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Objective

To use bibliometric methods to analyze the prospects and development trends of artificial intelligence(AI) in oncology nursing from 1994 to 2024, providing guidance and reference for oncology nursing professionals and researchers.





Methods

The core set of the Web of Science database was searched for articles from 1994 to 2024. The R package “Bibliometrix” was used to analyze the main bibliometric features, creating a three-domain chart to display relationships among institutions, countries, and keywords. VOSviewer facilitated co-authorship analysis and its visualization was used for co- occurrence analysis. CiteSpace calculated citation bursts and keyword occurrences.





Results

A total of 517 articles were retrieved, representing 80 countries/regions. The United States had the highest number of publications, with 188 articles (36.4%), followed by China with 79 articles (15.3%). The top 10 institutions in terms of publication output were all U.S.-based universities or cancer research institutes, with Harvard University ranking first. Prominent research teams, such as those led by Repici, Aerts, and Almangush, have made significant contributions to studies on AI in tumor risk factor identification and symptom management. In recent years, the keywords with the highest burst strength were “model” and “human papillomavirus.” The most studied tumor type was breast cancer. While Cancers published the highest number of articles, journals such as CA: A Cancer Journal for Clinicians and PLOS ONE had higher impact and citation rates.





Conclusion

By analyzing the volume of AI literature in oncology nursing, combined with the statistical analysis of institutions, core authors, journals, and keywords, the research hotspots and trends in the application of AI in oncology nursing over the past 30 years are revealed. AI in oncology nursing is entering a stage of rapid development, providing valuable reference for scholars and professionals in the field.
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1 Background

As society continues to develop, the incidence of tumors is rising annually, making them a significant threat to global public health. According to data published by the International Agency for Research on Cancer (IARC) (1), approximately 20 million new cancer cases were diagnosed globally in 2022, with 9.7 million resulting in death. By 2050, the number of cancer cases is projected to increase to 35 million. Oncology nursing involves oncology nurses working collaboratively to enhance the survival and quality of life of cancer patients by promoting healthy lifestyles, facilitating early detection, managing symptoms and side effects throughout the disease trajectory, optimizing quality of life, and addressing the unique needs of oncology patients (2).AI (AI) utilizes machine learning (ML), deep learning (DL), and other algorithms to simulate, extend, and enhance human brain functions, enabling computers to perform independent and autonomous intelligent activities (3). With advancements in chip storage, big data processing, and wireless communication technologies, AI research now focuses on machine learning, deep learning, clinical decision support systems (CDSS), and expert systems(ES) (4, 5). AI in oncology nursing can reduce nurses’ workload, enhance their capabilities, and meet various unmet patient care needs. As scientific studies increasingly focus on AI in oncology nursing, identifying research hotspots and trends becomes crucial for scholars and practitioners. Bibliometrics uses statistical data to analyze publications, describing or showing relationships between works. In 1987, Pritchard defined bibliometrics as “the application of mathematical and statistical methods to analyze textual information, revealing its nature and trends in disciplinary development” (6). Recently, bibliometrics has been widely used to study the characteristics of academic publications, including influential countries, journals, institutions, authors, publications, references, and keywords (7). Bibliometrics employs various tools to create graphs and charts that visualize collaborations among countries, institutions, and authors (8). It allows researchers to quickly stay updated on developments and frontiers in a specific research area. The integration of AI into oncology nursing has gained significant attention in recent academic discussions. Despite growing interest, a comprehensive bibliometric analysis of research trends in this area is still lacking. This paper aims to fill this gap by creating a detailed knowledge graph on AI applications in oncology nursing, offering valuable insights for future research and practice.




2 Methods



2.1 Data sources and search strategies

Web of Science (WoS), one of the most widely accessed academic databases, includes over 12,000 high-quality journals and comprehensive citation records (9). Thus, WoS was selected as the target database. The search strategy was: [TS(Topic Search) = (“tumor nursing” OR “cancer care” OR “tumor care” OR “oncological nursing” OR “cancer nursing” OR “oncology nursing” OR “oncologic nursing” OR “cancer management” OR “cancer prevention”) AND (“AI” OR “artificial intelligence” OR “artificial intelligent” OR “intelligence” OR “artificial intellectual” OR “deep learning” OR “machine learning” OR “pattern recognition” OR “neural network”)]. Inclusion criteria: (1) Published literature related to the search topic; (2) English-language articles. Exclusion criteria: (1) Popular science, research findings, patents, conferences, etc. ; (2) Duplicates, notifications, news articles; (3) Incomplete content. After searching and importing the literature into Zotero, two reviewers fully reviewed the texts, and 517 articles were finally included. Relevant articles were saved in plain. txt format for further study, including complete records and cited references.




