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Cancer is a major public health problem worldwide, and early detection through risk awareness and screening is critical for improving patient outcomes. Although modern medicine has made certain progress, there are still many unmet clinical needs in areas such as precise diagnosis, precise treatment and risk assessment.Traditional strategies to promote public awareness and optimize screening programs face persistent challenges. With the development of modern science and technology, artificial intelligence (AI) has gradually become an important force driving innovation in the field of oncology.Recent advances in artificial intelligence, particularly large language models (LLMs), have introduced new opportunities to address these barriers by enabling personalized risk communication, predictive analytics, and automated decision support. By summarizing recent advances in the application of artificial intelligence to early cancer detection, this review seeks to propose innovative strategies for early screening and precise diagnosis, ultimately aiming to reshape the landscape of cancer prevention and treatment.
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1 Introduction

Cancer remains one of the leading threats to human health worldwide, imposing a substantial burden on individuals and society (1, 2). Although medical advancements have enabled an increasing number of patients to receive effective treatment, their quality of life and long-term survival rate remain an important concern (3, 4).

Early detection refers to the early identification and intervention of cancers or precancerous lesions that can improve survival rates or reduce incidence rates, including screening for asymptomatic populations and diagnosis of cancer at an early stage (5). The purpose of early detection is to identify secondary cancers or precancerous lesions at the earliest point in time when intervention can improve survival rates or reduce incidence rates. Research and development in early cancer detection has brought substantial health benefits (6, 7); however, many cancers are still frequently diagnosed at advanced stages, where the prognosis is often poor. Patients with advanced-stage cancer may miss the optimal window for therapeutic intervention, and costly late-stage systemic treatments are commonly associated with severe side effects and poorer outcomes. Building on the success of early detection and expanding its application to other cancer types could significantly improve patient outcomes (8–10). Effective early detection strategies require careful consideration of the disease’s epidemiological characteristics, the accuracy and cost-effectiveness of detection technologies, patient acceptance, and the availability of medical resources. Under the premise of ensuring high diagnostic accuracy and a low rate of missed diagnoses, the selected detection technology should be as simple, cost-effective, and minimally invasive as possible (5).

Currently, cancer risk management faces three core challenges: insufficient public awareness (11, 12), screening accessibility differences (13, 14), and weak cross-sectoral collaboration (15). These challenges highlight that current cancer prevention and control efforts continue to face a substantial disease and economic burden—both of which are projected to increase in the future. The prolonged treatment duration and high costs associated with malignant tumors, along with the frequent hospitalizations of cancer patients, impose significant financial and psychological stress on patients and their families. Furthermore, these factors place a considerable strain on healthcare systems, the national economy, and overall social development. In light of this alarming situation, it is imperative to implement comprehensive cancer prevention and control strategies on a global scale.

With the continuous advancement of computer technology and statistics, doctors and computer professionals can now closely collaborate in areas such as early cancer screening and improving prognosis. Artificial intelligence encompasses technologies that employ computational systems to simulate human-like intelligent behaviors for problem-solving. In recent years, alongside advancements in computing power and the accumulation of massive datasets, the application of AI across diverse fields has advanced rapidly. Notably, within the medical domain, AI has demonstrated substantial potential and practical efficacy (16).

Currently, digital health, deep learning (DL) and LLMs are working together to expand the boundaries of cancer recognition and screening. For example, digital health platforms facilitate risk communication and real-time monitoring through mobile applications and wearable devices.AI-based imaging algorithms have demonstrated the ability to increase lesion-level cancer detection by 1.9- to 3.8-fold across multiple organ sites: prostate-MRI sensitivity rose from 67% to 88% with AI assistance (17), supplemental MRI triage driven by AI tripled the additional breast-cancer yield compared with standard density-only protocols (18), In addition, the latest LLMs have increased the accuracy of patient education, personalized Q&A, and real-time interventions to over 90%, while significantly reducing the communication time between doctors and patients (19–22).

