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Editorial on the Research Topic
 Digital information for patient education, volume II





1 Introduction

Recent advances in digital technologies—such as online platforms, big data, live streaming, and artificial intelligence (AI)—are transforming how health and medical information is generated, shared, and managed, giving rise to new models of medical information management (1–3). Through digital health information systems, patients can access medical knowledge remotely, which has been shown to improve their wellbeing (4, 5). Within this broader shift, online health communities (OHCs) have become an increasingly important channel for patient care and education (6, 7). By offering fee-based online consultations, OHCs help patients overcome time and location constraints and obtain professional medical advice without the need for in-person visits (8, 9). Recent studies further show that the design of asynchronous interactions—such as communication depth, information intensity, and relationship duration—plays a key role in shaping patient satisfaction on these platforms, providing useful guidance for improving digital health information delivery (10, 11).

Nevertheless, existing research points to a persistent gap between the availability of digital health information and its effectiveness in supporting patient education (12). For example, studies of mobile health monitoring services show that affective factors—such as emotional attachment and affective attitudes—play a central role in sustained use, with user satisfaction and confirmation perceptions jointly shaping long-term engagement (13). Despite these insights, there remains limited guidance on how digital health information can be systematically designed and delivered to improve patient understanding and learning outcomes. This challenge is compounded by evidence that digital health innovations may unintentionally reinforce existing inequalities. High-quality online medical resources tend to be concentrated in economically developed regions, which can widen gaps in digital health literacy among vulnerable populations (14). Because effective health management requires patients to fully comprehend medical information, the ability to understand online health content is critical to the broader digital transformation of healthcare services (15). Yet much medical knowledge—particularly technical terminology—remains difficult for patients to interpret. Digital technologies offer promising ways to address this problem by enabling richer information types, formats, and presentation modes. These tools can enhance patients' understanding of medical knowledge and support more informed health-related decision making. One illustrative example is the emergence of online medical teams, which rely on multi-physician collaboration to deliver more comprehensive and authoritative advice (16). Recent evidence shows that such team-based digital models significantly increase patients' adoption of medical recommendations (17), highlighting a concrete pathway through which digital innovation can improve information comprehension and downstream behavioral outcomes.

This Research Topic aims to enhance patients' understanding of online health information by examining how digital health content is organized and presented, while highlighting the distinctive roles that mobile communication, big data, and AI play in contemporary healthcare. In this editorial, we outline the thematic focus of the Research Topic and highlight the key insights offered by the papers included in this Research Topic.



2 Papers in this research topic

This Research Topic brings together 13 articles that have successfully completed the standard peer-review process of Frontiers in Public Health. Although the studies differ in research focus, methodological approaches, and theoretical perspectives, they are united by a shared emphasis on digital information for patient education and address one or more of the predefined research themes. To provide a structured overview, we synthesize the contributions and organize them into six thematic areas: (1) medical and data-enabled technologies in information management for patient education; (2) the role of mobile health information and communication technologies (ICTs) in information sharing; (3) the provision of health information based on big data; (4) applications of AI in patient education; (5) the effectiveness of digital technologies in enhancing patient education outcomes; and (6) emerging digital innovations aimed at improving patients' understanding of health information.

Two studies address the theme of med-tech and data-enabled technologies in information management for patient education, examining how data-driven tools can enhance the organization and dissemination of health information. Huang, Guo et al. draw on motivation theory to examine how physicians' professional motivation shapes online knowledge sharing for patient education, with particular attention to the moderating roles of online experience and offline expertise. Using panel data from 11,839 physicians on a leading Chinese online health platform, the authors find that professional motivation positively influences both the quantity and quality of online knowledge sharing. Moreover, online experience strengthens this positive relationship, whereas offline expertise weakens the effect on sharing quantity. This study enriches the literature on motivation theory and online knowledge sharing and offers practical implications for physicians and platform managers. Liu et al. adopt a dual-factor model to investigate how discharged patients' individual characteristics affect their online health information-seeking behaviors, while considering the moderating role of living with children. Based on survey data from 292 discharged patients and analyzed using structural equation modeling, the results show that perceived stress encourages information-seeking behavior, whereas resistance to change and learned helplessness inhibit it. In addition, cohabitation with children moderates the negative effect of resistance to change. This study deepens our understanding of discharged patients' information-seeking behaviors and provides actionable insights for online health information providers.

Two articles focus on the role of mobile health ICTs in supporting information sharing for patient education. Using repeated cross-sectional surveys, Sakamoto et al. examine changes in parents' knowledge and concerns about pediatric fever between 2017 and 2024, as well as the association with the smartphone application “Oshiete! Doctor.” Their findings show that while parents' knowledge about fever improved substantially over time, anxiety related to potential brain damage and seizures increased. Moreover, the dissemination of the app alone was insufficient to counter broader societal anxiety. This study highlights the complex and evolving impact of mobile health applications on parental health literacy. Ma et al. investigate the dynamic evolution of users' continuance intention toward mHealth services by integrating the expectation–confirmation model with a latent growth modeling approach. Drawing on three waves of longitudinal survey data from 236 respondents, they find that continuance intention declines over time. Expectations accelerate this decline, whereas confirmation mitigates it, with the effect of expectation being more pronounced among users without chronic diseases. By extending the expectation–confirmation framework into a dynamic context, this study advances understanding of long-term mHealth service usage.

Two studies address the provision of health information driven by big data. Deng et al. conduct a scientometric and bibliometric analysis of medication literacy research published between 2003 and 2024, drawing on 1,968 articles from the Web of Science Core Collection and using CiteSpace and VOSviewer. Their big data analysis identifies three major research streams—medication literacy and adherence, the development of assessment tools, and psychosocial factors—and highlights key contributors, including the United States and Northwestern University. This study offers a comprehensive mapping of the field and helps clarify future research directions. Luo et al. analyze 331 atrial fibrillation–related scientific videos from YouTube, Bilibili, TikTok, and Douyin using big data techniques such as principal component analysis and normalization. The results show that videos produced by creators with medical backgrounds tend to attract greater popularity, whereas non-medical creators often provide higher-quality basic educational content. The study also points to limited content regulation across platforms. Together, these findings introduce novel approaches for large-sample, cross-platform analyses of digital health information.

Two articles examine the application of AI in patient education. Huang, Wang et al. assess the performance of five large language models—ChatGPT-4o, DeepSeek-V3, Doubao, Wenxin Yiyan 4.0 Turbo, and Qwen—in responding to 31 frequently asked ophthalmology consultation questions. Using a five-point Likert scale combined with textual analysis, the authors find that ChatGPT-4o and DeepSeek-V3 achieve the highest overall performance and are more suitable for lay users, whereas Doubao and Qwen are better aligned with the needs of medically trained audiences. This study offers practical guidance for the clinical deployment of large language models in ophthalmology. Bhattacharjee and Bhattacharya apply AI-driven nudge theory to improve hand hygiene compliance by introducing smart dispensers and wearable devices that deliver real-time visual and auditory reminders. Their findings show that these interventions can increase compliance by up to 30%, with additional gains when combined with gamification elements. This work highlights the potential of AI-enabled nudging technologies to support infection control and enhance patient education.

Three studies examine the effectiveness of digital technologies in patient education. Jiang et al. assess the quality of 200 Mandarin TikTok videos on diabetic retinopathy using the DISCERN and PEMAT-A/V instruments. Their analysis reveals substantial variation in content quality across uploader types, with videos produced by non-profit organizations scoring highest. Moreover, engagement metrics are strongly correlated with content quality, underscoring the importance of professional involvement and platform-level regulation in improving patient education outcomes. Impito and Azevedo evaluate the effectiveness of video-based health education (VbHE) in 33 least-developed African countries between 2020 and 2024, synthesizing evidence from 15 empirical studies. The findings indicate that VbHE can significantly enhance knowledge retention and health outcomes, particularly in areas such as cancer, HIV, and maternity care. At the same time, the authors highlight persistent challenges related to internet connectivity and cultural adaptation, emphasizing both the promise and the limitations of VbHE for underserved populations. Pavuloori et al. conduct a systematic review of 41 studies examining tools used to evaluate YouTube videos on surgical procedures. Their review shows that DISCERN, the Global Quality Score (GQS), and JAMA criteria are the most frequently applied assessment tools. However, they also find that approximately 88% of the videos fail to provide adequate patient education, while content from professional sources consistently offers higher educational value. This study calls for the development of standardized evaluation frameworks and improvements in the quality of online surgical education videos.

Two additional studies examine innovative digital technologies that enhance patients' understanding of health information. Zhou et al. conduct a cross-platform analysis of 271 pulmonary nodule–related videos published on YouTube, Bilibili, and TikTok, assessing both content quality and user engagement. Their findings indicate that long-form platforms such as YouTube and Bilibili tend to provide higher-quality medical information, whereas short-form platforms like TikTok generate greater user engagement. The study also shows that non-profit organizations and physicians are the primary content contributors. Based on these results, the authors offer practical recommendations for content creators, platform managers, and viewers. Wang et al. extend the theory of planned behavior to explore how sex-biased HPV vaccination information influences vaccination intentions among male college students. Using survey data from 240 respondents and structural equation modeling, they find that male-targeted information increases vaccination willingness by shaping attitudes, subjective norms, and perceived behavioral control. However, price sensitivity constrains the extent to which favorable attitudes translate into intention. This study provides valuable insights for designing gender-sensitive health communication strategies.



3 Conclusion

Research on digital information for patient education has grown rapidly, yet it remains fragmented across technological applications, information quality, and practical outcomes. This Research Topic addresses this gap by bringing together thirteen studies that examine key dimensions of digital patient education—ranging from med-tech, AI, and mobile health to big data–driven information provision and ethical considerations. Together, these articles offer both theoretical and empirical insights into how digital technologies shape patient education. The findings yield actionable implications for patients, clinicians, and platform designers, highlighting ways to improve digital health engagement and the delivery of medical information. At the same time, the Research Topic underscores several limitations, including regional specificity and the relative lack of evidence on long-term effects. These gaps point to promising avenues for future research, such as cross-platform comparisons, longitudinal analyses, and the integration of multiple digital technologies. Overall, this Research Topic provides a foundation for advancing digital patient education and encourages continued inquiry in this evolving field.
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Hand hygiene is critical for preventing infections, yet maintaining compliance remains challenging across healthcare, schools, and communities. Despite strong evidence, lapses occur due to cognitive barriers, understaffing, limited resources, and antimicrobial resistance. Behavioral science highlights factors like time constraints and cognitive biases affecting adherence, with compliance rates as low as 40%. Nudge theory, developed by Thaler and Sunstein, offers promising solutions by using subtle interventions, like visual or auditory cues, to encourage hand hygiene without imposing strict regulations. Recent innovations integrate artificial intelligence (AI) with nudges, enhancing compliance through real-time feedback. AI-powered systems, such as smart dispensers and wearable devices, provide reminders using visual or auditory cues at critical moments. For example, dispensers may light up or chime when a healthcare worker enters a patient’s room, prompting hand hygiene. Studies show these AI-driven interventions significantly improve compliance, with rates increasing by up to 30% in some cases. AI can also analyze patterns of non-compliance, deploying personalized nudges during high-risk periods. Combining nudge theory with gamification, such as team-based competitions and rewards, further reinforces positive habits. However, implementing AI solutions in countries like India faces challenges, including limited resources, resistance to new technologies, and cultural barriers. Despite hurdles, integrating AI-driven nudges with behavioral strategies has the potential to transform hand hygiene practices. This approach fosters accountability, reduces infection rates, and ensures safer patient care by embedding compliance into daily routines, paving the way for sustainable improvements in infection control.
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Introduction

Hand hygiene is a key element in infection prevention, recognized worldwide for reducing pathogen transmission. Despite its effectiveness, adherence remains a challenge in healthcare, schools, and communities. A meta-analysis by Allegranzi and Pittet (1) highlighted that proper hand hygiene among healthcare workers significantly reduces healthcare-associated infections (HAIs), improving patient outcomes and lowering costs.

