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Background

Nasopharyngeal carcinoma (NPC) is a malignant tumor characterized by distinct geographic and pathological features. Enhancing diagnostic accuracy and timeliness in NPC is crucial for clinical implications. Radiomics has demonstrated significant potential in the clinical management of NPC. Nonetheless, a paucity of bibliometric studies has systematically examined the existing literature in th is domain. The objective of this study was to assess the current landscape and project future trends in NPC research.





Methods

This study conducted a search on English-language literature concerning the application of radiomics within the field of nasopharyngeal carcinoma (NPC) research from January 2015 to July 1, 2024, utilizing the Web of Science Core Collection (WoSCC) database. Bibliometric and visual analyses were performed using VOSviewer and CiteSpace software on publications related to countries/regions, authors, journals, references, and keywords.





Results

A total of 311 documents were retrieved, yielding 229 eligible documents after screening, comprising 209 articles and 20 reviews. Annual publications showed an upward trend, while citations revealed a generally declining trend. Notably, China contributed the most publications (n=175). Tian Jie and Dong Di each published 13 papers, and Zhang B was the most frequently co-cited author. Frontiers in Oncology published the most articles (n=25), and the International Journal of Radiation Oncology Biology Physics had the highest citation count (n=331). Sun Yat-sen University led institutional publications (n=39). The radiomics research in NPC focuses on survival prediction, texture analysis, and distant metastasis, and may guide future research directions.





Conclusion

The application of radiomics in NRC is growing annually, as indicated by bibliometric analysis. Radiomics has enhanced the precision of preoperative diagnosis, prediction, and prognosis in NRC. Bibliometric findings offer insights into radiomics research trends. However, creating extensive NPC datasets and bridging the research-to-clinical gap pose significant challenges. Future research should focus on these areas to advance the development.
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1 Introduction

Nasopharyngeal carcinoma (NPC) is a malignant tumor originating from the epithelial cells of the nasopharynx (1). NPC exhibits significant geographic distribution differences, being predominantly prevalent in southern China, Southeast Asia, and North Africa. In these endemic areas, the pathological type of NPC is mainly the non-keratinizing subtype, which is primarily associated with Epstein-Barr Virus (EBV) infection (2). Over the past three decades, the incidence and prevalence of nasopharyngeal cancer have doubled (3). The comprehensive application of radiotherapy, chemotherapy, and emerging immunotherapy for nasopharyngeal cancer, especially with the use of intensity-modulated radiation therapy and immune checkpoint inhibitors, has significantly improved the therapeutic effect and the survival rate of patients (2, 4).

Medical imaging modalities such as magnetic resonance imaging (MRI), computed tomography (CT), and positron emission tomography (PET) are widely utilized for the early detection, diagnosis, staging, and prognostic evaluation of NPC. Radiomics studies indicate that significant high-dimensional information remains to be discovered (5). Over the past decade, rapid advancements in medical image analysis have facilitated high-throughput feature extraction and analysis, leading to the emergence of radiomics, which aims to obtain quantitative image features to support clinical decision-making (6).

The field of bibliometrics involves examining the statistical data of published materials, such as books, academic papers, and data compilations, along with their associated metadata like summaries, key terms, and reference links, to reveal connections and interactions among various publications (7).This study evaluates the NPC radiomics literature from 2015 to 2024 based on the Web of Science Core Collection (WOSCC) database, analyzing the current status of related research and predicting future directions.




2 Methods



2.1 Data source

The statistical analysis data of this article comes from WOSCC database.




2.2 Search strategy

The data for the statistical analyses in this article were obtained from the WoSCC by searching for the terms (TS=“Nasopharyngeal carcinoma” OR “Nasopharyngeal cancer” OR “NPC”) AND (TS=“Radiomics” OR “Radiogenomics” OR “Imaging genomics”). The detailed search strategy is described in the Supplementary Material. The language was restricted to “English,” and the literature type was confined to Article and Review Article for the period from 2015 to July 1,2024. To ensure the quality of the screened documents, two researchers independently reviewed the documents based on their content. Documents unrelated to the topics of “Nasopharyngeal carcinoma” and “Radiomics” were excluded. After verification, comparison, and de-duplication, 229 documents were retained. The data were exported in the format of a “tab-delimited file,” and the content of the records was selected as “complete records and cited references.” The final exported data included the title, keywords, authors, institutions, addresses, abstracts, and publication dates of each document.