To address the key challenges outlined above, this review will focus on four main areas: (1) the current status of cancer risk factors and screening practices; (2) the application of artificial intelligence and digital technologies in cancer screening and management; (3) strategies to enhance public understanding of cancer risk factors; and (4) the future dierctions of AI in cancer risk awareness and screening management (Figure 1).
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Figure 1 | Conceptual framework of AI-enabled cancer awareness and screening: challenges, interventions, and future directions.schematic overview of the narrative review framework, illustrating three core components: (1) Top: Global cancer burden (incidence/mortality, high-priority cancers, regional disparities) and current gaps in awareness (low recognition of screening importance) and screening (low coverage, inefficient workflows, over/under-screening); (2) Middle: AI-enabled interventions targeting these challenges, including risk prediction (multi-source data integration), awareness enhancement (AI chatbots, targeted outreach), and screening management (AI-aided diagnosis, automated reminders); (3) Bottom: Future directions driven by multi-omics integration, large language models (LLMs), and wearable devices, which synergistically advance personalized and proactive cancer screening.

This study employed a narrative review approach guided by the PRISMA-Scoping Review framework to comprehensively explore the application of AI in enhancing cancer risk awareness and screening management. Relevant electronic databases, including PubMed, Scopus, and Web of Science, were systematically searched using appropriate keywords and controlled vocabulary terms related to “artificial intelligence,” “machine learning,” “deep learning,” “large language models,” “cancer risk,” “awareness,” and “screening.” Titles and abstracts were initially screened to identify potentially relevant studies, followed by full-text evaluation based on predefined inclusion and exclusion criteria. Studies were included if they focused on AI applications in cancer risk prediction, awareness improvement, or screening optimization, and were published in English. Studies unrelated to cancer prevention or screening, non-English articles, and those without full-text availability were excluded. The findings were synthesized and presented narratively, highlighting key themes, current challenges, and emerging trends in AI-driven approaches for improving cancer risk awareness and screening practice.




2 Cancer risk factors and screening: current landscape

The primary goal of cancer screening is to reduce mortality by detecting preinvasive or early-stage disease when treatment is most likely to be effective (23). In recent decades, significant progress has been made in cancer screening strategies. Across successive generations of clinical practice, screening guidelines for various cancer types have been continuously updated, enabling the earlier detection of lesions and thereby improving patient outcomes through timely intervention.

However, excessive or inappropriate screening may lead to unintended consequences, such as test-related complications, false-positive results, increased patient anxiety, and additional financial burden (23). Therefore, there is an urgent need to develop and adopt tailored screening strategies that are appropriate for the specific contexts of different countries and regions. Table 1 summarizes the currently recognized screening strategies for several major cancer types (24–32).


Table 1 | Current screening strategies for major cancers.
	Cancer type
	Screening strategy



	Lung cancer (24)
	Based on the NLST and NELSON trials, LDCT is the only modality proven to reduce lung-cancer-specific mortality and is recommended for high-risk individuals


	Liver cancer (25)
	Biannual liver ultrasonography combined with serum α-fetoprotein measurement is the cornerstone for early detection in high-risk patients, such as those with cirrhosis or chronic hepatitis B infection.


	Prostate cancer (26–28)
	Shared decision-making for PSA-based screening in men aged 50–69, with individual risk stratification (family history, African ancestry). Screening interval: every 2–4 years if PSA < 1 ng/mL. Avoid routine screening in men >70 or life expectancy <10–15 years.


	Breast cancer (29)
	Contemporary consensus guidelines recommend initiating a shared decision-making conversation about mammographic screening at age 40, balancing potential benefits against associated harms.


	Colorectal cancer (30)
	The recommended starting age for population-based screening has been lowered to 45 years.


	Gastric cancer (31)
	In high-incidence regions, biennial upper-gastroscopy or double-contrast barium radiography is advised for individuals ≥ 50 years.


	Cervical cancer (32)
	All individuals with a cervix aged 21–65 years should undergo cervical cancer screening at least every five years.





LDCT, low-dose computed tomography.