Despite strong evidence supporting the effectiveness of hand hygiene in preventing infections, maintaining compliance remains a persistent challenge. Infection control rates often fluctuate due to various interrelated factors, including lapses in hygiene practices, inadequate implementation of standardized protocols, and deficiencies in healthcare infrastructure. These challenges are exacerbated in resource-limited settings, where access to essential supplies such as soap, alcohol-based hand sanitizers, or even clean water may be inconsistent.

Understaffing in healthcare facilities significantly contributes to non-compliance, as healthcare workers often face overwhelming workloads and time constraints that deprioritize proper hand hygiene. Additionally, limited access to hygiene resources within high-pressure environments, such as emergency rooms or rural health centers, further hampers adherence to recommended practices. The situation is further complicated by the growing prevalence of antimicrobial-resistant (AMR) pathogens. AMR pathogens not only increase the risks associated with lapses in hygiene but also escalate the consequences of infection outbreaks. Poor hand hygiene provides a pathway for the transmission of these resistant strains, making the task of infection control even more critical and complex. These multifaceted challenges underscore the importance of not only promoting education and awareness around hand hygiene but also ensuring the availability of adequate resources, reinforcing protocols, and addressing systemic issues in healthcare infrastructure. Innovative solutions, such as the integration of technology and behavioral strategies, are increasingly being explored to overcome these barriers and ensure sustainable compliance with hand hygiene standards (1).

Are we looking in the wrong places? AI in healthcare could help tackle human behavior challenges. Despite education, healthcare workers face cognitive barriers to hand hygiene. AI and behavioral science, like nudge theory, offer solutions through real-time feedback, enhancing compliance and infection control.



The role of human behavior in hand hygiene compliance

Healthcare workers (HCWs) navigate numerous cognitive demands daily, and hand hygiene frequently takes a backseat to more immediate tasks. Behavioral science identifies key factors that contribute to lapses in hygiene, including time constraints, risk perceptions, and cognitive biases (2). A systematic review by Eramus et al. points out the hand hygiene guideline compliance among 96 empirical studies were pretty low (40%) and a minority of those included studies only looked for behavioral determinants of hand hygiene stated previously. Nudge theory, developed by Richard Thaler and Cass Sunstein, suggests that small, subtle interventions, or “nudges,” can significantly influence behavior without limiting choices as humans are driven by “choice architecture” (3). Nudges are particularly useful in healthcare because they guide professionals toward the desired action—hand hygiene—without imposing stringent regulations (3).

A common example is the “default bias,” where individuals are more likely to follow preset guidelines if they do not require much effort to deviate from. It is a psychological tendency where individuals are more likely to stick with a preselected option or follow preset guidelines, primarily because it requires minimal effort to opt out or make an alternative choice. This bias leverages human preference for convenience and simplicity, capitalizing on the tendency to avoid additional cognitive or physical effort.

In the context of hand hygiene, default bias can be harnessed to encourage compliance by designing environments and systems that make the desired behavior—such as washing or sanitizing hands—the easiest or most natural action. For example, strategically placing hand sanitizer dispensers at prominent, unavoidable locations like the entrance of patient rooms or near medical equipment ensures that healthcare workers encounter these reminders as part of their routine workflow. The physical proximity and accessibility of these dispensers reduce the effort needed to perform hand hygiene, aligning with default bias.

Another application involves visual or auditory cues, such as dispensers that light up or emit a soft chime when approached. These cues serve as gentle nudges, reinforcing the preselected guideline of sanitizing hands before or after patient interaction. By incorporating these prompts into the environment, compliance becomes the path of least resistance, minimizing the likelihood of neglect. Default bias is particularly effective because it works subtly, without requiring conscious decision-making. By embedding the desired action into the default setting, healthcare institutions can promote consistent hand hygiene practices while reducing the cognitive burden on busy staff. This approach not only improves compliance but also fosters habitual behavior, contributing to better infection control outcomes. In hand hygiene, visual or auditory cues serve as nudges that subtly remind HCWs to wash their hands, even in low-risk settings where compliance is typically lower (4). By tapping into human psychology, nudges can trigger automatic compliance behaviors that would otherwise be neglected (4).



AI-driven nudges can enhance hand hygiene practices

Recent innovations in AI are reshaping how healthcare settings implement nudges. Automated systems such as AI-driven smart dispensers and wearable devices and other automated electronic motoring system can monitor hand hygiene and offer real-time feedback based on individual behaviors (5). AI can go beyond passive monitoring and employ nudges like visual cues (lights on dispensers) or auditory prompts (alerts or chimes) to remind healthcare workers to wash their hands at the most opportune moments (5). For instance, when a healthcare worker approaches a patient room, the hand sanitizer dispenser could glow or emit a gentle chime as a nudge, reminding them to sanitize before entering. On these lights, a systematic review by Wang C et al. have found that, these can be a useful tool while keeping in mind the challenges that these bring along, such as issues of accuracy, usability, associated costs etc. (5).

Research shows that these AI-driven nudges have been highly effective in boosting compliance. A study involving AI-powered badges that provide auditory feedback every time a hand hygiene opportunity was missed showed a 30% increase in compliance rates (6). These interventions combine real-time feedback with gentle nudges, reinforcing habitual behavior without imposing direct control. It was found to be as effective as human observation in one of its kind trial done by Singh et al. (7).

Furthermore, AI-driven predictive analytics can identify patterns of non-compliance, allowing systems to deploy nudges at the most critical times. For example, AI can detect if a healthcare worker has a history of skipping hand hygiene during high-stress periods or after prolonged patient interaction. In such cases, personalized nudges, such as a voice prompt from the dispenser or a vibrating wearable, could pre-emptively remind the worker to wash their hands.



Integrating nudge theory and AI for sustainable behavioral compliance

While technology plays a critical role, it is the combination of AI-driven nudges and behavioral feedback that can sustain long-term compliance. Nudge theory posits that consistent, subtle cues will eventually create habits that persist even when the prompts are no longer present (3–5). Healthcare settings that integrate nudges into their hand hygiene protocols use behavioral models, such as the cue-action-reward loop, to reinforce the desired action.

In hospitals, visual cues like color-changing lights and auditory signals such as chimes help reinforce hand hygiene, gradually becoming part of healthcare workers’ routines and reducing the effort needed to remember hygiene practices. Studies have shown that combining these nudges with gamification—another behavioral strategy—can enhance adherence (6). This technology can be leveraged here as when AI systems track team performance and offer rewards for high compliance, healthcare workers are more likely to sustain positive habits. One study at Netherlands involving nine public hospitals introduced team-based competitions with public recognition for high hand hygiene scores, leading to a significant (9%) improvement in compliance among nursing officers. Several institutions have successfully implemented AI-powered nudge systems to enhance hand hygiene compliance. At, New York City Health + Hospitals/South Brooklyn Health AHHR (automated hand hygiene reminder system) combined with real-time feedback increased hand hygiene compliance from around 86 to 89% in MSU wards over a 2 week period (8). The system was successfully implemented in that hospital and stands as a solid example to this initiative. Talking about India’s experiments, A Delhi based design studio “Quicksan” in partnership with Jhon’s Hopkin’s University launched a project called “Safehands” in labor rooms and district hospitals and community health centers across India aiming to find a solution to hand hygiene compliance. The device named was “HAIgeine,” consisting a camera to capture the hand movements, an AI based processing unit to give feedback. Although there was probably less flaw in the novel tool, rather the acceptance was something to be concerned for. There has been report that at some centers the physician’s particularly avoided the washbasin with this system enabled (9).

However, implementing AI-enabled nudge theory for hand hygiene in India faces challenges due to the country’s diverse healthcare system. In rural areas, inconsistent access to clean water and overstretched staff makes AI solutions difficult. Cultural shifts have complicated traditional hygiene practices, and resistance to AI systems is common due to unfamiliarity. High costs further limit adoption, especially in rural hospitals, widening healthcare inequalities. AI alone cannot address deeper behavioral issues like hierarchy, work pressure, and overconfidence.

The future of hand hygiene will combine AI with personalized nudges and wearable feedback, maintaining high compliance even during busy times (4, 5) AI can use hand hygiene data to deliver tailored nudges, such as personalized cues for specific situations like sanitizing after glove removal. This precision can significantly enhance compliance, lower infection rates, and improve patient outcomes.



Conclusion

Combining AI-driven nudges with behavioral feedback effectively addresses hand hygiene compliance. This approach subtly influences behavior, boosts compliance, and fosters a culture of accountability, leading to safer patient care and better infection control.



Recommendations

	• To improve hand hygiene compliance, healthcare facilities should leverage behavioral insights like default bias and integrate them with technology-driven solutions. This can be achieved by designing workflows and environments where hand hygiene becomes the easiest and most natural action. For example, hand sanitizer dispensers should be strategically placed at critical points such as patient room entrances, ensuring their accessibility aligns with staff movements.
	• Facilities should also adopt AI-enabled systems that provide real-time reminders through visual or auditory cues, such as lights or chimes, to prompt compliance. These systems should be tailored to individual behaviors, using predictive analytics to deploy nudges at high-risk times, such as during busy shifts or after prolonged patient interactions. Combining these interventions with gamification strategies, like team-based competitions and performance recognition, can further motivate healthcare workers to adhere to hygiene protocols.
	• Additionally, efforts should focus on addressing systemic barriers, such as understaffing and resource limitations, to sustain compliance. This includes ensuring consistent availability of hygiene supplies, improving staff training, and fostering a culture of accountability through leadership support and ongoing feedback.
	• For resource-limited settings, scalable and cost-effective solutions, like low-cost visual cues or simplified AI systems, should be prioritized. Implementing these measures will not only enhance hand hygiene practices but also contribute to reducing healthcare-associated infections and combating antimicrobial resistance, ultimately improving patient outcomes and safety.
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Introduction: Aligned with the dual-factor model, this study aims to investigate why discharged patients seek online health information, considering the complexity of patients’ dilemmas. Additionally, we account for specific cultural context factor in China and seek to examine the role of living with children in mitigating the dilemmas faced by discharged patients in their pursuit of additional online information.
Methods: We empirically tested the research model using data collected from 292 discharged patients. The data was examined through structural equation modeling, employing Smart PLS.
Results: The findings suggest that perceived stress facilitates discharged patients’ engagement in seeking online health information, whereas resistance to change and learned helplessness impede such behaviors. Furthermore, our analysis reveals that cohabiting with children moderates the effects of resistance to change on online health information-seeking behavior.
Discussion: In conclusion, this paper extends the literature by examining the role of discharged patients’ characteristics on online health information-seeking behaviors. Following the practices in China, this study involves living arrangements (with children) as an essential factor in the research model. This paper offer suggestions to online providers to make health-related information more suitable for discharged patients.
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1 Introduction

With the popularization of the Internet and the promotion of online health services, online health information services are becoming increasingly popular among individuals with health information demands (Cline and Haynes, 2001; Gulec et al., 2022). Studies have reported that, on the demand side, approximately 74% of young Americans (Basch et al., 2018) and 65% of Australians (Nikoloudakis et al., 2018) have sought health information online, including conditions, symptoms, and treatment options advice. In China, patients are more accustomed to seeking health resources from traditional offline channels. However, due to the large population in China, it is inconvenient to acquire health information exclusively through offline channels (Matsumoto et al., 2012), leading to patients being unable to satisfy their quest for health information. According to Xinhua Net, the news website of the Chinese government, online health information-seeking behaviors rank as the second main category of people’s information-seeking behaviors. With the development of the Chinese Internet in the healthcare sector, more and more people are seeking web-based health information and services (Cao et al., 2016; Zhang et al., 2017).

Health information-seeking behaviors involve acquiring health-related information to assist individual medical decision-making and self-management (Lambert and Loiselle, 2007). Online health information services can benefit healthy people by preventing disease (Zhao et al., 2021). It can also help patients manage their health conditions. Patients who suffer from diseases can search for health-related information to find ways to minimize their suffering related to health conditions, such as recovery problems. Online information could also provide an alternative explanation of doctors’ suggestions for patients (Chang and Huang, 2020).

