene Ontology (GO) and Kyoto Encyclopedia of Genes and Genomes (KEGG) functional annotation were performed to explore the enriched functions and pathways using the clusterProfiler R package (24). Receiver operating characteristic (ROC) curve analysis was conducted to test the discriminative ability of the prediction models for IC beneficiaries.

Shapiro-Wilk normality tests were used to confirm whether data obeyed a normal distribution. For statistical comparison, one-way analysis of variance or Student t-tests were used for parameter data, chi-square tests were used for composition ratio, mean ± standard deviations were used to describe continuous variables, and p <0.05 for two-tailed tests was considered significant.




Results


IC Outcomes and Quality Control Data

The detailed roadmap for this study is shown in Figure 1. Based on the IC outcomes of the 64 enrolled patients, we classified one patient with CR and 33 patients with PR as the EFF cohort, and 29 patients with SD and 1 patient with PD as the NEFF cohort. Figure 2 shows the typical changes in GTV before and after IC for 6 patients (PR = 3, PD = 1, SD = 2) assessed by magnetic resonance imaging, and GTV measurements for all patients are provided in Supplementary Table 1. Quality control data are shown in Supplementary Figures 1A–D. For protein identification, the FDR method was applied for multiple testing correction, and the quantitative results with a Q value <0.01 indicate high reliability. The intensity jitter distribution plot includes a few outlier samples, and the strength of the correlation between quality control samples was greater than 0.9 in all cases. A total of 2512 proteins were identified across all groups, indicating high repeatability and quantitative stability.




Figure 1 | Roadmap for identifying biomarkers for early identification of IC beneficiaries. HC, healthy control; LA-NPC, locoregionally advanced nasopharyngeal carcinoma; IC, induction chemotherapy; pre-EFF, pre-effective; pre-NEFF, pre-non-effective; post-EFF, post-effective; post-NEFF, post-non-effective; DDA, data-dependent acquisition; DIA, data-independent acquisition; DEPs, differentially expressed proteins; WGCNA, weighted gene co-expression network analysis; ROC, receiver operating characteristic.






Figure 2 | Typical MRI images for GTV changes before and after IC. MRI images of three patients with PR (EFF1-3), one patient with PD (NEFF1), and two patients with SD (NEFF2-3) at baseline (pre-IC) and after two cycles of IC (post-IC). The area within the red line is the primary focus. MRI, magnetic resonance imaging; GTV, gross tumour volume; IC, induction chemotherapy; EFF, effective; NEFF, non-effective.





Differences in Protein Profiles Between IC Responders and Non-Responders

To comprehensively understand the differences and changes of plasma protein profiles between responders and non-responders before and after IC, screening of DEPs was carried out in tiers. A total of 1027 proteins were found to be differentially expressed in the LA-NPC group compared with the HC group, of which 324 were upregulated and 703 were downregulated (Figure 3A). Subsequently, 463 DEPs, including 370 upregulated and 93 downregulated, were identified between the pre-EFF group and the pre-NEFF group (Figure 3B). Figure 3C shows 1212 DEPs (380 upregulated and 832 downregulated) identified between pre-EFF and post-EFF groups, while Figure 3D shows 276 DEPs (86 upregulated and 190 downregulated) between post-EFF and post-NEFF groups.




Figure 3 | Volcano map of differentially expressed proteins (DEPs). Red represents upregulated DEPs and blue represents downregulated DEPs. (A) DEPs between HC and LA-NPC groups. (B) DEPs between pre-EFF and pre-NEFF groups. (C) DEPs between pre-EFF and post-EFF groups. (D) DEPs between post-EFF and post-NEFF groups.



Enrichment analysis of DEPs is shown in Figures 4, 5. GO annotation showed that the highly enriched terms of biological process (BP), cellular component (CC), and molecular function (MF) categories in all batch data are roughly the same, while some MF terms, such as glycosaminoglycan binding, sulfur compound binding, heparin binding, serine-related enzyme activities, complement binding, structural constituents of the epidermis, and opsonin binding were enriched between pre-EFF and pre-NEFF groups, pre-EFF and post-EFF groups, and post-EFF and post-NEFF groups, respectively. In addition, KEGG analysis indicated that the complement and coagulation cascade was the most significantly enriched pathway for all batch data.