2.3 Analysis method

We employed CiteSpace 5.8.R3 (Chaomei Chen, 2006), VOSviewer 1.6.16 (Nees Jan van Eck and Ludo Waltman, 2010), and Microsoft Excel 2019 to conduct bibliometric analysis and visualization. Annual publications were analyzed using Microsoft Excel 2019. Data were retrieved from the Web of Science database on July 1, 2024. CiteSpace, renowned for identifying collaborations, pivotal elements, internal structures, emerging trends, and dynamics within scientific research, was utilized to analyze keywords co-occurrence, timeline, and bursts (8). In CiteSpace visualization, node size corresponds to the frequency of keywords co-occurrence, while links demonstrate the relationships among them. Node and line colors vary by year, transitioning from purple to red from 2015 to July 1,2024. Nodes colored purple with rounded shapes indicate a high median centrality (≥0.10), serving as connectors among various networks (9, 10). VOSviewer specializes in creating and visualizing knowledge graphs that depict clusters, overlays, or density colors, and facilitates the analysis of co-occurrence among countries/regions,authors and co-cited authors, journals and co-cited journals, the dual-map of journals, institutions and co-cited references (11). In cluster maps, node size indicates co-occurrence frequency, uniform colors denote identical clusters, and link thickness reflects the intensity of co-occurrences, directly related to the volume of joint publications or keyword appearances. In density maps, the size and opacity of yellow-colored words and circles correlate positively with citation co-occurrence frequencies. In overlay maps, colors represent the average publication year (12).





3 Results



3.1 General results

The initial review identified 311 relevant papers. Based on the inclusion and exclusion criteria (Figure 1), a total of 229 documents related to the use of radiomics in nasopharyngeal carcinoma were included, comprising 209 articles and 20 review papers. Forty documents were excluded as they were meeting abstracts, editorial materials, and other documents irrelevant to the search content.




Figure 1 | Detailed flowchart of search.






3.2 Annual growth trend

A total of 229 publications on the application of radiomics in NPC published between 2015 and July 2024 were retrieved from the WoSCC database.

As shown in Figure 2, the fewest published document were published in 2015 (n=1, 0.4%). Since 2015, the number of publications has steadily increased, peaking in 2022 (n=54, 23.6%). In 2023, there was a slight decrease, with 47 publications published. Publications in 2024 (n=33, 14.4%) was lower than in 2023 (n=47, 20.5%), likely because data extraction was only available up to July 1,2024.




Figure 2 | Trend chart of annual publication volume of clinical applications of radiomics in NPC from 2015 to 2024. NPC, nasopharyngeal carcinoma.



The citation frequency fluctuated considerably from year to year, but the overall trend was downward. The lowest citation frequency was in 2015 with 59 times. In 2017 and 2019, citation frequencies were higher, at 935 and 927 times, with a peak in 2017. In 2023 and 2024, citation frequency significantly decreased to 109 and 29 times.




3.3 Analysis of the contributions by countries/regions

Using VOSviewer software, a cooperation network map of countries (regions) was created (Figure 3). In this map, nodes represent countries (regions), with node sizes corresponding to the number of publications from each country (region), and lines indicating cooperative relationships between countries (regions). The map reveals that China and the United States have larger nodes, each with over 25 publications. Specifically, China has the highest number of publications, totaling 175. The total link strength is notably higher among the United States, Canada, and China, with China exhibiting the highest number of links at 27. This indicates that China has the closest cooperative relationships with other countries.




Figure 3 | National (regional) cooperation network map of radiomics applied to NPC research. NPC, nasopharyngeal carcinoma.