Patients usually have health information demands during the complex self-management period (Sedrak et al., 2020). Although online health information services provide a more convenient and low-cost way for patients to meet their information needs, patients still cannot avoid the dilemmas discussed herein. In China, discharged patients lack basic health-related information, and they cannot acquire well-matched information or distinguish it from less relevant information (Meng et al., 2019). In addition to technical factors, online-seeking behaviors are influenced by the characteristics of discharged patients themselves. Although searching for health information online has become common among patients, existing research primarily focuses on the health information seek for the general patient population (Kim et al., 2023). It is important to note that discharged patients, particularly in China, are often middle-aged or elderly individuals who have unique experiences and may face additional challenges when seeking health information online.

In this context, studies are needed to understand the real dilemmas discharged patients face when seeking online health information. Such dilemmas include dependence on clinical opinions (Eibergen et al., 2018), vulnerability (Walter et al., 2019), extensive negative emotions (Yan et al., 2021), and stress (Musarezaie et al., 2019) after a long clinical experience. They usually experience a high level of perceived stress while dealing with their own health conditions (Liu et al., 2021) and are unwilling to change their original information acquisition routes (Shahbaz et al., 2020). At the same time, they usually feel a helplessness when seeking health information online due to the conflicting information they find (Fassett-Carman et al., 2019; Wanke and Schwabe, 2020).

Resistance is often manifested as the failure of users to transition from existing business models to new ones (Polites and Karahanna, 2012). Online seeking health information provide a new source of information that is accessible 7 days a week and without spatial limitations. Moreover, this method has indeed supplanted traditional offline means of obtaining health information to some extent. Unlike typical patients, discharged patients may encounter greater resistance when shifting to online sources for health information, as they have become accustomed to receiving it from professional healthcare providers in person. This resistance to seeking online health information among discharged patients may be related to their hospitalization experiences. However, existing studies on the impact of patient characteristics on online health information-seeking behaviors have primarily focused on facilitating factors, such as the roles of health-related stress (de Looper et al., 2021) and health literacy (Nangsangna and Vroom, 2019). There has been limited attention to the influence of discharged patients’ characteristics on their online health information-seeking behaviors, particularly concerning inhibitory factors. Understanding these factors not only enables health information providers to develop effective dissemination strategies but also enhances our comprehension of facilitating factors from a new perspective (Tsai et al., 2019). Drawing on the dilemmas discharged patients face, this study adopted the dual-factor model to understand the role of discharged patients’ characteristics in their information-seeking processes. This study analyzed how facilitating and inhibitory factors, especially the latter, affect online health information-seeking behaviors. Thus, the first research question is as follows:

 RQ 1. Which factors, especially inhibitors, can impact patients seeking health information online based on their dilemmas after discharge?



At the same time, considering the traditional Chinese culture, the role the family plays in health information acquisition and decision-making cannot be negligible (Zhang et al., 2020). To assist with care delivery and avoid accidents, discharged patients usually live with their children, if they have any, making living arrangements essential for patients’ self-management (Irani et al., 2019). Thus, the second research question is as follows:


RQ 2. How do living arrangements affect the relationship between discharged patients’ characteristics and online health information-seeking behaviors?
 

To narrow this research gap, we adopted the dual-factor model and proposed a research model to investigate the enablers and inhibitors of patients’ online health information-seeking behaviors. According to the dilemmas discharged patients face, we regard the enablers (perceived stress) and inhibitors (resistance to change and learned helplessness) as factors affecting online health information-seeking behaviors.

We tested our hypotheses using a survey of 292 respondents. The results supported all the direct influencing routes. Perceived stress was positively associated with online health information-seeking behaviors, while resistance to change and learned helplessness were negatively associated with these behaviors. By comparing patients who live with their children with those who do not, we found that living with children can only significantly weaken the relationship between resistance to change and online health information-seeking behaviors. The result rejected the moderating effect of the other two direct routes.

This paper contributes to the health-related online-seeking literature in several ways. First, this paper extended the literature by examining the positive relationship between the perceived stress of discharged patients and their online health information-seeking behaviors. Second, we enriched the literature on online health information-seeking behaviors by introducing the role of inhibitors following the health and information dilemmas discharged patients face. Third, this study contributes to understanding how living arrangements (i.e., with children) influence discharged patients’ online health information-seeking behaviors. In practical terms, this research starts from the dilemma discharged patients face to better understand why patients do or do not use online information-seeking services. Using the findings, this paper offers suggestions to online health information providers to make online information more relevant to discharged patients. Finally, this paper emphasizes the important role of living arrangements on discharged patients’ online health information-seeking behaviors.

The rest of the paper proceeds as follows. In the theoretical background section, we describe prior research on online health information-seeking behaviors, the dual-factor model, perceived stress, resistance to change, and learned helplessness to set the literary context for our study, and the research model incorporates the dual-factor model. Next, the research methodology in the subsequent section, including data collection and analysis, to empirically test our hypothesized models and introduces the statistics and calculation results of the partial least squares. Finally, this study provides the main findings, implications, and limitations.


1.1 Online health information-seeking behaviors

Online health information-seeking behaviors refers to the process by which individuals obtain health information about diseases, treatment plans, and prognoses through search engines (e.g., Google and Baidu), dedicated online health platforms (e.g., Haodaifu), and social media platforms (e.g., Facebook and WeChat) (Chen et al., 2025). As popular internet behaviors, online health information-seeking behaviors may generate multiple health-related outcomes, such as assisting patients’ self-diagnosis under specific health conditions (Jiang and Street, 2017; McMullan et al., 2019) and supporting health or medical services distribution (Shamlou et al., 2022). Driven by multiple motives, needs, and environmental factors, people may adopt online health information services (Reifegerste et al., 2019). Related phenomena have led researchers to explore the influencing factors of online health information-seeking behaviors in recent years.

Previous studies usually examined the impact of internal (personal traits) and external (environmental characteristics) factors on online information-seeking behaviors. Such studies found that individual health-related characteristics, such as lacking health literacy (Wong and Cheung, 2019) and suffering from disease symptoms (Berle et al., 2020), were the essential influencing factors of online health information-seeking behaviors. At the same time, social surroundings, such as lacking health resources (Xiao et al., 2014), could also influence online health information-seeking behaviors.

Patients are key consumption populations adopting online health information services (Sedrak et al., 2020). To date, a rich and extensive literature has examined the enablers of patients’ online health information-seeking behaviors (de Looper et al., 2021; Nangsangna and Vroom, 2019; Zhao et al., 2020). As a part of healthcare services, online health information could compensate for the shortage of traditional medical services and expand patients’ medical resources (Miller and Bell, 2012; Zhao et al., 2020). Then, with the expectation of improving personal health status and self-management levels, patients may seek information online (Kitchens et al., 2014). Yet once patients are discharged from hospitals, they may face more obstacles when seeking online health information due to their unique characteristics.



1.2 Dual-factor model of online health information-seeking behaviors

The dual-factor model highlights the need to consider both enablers and inhibitors when using information systems (Cenfetelli, 2004). Enablers are those factors that promote system usage whereas inhibitors focus on the factors that predict users’ tendency to reject the technology. According to the dual-factor model, it is essential to understand the inhibitors from the perspective of personal characteristics, such as technology anxiety (Guo et al., 2013) and dispositional resistance to change (Hsieh, 2016), when using information systems. Focusing on the elderly, previous studies have investigated the correlation of online health information-seeking behaviors with possible barriers, such as low e-health literacy, conflicting information, and web design factors (Pourrazavi et al., 2022). Due to past disease experiences and uncontrollable health conditions, discharged patients may generate negative emotions and dependence on clinical opinions when they encounter barriers while seeking health information, leading to a negative impact on factors related to use behaviors (Bhattacherjee and Hikmet, 2007). Although the existing literature has studied online health information-seeking behaviors from many aspects, it is rare to treat discharged patients as subjects while exploring the inhibitors of these demand groups. Hence, in this study, we adopted the dual-factor model to understand the inhibitors of discharged patients’ online health information-seeking behaviors.



1.3 Dilemmas and characteristics of discharged patients

Patients usually differ from general population in their specific health concerns and stressful situations. Due to the uncertainty and perceived risks of their health status, seeking online health information is more purposeful for patients (Rains and Tukachinsky, 2015), such as seeking disease treatment information, than for general populations. Researchers have found that primarily personal factors, such as stress and anxiety generated from complex health conditions (McMullan et al., 2019), drive patients to seek health information online. Due to long-term clinical experience, discharged patients tend to be dependent on clinical opinions (Eibergen et al., 2018), vulnerable (Walter et al., 2019), full of negative emotions (Yan et al., 2021), and stressed (Musarezaie et al., 2019). The dilemma discharged patients face, caused by their complicated conditions, recovery problems, distance from offline medical resources, and special needs for disease-related information, will affect their online health information-seeking behaviors. Thus, representative personal characteristics of discharged patients were identified based on several specific dilemmas.

Unlike general populations who are remote from health resources, discharged patients have usually adopted several clinical resources to deal with their health problems during hospitalization. Although patients receive clinical guidance and advice, limited health resources support them in going through the uncertainty and unprovability of health conditions after discharge (Chang and Huang, 2020). These health-related conditions may generate related concerns and contribute to a higher level of perceived stress for discharged patients than general individuals. Perceived stress reflects the subjective evaluation of the stress level individuals experience when they encounter a stressful objective event (Cohen et al., 1983). Patient populations usually have problems with perceived stress (Liu et al., 2021). Related studies have shown that patients experience higher levels of perceived stress due to health threats (Liu et al., 2021) and emotional distress (Yan et al., 2021) than healthy people. One previous study demonstrated that patients with stressful health conditions and concerns have a greater need for health information, leading to frequent health information-seeking behaviors (Musarezaie et al., 2019). When they are discharged from the hospitals, perceived stress becomes a significant characteristic of discharged patients in health information acquisition to be explored.

Previous studies have indicated that, after discharge, patients tend to search for information using health queries to reduce uncertainty (Yan et al., 2021). As an effective strategy to relieve health-related stress, online health information-seeking behaviors, which are low-cost ways to acquire health-related information, can comfort stressed discharged patients. Thus, we hypothesize that:


Hypothesis 1. Discharged patients’ perceived stress increases the number of their online health information-seeking behaviors.
 

As health-related problems have accompanied discharged patients for some time, they are usually dependent on clinical opinions and a resistance to changing their information behaviors. Resistance to change refers to the unwillingness to take action to adapt to the pressure to change the status quo (Shahbaz et al., 2020). Previous studies have found that resistance to change could negatively impact an individual’s intention to change health behaviors (Deng et al., 2014; Laumer et al., 2016). Resistance to change also weakens the positive relationship between intention to use and actual use (Shahbaz et al., 2020). Discharged patients with long-term illness experience have become accustomed to seeking clinical support from offline physicians (Sedrak et al., 2020), causing them to distrust alternative health-related resources. As a result, discharged patients may resist changing their health behaviors due to the influence of the external environment. Once discharged patients who are used to offline diagnosis and treatment opinions will exhibit resistance to change as a key characteristic of their online health information seeking.

Online health information services could provide an accessible way for discharged patients to find health-related information (Soroya et al., 2021). Discharged patients’ efforts to seek health-related information online could reshape their ways of handling health issues (Guo et al., 2013). However, discharged patients are mainly accustomed to adopting information acquired from face-to-face hospital medical services rather than using online information technology, which could cause them to resist changing their previous health habits (Deng et al., 2014) related to acquiring health information. In sum, we believe that previous health information-acquiring habits may generate a resistant attitude that leads to decreased online health information-seeking behaviors of patients after discharge. Thus, we hypothesize that:


Hypothesis 2. Discharged patients’ resistance to change decreases the number of their online health information-seeking behaviors.
 

Online health information-seeking behaviors may generate unpredictability and uncertainty in the search results (Soroya et al., 2021), which discharged patients who lack basic health-related knowledge may not be able to discern (Meng et al., 2019). And individual discharged patients have complicated health issues (Musial et al., 2020), while online health information services usually lack personalization (Meng et al., 2019), resulting in difficulties in acquiring well-matched information online. This dilemma may result in helplessness for discharged patients seeking information online (Fassett-Carman et al., 2019; Wanke and Schwabe, 2020). Learned helplessness is grounded in cognitive learning theory (Maier, 1980) and indicates that people think, feel, or act passively and helplessly when they cannot control their surroundings (Trindade et al., 2020). The root of learned helplessness is the belief that the individual has lost control of the situation and is incapable of making changes (Baum et al., 1986). Because of the uncertainty of clinical treatment (Djulbegovic et al., 2011), discharged patients usually feel incapable of dealing with their health conditions through personal efforts, resulting in learned helplessness. Previous studies have shown that learned helplessness harms mental health and behavioral changes (López Steinmetz et al., 2021; Xue et al., 2023). If patients’ online efforts to seek health information are unable to improve their health outcomes, the characteristics of learned helplessness will become more pronounced.