It is well known that most types of cancer can be prevented by adopting a healthy lifestyle, but there are still some cancers that cannot be prevented (33). Therefore, appropriate interventions for preventable cancers can yield substantial benefits, making the development of effective screening and prevention strategies a critical issue that needs to be addressed. Previous literature has systematically classified cancer risk factors into two major categories: “modifiable” and “unmodifiable”, and quantified their population attribution risks (33). Modifiable factors such as smoking, drinking, obesity, lack of exercise, poor diet, type 2 diabetes, hypertension and infections (such as HPV, HBV) can explain 30% to 70% of cancer cases. Active intervention of these factors can significantly decrease the lifetime cancer risk (34–37). Non-modifiable risk factors include increasing age, male sex, ethnic background, family history of cancer, and inherited high-penetrance mutations such as BRCA1/2 and CDKN2A. In addition, somatic mutations that accumulate during DNA replication also contribute to cancer susceptibility. These factors largely determine an individual’s inherent risk and are typically not preventable (33, 34, 36, 37).

The current traditional cancer awareness and screening models have three major limitations, and these limitations are particularly prominent among low-resource or marginalized populations. First, low participation rates; For lung cancer, a 2017 nationwide study revealed that just 3.9% of high-risk current or former smokers had undergone low-dose CT (LDCT) screening within the previous year (38).Even in organized national programs for screening breast cancer and cervical cancer, the overall population participation rate is still less than 50-60% (39–42). Participation rates were even lower for marginalized groups (rural, ethnic minorities, immigrants, people with low incomes or severe mental disorders) (42, 43).A meta-analysis incorporating 658 studies covering breast cancer, cervical cancer, lung cancer, colorectal cancer, gastric cancer, and prostate cancer also highlighted that barriers to cancer screening across multiple tumor types are complex, encompassing demographic and patient-level factors, socioeconomic factors, provider and community challenges, and access to healthcare. Screening rates for these cancers remain consistently low (44). Second, an equity gap persists, reflected in disparities across urban and rural areas, socioeconomic status, cultural backgrounds, and language, all of which contribute to significant inequalities in access to cancer screening. For example, the coverage rate of cervical cancer screening in rural China is approximately 25%, compared to over 35% in urban areas (39). Moreover, rural cases are often diagnosed at more advanced stages and are associated with higher mortality rates (45, 46). Furthermore, research indicates disparities in breast, colorectal, and lung cancer outcomes across different populations, particularly among underrepresented minorities and individuals with lower socioeconomic status. This underscores the significant reality of unequal access to screening (47). Third, the traditional “one-size-fits all” age or gender criteria cannot identify the true ultra-high-risk individuals, resulting in overscreening of low-risk populations and missed detection of high-risk populations (48, 49). Moreover, both the public and healthcare providers show limited acceptance of personalized screening based on genetics and lifestyle factors, expressing concerns about algorithm transparency, privacy, and fair resource allocation (50).




3 AI and digital technologies in cancer prevention and screening



3.1 AI for risk assessment and prediction

The field of oncology is experiencing rapid development in the application of big data and artificial intelligence. Recent advances in artificial intelligence have facilitated the integration and analysis of multi-modal data across scales. These methods are increasingly being applied to extract insights from large and complex datasets, with several studies demonstrating their utility in oncology settings. The application of machine learning in the medical field, particularly in oncology, has become increasingly widespread in recent years. The complexity and heterogeneity of cancer provide a large amount of multimodal data, creating application conditions for machine learning.

Artificial intelligence has shown great promise in cancer risk prediction, encompassing several key approaches. One major area involves the use of machine learning models for personalized risk stratification based on individual-level features such as genetics, lifestyle, and clinical history. Additionally, the integration of electronic health records (EHRs) and large-scale population data enables the identification of high-risk individuals and groups through pattern recognition and predictive analytics. These approaches allow for earlier detection and targeted interventions, ultimately improving cancer prevention strategies at both the individual and population levels.

Beyond individual prediction, several population-level studies have demonstrated that AI-enabled screening programs can enhance early detection and potentially reduce cancer mortality through more efficient risk-based resource allocation. For example, regional modeling analyses have shown that AI-assisted mammography or LDCT triage systems can maintain or improve diagnostic sensitivity while reducing screening workload and costs (51, 52). Moreover, AI-driven digital outreach tools have been used to improve participation rates and screening equity among underserved populations in low-resource settings. By combining precision risk prediction with public health implementation, AI contributes not only to personalized prevention but also to population-level benefits—improving efficiency, equity, and cost-effectiveness across cancer screening systems.