3.4 Analysis of authors and co-cited authors

A total of 1545 authors contributed to radiomics research on NPC, with 36 authors publishing at least 5 papers (Figure 4A). Tian Jie (N=13) and Dong Di (N=13) published the most papers related to radiomics research on NPC (Figure 4A; Supplementary Material). This was followed by Zhang Lu (N=10), Zhang Shuixing (N=10), and Zhang Bin (N=10). Figure 4A shows seven colors representing seven clusters of authors. Active collaborations usually exist within the same cluster, such as between Tian Jie and Dong Di.




Figure 4 | (A) Authors with documents≥5(cluster map). B Co-cited authors with citations≥20(density map).



Co-cited authors are those who are cited together in a single article (13). Out of 5028 co-cited authors, 44 had more than 20 co-citations. Figure 4B presents these authors in a density plot, clearly illustrating the high-frequency co-cited authors. The greater the number of citations, the warmer the color. The size of the words, the size of the circles, and the opacity of the yellow color are positively correlated with co-citation frequency. As shown in Figure 4B, Zhang B (N=143), Lambin P (N=101), and Zhang L (N=91) are the most frequently co-cited authors.




3.5 Analysis of journals and co-cited academic journals

A total of 111 academic journals published articles on radiomics research related to NPC. The top 10 journals published 82 papers, accounting for 35.81% of all publications (Table 1).Frontiers in Oncology led with the highest number of publications (n=25), followed by European Radiology (n=11) and Cancers (n=10).


Table 1 | Top 10 journals and co-cited journals related to radiomics applied to NPC research.



Among 1616 co-cited sources, 44 journals had >50 citations; among which, International Journal of Radiation Oncology Biology Physics (n=331), Radiotherapy and Oncology(n=329), and Frontiers in Oncology (n=323) had the greatest number of citations. Furthermore, the top 10 co-cited journals accounted for 23.75% citation of all cited sources (Table 1).

To illustrate the distribution of citing and cited journals, a dual-map overlay atlas was utilized. As depicted in Figure 5, journals that cite others are represented on the left side of the geographic map, while those that are cited appear on the right side. The colors of the lines act as indicators for various academic disciplines. Predominantly, The cited journals dealt with molecular, biology, genetics, health, nursing, and medicine, whereas the citing journals mainly dealt with medicine, medical, and clinical




Figure 5 | The dual-map overlay of journals on radiomics applied to NPC research. The citing journals are on the left, the cited journals are on the right, and the colored path represents the citation relationship.






3.6 Analysis of the contributions by institutions

A minimum threshold of five publications per institution was established. Using VOSviewer, 20 out of 358 organizations were identified as contributors to the review of institutional co-authorships. Table 2 depicts the top 20 most productive institutions, among which GE Healthcare is the only non-Chinese institution. The institutional co-authorship network, composed of 20 institutions and organized into 5 clusters, is shown in Figure 6A.In recent years, Sun Yat-sen University, Hainan University, and GE Healthcare have emerged as prominent contributors to the field of radiomics in nasopharyngeal carcinoma. This is evident from the overlay map (Figure 6B) of the historical trend for the number of articles.


Table 2 | The top 20 institutions by publication volume in the field of nasopharyngeal carcinoma radiomics.






Figure 6 | (A) Institutions with documents≥5(cluster map). (B) Institutions with documents≥5(overlay map).






3.7 Analysis of co-cited references

Table 3 spotlights the top 10 articles with the highest citation rates, each of which has been co-cited at least 41 times. The article titled’Radiomics Features of Multiparametric MRI as Novel Prognostic Factors in Advanced Nasopharyngeal Carcinoma’published in the Clin Cancer Res in 2017 was cited the most(N=72). Out of 6489 references, articles were cited more than 20 times are shown in Figure 7. Table 4 presents details of the top five highly cited articles.


Table 3 | The top 10 co-citation references related to radiomics applied to NPC research.






Figure 7 | Co-cited references with citations≥20(density map).