If individuals believe that their efforts may not produce improved health conditions and may even worsen these conditions, they may stop their attempts to find health information (Xue et al., 2023; Ying et al., 2021) due to their helplessness. Feelings of helplessness when repeatedly seeking health information online without changing the patient’s health conditions lead to the emergence of learned helplessness (Benko et al., 2021), resulting in a negative attitude toward seeking online health information. Thus, we hypothesize that:


Hypothesis 3. Discharged patients’ learned helplessness decreases the number of their online health information-seeking behaviors.
 



1.4 Living arrangement

People who live with their children tend to have improved health cognition (Yu et al., 2022) and more appropriate health management behaviors. Understanding the role of this living arrangement in discharged patients’ online health information-seeking behaviors is essential.

Although seeking information online is an essential strategy for releasing perceived stress, discharged patients living with their children have other strategies for coping with stress issues, such as face-to-face communication with their children (Yan et al., 2021). We can conclude that, under the same level of perceived stress, discharged patients who live with their children may find more alternative strategies to relieve perceived stress than those who do not live with their children. Therefore, we hypothesize that:


Hypothesis 4. Under the same level of perceived stress, discharged patients who live with their children seek less online health information than discharged patients who do not live with their children.
 

Related studies have demonstrated that social support (such as the companionship of children) is associated with attitude change (Stroebe and Diehl, 1988). Living with their children may reduce discharged patients’ online health information-seeking behaviors caused by a resistant attitude and may enhance their self-management behaviors (Irani et al., 2019). Likewise, discharged patients who live with their children could also reduce online health information-seeking behaviors caused by resistance to change through social support provided by their children. Then, we hypothesize that:


Hypothesis 5. Under the same level of resistance to change, discharged patients who live with their children seek more online health information than discharged patients who do not live with their children.
 

People who live with their children usually have less leisure time and are busy dealing with various domestic affairs (Walter and Haun, 2021), making them more vulnerable to managing situations with little outside resources. As a result, people who live with their children may experience weakened positive thinking (Walter and Haun, 2021). For discharged patients with feelings of learned helplessness, the negative thinking may be enhanced by living with their children. Therefore, we hypothesize that:


Hypothesis 6. Under the same level of learned helplessness, discharged patients who live with their children seek less online health information than discharged patients who do not live with their children.
 



1.5 Research model

Following the dual-factor model, we developed a research model to understand the enabler (perceived stress) and inhibitors (resistance to change and learned helplessness) in discharged patients’ online health information-seeking behaviors (see Figure 1). We built this research model from the insights of discharged patients’ dilemmas related to their health conditions and online information service engagement. Furthermore, considering the essential role of living arrangements in discharged patients’ daily life, we proposed that living with children is a moderator that affects the relationship among our three direct affect routes.

[image: Conceptual diagram illustrating hypothesized relationships between learned helplessness, resistance to change, and perceived stress with online health information seeking behaviors, mediated by living arrangements. Control variables listed are age, gender, education, and hospitalizations.]

FIGURE 1
 Research model.


We also included several personal characteristics in the model as control variables to alleviate the influence due to covariance issues. Previous literature has suggested that individuals’ age, gender (Weber et al., 2020), levels of education (Berle et al., 2020), and disease experience (Sedrak et al., 2020) can influence their health-seeking behaviors on the internet. Based on our research context, we adopted the number of hospitalization experiences instead of the disease experience. We thus controlled the effects of these factors on online health information-seeking behaviors.




2 Methodology


2.1 Participants

To pretest the questionnaire, we initially collected data from a small sample of hospitalized patients in offline hospitals. However, as we began to collect the questionnaires, the spread of COVID-19 resulted in the loss of opportunities for face-to-face interactions with patients. Therefore, we utilized the data collection service of China’s leading online survey platform, Wenjuanxing, to manage the survey. There were two primary reasons for conducting the survey online. First, it relates to our research topic, online health information seeking behaviors, which is inherently digital and primarily targets internet users. Second, it has been reported that the internet has become the preferred source of information for patients, surpassing healthcare professionals (Chen et al., 2025). Thus, the online survey can be considered representative to some extent. The questionnaire was divided into two parts. In the first part, respondents were informed about the purpose of data collection and provided their consent. Subsequently, they answered questions regarding their hospitalization experience and health management after discharge. In the second part, they were asked about their perspectives on online health information seeking behaviors during their self-management period post-discharge. To ensure data quality and reduce social desirability bias, we have taken several measures when designing questionnaires and cleaning up the collected data. First, we added attention traps and reverse coding questions to reduce single-method bias. Second, we ruled out all cases where the problem is missing a value or a similar value. The questionnaires were distributed online from September 1 through September 30, 2021.

The website initially collected 472 questionnaires, however, due to concerns about patient privacy and the absence of effective incentives, 158 responses were incomplete. Of the 314 pieces of data the website provided, the authors excluded another 22 pieces of data with more than eight consecutive measurement items of the same value (indicating that the respondents did not answer seriously). Ultimately, 292 valid questionnaires were used to conduct the quantitative analysis.

Table 1 presents the demographic characteristics. According to the data, the proportion of women in the survey was a bit higher than that of men, reaching 54.46%, and the age was mainly 25–34 and 35–44 years old. Most of the survey group had a master’s degree or above, and they had been hospitalized once or twice. Meanwhile, most of them did not live alone; 59.25% lived with their children.



TABLE 1 Demographic characteristics.
[image: Table summarizing demographic data by frequency and percentage across categories: gender, age, education, hospitalization frequency, living alone, and living with children. Values include counts and corresponding percentages for each subgroup.]



2.2 Measures

To test the variables in this study, we adopted and developed the measurement items from previous studies. We first adopted the measurement of online health information-seeking behaviors (Bell et al., 2011) and then developed the measurement items based on the practices in China. We summed the five answers up to measure the number of online health information-seeking behaviors. We also adopted measurements of learned helplessness (Quinless and Nelson, 1988), resistance to change (Bhattacherjee and Hikmet, 2007), and perceived stress (Cohen et al., 1983) from previous research on a 7-point Likert-type scale ranging from 1 (“strongly disagree”) to 7 (“strongly agree”). We examined living with children by directly asking the participants whether they lived with their children (regardless of whether they have a child or not). Based on the above support and the background of this study, we translated the questionnaire into Chinese and made it more suitable for answering.



2.3 Data analysis

Partial least squares (PLS), a form of structural equation modeling (SEM), provides value for behavioral research fields (Lowry and Gaskin, 2014). PLS offers some data analysis advantages, and we used this technique to test the research model for the following reasons. First, PLS has low requirements on the measurement scale and requires a relatively small sample size (Hair et al., 2011). Moreover, SEM allows the simultaneous operation of multiple related equations, and a model is measured multiple times. PLS can be used for both the confirmation of existing model parameters and exploratory verification (Chin, 1998).

We used the Smart PLS 4.0 software as the statistical tool to examine the research model. We analyzed our data in three stages. The first stage was testing the measurement model, which evaluated the reliability and validity of the construct to ensure its appropriateness. In the second stage, we tested the structural model and the hypotheses. Finally, we used a multigroup analysis to compare whether the respondents live with their children or not.




3 Results


3.1 Measurement model testing

We evaluated model reliability by examining composite reliability (CR) and average variance extracted (AVE) (Fornell and Larcker, 1981; Hsu and Lin, 2008). The results are shown in Table 2. The CR ranged was from 0.864 to 0.937 (higher than 0.7), and the AVE ranged from 0.672 to 0.789 (higher than 0.5). Comparing these two sets of results with the critical values of 0.7 and 0.5, respectively (Fornell and Larcker, 1981; Hsu and Lin, 2008; Chin, 1998) indicated that the structure had very good reliability. Discriminant validity could be measured by the square root of AVE (Fornell and Larcker, 1981). As shown in Table 2, the square root of AVE ranged from 0.820 to 0.888, which was greater than variable correlations. Thus, it could be concluded that the discriminant validity was acceptable.



TABLE 2 Reliability and discriminant validity.
[image: Table displaying constructs LH, PS, and RTC with corresponding Cronbach’s alpha, CR, and AVE values. Diagonal bolded values in columns LH, PS, and RTC represent the square roots of AVE, as noted below the table.]

We evaluated the convergent validity by measuring the items’ loadings. The results in Table 3 show that the loadings of all items ranged from 0.782 to 1.000, all of which were greater than 0.70 (Anderson and Gerbing, 1988). In addition, the loadings of these items were greater than their cross-loadings with other items (Gefen and Straub, 2005), indicating that the structure had good convergent validity.



TABLE 3 Convergent validity.
[image: Table displaying factor loadings for four constructs: OHIB, LH, RTC, and PS, with items listed in rows; bold values indicate the highest loading for each item, identifying primary construct alignment.]



3.2 Structural model testing

Based on our research hypotheses, the measurement of the structural model was tested in stage 1. The PLS results of the structural model are shown in Table 4. We tested the effects of learned helplessness, perceived stress, resistance to change, and control variables (age, hospitalization frequency, education, and gender) on online health information-seeking behaviors.



TABLE 4 Partial least squares results.
[image: Table showing regression results with paths LH, RTC, PS, AGE, HF, EDU, and GEN to OHIB, coefficients, t-statistics, and R square. PS → OHIB has the highest coefficient and t-statistic. R square is 0.141. Statistical significance is marked by asterisks.]

The results showed that learned helplessness and resistance to change were negatively associated with online search behavior (b1 = −0.144, t = 2.635; b2 = −0.195, t = 2.798) while perceived stress was positively associated with online search behavior (b3 = 0.273, t = 4.300), thereby lending support to H1, H2, and H3. Finally, the control variables had insignificant effects on online health information-seeking behaviors (b4 = 0.079, t = 1.216; b5 = 0.103, t = 1.694; b6 = −0.041, t = 0.672; b7 = 0.105, t = 1.060).

Our low R-squared values can be explained by three aspects. First, due to the difficulty in predicting individual behavior, low values are common in social science research that predicts human behavior (online health information seeking) and widely exist in previous studies (Agarwal and Prasad, 1999). Second, our study starts from the dilemma discharged patients face in order to investigate their online health information-seeking behaviors, which is inherently complex, so a lower R-squared value is also acceptable. Finally, there are significant differences in the factors that affect the online health information-seeking behaviors of discharged patients, and we did not consider them based solely on individuals’ predicament.



3.3 Multigroup analysis

Multigroup analysis (MGA) is an efficient approach to evaluate moderation using partial least squares path modeling (PLSPM), as recent research has shown (Cheah et al., 2020). We tested the hypotheses by comparing whether individuals lived with their children. Following Keil et al. (2000), we statistically compared the corresponding path coefficients and computed the p-value (see Table 5). The p-value suggests that H5 is supported, but H4 and H6 are not.



TABLE 5 Multigroup analysis results.
[image: Table displays path coefficients-difference and p values for three relationships: LH to OHIB (difference 0.004, p value 0.975), RTC to OHIB (difference 0.284, p value 0.017, statistically significant at p less than 0.05), and PS to OHIB (difference 0.047, p value 0.689). Significance levels are indicated as asterisks below.]




4 Discussion

The overall goal of this study was to explore the factors influencing online health information-seeking behaviors, especially the inhibitors, rooted in the dilemmas of discharged patients. We presented a theoretical model based on the dual-factor model, testing the positive (perceived stress) and negative (learned helplessness and resistance to change) impact on online health information-seeking behaviors. As living with children can alter discharged patients’ health-management behaviors (Yu et al., 2022), such as information-related behaviors (Zhou et al., 2019), we examined living with children as a moderating variable of the direct routes.


4.1 Discussion of findings

The results supported all the directed influencing relationships on online health information-seeking behaviors. However, only the moderating role of living with children in the relationship between resistance to change and online health information-seeking behaviors was supported; the other two moderating hypotheses were rejected by the results.