Artificial intelligence contributes to cancer prevention and screening through a multi-layered approach, ranging from enhancing public awareness to refining risk prediction and supporting clinical screening tools. These components are not isolated; rather, they form an interactive ecosystem in which information and feedback flow bidirectionally. To provide a comprehensive overview of this integrated framework, we illustrate the landscape of AI applications across public awareness, risk prediction, and screening management (Figure 2).
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Figure 2 | A comprehensive overview of AI applications in cancer detection and screening. The diagram consists of three core links with mutual feedback: (1) Top: AI-driven tools including AI chatbot, social media analysis, and digital promotion to enhance public cancer cognition; (2) Middle: AI models integrating electronic health records, genetic data, and behavioral data for personalized cancer risk assessment; (3) Bottom: AI-enabled tools such as AI imaging, virtual navigation, and reminders to optimize screening management. Black arrows represent mutual feedback loops, indicating data flow and interaction between different links.

Johnson et al. have developed an AI tool that innovatively combines genomics with computational models to create a digital simulation system similar to weather forecasts. This system can predict the changes in cell activity in tissues over time, simulate cancer growth, immune responses, and treatment effects, and facilitate personalized treatment. Moreover, the tool is open source and cross-disciplinary applicable (53). Placido applied an artificial intelligence approach to the collected data by training a machine learning model on sequences of disease codes derived from clinical histories and evaluating its ability to predict cancer occurrence within incremental time windows. This approach not only predicts the likelihood of cancer occurrence but also provides dynamic risk assessments at incremental time intervals following the initial prediction (54). All of these findings highlight the potential of artificial intelligence to leverage written medical records and multi-omics data to predict cancer occurrence in large populations.

However, many AI models, especially deep learning models, operate as “black boxes,” making it difficult for clinicians to understand the rationale behind predictions and for patients to fully trust AI-assisted decisions (55, 56). This limitation should be given due attention in subsequent clinical applications.




3.2 AI in imaging and screening tools

Radiomics is an emerging subfield of medical imaging that integrates medical imaging, bioinformatics, data science, and statistics. It digitally decodes medical images [such as computed tomography (CT), magnetic resonance imaging (MRI), and positron emission tomography (PET), among others] into a large number of quantitative features, including shape, size, and texture patterns (57, 58). AI is good at exploring the nonlinear and high-dimensional relationships between radiomics features (58, 59). Massive datasets also provide rich materials for the training of AI models.

The AI model PLAN-B-DF, developed by Hyunjae Shin’s team, significantly improved the accuracy of liver cancer risk prediction in patients with chronic hepatitis B by integrating CT imaging markers (e.g., visceral fat ratio, muscle density) with dynamic clinical physiological indicators. The model demonstrated high predictive performance, with a C-index of 0.91 in internal validation and 0.89 in external validation. It enabled precise individualized risk stratification, with a 10-year incidence rate of 46.2% in the high-risk group compared to 0% in the extremely low-risk group. This innovative approach overcomes the limitations of traditional models that rely solely on clinical variables and establishes a new paradigm for liver cancer surveillance using quantifiable imaging biomarkers (60). In a multicenter study, pretreatment FDG-PET/CT images were analyzed using machine learning to predict lung cancer progression risk and overall survival (OS). This study reviewed 965 patients (1168 nodules) from three institutions. Convolutional neural networks (CNNs) were used to predict tumor progression, combined with random survival forest (RSF) models and radiomics features to predict survival, and compared the performance of single-modality (PET or CT) and ensemble models. Finally, the deep learning model based on FDG-PET/CT has a high value in the prognosis evaluation of lung cancer (61). For the early diagnosis of gallbladder cancer, Xiang et al. developed a deep learning model based on the ResNet50 network. This model can distinguish gallbladder cancer from benign gallbladder lesions through contrast-enhanced CT images, and both the AUC value and sensitivity have reached a relatively high level (62).In addition, machine learning has been applied to predict the risk of breast and prostate cancers using modalities such as mammography and MRI.