2.2 Software tools and their functions

The tools employed for this bibliometric analysis encompass the Bibliometrix R package, VOSviewer, and CiteSpace. In this review, Bibliometrix version 4. 0. 0 is utilized to tally published papers and citations, calculate keyword frequency, assess collaboration strength between countries and authors, and generate a three-field diagram for keyword analysis. Temporal overlay features facilitate network visualization over time. In this paper, co-authorship analysis uncovers collaborations between authors and institutions, while co-occurrence analysis highlights associations between different keywords. Temporal overlay features facilitate network visualization over time. CiteSpace serves as a tool for citation analysis and visualization. In this study, CiteSpace identifies frequently cited papers and keywords over time with high citation frequency.Figure 1 presents an overview of the bibliometric process.




Figure 1 | Workflow of the study Click here.







3 Results



3.1 Annual publication analysis

From March 31, 1994, to March 31, 2024, a total of 517 papers related to AI and oncology nursing were retrieved, after deduplication and screening, spanning a 30-year period.Figure 2 shows the number of articles published each year and the cumulative number of articles. From 2003 to 2019, publications steadily increased from 1 article to 135, showing a gradual upward trend. In the last five years, from 2020 to 2024, the output grew rapidly, with a cumulative total of 517 publications by 2024. This highlights the growing attention of scholars to the application of AI in oncology nursing, and the rapid advancement of related research.




Figure 2 | The annual number and the cumulative number of publications.






3.2 National publications and cooperation analysis

Analyzing national publication outputs shows contributions from 80 countries and territories to the literature in this field. As shown in Figure 3, the United States leads with 188 publications, accounting for 36. 4% of the total. China follows with 79 publications (15. 3%), the UK with 38 (7. 0%), and Italy with 21 (4. 1%). This distribution underscores the leading role of the United States in AI and oncology nursing research, with notable contributions from China, the UK, and Italy. Multi-Country Publications (MCP) indicate the number of publications by co-authors from various countries/regions. Although the US had the highest MCP (n=42), its MCP ratio (MCP/articles) was just 22. 3%. Further analysis of collaborations between countries/regions revealed the most frequent ones were between the U. S. and China and Italy (16), followed by the U. S. and the Netherlands (13), Germany (10), and England (10). Among the top 10 partnerships, all except the one between Spain and Italy involved the United States.




Figure 3 | A map of country contribution based on the article output.






3.3 Analysis of institutional outputs and cooperation

The examination of journal article outputs and their impact shows that 358 institutions have engaged in AI and oncology care research.Figure 4 highlights the top 10 institutions, all based in the United States, with Harvard University leading with 29 publications. This study also investigates collaboration among research institutions through co-authorship analysis, visualized in a clustering network. In this network, dot size represents the publication count per institution, while dot color signifies clusters based on collaboration intensity. Thirty institutions are divided into eight clusters, with the red cluster containing the most institutions, totaling ten. The clustering network with temporal overlap analysis reveals that dot colors indicate the average annual number of AI-related publications in oncology care. Early contributors in this field include institutions like Imperial College of Science and Technology and Unilever. Recently, Peking Union Medical College Hospital and the Chinese Academy of Sciences have been highly active in AI oncology research




Figure 4 | The top 10 institutions with the most publications.






3.4 Analyzing the output and impact of journal articles

Among all journals, 297 were involved in publishing the 517 articles retrieved in this study. Regarding journal impact, impact factor (10) and JCR (11) are effective indicators for assessing journal influence.Table 1 lists the top 10 journals by article output along with their latest impact factors (IF). Both Cancers and Frontiers in Oncology, based in Switzerland, have similar influence, with Cancers ranking first, contributing 37 articles. Of the top 10 journals, two are categorized under Journal Citation Reports (JCR) Quartile 1 (Q1). Five publishers are based in the United States, two in the United Kingdom, and the remaining ones in Switzerland, Canada, and the Netherlands. Additionally, despite China’s significant contributions to the field, no Chinese journals have entered the top 10, indicating room for growth in establishing internationally influential journals.


Table 1 | Top 10 journals with most articles about tumor care and artificial intelligence.