Figure 4 | Gene Ontology (GO) and Kyoto Encyclopedia of Genes and Genomes (KEGG) functional enrichment analyses of HC vs. LA-NPC and pre-EFF vs. pre-NEFF DEPs. The ordinates in A−D represent enriched GO functional classification terms, including biological process (BP), cellular component (CC) and molecular function (MF) categories, and KEGG pathways. The abscissa represents terms enriched for DEPs under each functional classification. The size of the bubble represents the number of DEPs, and its colour indicates the significance of the enriched terms based on Fisher’s accuracy. The p-value was calculated by Fisher’s Exact test, and the colour gradient represents the magnitude of the p-value, from cyan (large) to red (small). (A, B) Functional enrichment analysis results for DEPs between HC and LA-NPC groups. (C, D) Functional enrichment analysis results for DEPs between pre-EFF and pre-NEFF groups.






Figure 5 | GO and KEGG functional enrichment analyses of pre-EFF vs. post-EFF and post-EFF vs. post-NEFF DEPs. The ordinates in (A−D) represent enriched GO functional classification terms, including biological process (BP), cellular component (CC) and molecular function (MF) categories, and KEGG pathway. The abscissa represents terms enriched for DEPs under each functional classification. The size of the bubble represents the number of DEPs, and its colour indicates the significance of the enriched terms based on Fisher’s accuracy. The p-value was calculated by Fisher’s Exact test, and the colour gradient represents the size of the p-value from cyan (large) to red (small). (A, B) Functional enrichment analysis results for DEPs between pre-EFF and post-EFF groups. (C, D) Functional enrichment analysis results for DEPs between post-EFF and post-NEFF groups.





Correlation Between Pre-Treatment Plasma Proteins and Clinical Traits

To investigate correlations between the identified proteins and clinical traits, a weighted protein co-expression network was constructed from 2297 proteins after filtering out proteins expressed in fewer than half of the samples. The power of β = 5 was selected for soft thresholding to ensure a scale-free topology (Figure 6A). Among the 19 co-expression modules, proteins contained in the grey module were not attributed to any modules (Figure 6B). Clinical traits, such as patient’s age, gender, T classification, N classification, clinical stage and IC outcome were used for correlation analysis. The results presented in Figure 6C indicate that the pink module was negatively correlated with gender. The modules negatively correlated with T classification and clinical stage are brown, while the positive correlations are coloured black and pink. The midlightblue module represents a positively correlation with N classification. Only the cyan module is negatively correlated with IC outcome, while greenyellow, yellow, blue and turquoise modules are positively correlated with IC outcome.




Figure 6 | Protein modules associated with the clinical traits of LA-NPC identified by weighted gene co-expression network analysis (WGCNA). (A) Analysis of scale-free index and mean connectivity for various soft-threshold powers. (B) Dendrogram of all identified proteins clustered based on dissimilarity through consensus topological overlap with the corresponding module. Coloured rows correspond to the 19 modules identified. (C) Heatmap of correlations between module eigen proteins and clinical traits of LA-NPC. (D) Functional enrichment analysis of proteins in modules associated with tumour stage. (E) Functional enrichment analysis of proteins in modules associated with IC outcome.



Modules significantly correlated with tumour stage and IC outcome were integrated separately using the criteria correlation >0.3 and p <0.001 to perform enrichment analysis (Figures 6D, E). GO annotation showed that the overrepresented BP, CC and MF terms for the two batches were roughly the same, and similar to the annotation results for DEPs. KEGG analysis indicated that the complement and coagulation cascade was still the most significantly enriched pathway for the two batches of data.



Correlation Between Pre-Treatment Plasma Proteins and IC Benefit

To determine whether the identified proteins are correlated with IC benefits, nine clusters that tended to exhibit significant changes were identified by soft clustering analysis to reveal proteomic changes in the EFF cohort around the time of IC (Figure 7). In cluster 1, expression of proteins in the pre-EFF group was significantly higher than that in the HC group, and it was decreased significantly in the post-EFF group. Similarly, proteins in cluster 2 were also highly expressed in the pre-EFF group compared with the HC group, but tended to be normal in the post-EFF group. By contrast, protein expression levels in clusters 7 and 8 in the pre-EFF group were significantly lower than that in the HC group, but in the post-EFF group, protein expression levels for cluster 7 were significantly higher than that in the HC group, while protein expression levels for cluster 8 tended to be normal. These expression changes appear to be associated with tumour regression (i.e. PR and CR, respectively).




Figure 7 | Nine protein clusters correlated with IC benefits identified by soft cluster analysis. The horizontal axis represents groups and the vertical axis represents expression changes in proteins around the time of IC in the EFF cohort. Protein expression changes in cluster 1 and cluster 2 show a high positive correlation with IC benefits, and protein expression changes in cluster 7 and cluster 8 showed a low positive correlation with IC benefits.