First, the results demonstrate that perceived stress significantly positively affects the number of online health information-seeking behaviors. When facing the same dilemma, discharged patients with a higher level of perceived stress seek more online health information than patients with a lower level of perceived stress. As an effective and low-cost strategy to relieve health-related stress, online health information-seeking behaviors can comfort stressed discharged patients.

Second, resistance to change and learned helplessness significantly negatively impact the number of online health information-seeking behaviors. As expected, the relationship between resistance to change and online health information-seeking behaviors is significantly negative, suggesting that discharged patients with resistance to change may rely on existing information-accessing habits instead of seeking information online. Meanwhile, with a negative attitude of learned helplessness toward online health information, discharged patients decrease the number of online health information-seeking behaviors.

Third, the results confirmed that living with children moderates the relationship between resistance to change and online health information-seeking behaviors. Discharged patients living with children demonstrate fewer online health information-seeking behaviors caused by resistance to change than patients who do not live with their children. The other two moderation effects of living with children on direct relationships are insignificant. The following considerations may explain these phenomena. Living with children is an essential social determinant of health-related behaviors, with a high dependence on age (Rattay and von der Lippe, 2020). In this study, our data sample mainly consisted of patients in the age groups of 25–34 and 35–44, which may have resulted in the insignificant moderating effect of living with children. In addition, although people who live with their children may weaken their positive thinking (Walter and Haun, 2021), a related paper also concluded that parents tend to show positive attitudes toward media (Vittrup et al., 2016), resulting in a less clear role of living with children in online health-information seeking behaviors.



4.2 Theoretical and practical implications

Following dual-factor model, we conduct a theoretical model of influencing online health information-seeking behaviors, especially inhibitors. This study contributed to the existing literature in several ways.

First, we extended the literature by examining the positive relationship between discharged patients’ perceived stress and their online health information-seeking behaviors. For the general population, research has already provided support for the claim that perceived stress has an effect on search behaviors (Kugbey et al., 2019; Liu et al., 2021). In our study, we extended the influence to discharged patients based on their health dilemmas.

Second, to give full insights into discharged patients’ online information-seeking behaviors, we explored the inhibitors of online health information-seeking behaviors. Following the dilemma of discharged patients’ contradiction in previous health information-adoption habits and online-seeking approach, we empirically proved that resistance to change could be an inhibitor of online information-seeking behaviors. Furthermore, as discharged patients experience feelings of helplessness about online seeking results, we found learned helplessness could decrease the number of online health information-seeking behaviors.

Third, this study contributes to understanding how living with children influences discharged patients’ online health information-seeking behaviors. This study provides a new viewpoint on the moderating effect between resistance to change and online health information-seeking behaviors.

This research also offers practical implications in assisting discharged patients in coping with dilemmas for three groups—namely, discharged patients themselves, online health information service providers, and family members.

First, our research analyzed the real dilemma of discharged patients, offering insights into understanding the reasons why they cannot escape these dilemmas using the available low-cost online health information services. Although discharged patients have limited health resources from traditional medical systems, they might not search for alternative online health-related information services due to their previous information adoption habits and feelings of helplessness related to online seeking results.

Second, this study’s results lead to suggestions for online health information service providers to adjust the online content and information delivery ways to achieve available and appropriate services to assist discharged patients. These providers could link online services with traditional hospitals to reduce patients’ resistance to online health information service adoption. At the same time, the provider of online health information should enhance the credibility and personality of such information to reduce feelings of learned helplessness. By following these suggestions, some of the inhibitors of online health information-seeking behaviors can be removed.

Third, living arrangements could provide an essential role for discharged patients to seek health information online. This study found that discharged patients who live with their children might have a weakened relationship between discharged patients’ characteristics and online health information-seeking behaviors, illustrating the critical role of living with children in changing the online-seeking behaviors generated by a resistant attitude.



4.3 Limitations and potential for future study

Despite this study’s theoretical and practical implications, we should also address several limitations of the study. First, our study used online survey data to test the facilitators and inhibitors of online health information-seeking behaviors for discharged patients. The reason for collecting data online was that the cooperating hospital could not support survey distribution during the COVID-19 pandemic in China. The research sample was mainly between the ages of 25–34 and 35–44. However, older adults are an essential part of discharged patients. In our future research, we will explore the inhibitors of online health information-seeking behaviors among older adult patients after discharge.

Second, the research sample of this study was patients with multiple health conditions who had been hospitalized and discharged. However, different diseases may result in different health conditions and self-management behaviors for discharged patients. In our future research, we will analyze and examine discharged patients with specific diseases, such as chronic diseases, to achieve more detailed insights into these disease characteristics.




Data availability statement

The original contributions presented in the study are included in the article/supplementary material, further inquiries can be directed to the corresponding author.



Author contributions

FL: Writing – review & editing. XK: Writing – original draft. TX: Writing – original draft. HG: Writing – review & editing.



Funding

The author(s) declare that financial support was received for the research, authorship, and/or publication of this article. This research was supported by the Natural Science Foundation of China (grant number 72004042), and Heilongjiang Natural Science Foundation (grant number YQ2023G003).



Acknowledgments

The authors would like to express their gratitude to those who participated in this study.



Conflict of interest

The authors declare that the research was conducted in the absence of any commercial or financial relationships that could be construed as a potential conflict of interest.



Publisher’s note

All claims expressed in this article are solely those of the authors and do not necessarily represent those of their affiliated organizations, or those of the publisher, the editors and the reviewers. Any product that may be evaluated in this article, or claim that may be made by its manufacturer, is not guaranteed or endorsed by the publisher.