3.5 Author impact and collaboration analysis

A total of 3414 authors contributed to studies on AI and oncology care.Table 2 identifies Repici Alessandro as the most prolific author, with an H-index of 71 and 5 publications. He is followed by Aerts Hugo J. W. L. (H-index of 67), Almangush Alhadi (H-index of 26), and Alabi Rasheed Omobolaji (H-index of 12), each having 4 publications. Clustering network analysis revealed the collaborative relationships among these researchers. The size of the dots in the network represents the number of publications by each author, while the colors indicate different clusters based on collaboration strength. A total of 61 authors were grouped into 4 clusters, which were dispersed without forming a large, unified cluster. There was no collaboration between these different groups. A time-overlap plot of co-authorship analysis for 30 researchers highlighted Wenya Linda Bi MD and Luengo-Fernandez as active contributors to AI and oncology care research.


Table 2 | Top 10 authors with the most articles about tumor care and artificial intelligence.






3.6 Most cited articles

The most-cited articles in a specific field reveal the impact of the research. An analysis of the top 10 most-cited articles shows that these publications appeared between 2017 and 2021, with 30% of them cited more than 15 times. The most-cited article, “Global Cancer Statistics 2020: GLOBOCAN Estimates of Incidence and Mortality Worldwide for 36 Cancers in 185 Countries,” was published in CA: A Cancer Journal for Clinicians in 2021 (12). This paper, using the latest data from the International Agency for Research on Cancer, highlights the global burden of cancer, with an estimated 19. 3 million new cases and nearly 10 million cancer deaths worldwide in 2020 (excluding non-melanoma skin cancer). Building advanced infrastructure for cancer prevention and care is crucial for global cancer control. The second most-cited article, “Artificial Intelligence in Cancer Imaging: Clinical Challenges and Applications,” published in CA: A Cancer Journal for Clinicians in 2019 (13), discusses the significant potential of AI in cancer imaging but notes challenges such as privacy, interpretability, and data quality. As technology and regulations evolve, AI is expected to play a key role in early detection, diagnosis, and personalized treatment of cancer.




3.7 Citation burst analysis

Citation burst analysis is a method provided by CiteSpace that identifies significant changes in references and keywords over a specific period. In citation burst analysis for references or keywords, burst strength indicates the intensity of attention and discussion a reference or keyword has attracted. A sudden citation burst reflects both the duration of citations and whether the reference has recently gained attention in the field. It also provides insight into research trends. The top 25 most-cited references are displayed in the citation burst analysis graph. A dark blue line represents the citation duration from 1994 to 2024, while the red line shows the period of the citation burst. The shortest burst period is two years. The strongest citation burst was for the article by Sung H et al. (12), titled “Global Cancer Statistics 2020: GLOBOCAN Estimates of Incidence and Mortality Worldwide for 36 Cancers in 185 Countries” (citation burst from 2022 to 2024, burst strength = 9. 17). This article highlights the global burden of cancer and the critical need to apply existing cancer control interventions and increase financial and technological support for prevention and treatment to reduce cancer mortality. With technological advancements, AI is increasingly demonstrating its unique advantages in cancer prevention and control. The second-strongest citation burst was for the article by Esteva A (14) titled “Dermatologist-level classification of skin cancer with deep neural networks” (citation burst strength = 5. 85). This paper applied a large dataset of clinical images to train deep neural networks, using pixels and disease labels as input, and demonstrated AI’s ability to classify skin cancer at a level comparable to dermatologists. Mobile devices equipped with deep neural networks could expand diagnostic coverage and reduce costs. Between 2023 and 2024, seven articles experienced consecutive citation bursts, with the highest burst strength of 3. 52 for the reference “High-performance medicine: the convergence of human and artificial intelligence” (15). The second most prominent was “Artificial Intelligence in Cancer Research and Precision Medicine” (16).