For the other clusters, the changes in proteins expression after IC in clusters 3, 4 and 6 did not show a strong correlation with the benefits of IC. Although the changes in proteins expression in cluster 5 showed a similar trend to clusters 7 and 8, a considerable proportion of proteins could be found whose expression did not change significantly after IC. In addition, the protein expression in the pre-EFF group in cluster 9 did not show significant differences compared to the HC group, and their expression in the post-EFF group was significantly lower than that in the HC group. Therefore, we did not include the proteins in these clusters in further analyses.

We performed enrichment analysis of proteins contained in clusters 1, 2, 7 and 8 (Figure 8). GO annotation showed that the most significantly enriched terms were similar to those identified in the DEPs annotation results. KEGG analysis indicated that the complement and coagulation cascade was the most enriched pathway.




Figure 8 | Functional enrichment analysis of IC benefits-related proteins. (A–D) Results corresponding to functional enrichment analysis of proteins in clusters 1, 2, 7 and 8, respectively.




Identification of Predictive Biomarkers for IC Beneficiaries


DEPs with a given gene name in all datasets overlapped, and four proteins were identified (Figure 9A); paraoxonase/arylesterase 1 (PON1), insulin-like growth factor-binding protein 3 (IGFBP3), rheumatoid factor D5 light chain (v-kappa-3), and RNA helicase (DDX55). Their relative protein abundances are shown in Figure 9B. Based on the results of the above analyses, the brown module to which PON1 belongs was negatively correlated with clinical stage and T classification (Figure 6C). For v-kappa-3, the turquoise module in which it is located was correlated with IC outcome, and its expression change in the EFF cohort around the time of IC is correlated with IC benefits, as observed for cluster 2 (Figures 6C, 7). The blue module containing DDX55 was also correlated with IC outcome (Figure 3C). The expression changes for DDX55 in the EFF cohort around the time of IC presented a positive correlation with IC benefits, as shown for cluster 8 (Figure 7).




Figure 9 | Identification of candidate biomarkers. (A) Venn diagram showing the overlap of DEPs between the four compared datasets. (B) Relative protein abundances of PON1, IGFBP3, v-kappa-3 and DDX55. (C, D) ROC analysis of the four proteins and their co-constructed model for distinguishing between HC and LA-NPC groups. (E, F) ROC analysis of the four proteins and their co-constructed model for distinguishing between pre-EFF and pre-NEFF groups. (G, H) ROC analysis of the four proteins and their co-constructed model for distinguishing between pre-EFF and post-NEFF groups. (I, J) ROC analysis of the four proteins and their co-constructed model for distinguishing between post-EFF and post-NEFF groups. ****p < 0.0001



To explore the potential of the four proteins as biomarkers, we performed multivariate logistic regression analysis and ROC curve analysis. When applying the four proteins to differentiate HC and LA-NPC groups, the AUC values for PON1, IGFBP3, v-kappa-3 and DDX55 were 0.82, 0.66, 0.81 and 0.65, respectively (Figure 9C). When the four proteins were combined into a diagnostic model, the AUC value was 0.92, higher than for single protein models (Figure 9D). The corresponding AUC values of the four proteins for distinguishing between pre-EFF and pre-NEFF groups were 0.74, 0.72, 0.85 and 0.84, while the AUC value of the efficacy prediction model composed of these four proteins was increased to 0.95 (Figures 9E, F).

To further verify the accuracy of these proteins for identifying IC beneficiaries before treatment, we also tested their ability to confirm the effective IC and evaluate IC outcome. Figure 9G shows that the AUC values of the four proteins for discriminating between pre-EFF and post-EFF groups were 0.96, 0.82, 0.73 and 0.93, respectively. Compared with single protein models, the AUC value of the model integrating all four proteins was 0.97 (Figure 9H). Furthermore, the results presented in Figures 9I, J show that the four proteins could readily discriminate between post-EFF and post-NEFF groups (PON1, AUC = 0.71; IGFBP3, AUC = 0.91; v-kappa-3, AUC = 0.87; DDX55, AUC = 0.70), especially the model combining all four proteins (AUC = 0.94).





Discussion

For LA-NPC, the main advantages of IC are eliminating micro-metastases and shrinking primary tumours to improve the outcome of follow-up radiotherapy (7–10). However, despite this treatment, the short-term tumour response rate and long-term survival rate are not improved for some patients, and serious systemic toxicity can occur following IC (11, 12). Therefore, early identification of patients suitable for IC before treatment is the ideal strategy to improve the effective rate of clinical treatment of LA-NPC. In other words, patients who do not respond to one IC regimen could be rapidly subjected to other regimens. Currently, no clear omics data were available on the molecular basis of IC-sensitivity and -resistance for LA-NPC. To address this issue, we comprehensively evaluated the plasma protein profiles of responders and non-responders around the time of IC using a DIA approach, and identified IC benefit-related proteins. To the best of our knowledge, this is the first study to apply a high-throughput proteomics approach to investigate the blood molecular characteristics of LA-NPC patients with different IC efficacy.