Table 4 | Details of highly cited literature on radiomics in nasopharyngeal carcinoma.






3.7 Analysis of keywords co-occurrence

CiteSpace was used to construct a keyword co-occurrence map (Figure 8A: N=285, E=599, Table 5).The node size reflects the co-occurrence frequencies, and the links indicate the co-occurrence relationships. The color of node and line represent different years; colors vary from purple to red as time goes from 2015 to 2024, and nodes with purple round mean high betweenness centrality(≥0.1).Images(centrality=0.25), chemotherapy (centrality=0.21), and carcinoma (centrality=0.17) had high centrality, which is presented with a purple circle in Figure 8.




Figure 8 | (A) The co-occurrence map of keywords in nasopharyngeal carcinoma radiomics. (B) Top 20 keywords with the strongest citation bursts (sorted by the starting year). The red bars mean citation burstness. (C) The timeline view of keywords related to nasopharyngeal carcinoma radiomics.




Table 5 | Top 10 keywords by centrality.



The analysis of burst words can uncover prominent research areas within a field over a designated period. As shown in Figure 8B, the keyword visualization view over time shows that the focus of research is gradually shifting from FDG-PET to survival prediction. Further, texture analysis had the strongest bursts (strength=3.8), followed by prediction (strength=2.86) and distant metastasis (strength=2.76).

The timeline view (Figure 8C) depicted the three most frequent keywords (where applicable) in each cluster across various time points. Each cluster is represented by a horizontal line; clusters increase in size with decreasing numbers, with cluster #0 being the largest. Temporal data is displayed at the top, while keywords appear at their initial co-occurrence within the cluster. Cluster labels are derived from title and abstract information using LLR. We could see that six of the twelve clusters are still ongoing. Among them, #0 (cancer) is the biggest cluster, followed by #1 (computed tomography), #2 (adaptive radiotherapy), and #3 (radiomics).





4 Discussion

This study analyzed the research literature related to radiomics in the field of NPC from 2015 to July 1, 2024, and found that radiomics research in this area is growing rapidly. Given that the data extraction was completed as of 1 July 2024, it is projected that the annual publication count for 2024 will be 66, and the projected citation frequency is 58. This indicates a general upward trend in the number of publications. There is a possibility that the citation frequency has declined in recent years due to the relatively lower citation rates of recently published articles. Radiomics was first proposed and applied to medical imaging in 2012 but was only gradually applied to NPC starting in 2017 (14). With the rapid development of imaging and artificial intelligence, represented by radiomics, this technology has shown great potential for clinical applications in NPC. The research focus has shifted from extracting macroscopic image features to mining deep image information and extracting large amounts of quantitative data (15, 16). Radiomics provides new auxiliary methods for diagnosis and differential diagnosis, individualized treatment, efficacy evaluation, prognosis prediction, and side effect prediction for NPC patients. From the perspective of research distribution, NPC radiomics research is predominantly conducted in China, the United States, Canada, and several other countries. Among these, China has combined a large number of cases with advanced computer technology to obtain rich clinical data and achieve practical application results. Some studies have shown that the combined application of radiomics and clinical data significantly improves the predictability of NPC compared to using only radiomics or clinical features (17). The studies on the application of radiomics in NPC included in our bibliometric analysis focused on the following topics.



4.1 Application of radiomics in diagnosis and differential diagnosis of NPC

Due to the intricate anatomical structure and high sensitivity to radiotherapy, NPC treatment primarily relies on radiotherapy-based comprehensive approaches. An accurate radiotherapy plan for NPC can enhance therapeutic outcomes, reduce side effects, and improve patients’ quality of life. Therefore, accurate diagnosis of NPC is crucial for the personalized administration of radiotherapy plans.