Computer-aided diagnosis (CAD) is an interdisciplinary technology that uses computers to analyze medical images or pathological data to assist clinicians in making relevant diagnoses. At present, CAD system is also widely used in clinical practice. For example, it has made great breakthroughs in the diagnosis of benign and malignant lung nodules (63), breast cancer (64) and brain tumors (65), which greatly improves the efficiency of early diagnosis.

This study briefly summarizes the research on AI-assisted imaging for the screening and diagnosis of various types of cancer (Table 2) (66–100).In conclusion, the integration of artificial intelligence with deep learning–based risk prediction models enables the design of personalized screening strategies and substantially improves the detection rate of early-stage cancers. Designing more technologies for more cancer types to improve the overall diagnostic efficiency will become a new direction for future development.


Table 2 | AI-assisted imaging screening strategies for major cancers.
	Cancer type
	AI-assisted imaging screening and diagnosis



	Lung cancer (66–70)
	Deep learning models based on low-dose CT can enable individualized risk prediction and assist in nodule interpretation, demonstrating the potential to improve sensitivity and reduce false positives.


	Liver cancer (71–75)
	AI models can detect and classify liver lesions using ultrasound, CEUS, and multimodal imaging. While some multicenter studies have demonstrated their superiority over traditional methods, their actual clinical value in the long-term screening of high-risk populations is still being explored.


	Prostate cancer (76–79)
	Deep learning models analyze magnetic resonance imaging (MRI) and pathology data to improve the accuracy of prostate cancer detection and standardize diagnostic procedures. For patients with localized prostate cancer, AI-assisted risk stratification offers more precise treatment recommendations based on characteristics such as PSA levels and Gleason scores. Multimodal deep learning architectures integrate digital pathology images with clinical data to predict long-term outcomes, guiding treatment decisions.


	Breast cancer (80–84)
	Multiple large-scale retrospective and randomized trials have confirmed that AI can significantly reduce the workload of radiologists while maintaining or improving cancer detection rates in mammography screening. However, key endpoints such as “interval cancer rates” still require long-term follow-up to validate.


	Colorectal cancer (85–90)
	Multiple randomized controlled trials (RCTs) and real-world studies have demonstrated that AI-assisted colonoscopy (CADe) can significantly improve adenoma detection rates and reduce false negative rates. Some guidelines have already recommended its use, but there are discrepancies among different studies regarding the extent to which it improves the overall detection rate of precancerous lesions.


	Gastric cancer (87–92)
	Convolutional neural networks demonstrate high sensitivity in the early detection of gastric cancer in endoscopic images and can assist in determining the depth of invasion and lesion boundaries.


	Cervical cancer (93–96)
	Deep learning-based automated visual assessment (AVE) can accurately identify high-grade lesions in cervical images and has been validated for feasibility in smartphone applications in low-resource areas, but it is still in the early stages of clinical validation and promotion.





MRI, magnetic resonance imaging; RC, randomized controlled trials; CADe, AI-assisted colonoscopy; AVE, automated visual assessment.



It should also be noted that models trained on specific datasets may perform less accurately on different populations, rare cancer subtypes, or new imaging protocols, reflecting the problem of dataset shift (101, 102). This remains an important challenge that requires further research and optimization in AI imaging applications.




3.3 AI chatbots and large language models for public awareness

With the rapid advancement of artificial intelligence technology, various AI models, both domestic and international, such as ChatGPT and DeepSeek, have been widely adopted in daily life. The growing accessibility and performance of such technologies have not only transformed communication, education, and business, but have also opened new opportunities for innovation in healthcare.