In order to mining the potential correlation between plasma proteins and the short-term efficacy of IC as much as possible, we explored various elements. IC comprises combinations of different drugs, usually from two or more drug classes. Considering that existing chemotherapeutics work through various mechanisms and sites of action, we unified the medication regimen and treatment cycle to avoid differences in efficacy caused by different regimens or dose intensities (25). Moreover, previous studies on biomarkers predicting the efficacy of IC included patients receiving concurrent chemoradiotherapy, while radiotherapy was proved to cover the efficacy of IC (13, 19, 26). Therefore, we only enrolled patients who received IC alone prior to radiotherapy in the present study, and focused on the short-term efficacy of IC by sampling before radiotherapy. Eventually, compared with other studies using only pre-treatment samples to identify predictive biomarkers of chemotherapy efficacy, we also utilised matched post-IC samples to confirm the correlation between pre-treatment plasma proteins and IC benefits, and to verify the potential of pre-treatment plasma proteins to develop efficacy predictive biomarkers (13, 15, 19).

Based on this design, we observed different protein profiles in the pre-treatment plasma between IC responders and non-responders, and the protein profiles of the two remained differences after changes were produced under the intervention of IC. In addition, a number of proteins were found to be related to clinical traits or IC benefits. In the results of enrichment analysis, GO annotation revealed that many functional terms were repeatedly highlighted all batch data. Thus, we infer those proteins enriched in these terms may jointly participate in the occurrence and development of NPC. However, in terms of immune response, the results indicate that chemotherapy drugs may not only inhibit tumour cells and activate immune effectors, but also promote the release of some inflammatory and angiogenesis-related cytokines, which may explain why chemotherapy has no effect on some tumours (27). It is notable that the location of some functional terms in the data may imply their potential relevance to IC benefits. For example, glycosaminoglycan assembly in the Golgi is sensitive to drug treatment and a variety of environmental factors, which can alter the structure of glycosaminoglycans and thereby promote or inhibit different signalling pathways (28). In addition, serine synthesis can help hypoxic cancer stem cells to regulate redox state (29). Serine restriction and inhibiting its signalling pathway can reduce the proliferative activity of cancer cells (30). KEGG analysis revealed that complement activation and coagulation functions can enhance the malignant biological behaviours of cancer, such as inflammation, epithelial-mesenchymal transition (EMT) and angiogenesis (31). Some genes in the complement and coagulation cascade signalling pathway are considered predictors of chemosensitivity (32).

The above analysis indicates that LA-NPC circulating proteins are involved in a series of complex mechanisms in the process of IC, including protein-protein interactions and drug–protein target interactions. Our results lay a foundation for further revealing the precise molecular mechanism and new therapeutic targets. The differences in plasma protein profiles between responders and non-responders after IC reflect the different sensitivity of various subpopulations of NPC cells to chemotherapeutic drugs caused by tumor heterogeneity (33). Based on the efficacy feedback, we confirmed the potential correlation between pre-treatment plasma proteins and short-term efficacy of IC by screening of DEPs and bioinformatics analysis. Although some of the proteins we identified may not be NPC-specific, their expression may be regulated by pro- or anti-oncogenes, as well as other tumour-associated genes and their products, which can indirectly reflect the state of the tumor (34).

Considering the above-mentioned problems of IC for LA-NPC, we further confirmed the potential clinical value of pre-treatment plasma proteins by identifying efficacy predictive biomarkers. The four candidate biomarkers identified in this study have been linked to physiological processes or chemotherapy resistance related to malignant diseases (35–43). PON1 is a calcium-dependent hydrolase protein mainly involved in the occurrence and development of cancers through the regulation of oxidative stress and inflammation (35). PON1 is expressed at low levels in the blood of patients with a variety of cancers, and levels are further decreased after treatment (35, 36). We observed similar trends in the present study. The low expression of PON1 in LA-NPC plasma may be caused by inhibition of its synthesis in liver and/or oxidative stress, and the continuous decrease in levels after IC may be caused by inhibition of PON1 synthesis in the liver by chemotherapeutic drugs inhibiting peroxisome proliferator-activated receptor delta (37). A previous study found that decreased serum PON1 was significantly correlated with tumour load, consistent with our findings that PON1 levels were negatively correlated with clinical stage and T classification (35). Enrichment analysis showed that PON1 was enriched in terms related to lipids and cholesterol, suggesting that preventing low-density lipoprotein oxidation, maintaining cholesterol homeostasis, and reducing chronic inflammation may be effective ways to prevent the further deterioration of LA-NPC.