3.8 Keyword co-occurrence analysis

A total of 506 keywords were collected in this study.Figure 5 displays the top 20 keywords ranked by frequency. The term “artificial intelligence” was the most frequent, appearing 131 times, followed by “machine learning” (n = 103) and “breast cancer” (n = 70). Among the top 20 keywords, cancer types such as “breast cancer” (n = 70), “colorectal cancer” (n = 29), “lung cancer” (n = 28), and “prostate cancer” (n = 27) were highly represented, all of which are associated with common cancer cases.Figure 6 further illustrates the proportion of core topics for each institution and country, highlighting the connections and distributions between countries, institutions, and keywords related to AI and oncology. In general, nearly all institutions and countries contributed to the 11 themes represented by the keywords, though some differences were observed. For instance, the University of Helsinki showed a greater interest in “machine learning,” “deep learning,” and “artificial intelligence,” whereas the University of Washington was more involved in “cancer” research, with limited focus on AI applications in cancer prevention and treatment. Notably, Stanford University conducted research on “prostate cancer,” while the State University System of Florida concentrated more on “deep learning” and “radiomics. ” At the national level, the United States and China made significant contributions to these hot topics. However, China’s focus was more on AI than cancer prevention research, especially in keywords like “artificial intelligence,” “machine learning,” “breast cancer,” and “deep learning. ” In contrast, Germany exhibited lower interest in “oncology” and “cancer care,” and France showed less focus on “lung cancer. ” A co-occurrence analysis included 42 keywords.Figure 7 shows the keyword network, where node size represents keyword frequency, node color indicates clusters, and line thickness reflects the strength of relationships between keywords. Keywords with closer associations were grouped into the same cluster. The 42 keywords were divided into 10 clusters. Cluster 1, colored red (containing seven keywords), focused on topics such as prognosis and prevention, including “disparity,” “model,” “mortality,” “prevention,” and specific cancer types like “colorectal cancer. ” Cluster 2, colored green (six keywords), concentrated on cancer biomarkers and expression, including keywords such as “biomarkers” and “expression,” as well as cancer types like “carcinoma,” “lung cancer,” and “prostate cancer. ” Cluster 3, in blue (six keywords), emphasized the application of modern technologies, including “artificial intelligence” and “big data,” as well as cancer care-related keywords such as “cancer care,” “health care,” “oncology,” and “radiotherapy. ” Yellow Cluster 4 focused on cancer diagnosis, with keywords like “radiomics,” “classification,” “diagnosis,” “segmentation,” “validation,” and “deep learning. ” Purple Cluster 5 primarily addressed cancer risks, including “cancer prevention,” “metastasis,” “risk,” and cancer types like “breast cancer” and “prostate cancer. ” Light blue Cluster 6 was concerned with cancer care, featuring keywords such as “care,” “health,” “quality of life,” and “breast cancer. ” The remaining two clusters, in orange and brown, contained other keywords like “artificial intelligence,” “machine learning,” “cancer,” and “prediction. ” Figure 8 presents a temporal overlap analysis of these co-occurring keywords. The colors, ranging from dark blue to light blue and dark yellow, represent the average active years of the keywords. In the earlier stages of research, keywords such as “disparity,” “prevention,” and “carcinoma” were predominant. With technological advances, keywords like “artificial intelligence,” “machine learning,” “deep learning,” and “oncology” have gained prominence in recent years.




Figure 5 | The top 10 most used keywords.






Figure 6 | Three-field plot of the keywords plus analysis on tumor care and artificial intelligence (Left field: institutions; Middle field: keywords; Right field: countries).






Figure 7 | Keyword co-occurrence network (VOSviewew).






Figure 8 | Keyword co-occurrence plus time-overlapping network (VOSviewew).






3.9 Keyword citation burst analysis

Figure 9 highlights the top 25 keywords with the most significant citation bursts. “Alaska natives” (2004-2018, 14 years) and “artificial neural network” (2007-2017, 10 years) showed the longest citation bursts. Additionally, keywords such as “deep learning” (2019-2022), “trend” (2021-2022), “model” (2021-2024), and “human papillomavirus” (2022-2024) have gained considerable attention in recent years, indicating these keywords reflect popular and emerging research themes.




Figure 9 | The top 25 keywords with robust citation bursts.






3.10 Analysis of different tumor types

Table 3 highlights the most studied tumor types in the field of AI and oncology care. We counted the total number of articles for each tumor type. Tumor types with only one published paper, such as esophagogastric cancer and abdominal cancer, were categorized as “other. ” The top five tumor types were ranked based on the frequency of keywords in the top five articles. Breast cancer ranked first, appearing in 71 papers. Colorectal cancer, lung cancer, prostate cancer, cervical cancer, and bladder cancer followed, ranking from second to sixth.


Table 3 | Top 13 interesting cancer types.







4 Discussion

Over the past 20 years, research on the application of AI in oncology care has made significant progress. Using bibliometric tools, we objectively mapped the trends in this field, including the growth of annual publications, contributing countries and institutions, co-occurrence patterns of authors and keywords, and key research topics and hotspots. This study only included English-language articles from the Web of Science (WOS) database, which may have excluded some valuable research. However, given the broad coverage of WOS, our findings appropriately reflect the primary trends and focal points in this area. Based on the categorization of keywords, we highlighted the major research hotspots, recent advancements, challenges, and potential solutions in the intersection of AI and oncology care.