Scientists at Harvard Medical School designed a multifunctional, ChatGPT-like AI model named CHIEF, which is capable of performing a range of diagnostic tasks for a variety of cancers. The new model can perform a wide range of tasks and has been tested on 19 cancer types, giving it similar flexibility to LLMs such as ChatGPT (103). CHIEF has achieved an accuracy rate of nearly 94% in cancer detection, significantly outperforming current artificial intelligence methods. Columbia University and Cedars-Sinai Medical Center jointly utilized a LLM to generate embeddings of disease names in electronic health records (EHR) and integrated them into the Transformer model to mine potential signals in EHR, achieving early warning for pancreatic cancer patients. It significantly improved the predictive performance of pancreatic cancer at 6–12 months and earlier stages. This method is independent of traditional risk factors, with a PPV as high as 0.141, providing a new idea for early screening (104). Haver’s study demonstrated that ChatGPT holds considerable potential for automating the delivery of patient education on breast cancer prevention and screening (105). Recent research results also show that the application of LLM has achieved significant improvements in all aspects of breast cancer management. The efficiency of diagnosis and treatment has increased by 35%, the clinical trust and reliability of the system have improved by 30%, and the quality of patient education and information has improved by 20% (106).

However, LLMs for tumor diagnosis still face substantial challenges and are not yet capable of making fully accurate and comprehensive diagnostic decisions. They are prone to hallucinations and incomplete knowledge. Nevertheless, LLMs can already serve as valuable tools to support the screening and analysis of large biomedical datasets. In the future, LLMs should undergo further training, rigorous validation, and optimization to achieve higher accuracy and greater reliability.




3.4 Multi-cancer early detection strategy combining whole-genome and AI algorithms

Early cancer diagnosis is crucial for improving survival rates. However, current screening methods are limited in the types of cancer they cover. They are also invasive and have poor compliance, which makes it difficult to meet the clinical demand for the early screening of multiple types of cancer. Due to their non-invasive nature and potential for pan-cancer coverage, molecular markers based on circulating cell-free DNA (cfDNA) in plasma have become a hot topic of research. A recent study by the Bao team has, for the first time, systematically extracted multidimensional information from cfDNA and used AI to integrate multidimensional data for cancer identification, covering 13 types of cancer, some of which do not currently have standard screening methods (107). The study demonstrated high sensitivity and specificity across training sets, validation sets, and asymptomatic populations, indicating its high sensitivity to early cancer signals. It is particularly suitable for cancer types not covered by traditional screening methods (such as pancreatic cancer and liver cancer) and can provide clear direction for subsequent clinical interventions. This breakthrough also highlights the immense potential of AI in the precise early screening of tumors. Similar efforts have been reported by other groups; for example, Cohen et al. developed the CancerSEEK assay for multi-cancer early detection using cfDNA and protein biomarkers, showing promising performance for several cancer types (108), and Lennon et al. applied machine learning to methylation profiles of cfDNA for pan-cancer detection (109). These studies collectively underscore the potential of AI-assisted cfDNA analysis in precise early cancer screening, particularly for cancers not covered by traditional screening, such as pancreatic and liver cancer, and provide clear directions for subsequent clinical interventions.




3.5 AI-driven personalized screening pathway

To further illustrate the implementation framework of AI in personalized cancer screening, Figure 3 presents a patient journey map that outlines the sequential process from data input to closed-loop optimization. This map systematically integrates five key links, including data collection (genetic testing, lifestyle habits, and medical history), AI-driven risk assessment, development of personalized screening schedules, automated reminders and follow-up, and result feedback for plan adjustment, thereby highlighting the continuous and adaptive nature of AI-enabled personalized screening.
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Figure 3 | AI-driven personalized cancer screening journey map. The map follows a patient-centric sequential process with closed-loop feedback: (1) Data Collection: Integrating genetic testing, lifestyle habits, and medical history to provide basic data support; (2) AI Risk Assessment: Using AI models to conduct risk stratification based on collected data; (3) Personalized Screening Schedule: Developing targeted screening frequency and items according to risk levels; (4) Automated Reminders and Follow-up: Improving screening adherence through AI-enabled reminders and follow-up management; (5) Result Feedback and Plan Adjustment: Feeding back screening results to optimize AI risk assessment models and adjust subsequent personalized plans.