Feng, Q et al (18) constructed a diagnostic model for clinical assessment of NPC staging by extracting PET/MRI imaging histological features and semi-quantitative parameters. The results indicated that the AUC of the radiomic model in the test set was 0.83 (95% CI: 0.68-0.98), the AUC of the metabolic parameter model was 0.80 (95% CI: 0.63-0.97), and the AUC of the integrated model was 0.90 (95% CI: 0.78-1.00). This study demonstrated that the integrated model based on PET/MRI radiomic features and semi-quantitative parameters is valuable for assessing the clinical staging of NPC, and it is expected to enhance diagnostic accuracy and therapeutic efficacy.

Radiomics offers advantages not only in diagnosing diseases but also in conducting differential diagnoses. Cheng et al (19) compared three combinations of MRI features: T2WI-FS, CE-T1WI, and T2WI-FS+CE-T1WI. They found that the combination of T2WI-FS+CE-T1WI was most effective in distinguishing T1 NPC from nasopharyngeal lymphoid proliferation, with an AUC of 0.940 in the training set, 0.940 in the internal validation set, and 0.940 in the external validation set. The study suggests that MRI features based on radiomics have high accuracy in distinguishing T1 NPC from nasopharyngeal lymphoid hyperplasia, demonstrating significant potential for clinical diagnosis.




4.2 Application of radiomics in NPC efficacy prediction and evaluation

Radiotherapy in the early stages of NPC, as well as concurrent radiotherapy in advanced stages, plays a crucial role in evaluating the response and efficacy of NPC treatments, thereby aiding in optimizing clinical decision-making (15, 20).

In the study by Wang, GY et al (21), texture features were extracted from preprocessed MRI images, and histological imaging features were constructed using the LASSO logistic regression model. The study found that combining features from multiple imaging sequences, including T1WI, T2WI, T2WI FS, and CE T1WI, resulted in histological imaging features with an AUC value of 0.822 (95% CI 0.809-0.835), a sensitivity of 0.980, a specificity of 0.529, a PPV of 0.593, and an NPV of 0.949, which were significantly higher than those of CE T1WI alone. Radiomics successfully predicted early response to induction chemotherapy in NPC patients, demonstrating significant potential for clinical application.

In a study by Liu, J et al (22), texture analysis of three MRI sequences—T1W, T2W, and DWI—was compared, and k-nearest neighbor (kNN) and artificial neural network (ANN) classification algorithms were used to construct the models. The results demonstrated that DWI sequences, with an accuracy of 0.881 (ANN) and 0.929 (kNN), were the most effective in predicting the response of NPC patients to chemoradiotherapy. The external validation results were consistent with the internal validation, further supporting these findings. Radiomics shows potential in predicting treatment response, contributing to the development of personalized treatment plans.

Radiomics has also shown particular success in predicting chemotherapy response in NPC. A multi-MRI radiomics nomogram developed by Zhao et al. (23)could distinguish responders to induction chemotherapy (IC) from non-responders with high accuracy. This model, which integrated texture features from T1, T2, and contrast-enhanced MRI with clinical factors, significantly outperformed a clinical model (validation C-index 0.863 vs 0.549) in forecasting IC response and survival. Clinically, patients predicted as responders had markedly better 3-year progression-free survival (PFS) (84.81% vs 39.75%), validating that the radiomics-driven stratification corresponded to real outcome differences. Similarly, Piao et al. (24) built a logistic radiomics model from pretreatment MRI to predict neoadjuvant chemotherapy efficacy. They identified two key texture features whose combination achieved an AUC of 0.905 in differentiating chemo-sensitive versus resistant tumors. These studies underscore radiomics’ impact in guiding chemotherapeutic decision-making, sparing patients from ineffective regimens and improving personalized care.




4.3 Application of radiomics in NPC prognosis prediction

NPC typically has a favorable prognosis, with a five-year survival rate of approximately 80% (25). Prognostic evaluation is a critical component in patient management, with accurate predictions guiding treatment intensity, thus minimizing the risk of recurrence and mortality (26).