4.1 Advances in AI in oncology care

In 2003, Kirty S. Solanky et al. first applied biofluid nuclear magnetic resonance spectroscopy in a mouse model, discovering that tea polyphenols can influence the bioavailability and metabolic responses of living systems, with cancer prevention and anti-inflammatory effects. This marked a new chapter in the application of AI in cancer prevention and treatment (17). Based on the number of published articles, the growth trend can be divided into two phases: a slow growth phase and a rapid growth phase. From 2003 to 2019, the annual number of publications remained under 30, representing the slow growth phase. However, in 2020, a significant increase in annual publications related to AI and oncology care was observed. From 2020 to 2024, the field entered a phase of rapid growth, suggesting that research on AI in oncology care will likely remain active and robust in the coming years. The underlying cause of this trend may be the increasing role AI plays in transforming oncology care as AI technologies continue to advance. The growing attention and support from scholars in this area is one of the key drivers behind the recent surge in publications.

This study aims to analyze the scientific hotspots in the field of AI and oncology care by examining publications, references, and keywords. The cited papers reflect the core themes of a specific research area and help identify emerging research trends. Overall, the top ten most cited articles focus on several key areas: the growing global cancer burden driving AI development and the rapid expansion of AI in oncology-related disciplines. Among the most frequently cited publications, the American Cancer Society (18) projected that in 2022, there would be 1,918,030 new cancer cases and 609,360 cancer-related deaths in the United States, with approximately 350 daily deaths from lung cancer. Although advancements in early diagnosis, surgical techniques, and targeted therapies have reduced cancer mortality, the incidence of breast cancer and advanced prostate cancer has been exacerbated by disparities in race, socioeconomic status, geography, and unequal access to interventions. Reducing cancer mortality requires urgent implementation of existing cancer control measures and increased financial support for prevention and treatment technologies. With technological advancements, AI has demonstrated unique advantages in cancer prevention and treatment. In 2017, Esteva (14) trained deep neural networks using large clinical image datasets, achieving skin cancer classification performance comparable to that of specialists. Mobile devices equipped with deep neural networks have the potential to expand diagnostic accessibility and reduce costs. In 2018, Joshua D. Cohen (19) discovered that the CancerSEEK test, which detects eight common cancer types through blood tests, could identify early-stage cancers and determine the origin of the cancerous tissue. In 2019, Diego Ardila (20) applied a deep learning model to enhance the accuracy, consistency, and adoption of global lung cancer screening, creating opportunities to optimize the screening process through computer-assisted and automated approaches. The top 10 countries in this research area accounted for 78% of the total publications. The U. S. leads in both publications and international collaborations, reflecting its economic strength and substantial investments in healthcare. Although China ranks second in publications, it has fewer top institutions, indicating a need for enhanced research competitiveness through both domestic and international cooperation. With the highest total number of publications, nearly all of the top 20 organizations are from the United States. Despite China’s second rank in publications, only two of its institutions are in the top 20. England, ranking third in publications, has no institutions in the top 20. Two Chinese institutions, the Chinese Academy of Medical Sciences - Peking Union Medical College and the Chinese Academy of Sciences, have been particularly active in recent years. Enhancing research competitiveness through both domestic and international cooperation is crucial.