4 Strategies to improve awareness of cancer risk factors

Raising patient awareness of cancer risk factors is a critical component of effective cancer prevention and early detection. Patient health education is an integral component of medical care, permeating the entire healthcare process—from patient admission and discharge to post-discharge rehabilitation and follow-up. Through health education, patients can gain a better understanding of their condition and treatment plans, and actively adhere to healthcare regimens, thereby enhancing treatment adherence and improving rehabilitation outcomes. Patient health education should not only provide general information but also emphasize individualized risk profiles, including genetic predisposition, lifestyle, and environmental exposures. Advances in artificial intelligence and big data have facilitated the development of more personalized and targeted approaches to health education, which may enhance the effectiveness of cancer prevention and screening programs. Significant improvements will be made in addressing the numerous shortcomings in patient health education, including content, format, assessment, and resource allocation. Emerging technologies such as artificial intelligence are facilitating the transformation of traditional health education models toward more patient-centered, integrated, and continuous approaches.

AI can assist in identifying individuals at higher risk of specific cancers by analyzing genetic, clinical, and lifestyle data, thereby enabling personalized risk communication. For example, AI-driven platforms can integrate electronic health records, family history, and behavioral data to generate individualized cancer risk scores and provide tailored recommendations for screening or lifestyle modification (110). AI can also help users identify potential health risks and provide customized health recommendations through accurate analysis of health data. For example, smart health devices monitor physiological data such as heart rate, blood sugar, and body temperature, analyze users’ health conditions in real time, and provide timely health feedback. These devices not only perform daily monitoring but also analyze users’ health trends through long-term data accumulation, providing a scientific basis for health management (111). For women with a family history of breast cancer, AI can use genetic and lifestyle information to create a schedule for regular breast exams and send reminders. Additionally, AI can develop personalized health intervention plans based on users’ specific circumstances, helping them better manage their health. In light of the widespread adoption of social media, healthcare professionals can collaborate with engineers to develop AI-driven health education platforms that deliver personalized recommendations for cancer prevention, early screening, and healthy lifestyle choices. These platforms can respond to users’ specific inquiries regarding cancer risk, family history, or related symptoms, and provide tailored, evidence-based guidance and information.




5 AI for enhancing risk screening and management

Currently, AI can increase the participation rate of target groups in examinations or trials through precise recruitment, personalized reminders, mobile applications, and chatbots. For example, AI can automatically identify people who meet the screening criteria but have not yet made an appointment from electronic medical records and send personalized invitation text messages, thereby significantly increasing the appointment rate and attendance rate (112). Traditionally, patient screening for clinical trials has been a time-consuming manual process involving multiple eligibility checkpoints, including medical record reviews. Artificial intelligence is changing this by automatically collecting, aggregating, standardizing, and analyzing patient data and medical records to make potential patients eligible for specific trial criteria or qualify them for trials they have expressed interest in.

At the 2024 American Society of Clinical Oncology (ASCO) Annual Meeting, Dr. Alyson B. Moadel of the Einstein College of Medicine at Montefiore presented a study on artificial intelligence. The results showed that AI-based patient navigation tools can effectively help patients who failed to keep their initial colonoscopy appointments, significantly improving their completion rates (113).

Combining AI with medical insurance and resource allocation optimization to screen cancer patients is an important area of exploration in the medical field today. The integration of AI with healthcare insurance and resource allocation optimization has brought significant changes to cancer screening. Through technological innovation, screening costs have been reduced and efficiency improved, while resource allocation has been optimized, benefiting more patients. In the future, with the continuous advancement of technology and the improvement of policies, AI will play an even greater role in cancer prevention and control, helping to achieve the goal of “early screening and early treatment.”




6 Future directions of AI for risk awareness and screening management

As described in the previous sections, artificial intelligence has been widely applied in cancer prevention and screening. Although significant progress has been made, its application in precision medicine still faces many challenges.