References
	 Agarwal, R., and Prasad, J. (1999). Are individual differences germane to the acceptance of new information technologies? Decis. Sci. 30, 361–391. doi: 10.1111/j.1540-5915.1999.tb01614.x
	 Anderson, J. C., and Gerbing, D. W. (1988). Structural equation modeling in practice: a review and recommended two-step approach. Psychol. Bull. 103, 411–423. doi: 10.1037/0033-2909.103.3.411
	 Basch, C. H., Mac Lean, S. A., Romero, R.-A., and Ethan, D. (2018). Health information seeking behavior among college students. J. Community Health 43, 1094–1099. doi: 10.1007/s10900-018-0526-9 
	 Baum, A., Fleming, R., and Reddy, D. M. (1986). Unemployment stress: loss of control, reactance and learned helplessness. Soc. Sci. Med. 22, 509–516. doi: 10.1016/0277-9536(86)90016-x 
	 Bell, R. A., Hu, X., Orrange, S. E., and Kravitz, R. L. (2011). Lingering questions and doubts: online information-seeking of support forum members following their medical visits. Patient Educ. Couns. 85, 525–528. doi: 10.1016/j.pec.2011.01.015 
	 Benko, E., Babnik, K., and von Humboldt, S. (2021). “Learned helplessness” in Encyclopedia of gerontology and population aging. eds. D. Gu and M. E. Dupre (Cham: Springer).
	 Berle, D., Starcevic, V., Khazaal, Y., Viswasam, K., Hede, V., and McMullan, R. D. (2020). Relationships between online health information seeking and psychopathology. Gen. Hosp. Psychiatry 62, 96–97. doi: 10.1016/j.genhosppsych.2019.04.006 
	 Bhattacherjee, A., and Hikmet, N. (2007). Physicians' resistance toward healthcare information technology: a theoretical model and empirical test. Eur. J. Inf. Syst. 16, 725–737. doi: 10.1057/palgrave.ejis.3000717
	 Cao, W., Zhang, X., Xu, K., and Wang, Y. (2016). Modeling online health information-seeking behavior in China: the roles of source characteristics, reward assessment, and internet self-efficacy. Health Commun. 31, 1105–1114. doi: 10.1080/10410236.2015.1045236 
	 Cenfetelli, R. T. (2004). Inhibitors and enablers as dual factor concepts in technology usage. J. Assoc. Inf. Syst. 5, 472–492. doi: 10.17705/1jais.00059
	 Chang, C. C., and Huang, M. H. (2020). Antecedents predicting health information seeking: a systematic review and meta-analysis. Int. J. Inf. Manag. 54:102115. doi: 10.1016/j.ijinfomgt.2020.102115
	 Cheah, J. H., Thurasamy, R., Memon, M. A., Chuah, F., and Ting, H. (2020). Multigroup analysis using smart PLS: step-by-step guidelines for business research. Asian. J. Bus. Res. 10:I-XIX. doi: 10.14707/ajbr.200087
	 Chen, J., Duan, Y., Xia, H., Xiao, R., Cai, T., and Yuan, C. (2025). Online health information seeking behavior among breast cancer patients and survivors: a scoping review. BMC Womens Health 25:1. doi: 10.1186/s12905-024-03509-x 
	 Chin, W. W. (1998). Commentary: issues and opinion on structural equation modeling. MIS Q. 22, vii–xvi. doi: 10.2307/249674
	 Cline, R. J., and Haynes, K. M. (2001). Consumer health information seeking on the internet: the state of the art. Health Educ. Res. 16, 671–692. doi: 10.1093/her/16.6.671 
	 Cohen, S., Kamarck, T., and Mermelstein, R. (1983). A global measure of perceived stress. J. Health Soc. Behav. 24, 385–396. doi: 10.2307/2136404
	 De Looper, M., van Weert, J. C., Schouten, B. C., Bolle, S., Belgers, E. H., Eddes, E. H., et al. (2021). The influence of online health information seeking before a consultation on anxiety, satisfaction, and information recall, mediated by patient participation: field study. J. Med. Internet Res. 23:e23670. doi: 10.2196/23670 
	 Deng, Z., Mo, X., and Liu, S. (2014). Comparison of the middle-aged and older users’ adoption of mobile health services in China. Int. J. Med. Inform. 83, 210–224. doi: 10.1016/j.ijmedinf.2013.12.002 
	 Djulbegovic, B., Hozo, I., and Greenland, S. (2011). “Uncertainty in clinical medicine” in Philosophy of medicine, vol. 16, 299–356.
	 Eibergen, L., Janssen, M. J., Blom, L., and Karapinar-Çarkit, F. (2018). Informational needs and recall of in-hospital medication changes of recently discharged patients. Res. Soc. Adm. Pharm. 14, 146–152. doi: 10.1016/j.sapharm.2017.01.006 
	 Fassett-Carman, A., Hankin, B. L., and Snyder, H. R. (2019). Appraisals of dependent stressor controllability and severity are associated with depression and anxiety symptoms in youth. Anxiety Stress Coping 32, 32–49. doi: 10.1080/10615806.2018.1532504 
	 Fornell, C., and Larcker, D. F. (1981). Evaluating structural equation models with unobservable variables and measurement error. J. Mark. Res. 18, 39–50. doi: 10.1177/002224378101800104
	 Gefen, D., and Straub, D. (2005). A practical guide to factorial validity using PLS-graph: tutorial and annotated example. Commun. Assoc. Inf. Syst. 16:5. doi: 10.17705/1CAIS.01605
	 Gulec, H., Kvardova, N., and Smahel, D. (2022). Adolescents' disease-and fitness-related online health information seeking behaviors: the roles of perceived trust in online health information, eHealth literacy, and parental factors. Comput. Hum. Behav. 134:107318. doi: 10.1016/j.chb.2022.107318
	 Guo, X., Sun, Y., Wang, N., Peng, Z., and Yan, Z. (2013). The dark side of elderly acceptance of preventive mobile health services in China. Electron. Mark. 23, 49–61. doi: 10.1007/s12525-012-0112-4
	 Hair, J. F., Ringle, C. M., and Sarstedt, M. (2011). PLS-SEM: indeed a silver bullet. J. Mark. Theory Pract. 19, 139–152. doi: 10.2753/MTP1069-6679190202
	 Hsieh, P. J. (2016). An empirical investigation of patients’ acceptance and resistance toward the health cloud: the dual factor perspective. Comput. Hum. Behav. 63, 959–969. doi: 10.1016/j.chb.2016.06.029
	 Hsu, C. L., and Lin, J. C. C. (2008). Acceptance of blog usage: the roles of technology acceptance, social influence and knowledge sharing motivation. Inf. Manag. 45, 65–74. doi: 10.1016/j.im.2007.11.001
	 Irani, E., Moore, S. E., Hickman, R. L., Dolansky, M. A., Josephson, R. A., and Hughes, J. W. (2019). The contribution of living arrangements, social support, and self-efficacy to self-management behaviors among individuals with heart failure: a path analysis. J. Cardiovasc. Nurs. 34, 319–326. doi: 10.1097/JCN.0000000000000581 
	 Jiang, S., and Street, R. L. (2017). Pathway linking internet health information seeking to better health: a moderated mediation study. Health Commun. 32, 1024–1031. doi: 10.1080/10410236.2016.1196514 
	 Keil, M., Tan, B. C., Wei, K. K., Saarinen, T., Tuunainen, V., and Wassenaar, A. (2000). A cross-cultural study on escalation of commitment behavior in software projects. MIS Q. 24:299. doi: 10.2307/3250940 
	 Kim, K., Shin, S., Kim, S., and Lee, E. (2023). The relation between eHealth literacy and health-related behaviors: systematic review and meta-analysis. J. Med. Internet Res. 25:e40778. doi: 10.2196/40778 
	 Kitchens, B., Harle, C. A., and Li, S. (2014). Quality of health-related online search results. Decis. Support. Syst. 57, 454–462. doi: 10.1016/j.dss.2012.10.050
	 Kugbey, N., Meyer-Weitz, A., and Asante, K. O. (2019). Access to health information, health literacy and health-related quality of life among women living with breast cancer: depression and anxiety as mediators. Patient Educ. Couns. 102, 1357–1363. doi: 10.1016/j.pec.2019.02.014 
	 Lambert, S. D., and Loiselle, C. G. (2007). Health information—seeking behavior. Qual. Health Res. 17, 1006–1019. doi: 10.1177/1049732307305199 
	 Laumer, S., Maier, C., Eckhardt, A., and Weitzel, T. (2016). Work routines as an object of resistance during information systems implementations: theoretical foundation and empirical evidence. Eur. J. Inf. Syst. 25, 317–343. doi: 10.1057/ejis.2016.1
	 Liu, S., Lithopoulos, A., Zhang, C. Q., Garcia-Barrera, M. A., and Rhodes, R. E. (2021). Personality and perceived stress during COVID-19 pandemic: testing the mediating role of perceived threat and efficacy. Personal. Individ. Differ. 168:110351. doi: 10.1016/j.paid.2020.110351 
	 López Steinmetz, L. C., Leyes, C. A., Dutto Florio, M. A., Fong, S. B., López Steinmetz, R. L., and Godoy, J. C. (2021). Mental health impacts in Argentinean college students during COVID-19 quarantine. Front. Psych. 12:557880. doi: 10.3389/fpsyt.2021.557880 
	 Lowry, P. B., and Gaskin, J. (2014). Partial least squares (PLS) structural equation modeling (SEM) for building and testing behavioral causal theory: when to choose it and how to use it. IEEE Trans. Prof. Commun. 57, 123–146. doi: 10.1109/TPC.2014.2312452
	 Maier, S. F. (1980). Learned helplessness and the schedule-shift hypotheses. J. Res. Pers. 14, 170–186. doi: 10.1016/0092-6566(80)90025-2
	 Matsumoto, M., Inoue, K., Kashima, S., and Takeuchi, K. (2012). Does the insufficient supply of physicians worsen their urban-rural distribution? A Hiroshima-Nagasaki comparison. Rural Remote Health 12, 228–236. doi: 10.3316/informit.346237890546324
	 McMullan, R. D., Berle, D., Arnáez, S., and Starcevic, V. (2019). The relationships between health anxiety, online health information seeking, and cyberchondria: systematic review and meta-analysis. J. Affect. Disord. 245, 270–278. doi: 10.1016/j.jad.2018.11.037 
	 Meng, F., Guo, X., Peng, Z., Zhang, X., and Vogel, D. (2019). The routine use of mobile health services in the presence of health consciousness. Electron. Commer. Res. Appl. 35:100847. doi: 10.1016/j.elerap.2019.100847
	 Miller, L. M. S., and Bell, R. A. (2012). Online health information seeking: the influence of age, information trustworthiness, and search challenges. J. Aging Health 24, 525–541. doi: 10.1177/0898264311428167 
	 Musarezaie, N., Samouei, R., Shahrzadi, L., and Ashrafi-Rizi, H. (2019). Prediction of health information-seeking behavior components based on health anxiety among users of public libraries. J. Educ. Health Promot. 8:227. doi: 10.4103/jehp.jehp_262_19 
	 Musial, A., Butts, B., Loechtenfeldt, A., Herrmann, L. E., Schmidlin, E., Kelley, J., et al. (2020). Challenges following hospital discharge for children with medical complexity. Hosp. Pediatr. 10, 531–536. doi: 10.1542/hpeds.2019-0306
	 Nangsangna, R. D., and Vroom, F. D. C. (2019). Factors influencing online health information seeking behaviour among patients in Kwahu west municipal, Nkawkaw, Ghana. Online J. Public Health Inform. 11:e13. doi: 10.5210/ojphi.v11i2.10141 
	 Nikoloudakis, I. A., Vandelanotte, C., Rebar, A. L., Schoeppe, S., Alley, S., Duncan, M. J., et al. (2018). Examining the correlates of online health information–seeking behavior among men compared with women. Am. J. Mens Health 12, 1358–1367. doi: 10.1177/1557988316650625 
	 Polites, G. L., and Karahanna, E. (2012). Shackled to the status quo: the inhibiting effects of incumbent system habit, switching costs, and inertia on new system acceptance. MIS Q. 36, 21–42. doi: 10.25300/MISQ/2012/36.1.02
	 Pourrazavi, S., Kouzekanani, K., Asghari Jafarabadi, M., Bazargan-Hejazi, S., Hashemiparast, M., and Allahverdipour, H. (2022). Correlates of older adults’ E-health information-seeking behaviors. Gerontology 68, 935–942. doi: 10.1159/000521251 
	 Quinless, F. W., and Nelson, M. A. M. (1988). Development of a measure of learned helplessness. Nurs. Res. 37, 11–15. doi: 10.1097/00006199-198801000-00003 
	 Rains, S. A., and Tukachinsky, R. (2015). An examination of the relationships among uncertainty, appraisal, and information-seeking behavior proposed in uncertainty management theory. Health Commun. 30, 339–349. doi: 10.1080/10410236.2013.858285 
	 Rattay, P., and von der Lippe, E. (2020). Association between living with children and the health and health behavior of women and men. Are there differences by age? Results of the “German health update” (GEDA) study. Int. J. Environ. Res. Public Health 17:3180. doi: 10.3390/ijerph17093180 
	 Reifegerste, D., Czerwinski, F., Rosset, M., Baumann, E., Kludt, E., and Weg-Remers, S. (2019). Demographic and cancer-related differences between self-seeking patients and supported patients: analysis of cancer information–service data. Psycho-Oncology 28, 759–766. doi: 10.1002/pon.5016 
	 Sedrak, M. S., Soto-Perez-De-Celis, E., Nelson, R. A., Liu, J., Waring, M. E., Lane, D. S., et al. (2020). Online health information–seeking among older women with chronic illness: analysis of the women’s health initiative. J. Med. Internet Res. 22:e15906. doi: 10.2196/15906 
	 Shahbaz, M., Gao, C., Zhai, L., Shahzad, F., and Arshad, M. R. (2020). Moderating effects of gender and resistance to change on the adoption of big data analytics in healthcare. Complexity 2020, 1–13. doi: 10.1155/2020/2173765 
	 Shamlou, Z., Saberi, M. K., and Amiri, M. R. (2022). Application of theory of planned behavior in identifying factors affecting online health information seeking intention and behavior of women. Aslib J. Inf. Manag. 74, 727–744. doi: 10.1108/AJIM-07-2021-0209
	 Soroya, S. H., Farooq, A., Mahmood, K., Isoaho, J., and Zara, S. E. (2021). From information seeking to information avoidance: understanding the health information behavior during a global health crisis. Inf. Process. Manag. 58:102440. doi: 10.1016/j.ipm.2020.102440 
	 Stroebe, W., and Diehl, M. (1988). When social support fails: supporter characteristics in compliance-induced attitude change. Personal. Soc. Psychol. Bull. 14, 136–144. doi: 10.1177/0146167288141014 
	 Trindade, I. A., Mendes, A. L., and Ferreira, N. B. (2020). The moderating effect of psychological flexibility on the link between learned helplessness and depression symptomatology: a preliminary study. J. Contextual Behav. Sci. 15, 68–72. doi: 10.1016/j.jcbs.2019.12.001
	 Tsai, J. M., Cheng, M. J., Tsai, H. H., Hung, S. W., and Chen, Y. L. (2019). Acceptance and resistance of telehealth: the perspective of dual-factor concepts in technology adoption. Int. J. Inf. Manag. 49, 34–44. doi: 10.1016/j.ijinfomgt.2019.03.003
	 Vittrup, B., Snider, S., Rose, K. K., and Rippy, J. (2016). Parental perceptions of the role of media and technology in their young children’s lives. J. Early Child. Res. 14, 43–54. doi: 10.1177/1476718X14523749
	 Walter, F., Carr, M. J., Mok, P. L., Antonsen, S., Pedersen, C. B., Appleby, L., et al. (2019). Multiple adverse outcomes following first discharge from inpatient psychiatric care: a national cohort study. Lancet Psychiatry 6, 582–589. doi: 10.1016/S2215-0366(19)30180-4 
	 Walter, J., and Haun, V. C. (2021). Positive and negative work reflection, engagement and exhaustion in dual-earner couples: exploring living with children and work-linkage as moderators. German J. Hum. Resour. Manag. 35, 249–273. doi: 10.1177/23970022209649
	 Wanke, N., and Schwabe, L. (2020). Subjective uncontrollability over aversive events reduces working memory performance and related large-scale network interactions. Cereb. Cortex 30, 3116–3129. doi: 10.1093/cercor/bhz298 
	 Weber, W., Reinhardt, A., and Rossmann, C. (2020). Lifestyle segmentation to explain the online health information–seeking behavior of older adults: representative telephone survey. J. Med. Internet Res. 22:e15099. doi: 10.2196/15099 
	 Wong, D. K. K., and Cheung, M. K. (2019). Online health information seeking and eHealth literacy among patients attending a primary care clinic in Hong Kong: a cross-sectional survey. J. Med. Internet Res. 21:e10831. doi: 10.2196/10831 
	 Xiao, N., Sharman, R., Rao, H. R., and Upadhyaya, S. (2014). Factors influencing online health information search: an empirical analysis of a national cancer-related survey. Decis. Support. Syst. 57, 417–427. doi: 10.1016/j.dss.2012.10.047
	 Xue, S., Gu, Q., Zhu, K., and Jiang, J. (2023). Self-compassion buffers the impact of learned helplessness on adverse mental health during COVID-19 lockdown. J. Affect. Disord. 327, 285–291. doi: 10.1016/j.jad.2023.01.099 
	 Yan, L., Gan, Y., Ding, X., Wu, J., and Duan, H. (2021). The relationship between perceived stress and emotional distress during the COVID-19 outbreak: effects of boredom proneness and coping style. J. Anxiety Disord. 77:102328. doi: 10.1016/j.janxdis.2020.102328 
	 Ying, T., Tang, J., Wen, J., Ye, S., Zhou, Y., and Li, F. S. (2021). Traveling with pets: constraints, negotiation, and learned helplessness. Tour. Manag. 82:104183. doi: 10.1016/j.tourman.2020.104183
	 Yu, Y., Lv, J., Liu, J., Chen, Y., Chen, K., and Yang, Y. (2022). Association between living arrangements and cognitive decline in older adults: a nationally representative longitudinal study in China. BMC Geriatr. 22:843. doi: 10.1186/s12877-022-03473-x 
	 Zhang, L., Qin, Y., and Li, P. (2020). Media complementarity and health information acquisition: a cross-sectional analysis of the 2017 HINTS-China survey. J. Health Commun. 25, 291–300. doi: 10.1080/10810730.2020.1746868 
	 Zhang, X., Wen, D., Liang, J., and Lei, J. (2017). How the public uses social media wechat to obtain health information in China: a survey study. BMC Med. Inform. Decis. Mak. 17, 66–79. doi: 10.1186/s12911-017-0470-0 
	 Zhao, X., Fan, J., Basnyat, I., and Hu, B. (2020). Online health information seeking using “# COVID-19 patient seeking help” on Weibo in Wuhan, China: descriptive study. J. Med. Internet Res. 22:e22910. doi: 10.2196/22910 
	 Zhao, J., Han, H., Zhong, B., Xie, W., Chen, Y., and Zhi, M. (2021). Health information on social media helps mitigate Crohn's disease symptoms and improves patients' clinical course. Comput. Hum. Behav. 115:106588. doi: 10.1016/j.chb.2020.106588
	 Zhou, Z., Cai, L., Zhuang, M., Hong, Y. A., and Fang, Y. (2019). A longitudinal analysis of the association between the living arrangements and psychological well-being of older Chinese adults: the role of income sources. BMC Geriatr. 19, 347–349. doi: 10.1186/s12877-019-1371-0 


Copyright
 © 2025 Liu, Kong, Xia and Guo. This is an open-access article distributed under the terms of the Creative Commons Attribution License (CC BY). The use, distribution or reproduction in other forums is permitted, provided the original author(s) and the copyright owner(s) are credited and that the original publication in this journal is cited, in accordance with accepted academic practice. No use, distribution or reproduction is permitted which does not comply with these terms.