IGFBP3 is an N-linked glycosylated, phosphorylated, secretory protein correlated with multiple cancers. In this study, we found that the expression of IGFBP3 in LA-NPC was lower than in the HC group, and even lower in the pre-NEFF group. It is interesting to note that IGFBP3 was further downregulated in the post-EFF group, but significantly upregulated in the post-NEFF group and higher than that in the HC group. The previous studies found that upregulation of IGFBP3 promotes the proliferation, invasion and metastasis of NPC cells, consistent with our finding that IC non-responders may have a poor prognosis (38, 39). Enrichment analysis found that IGFBP3 may play a role in IC through binding insulin-like growth factor I (IGF-1). IGF-1 can promote progress of the cell cycle, leading to mitosis and anti-apoptosis, and phosphorylation of IGFBP3 can enhance its binding to IGF-1 (40). In addition, IGFBP3 can enhance TGF-β1-mediated EMT by activating other cells against decapentaplegic homolog 2/3 (SMAD2/3) (38). EMT is known to involve both cisplatin and docetaxel resistance mechanisms, which further indicates the potential of IGFBP3 as an efficacy predictive biomarker (41).

Compared with the above two proteins, the reports of v-kappa-3 in cancer are very limited, which may be related to its unknown biological function. DDX55 is a member of the RNA helicase family, members of which perform crucial roles in cell metabolism. Abnormally high expression of DDX55 can be used as a reference indicator for poor prognosis of a variety of cancers (42, 43). Similar to these studies, we also found that the expression of DDX55 in the pre-NEFF group was higher than that in the HC group. In lung cancer, DDX55-associated genes were found to be enriched in proto-oncogene (MYC) targets, and MYC transcription can be regulated by cytokines (42). Considering that NPC cells can also stimulate the secretion of cytokines, hence we speculated that differences in the expression of DDX55 in plasma from patients with differences in IC efficacy is related to the modulation of RNA binding and ATP-dependent helicase activity by small molecules, or disrupting certain protein-protein interactions implicated in cancer progression (43).

In the performance evaluation of candidate biomarkers, we found that the model composed of all four proteins showed satisfactory accuracy in diagnosing LA-NPC, predicting IC efficacy, confirming effective IC, and evaluating IC outcome (all AUC values ≥0.92). It is worth noting that continuous and dynamic expression detection is one of the necessary conditions to determine whether biomarkers have the potential to predict efficacy, we used post-IC samples to validate the efficacy predictive biomarkers identified in pre-IC samples (44). The advantage of this is that it can confirm the post-treatment detectability and IC benefit relevance of candidate biomarkers in a way that the use of additional pre-IC samples alone does not (45). In addition, diagnostic model was constructed with the aim of detecting LA-NPC correlation of biomarkers. Predictive model was primarily used to assess the precision of biomarkers for identifying potential IC beneficiaries. The two models constructed using post-IC samples were used to confirm whether the potential IC beneficiaries identified by the biomarkers were indeed treated effectively, and to further exclude false positive results. Thus, the cohort design containing six groups, the four-tier in-depth screening of DEPs and multi model evaluation increased the reliability of our results and demonstrated the potential clinical value of the candidate biomarkers.

Although this study revealed differences in circulating protein profiles among LA-NPC patients with different IC outcomes, the identified potential biomarkers need to be further verified by more independent clinical cohorts due to the limitations of single-center nature. Furthermore, in addition to methods such as enzyme-linked immunosorbent assays, considering that IC usually involves two or more drugs which are administered to the patients at the same time, functional study of the potential biomarkers also needs to explore a reliable method to establish multidrug resistant cell line models.



Conclusions

In summary, the present study comprehensively investigated the plasma protein profiles of LA-NPC patients with different IC outcomes and demonstrated the potential correlation between pre-treatment plasma proteins and the short-term efficacy of IC. The identified four proteins, PON1, IGFBP3, v-kappa-3 and DDX55, can achieve the early identification of IC beneficiaries while diagnosing LA-NPC, and they could confirm whether the identified potential beneficiaries have been effectively treated after IC, and distinguish responders and non-responders. These findings may help to reveal new targets of IC and serve the individualised treatment of LA-NPC. Whether the identified potential biomarkers are specific to the DP regimen remains to be clarified.
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