In the field of oncology care, Dean F. Sittig from the U. S. Health Research Center predicted in 2006 that cancer incidence rates for many types of cancer would significantly increase by 2015 (21). AI is expected to have the most impact on early detection, diagnosis, treatment, survival, and palliative care for patients, caregivers, and clinicians during cancer diagnosis and treatment. AI applications are likely to be first adopted by radiologists (20, 22) and pathologists (19) for early cancer detection and diagnosis, leveraging high-quality digital images and remote expert consultations. Clinicians, by reviewing patients’ electronic health records, can request local or remote cancer experts to assess current treatment plans, thereby improving diagnostic efficiency (23). Simultaneously, robotic surgery systems are being developed for remote surgical operations by surgeons (24, 25). Caregivers may also participate in post-discharge daily care through online platforms, helping patients and their families manage illnesses more actively and effectively (26, 27). In 2016, Dr. Richard Wagland from the University of Southampton’s School of Health Sciences developed and tested a machine learning-based text mining method for identifying specific free-text comments in large datasets, which facilitated the analysis of patient care experiences. This led to the creation of a model explaining the impact of care quality on health-related quality of life (HRQoL). The findings indicated that perceived care quality directly influences HRQoL (28). In 2019, Nathalie Reix (29) used machine learning to develop a new therapeutic decision tree incorporating uPA/PAI-1. The results suggested that uPA/PAI-1 alone should not be used as the sole indicator for chemotherapy in breast cancer care. Instead, a comprehensive assessment using additional biomarkers is needed, and further refinement of the decision tree is required to generate new chemotherapy indication protocols. At the beginning of 2020, Frank J. Penedo (30) published an article in Lancet Oncology, highlighting the growing value of e-health in providing patient-centered cancer care, marking a shift beyond traditional in-person care models to real-time, dynamic, and technology-assisted assessments and interventions. By improving communication between patients and providers, enhancing symptom and toxicity assessments, and optimizing patient engagement throughout the cancer care continuum, e-health has shown significant potential in delivering oncology care. As AI rapidly advances in oncology care, ethical issues have become more prominent. In 2024, Hantel A (31) conducted a cross-sectional survey of 204 oncology specialists regarding AI ethics in cancer treatment. The survey found that 84. 6% of U. S. oncologists believe oncologists should explain how AI models generate results, and 81. 4% agreed with using AI to assist in cancer treatment decisions. However, 47. 1% of oncologists felt that legal issues related to AI use in healthcare are the responsibility of physicians. Despite the majority of oncologists acknowledging the need to protect patients from biased AI, few felt confident in their ability to do so. These ethical concerns may hinder the effective application of AI in cancer treatment.

The most frequently used keywords are primarily related to “artificial intelligence,” including terms such as “machine learning,” “deep learning,” “big data,” “convolutional neural network,” “classification,” “diagnosis,” “prediction,” and “expression. ” A group of related keywords includes “cancer,” “breast cancer,” “colorectal cancer,” “lung cancer,” and “prostate cancer. ” Additionally, specific populations such as “women” and “postmenopausal women” are highlighted. However, temporal overlap analysis is not designed to identify the most commonly used keywords but rather to detect those that have been used more recently. Keywords such as “risk factors,” “system,” “deep learning,” “recurrence,” “trends,” “model,” and “human papillomavirus” represent current research hotspots. Regarding references, since 2022, six papers have experienced citation surges that have continued into 2024. Two significant studies—Sung H (12), which provided global cancer statistics, and Siegel RL (18), which reported new cancer cases and mortality in the U. S. —highlight the severity of the global cancer burden. In 2019, Dr. Wenya Linda Bi and colleagues (13) proposed that AI would enhance clinicians’ ability to interpret cancer imaging, gradually advancing AI technology toward clinical application and influencing the future direction of cancer treatment. In 2020, Italian gastroenterologist Alessandro Repici (32) evaluated the safety and effectiveness of a deep learning-based CADe system for detecting colorectal tumors, demonstrating that the system could reduce the miss rate of colorectal tumors during colonoscopy, showcasing AI’s advantages in endoscopic imaging. In the same year, another study explored the introduction of next-generation sequencing (NGS) platforms to address drug resistance and identify therapeutic targets, enhancing cancer diagnosis and prognosis prediction. This marked a new chapter in precision oncology and provided a foundation for cancer-specific follow-up care (33). The citation trends align with the keyword trends, emphasizing the role of AI in various medical fields, the development of cancer epidemiology, and the exploration of cancer risk factors through AI.