There are currently several major issues. First, there is insufficient data standardization and interoperability. Medical data formats are inconsistent, and labeling is not standardized. This affects the training and generalization capabilities of AI models (114, 115). Such heterogeneity reduces model generalizability and hinders multicenter validation. To address this, initiatives such as the Cancer Imaging Archive (TCIA) have promoted standardized imaging and annotation protocols to improve data consistency and accessibility (116). Second, model generalizability remains a critical concern. AI systems trained on specific populations or single-center datasets may not perform equally well in different healthcare settings or among diverse ethnic groups (117, 118). Third, data sharing between medical and research institutions and enterprises is difficult, which limits the scale and diversity of AI model training data. This makes it difficult to comprehensively cover the characteristics and mutations of various types of cancer (119–121).Fourth, the decision-making process of deep learning models is complex and difficult to explain intuitively, resulting in low trust in the results among doctors and patients. In clinical applications, it is necessary to clarify the basis for the model’s judgments and potential risks (122, 123). Additionally, AI models tend to perform well when trained on specific datasets but may struggle when confronted with different populations, cancer types, or rare cases. For instance, while some models perform well in screening for common cancers, their accuracy declines when it comes to detecting rare cancers or special subtypes. Finally, in terms of privacy and security risks, cancer screening involves a large amount of sensitive personal information, and data breaches could lead to patient privacy violations. At the same time, the security of AI systems must be ensured to prevent malicious attacks and data tampering (124–126).

AI also faces some challenges in its clinical application for early cancer screening. For example, although AI models perform well in certain tasks, there is still a risk of misdiagnosis. False positives may lead to patients undergoing unnecessary tests and treatments, increasing the burden on healthcare systems; false negatives may delay diagnosis (127–129).

In addition to technical and clinical challenges, the ethical and governance context of AI applications in cancer screening is receiving increasing attention. Recent international and national frameworks have provided guiding principles to ensure that AI technologies are developed and used responsibly. For example, the World Health Organization’s 2024 “Ethics and Governance of Artificial Intelligence for Health” report emphasizes human oversight, accountability, transparency, and equitable access as core values for AI in healthcare (130). Similarly, the European Union Artificial Intelligence Act (2024) classifies medical AI tools as high-risk systems and requires robust validation, post-market monitoring, and explainability to ensure patient safety (131).These frameworks collectively aim to balance innovation with protection—ensuring that data-driven cancer screening systems are ethical, transparent, and socially trustworthy. Incorporating such principles into AI system design and clinical implementation can enhance patient confidence, promote international collaboration, and accelerate the safe translation of AI tools into population-level cancer prevention and screening programs.

In the future, measures such as data standardization, model interpretability research, interdisciplinary collaboration, and policy support are needed to promote the safe and effective application of AI technology in cancer prevention and control. Additionally, there is currently limited real-world research data on AI. In the future, large-scale, prospective cohort studies with large sample sizes should be conducted to evaluate the effectiveness of different AI tools in the early detection of cancer. At the same time, AI can be used to develop personalized follow-up plans for patients, enabling more effective monitoring of cancer changes, improving patient prognosis, and guiding early intervention and medication. As AI technology continues to advance and receive policy support, we believe that artificial and AI-assisted decision-making will become a new model for efficient screening and diagnosis.




7 Conclusion

“Early detection, early diagnosis, and early treatment” is globally recognized as the most effective strategy for cancer prevention and control, significantly improving patient survival rates and reducing social healthcare expenditures.

Emerging evidence suggests AI has the potential to influence cancer screening workflows. With technologies such as machine learning, big data, and LLMs, AI shows great potential in risk prediction, individualized screening plan development, and health communication based on individual characteristics. These innovations have the potential to solve long-standing problems, such as low screening participation rates, unequal access, and delayed early detection.

However, realizing the full potential of AI in this field depends not only on technological advances, but also on the establishment of sound data privacy protection, algorithm transparency, and ethical regulatory frameworks.Thorough validation of AI tools in real-world clinical and population-based settings is essential to assess their effectiveness and generalizability across diverse populations and cancer types. Integrating AI into national and regional screening programs can optimize coverage, efficiency, and equity, while cost–benefit analyses help evaluate financial sustainability and inform resource allocation. The development of open, shared databases and continuous evaluation of ethical, legal, and social implications further support reproducible research, continuous model improvement, and responsible implementation.Looking forward, continued progress in this field will depend on multidisciplinary collaboration. Clinicians, artificial intelligence researchers, public health experts, and policymakers must work together to design, evaluate, and promote solutions that improve the accuracy and efficiency of screening while fostering trust and inclusivity. Creating an open, shared public database is also essential to advancing related research. Through this collaborative approach, AI will become a transformative force in reducing the global burden of cancer by bringing timely prevention and screening interventions to more people.
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