Zhang et al. (27) developed a nomogram for predicting PFS in advanced NPC patients using LASSO regression, incorporating imaging histologic features from T2-weighted and contrast-enhanced T1-weighted MRI scans. Their model, which integrated radiomics with the TNM staging system, significantly outperformed TNM staging alone, exhibiting strong predictive performance across training and validation cohorts. Similarly, Ming et al. (28) constructed three lymph node-based prediction models using MRI-derived imaging histologic features and found that the model based on the maximal slices of the largest lymph node (LSLN) achieved superior performance in predicting overall survival. The combined model, which incorporated clinical risk factors, further improved predictive accuracy, surpassing both standalone radiomics and clinical models. These studies underscore the potential of radiomics in refining prognostic assessment and enhancing risk stratification in NPC patients.

The application of radiomics in NPC prognosis prediction extends to targeted therapy, where it has been explored as a tool to optimize patient selection and improve treatment outcomes. In a study of advanced NPC patients, a radiomics-based nomogram was developed that incorporated the use of nimotuzumab (an anti-EGFR monoclonal antibody) as a variable alongside MRI radiomic features. The combined model (radiomics + clinical factors + targeted therapy status) improved PFS prediction compared to radiomics alone, suggesting that imaging features can help identify which patients derive benefit from EGFR-targeted treatment (29). Immunotherapy is an evolving area in NPC, and radiomics is beginning to impact immune-related patient stratification. Lin et al. (30) developed an MRI-based radiomic signature in a large cohort of recurrent NPC patients that not only predicted overall survival, but was also associated with tumor immune heterogeneity. High-risk patients defined by the radiomics model had significantly worse survival, and gene expression analysis revealed that their tumors showed lower interferon activation and reduced lymphocyte infiltration.




4.4 Challenges and future developments of radiomics in NPC

Radiomics will be integrated into the design of radiotherapy protocols for nasopharyngeal carcinoma to achieve individualized, clinically adapted precision radiotherapy (31, 32). However, the majority of research remains at the stage of retrospective analysis or small-scale prospective trials, and the translation of radiomics models into clinical practice faces several challenges. One major issue is the lack of data standardization and quality control, as significant variations in equipment, scanning protocols, imaging parameters, and storage formats across different hospitals often lead to inconsistent model performance when applied in multi-center settings (33). Additionally, many studies lack large-scale multi-center validation or prospective cohort studies, resulting in insufficient evaluation of the reproducibility and stability of radiomics models. Furthermore, the clinical implementation of medical devices or artificial intelligence algorithms requires rigorous regulatory approval and ethical review, which is a time-consuming and complex process (34). To address these challenges, several strategies can be adopted. First, multi-center collaboration and data sharing should be prioritized by establishing unified imaging protocols or data-sharing platforms, such as joining international data alliances or specialized multi-center imaging repositories, to enhance the standardization of research. Second, large-scale, diverse population-based prospective studies should be initiated as early as possible to accumulate stronger evidence-based data, thereby gaining broader recognition in clinical practice. Finally, improving the automation level of radiomics modeling can reduce reliance on manual segmentation, image preprocessing, and other manual steps, thereby minimizing operational errors and enhancing clinical feasibility. By addressing these challenges through collaborative efforts and technological advancements, the potential of radiomics in NPC research and clinical application can be fully realized.

Developing accurate and cost-effective screening procedures remains a major challenge. Numerous studies on NPC imaging predominantly utilize MRI as a standardized dataset. However, different types of medical imaging modalities offer distinct advantages. Therefore, selecting a dataset comprising the appropriate medical images tailored to the specific task is more rational. Research on the radiogenomics of NPC remains sparse.

Indeed, another emerging direction worthy of attention is radiogenomics, a concept introduced in recent years that integrates radiology with genomics (35). Integrating imaging features with tumor genetics and molecular profiles to advance non-invasive, rapid, and cost-effective precision medicine holds significant promise for future clinical applications (36). Therefore, future studies should prioritize multidisciplinary collaboration, integrating radiomics with molecular biology, immunology, and other related fields. Fostering collaboration among radiologists, oncologists, molecular biologists, immunologists, and data scientists is crucial for advancing NPC research. In addition to technological advancements, future research should focus on building robust multidisciplinary research frameworks that facilitate data sharing and collaborative efforts across institutions and countries. Additionally, the treatment of NPC is a prolonged and multi-cycle combined process. Most current studies are based on cross-sectional images. Hence, employing multistage dynamic imaging to evaluate tumor response to chemotherapy or radiotherapy, and to predict the risk of radiotherapy to adjacent vital organs, can enhance the precision and efficacy of treatment decisions (37).