 


	
	
ORIGINAL RESEARCH
published: 25 April 2025
doi: 10.3389/fpubh.2025.1507776








[image: image2]

Cross-platform analysis of atrial fibrillation scientific videos: using composite index and a basic assessment scale

Chong Luo1†, Xiaoli Qin1†, Xiaoyu Xie2†, Jie Gao3, Yuwei Wu4, Weitao Liang1* and Zhong Wu1*


1Department of Cardiovascular Surgery, West China Hospital, Sichuan University, Chengdu, Sichuan, China

2Department of Anesthesia, West China Hospital, Sichuan University, Chengdu, Sichuan, China

3West China School of Medicine, Sichuan University, Chengdu, Sichuan, China

4West China School of Public Health, Sichuan University, Chengdu, Sichuan, China

Edited by
 Feng Guo, Tianjin University, China

Reviewed by
 Tianyi Wang, Wuhan University, China
 Maneeth Mylavarapu, Independent Researcher, Birmingham, United States

*Correspondence
 Weitao Liang, 1023444366@qq.com 
 Zhong Wu, wuzhong71@scu.edu.cn

†These authors have contributed equally to this work and share first authorship

Received 08 October 2024
 Accepted 11 April 2025
 Published 25 April 2025

Citation
 Luo C, Qin X, Xie X, Gao J, Wu Y, Liang W and Wu Z (2025) Cross-platform analysis of atrial fibrillation scientific videos: using composite index and a basic assessment scale. Front. Public Health 13:1507776. doi: 10.3389/fpubh.2025.1507776
 





Background: Currently, video platforms were filled with many low-quality, uncensored scientific videos, and patients who utilize the Internet to gain knowledge about specific diseases are vulnerable to being misled and possibly delaying treatment as a result. Therefore, a large sample survey on the content quality and popularity of online scientific videos was of great significance for future targeted reforms.
Objective: This study utilized normalization data analysis methods and a basic assessment scale, providing a new aspect for future research across multiple platforms with large sample sizes and for the development of video content quality assessment scales.
Methods: This cross-sectional study analyzed a sample of 331 videos retrieved from YouTube, BiliBili, TikTok, and Douyin on June 13, 2024. In the analysis of atrial fibrillation scientific videos across four social media platforms, comprehensive metrics and a basic scoring scale revealed associations between platforms, creators, and the popularity and content quality of the videos. Data analysis employed principal component analysis, normalization data processing, non-parametric tests, paired t-tests, and negative binomial regression.
Results: Analysis of the user engagement data using a composite index revealed a significant difference in the popularity of videos from publishers with a medical background (z = −4.285, p < 0.001), no aforementioned findings were found among video platforms, however, except for the Bilibili platform. As for content quality, while the difference in the total number of videos between the two groups was almost 2-fold (229:102), the difference in qualified videos was only 1.47-fold (47:32), a ratio that was even more unbalanced among the top 30% of videos with the most popularity. Notably, the overall content quality of videos from publishers without a medical background was also significantly higher (z = −2.299, p = 0.02).
Conclusion: This analysis of atrial fibrillation information on multiple social media platforms found that people prefer videos from publishers with a medical background. However, it appeared that these publishers did not sufficiently create high-quality, suitable videos for the public, and the platforms seemed to lack a rigorous censorship system and policy support for high-quality content. Moreover, the normalized data processing method and the basic assessment scale that we attempted to use in this study provided new ideas for future large-sample surveys and content quality review.
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1 Introduction

Atrial fibrillation (AF) is the most common clinical arrhythmia, affecting approximately 59 million individuals worldwide (1). Patients with AF face a 2-fold increased risk of myocardial infarction (2) and a 5-fold increased risk of heart failure (3). Additionally, they have a 5-fold higher risk of ischemic stroke, which rises to 20-fold in the presence of mitral stenosis (4, 5). According to Lin et al., 28.6% of AF patients are asymptomatic and often hospitalized for other primary conditions (6). Therefore, educating patients about the health risks associated with AF may improve adherence to treatment more effectively than focusing solely on medication dosages and routine follow-ups.

Traditional medical education methods, such as posters and manuals, are often limited in their reach due to accessibility and geographic constraints (7). This restricts the dissemination of disease-related information to both chronic disease patients and the public (6, 8, 9). Today, with the widespread use of smartphones and personal computers, individuals can access health information anytime and anywhere. This shift has made online video platforms a powerful tool for distributing medical education and raising awareness (10–12). Many healthcare institutions on platforms like YouTube have obtained certification and are actively publishing videos (13). Lee et al. found that 40.8% of U.S. adults use YouTube to search for health-related information, leading to a 30% increase in physical activity (14). However, some meta-analysis of educational videos on online platforms revealed that there is still considerable room for improvement, particularly in terms of content accuracy and regulatory oversight on platforms like YouTube (15–17). Platforms demonstrate inadequate content moderation for user-uploaded videos, enabling virtually any user to disseminate disease-related articles or videos without rigorous vetting. Coupled with social media’s intrinsic real-time nature that facilitates viral propagation speeds, misinformation, unverified claims, and pseudoscientific content become freely accessible through platform search algorithms (15, 18, 19), The insufficient creator-audience interaction diminishes the signature dialogic nature of social media platforms (20), effectively rendering them functionally equivalent to traditional didactic health broadcasts.

Current research on the quality of educational videos predominantly consists of single-platform, single-disease studies with small sample sizes and video quality evaluations rely on horizontal comparisons of isolated unidimensional metrics (e.g., view counts, likes), without in-depth exploration of inter-indicator correlations. There is a notable lack of cross-platform quality comparative analyses and disease-specific quality assessment tools (depending on generic scales like DISCERN or JAMA). In this study, AF educational videos were retrieved from four platforms: YouTube, BiliBili, TikTok, and Douyin. We experimentally applied a normalization method to unify interaction data from different platforms for statistical analysis and used a ‘basic and essential’ professional rating scale to assess the content quality of sampled videos. This study provided a new perspective and method for future large-scale data analysis and content quality evaluation across different platforms.



2 Methods


2.1 Study design

This study was a cross-sectional analysis. On June 13, 2024, we performed keyword searches for “Atrial Fibrillation,” “AF,” and “AF + Management” across YouTube, BiliBili, TikTok, and Douyin platforms. For each video identified, we recorded the URL, the number of views, likes, and the number of comments and replies on the same day to mitigate potential changes over time. The content quality of the videos was then evaluated over the subsequent month.



2.2 Measures

The keyword searches were independently conducted by two reviewers using a web browser with a cleared cache. The top 50 results for each search term were selected. Exclusion criteria included duplicate videos, audio-only content, videos with titles that did not match the content, and videos in languages other than English or Chinese. In cases where the two reviewers disagreed, a third reviewer was consulted to make the final decision. After applying these criteria, a total of 331 videos were included in the analysis.



2.3 Data collection


2.3.1 Interaction metrics

The interaction metrics collected for each video included: view count, number of likes, comments, and replies. To avoid potential bias, we matched 1:1 after data collection in rows stratified by a reply/comment ratio of 3:1. Metrics between different platforms were examined using Kruskal-Wallis tests (Table 1A). Principal Component Analysis (PCA) and weighted scoring were employed to preprocess interaction metrics data [Kaiser-Meyer-Olkin (KMO) = 0.741; and Bartlett’s test of sphericity < 0.001]. Based on the PC1 loading, the Heatscore, a composite index, was obtained using a normalization method (Figure 1; Table 1B).



TABLE 1A Interaction metrics categorized by platforms.
[image: Table comparing four platforms—Bilibili, TikTok, YouTube, and Douyin—on median values and interquartile ranges for views, likes, comments, and replies, with significant p values indicating differences between platforms per Kruskal-Wallis test.]

[image: Scatter plot showing data points distributed along principal component one (PC1) on the x-axis, labeled as 66.19 percent variance explained, and principal component two (PC2) on the y-axis, labeled as 25.11 percent variance explained. Most points cluster near the origin, with a few outliers extending further along the axes.]

FIGURE 1
 Interaction metrics PCA 2D scatter plot. The horizontal and vertical coordinate are the principal component (PC1,2) axis and principal component contributions. PC1 explains 66.19% of the variance in the dataset. Specific data for each principal component loading can be found in Table 1B. Blue dots represent each sample included in the analysis.




TABLE 1B PCA loadings.
[image: Data table displaying principal component analysis results for social media metrics: Views, Likes, Comments, and Replies across four components labeled PC1 to PC4, with numerical values indicating each metric’s loading per component.]



2.3.2 Specialized metrics

The DISCERN and JAMA scales have been utilized to evaluate the accuracy of information sources. However, the aforementioned scales are capable of assessing the reliability of the information sources present in the video but offer a limited capacity for the evaluation of content richness on a professional area. This observation is consistent with the findings of previous studies that have expressed reservations regarding the application of the DISCERN and JAMA scales (21–23), Therefore, the classification criteria developed by clinicians were used in this study. A scoring system, the Atrial Fibrillation Specific Score (AFSS), was designed based on existing literature and expert guidelines (24, 25). However, using such complex and precise scales to guide the creation of educational videos may result in content that is too advanced for viewers to comprehend, limiting their ability to engage in shared decision-making (26). In the course of routine treatment, it has been observed that patients tend to demonstrate a limited interest in the pathogenesis, preferring instead to inquire about the treatment options and the distinctions between them. However, during outpatient consultations, patients frequently encounter challenges in comprehending and assimilating a substantial volume of disease-related information within a limited timeframe. This observation underscores the imperative for the development of a scoring scale that quantifies the quality of popularized video content, with the objective of enhancing public comprehension of medical information. On the one hand, it can effectively promote the platform’s content review, and on the other hand, we hope that video authors can produce videos based on this scale to provide a good way for the public to understand and absorb disease-related knowledge before and after the treatment. To address this, we developed the Essential Score (Escore) as a simplified version of the AFSS framework. We have attempted to remove from the AFSS framework about diagnosis and management of the disease that may require a medical background to understand, and to focus on knowledge that is of more interest to the general public, such as the course of the disease, its associated dangers, methods for self-diagnosis, and available treatment options. Five specialized cardiac surgeons from our hospital were consulted to evaluate the content validity of both the AFSS and Escore rating scales. After multiple rounds of adjustments and assessments, the final criteria are presented in Table 2. Each video was scored for content quality independently by three authors, or by the corresponding author if the variation between them was more than three. The reliability, validity, and content validity indexes confirmed that these scales are appropriate for evaluating the content quality of the videos analyzed in this study (Table 2).



TABLE 2 Specialized metrics scales.
[image: Table outlining atrial fibrillation with columns for Diagnose, Treatment, and Management. Essential elements are highlighted such as definition, risk factors, manifestations, and untreated consequences. Treatments include anticoagulants, ablation, and antiarrhythmics. Management covers discussion of treatments, follow-up care, patient involvement, and prevention.]