4.2 The application of AI in oncology care: challenges and prospects

Given the diverse patient population, various cancer types, diagnostic procedures, treatments, and disease trajectories, understanding how AI can be applied in oncology is crucial. This helps identify knowledge gaps that need to be addressed to improve patient care and professional practice. It also suggests necessary changes in cancer care education, clinical practice, research, and policy. In the near future, research on AI in oncology care may focus on several key areas: 1. Health Education and Awareness: Data analysis shows that increasing public health awareness has been proven to be a key factor in reducing cancer incidence (34). Researchers have developed various methods to enhance health awareness, including chatbots (35), game-based learning tools (36), animated videos (37), and social media (38), which play critical roles in promoting health-related knowledge. Since most exploratory studies have been conducted in developed countries (36), future research may expand to developing and underdeveloped regions to explore the applicability of AI in various cancer populations. 2. Symptom Management: Symptom management is a critical component of oncology care. Studies (39, 40) have shown that effective symptom management can lead to early detection of cancer progression and improved quality of care. With advancements in AI and the Internet of Things (IoT), remote and real-time symptom detection can assist healthcare providers in better managing symptoms. Beck (41) developed the “SymptomCare@Home” system, an AI-powered symptom monitoring and management tool. It provides daily symptom tracking, self-management guidance, and alerts for patients, assisting nurses with evaluation, education, support, and medication interventions to enhance symptom control outside the hospital. Smartphones equipped with location, gaming, and visual functions have been used to predict conditions such as depression (42), anxiety (43), pain (44), and cancer-related cognitive impairment (45), as well as assess patients’ quality of life (46). Remote symptom assessments can improve home care, enable early detection of complications, and enhance patients’ quality of life. 3. Care Coordination: Cancer patients often require multiple treatment modalities, involving coordination across various disciplines and hospitals. Care continuity is essential for patient outcomes (47, 48). To improve care coordination and symptom management, nurse navigators guide cancer patients through the care pathway from the initial imaging screening. AI can assist in directing, communicating, and supporting patients throughout the care process. It helps navigators predict emergencies, assess physical conditions, and provide consultations, enabling the automated planning of care pathways and allocation of appropriate healthcare units (49). AI-driven decisions are based on objective indicators such as pain, risk, and cost, allowing for rational resource allocation during care coordination (50, 51). In the future, AI-assisted systems will be refined to help nurse navigators improve care coordination, identify non-compliant care arrangements, and make necessary adjustments. 4. Drug Preparation and Injection: Traditional cancer drug preparation carries risks of accidental exposure through inhalation, ingestion, or skin absorption. With technological advancements, AI-powered drug preparation systems have made significant progress (52–54). Automated drug injection, particularly for oncology-related medications, is a growing area of interest. As research into biologics progresses, more cancer patients can receive treatment at home. AI enhances the safety of drug administration (55), provides intelligent analysis to increase patient engagement, and guides treatment decisions (56). AI-based disease management systems can track or predict patient outcomes, either independently or in clinical settings. The application of AI in drug development will further accelerate drug discovery and clinical trial design. AI models can screen large molecular datasets to predict potential anticancer drugs and design personalized drug combinations (55). 5. Decision Support: AI models can link histological features to clinical outcomes (22), offering opportunities to improve prognosis assessments. For example, using AI to classify cancers with a high likelihood of metastasis can help match patients with the most appropriate treatments, thereby avoiding overtreatment. Future research is likely to focus on precision oncology approaches related to AI (56). AI will play a key role in integrating multiple data types, such as genomics, imaging, pathology, and clinical data. Multimodal data integration is expected to provide a more comprehensive analysis of tumor characteristics, enhancing the precision and personalization of treatment (57). As patient-centered care continues to evolve, AI can facilitate proactive pain assessment and intervention, ensuring high-quality pain management for cancer patients. Intelligent systems (58, 59) can assist nurses in timely and convenient detection and alleviation of patient distress, enabling targeted care interventions for high-risk patients. 6. Clinical Practice Validation: As AI becomes more integrated into clinical oncology, cancer nurses will need additional training in machine learning and natural language processing. The lack of standardized health data in oncology hampers the testing, validation, certification, and auditing of AI algorithms and systems, limiting their generalizability and applicability. In the future, oncology nurses will need to incorporate AI tools into clinical practice only after predictive models have been clinically validated (60), further advancing the clinical application of AI in oncology care. In practice, oncology nurses must also emphasize the importance of addressing AI-related privacy concerns (61) and clinical accountability.