4.5 Artificial intelligence in nasopharyngeal carcinoma radiomics research

The role of artificial intelligence (AI) in NPC radiomics cannot be overlooked. Recent studies have demonstrated the immense potential of AI, particularly deep learning, in automating feature extraction, improving diagnostic accuracy, and predicting treatment outcomes. For instance, the DeepMTS model proposed by Meng et al. (38) significantly enhances the precision of NPC radiomics analysis by combining PET/CT imaging data and employing a multi-task learning approach for simultaneous tumor segmentation and survival prediction. Similarly, Horowitz DP et al.’s study (39) demonstrates how AI-enhanced CT-guided adaptive radiotherapy improves the accuracy and efficiency of treatment for abdominopelvic tumors by enabling real-time plan adjustments to account for anatomical changes. Additionally, AI technologies, particularly deep learning and CNNs, have shown significant promise in the early diagnosis of thyroid diseases by enhancing the accuracy of ultrasound image analysis and pathological detection (40). However, challenges such as data standardization, model interpretability, and the need for large-scale annotated datasets remain. Future research directions should also explore the development of AI algorithms capable of seamlessly integrating radiomics data with clinical and genomic information, paving the way for more personalized and effective NPC treatment strategies.




4.6 Limitations

The literature included in our study may not comprehensively cover all relevant studies. Firstly, our study exclusively analyzed data from the Web of Science Core Collection (WoSCC) and did not include other critical databases such as PubMed, Embase, and Ovid. This limitation may have led to the omission of valuable research from other databases, especially non-English publications, such as Chinese literature, which could contain important insights on NPC radiomics. Additionally, due to the substantial volume of literature, our analysis was limited to the top-ranked institutions, authors, and journals, precluding a detailed examination of each specific article. This may have resulted in a narrower focus and missed valuable insights from lesser-cited studies or emerging research. Moreover, English predominates as the principal language in scientific research, and restricting our search to English-language publications introduces a language bias. As a result, our findings may not fully reflect all research on NPC radiomics, particularly the studies published in other languages. Furthermore, recently published high-quality articles may not have received the recognition they deserve due to low citation rates, highlighting the need for future updates in the field. Additionally, our inclusion criteria encompassed articles published from 2015 to 1 July 2024. However, ongoing updates to the database precluded the inclusion of the most recent publications. While our study focuses on NPC radiomics, we acknowledge that the field involves cross-disciplinary research with collaboration from molecular targeted therapy, immunotherapy, and radiotherapy, which we did not discuss in detail. This, along with the evolving nature of AI integration in radiomics, could further influence future directions in this research area. Finally, while we identified key trends and future directions in the application of radiomics, the transformation from laboratory research to clinical application, especially in the context of AI, was not explored in-depth, and this remains an important avenue for future research.





5 Conclusion

Scientific results and research trends regarding NPC radiomics for the period from 2015 to 1 July 2024 were analyzed by bibliometrics and visualization. Radiomics shows great potential for application in various clinical aspects of NPC such as diagnosis and differential diagnosis, efficacy assessment, and prognosis prediction. Radiomics is expected to have a practice-changing impact on the clinical field of NPC. Clinicians can revisit and adjust their diagnostic and treatment strategies based on the latest findings from radiomics studies of nodal NPC, such as incorporating radiomics features for precision diagnosis and individualized treatment plans. However, developing large-scale and comprehensive NPC datasets and overcoming the gap between research and clinical applications remain great challenges. Future research should focus on these areas to advance the development of NPC radiomics and optimize clinical decision-making.
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