AI technologies, particularly machine learning (ML), deep learning (DL), and natural language processing (NLP), have demonstrated immense potential in handling large, complex datasets and automating analysis. ML is widely used in cancer diagnosis and prognosis prediction, especially for analyzing patient genomic data, medical images, and electronic health records (EHRs). DL techniques, particularly convolutional neural networks (CNNs), have made significant advances in medical imaging analysis, enabling automated tumor detection (62), optimization of radiotherapy planning (63), and integration of multimodal data (64). NLP shows great promise in automating the processing of medical text data and analyzing EHRs, with applications in oncology care, including automated EHR analysis (65) and literature reviews for knowledge extraction (66). However, key challenges remain for the broader application of AI in cancer care, particularly regarding explainability, generalizability, and integration into existing clinical workflows. The “black box” nature of AI limits clinicians’ ability to interpret its decisions. Developing interpretable models (e. g. , rule-based models or visualization tools) is essential to ensure the reliability of AI decisions and to build trust between clinicians and patients (67). AI systems must demonstrate strong generalizability across diverse patient populations to ensure their effectiveness across different racial, gender, and socioeconomic groups. However, many AI models are trained on data from specific populations, which can result in inaccurate diagnoses or inappropriate treatment recommendations. Future research should focus on ensuring data diversity, encompassing various races, genders, and pathological types, to reduce potential biases and improve the generalizability of models for all patient groups (68). Seamlessly integrating AI systems into existing clinical workflows presents a significant challenge (57). Clinicians are accustomed to their current work processes, and forcibly introducing new AI systems may increase workflow complexity and reduce efficiency. Therefore, AI tools must be designed to integrate with existing systems, such as electronic health records (EHRs), while maintaining ease of use and efficiency. Additionally, enhancing AI training for clinicians is essential so they can understand and apply AI-generated recommendations effectively. In cancer care, the integration of AI poses numerous challenges and ethical concerns, particularly related to data privacy, algorithmic bias, and the impact on the patient-provider relationship. AI systems rely on vast amounts of patient data, increasing the risk of privacy breaches. Patient data, if not properly anonymized, could be shared, leading to violations of privacy rights. For instance, AI systems based on EHRs may face risks of data leakage and misuse. Algorithmic bias can also negatively affect health outcomes for certain groups, especially those underrepresented in training data. This bias may result in misdiagnosis or improper treatment, particularly for patients of different races, genders, or socioeconomic backgrounds. Research shows that models trained on imbalanced data may fail to treat minority group patients fairly (68). The widespread use of AI could potentially weaken communication and trust between doctors and patients. As more decisions are made by AI systems, the role of doctors in providing personalized care may be diminished, which could affect patient experience and trust (69). Therefore, it is crucial to balance technological advancements with human-centered care when implementing AI.

This study has certain limitations. First, as a bibliometric analysis, the data collection and processing are highly dependent on software tools. Citespace uses time-slicing analysis to identify research evolution and emerging terms over different time periods. However, this strong reliance on methodology may lead to potential biases or insufficient coverage of research outcomes. Despite this, time-slicing analysis effectively illustrates dynamic changes within a field, offering a valuable perspective on evolutionary trends (70). VOSviewer, a distance-based visualization tool, may face limitations when analyzing smaller or incomplete datasets, and its dependence on database citations and keywords could result in inaccurate mapping. Nevertheless, VOSviewer provides structured visual representations of relationships between publications, offering an intuitive perspective for overall analysis (71). Bibliometrix, which leverages various R packages for quantitative visualization, requires higher programming skills from users, and its visualization tools are relatively basic. However, Bibliometrix offers flexible bibliometric capabilities, providing a highly scalable quantitative analysis approach and robust data mining abilities for comprehensive analysis (72). Secondly, this study only included English-language articles from the Web of Science (WOS) database, which may have resulted in the omission of some valuable research. However, given the broad coverage of WOS across most fields, this limitation is not expected to significantly impact the overall trend analysis. Thirdly, due to the citation lag, the influence of some recently published high-quality studies may be underestimated, which requires attention and updates in future research. Nevertheless, this study provides academic insights into the development trends, key topics, and emerging areas of AI in oncology care. In conclusion, the relationship between AI and oncology care is receiving increasing attention, with research in this area experiencing rapid growth. Future research should focus on several key directions: (1) the development and application of AI across medical fields, particularly in precision medicine; (2) personalized treatment plans; (3) clinical validation of AI prediction models; and (4) overcoming the challenges AI faces in oncology clinical practice. Through bibliometric analysis, this study systematically reveals the global research trends in AI applications in oncology care, providing valuable reference points for future research. As technology continues to advance, AI is expected to play an increasingly important role in promoting the intelligent and personalized development of healthcare services in oncology care.





5 Conclusions

The bibliometric analysis uncovers research hotspots and trends in AI applications within oncology nursing, indicating a rapidly evolving field with growing attention and support. Promising directions for future research include:1. The development and application of AI in various medical fields, especially in Health Science Awareness Dissemination and precision medicine. 2. Personalized treatment plans. 3. Clinical validation and practical application of AI predictive models. 4. Addressing challenges faced by AI in clinical oncology practice. In conclusion, this bibliometric analysis systematically reveals global research trends in the application of AI in oncology care, providing valuable insights and references for future research. With ongoing technological advancements, AI is expected to play an increasingly significant role in oncology care, driving the development of intelligent and personalized medical services.
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