In this study, the content quality of the sample videos was evaluated using the Escore with one point awarded for fulfilling one item in the Diagnose and Management section, but slightly different in the Treatment section. With a clear diagnosis of a chronic disease, there is mostly an emphasis on long-term treatment and regular follow-up (27–29), and it is important for patients to have a thorough understanding of the treatments for their condition (30, 31), so a missing item in the Treatment section of the Escore was worth zero points. In video quality grading, treatment videos scoring below 3 were classified as disqualification. Scores of 5–7 and 3–4 were classified as adequacy and eligibility.




2.4 Statistical analysis

All videos were categorized based on publishing platform and author type. Categorical variables were analyzed using frequency and relative frequency, whereas continuous variables were summarized using median values. Python was utilized to perform PCA and calculate the Heatscore index. Pandas and NumPy were employed for data processing and numerical computations, PCA and the calculation of the Heatscore. IBM SPSS Statistics version 26.0 was applied for statistical analysis and the computation of the metrics. According to the Kolmogorov–Smirnov test, the data in this study exhibited non-normal distribution, necessitating the use of non-parametric tests to evaluate differences between groups.




3 Results

Out of the initial pool of 600 videos, 269 were excluded due to duplication, lack of audio, or irrelevance. This left 331 videos for analysis, with 31% from non-medical backgrounds (NMB), such as self-media and public accounts, and 69% from medical backgrounds (MB), including doctors and hospital media.

In the first phase, we analyzed interaction metrics (views, likes, comments, and replies) and specialized metrics (AFSS and Escore) based on video platform and author type. In the interaction metrics section, after processing through PCA and weighted scoring, we found that the Heatscore still showed significant differences among various video platforms. A subsequent Nemenyi post-hoc test revealed that the source of the difference was solely the video data from the Bilibili platform (Figure 2a). The MB group had higher Heatscore than the NMB group (z = −4.285, p < 0.001; Figure 2b).

[image: Boxplots compare Heat_score values across platforms Bilibili, Tiktok, YouTube, Douyin in panel a and between MB and NMB in panel b; significance levels are marked with asterisks and ‘ns’.]

FIGURE 2
 (a) Analysis of between-group differences in heat score categorized by platform. The results of the two-by-two comparison based on the Nemenyi test showed that there were statistically significant differences between the observed metrics of the Bilibili platform and the other three analyzed platforms (TikTok, YouTube, and Douyin; p < 0.001). Comparisons between the other platforms were as follows: the difference between TikTok and YouTube was not statistically significant (p = 0.983), nor was the difference with Douyin (p = 0.405); the comparison between YouTube and Douyin also showed no significant difference (p = 0.779). (b) Analysis of between-group differences in heat score categorized by author type. The MB group had higher heat score then the NMB group (z = −4.285, p < 0.001).


In terms of specialized metrics, there was no significant difference in AFSS scores between MB and NMB groups, but the Escore was notably higher in the NMB group (z = −2.299, p = 0.02; Figures 3a,b). Further paired t-tests and regression analysis showed that AFSS scores were significantly higher than Escore in two groups (t-statistic = 17.051/ 10.814, p < 0.001/ < 0.001; Table 3A). Using AFSS scores as the independent variable and Escore as the dependent variable in a negative binomial regression analysis, it was found that AFSS scores had a significant positive effect on Escore (Table 3B).

[image: Two side-by-side box plots compare NMB and MB groups. Panel (a) shows AFSS scores with no significant difference (ns), and panel (b) presents Escore with a significant difference (double asterisk).]

FIGURE 3
 (a) Analysis of between-group differences in AFSS categorized author type. No statistically significant difference in AFSS scores was seen between the MB and NMB groups (z = −1.529, p = 0.126). (b) Analysis of between-group differences in Escore categorized author type. There was a statistically significant difference in Escore scores between the MB and NMB groups (z = −2.299, p = 0.022).




TABLE 3A AFSS and Escore paired t test.
[image: Table compares AFSS and Escore means, standard deviations, mean differences, p-values, and Cohen’s d for MB and NMB groups. Statistically significant differences and large effect sizes are observed in both cases.]



TABLE 3B Negative binomial regression analysis.
[image: Table displays logistic regression results for MB and NMB groups examining the impact of AFSS on Escore, including coefficients, standard errors, z values, p values, odds ratios with confidence intervals, and McFadden’s R². AFSS is significantly associated with increased Escores in both groups, as indicated by positive coefficients, low p values, and confidence intervals for odds ratios excluding one. Explanatory power, based on McFadden’s R², remains limited.]

In the second part, it was observed that most adequacy scientific videos (50/57, 88%) originate from Bilibili and YouTube. Concurrently, all video platforms were inundated with a substantial number of disqualified videos (252/331, 76%). When categorized by author type, MB creators produced nearly twice as many videos as NMB creators (229:102). Yet, the proportion of qualified videos (Escore ≥ 3) was only 1.47:1 (47:32), while non-compliant videos were 2.6 times higher in the MB group (182:70; Figures 4a,b). Among high-popularity videos (top 30% in Heatscore), the MB group again had more videos (78:21) but with ratio of disqualified to qualified videos, approximately 2:1.

[image: Three grouped horizontal stacked bar charts compare adequacy, eligibility, and disqualification across platforms. Chart (a) has data for Bilibili, Tiktok, YouTube, and Douyin. Chart (b) separates MB and NMB groups, while chart (c) repeats this split on a smaller scale. Blue, green, and orange indicate adequacy, eligibility, and disqualification.]

FIGURE 4
 (a) Video quality datasets between the platforms. (b) Video quality datasets between the author types. (c) Video dataset (top 30% in Heatscore) between the author types.




4 Discussion


4.1 Interaction metrics

In previous similar reports, the data from different platforms were analyzed by directly profiling the number of plays, likes, and replies of the sample video (32–34). However, we recognize that different platforms encompass diverse user bases and content strategies. This variability complicates the interpretation of results, given the disparity in data across platforms (Table 1A). Lookingbil et al. took a randomized permutation test approach to statistically analyze user engagement (i.e., the number of views, likes, comments, and shares) of videos on a single video platform and revealed a significant correlation between the number of publishers’ followers, video likes, and the level of user engagement through linear regression, an approach that should be viewed as an attempt at integrative analysis (23). We believe that direct analysis of data from different platforms can well explain the differences in audience population and policy support of different platforms, but a comprehensive indicator may be needed to make a judgment on the popularity of the video itself. Therefore, our study introduces methods like PCA and normalization techniques for further processing interactive metrics (Table 1B). Importantly, the outcomes of these two statistical approaches yielded notably divergent results (Table 1A; Figure 2a).

The above analysis showed that although YouTube and TikTok outperform Douyin and Bilibili on paper, there is little difference in the Heatscore (popularity) among YouTube, TikTok and Douyin platforms. Bilibili consistently trails behind these platforms in terms of engagement. These findings align closely with similar studies in literature, where videos posted by individuals with medical backgrounds (MB groups) tend to garner higher popularity among viewers (35–37) (Figure 2b).

However, the findings are not cause for celebration. PCA analysis revealed that among the variables examined, the number of comments and replies accounted for 58 and 2% of the total variance in the raw data, respectively. Notably, the median number of replies across all platforms was zero, indicating a widespread lack of publisher responsiveness to viewer inquiries. Moreover, despite TikTok’s highest average view count of 41,200, this figure pales in comparison to the nearly 59 million individuals worldwide affected by atrial fibrillation (AF) (1). This disparity underscores the challenge in effectively reaching and engaging with the expansive AF community through current social media platforms.



4.2 Specialized metrics

Several previous studies have evaluated content quality using established scales such as DISCERN, JAMA, PEMAT-A/V, and GQS (32, 33, 38, 39) alongside self-constructed scales based on disease-specific guidelines (35, 40–43). The former has the advantages that the scale has been extensively validated, and the reliability of the conclusions is greater, but the applicability is poorer, and the content of the evaluation lacks the specialization of the disease in which it is related, as opposed to the latter, which is the same in reverse. The situation was such that video platforms were overwhelmed with low-quality and misleading content (41, 44, 45). Hence, specialized scales might be more advantageous in the evaluation of the quality of video content for related diseases, and their disadvantages could be ameliorated through multiple validations. In this study, the AFSS scale was created to cover diagnosis, treatment, and management in accordance with the European and US guidelines for the diagnosis and management of AF. Subsequently, we introduced the Escore scale, designed to prioritize essential and fundamental aspects, reflecting a more necessity approach. In this section, this study had two purposes, firstly to investigate the potential use of a “more basic necessity” rating scale. Secondly, to evaluate whether the content quality of the sample videos was satisfactory.

In developing the AFSS scale, it was found that the detailed scoring criteria, while professional enough, could overwhelm viewers seeking concise information from scientific videos. Hence, the Escore scale was crafted to distill essential elements more comprehensibly.

To assess the Escore scale’s efficacy, we conducted paired t-tests on groups with MB and NMB. Results showed that Escore were significantly lower than the AFSS, it was able to obtain fewer scores than the AFSS, suggesting that the Escore was not a parallel scale to the AFSS (Table 3A). Moreover, negative binomial regression analyses indicated a strong positive correlation between AFSS and Escore scores (Table 3B). The above results indicated that the “basic necessity” Escore scale maintained a high level of consistency and validity with the “complexity and comprehensiveness” AFSS scale. The similar OR valves suggested that the Escore performance is consistent across the two datasets, with no significant variations, supporting the stability of the Escore. As such, the Escore was qualified and potentially useful as a “more basic necessity” scale.



4.3 Satisfaction with content quality

In recent years, it has become a common way for the public to learn about diseases through online video sites or software (46–48). Tan et al. found that videos featuring medical professionals, highlighted by titles or attire, tend to attract more engagement (49). However, the findings of several studies are not positive about the quality of video content from professional authors (50–52).

Both publishers and platforms were involved in ensuring the quality of the content of the videos uploaded on platforms. This study assessed the publishers’ by rating the content quality of the sample videos using the AFSS/ Escore scale. It was noted with surprise that the median AFSS scores were only 2.0 and 3.0 out of a total of 13, and that there was no statistically significant difference in the scores between the two groups (Figure 3a). It indicated that the overall content quality of current streaming videos is low, and that the MB group has a higher Heatscore (popularity), but does not have the favorable conditions to create higher quality videos. On the one hand, the MB group may be more likely to be believed by the general public due to their platform accreditation or with the title of medical practitioners, but the quality of their existing videos is not sufficient to provide adequate information to the general public. On the other hand, regardless of whether or not the publishers have a medical background, the overall quality of the video content is substandard, and the incomplete introduction of the treatment content related to atrial fibrillation may result in patients having a biased understanding of the treatment, regardless of the medical background of the publisher. This may lead to compliance problems in long-term treatment. These shortcomings were even more prominent in the Escore scores, where it appeared that publishers in the NMB group, who did not have a medical background, were better able to create “more basic and necessary” scientific videos (z = −2.299, p = 0.005; Figure 3b). It is possible that NMB creators may encounter challenges in comprehending the intricate ECG manifestations, electrophysiological changes and disease management of AF. Consequently, these creators may tend to the production of video content that focuses on more readily comprehensible aspects of the disease, such as its manifestations and therapeutic treatments which are more aligned with the Escore scoring. Conversely, for creators in the MB group, the traditional medical education they received—which may dedicate several hours to comprehensively teaching a single disease—forces them to focus only on partial aspects of a condition when producing videos. This limitation stems from three critical constraints: their ingrained educational paradigms, video duration limits, and personal energy reserves. These factors collectively contribute to their challenges in crafting Escore scale based high-quality videos. However, of greater concern to us was the fact that, like the findings from the interactive metrics, overall, the quality of content in both groups remained low.

Next, we categorized the content quality into Adequacy, Eligibility, and Disqualification according to the Escore score range, aiming to figure out whether the platforms have reviewed the quality of the content. The results are consistent with the concerns expressed in related studies (41, 44, 45). Although platforms have already introduced medical certification measures (53–55). Still, video platforms were overflowing with disqualification videos (252/331, 76%), and there were only 14 more eligible videos in the MB group (1.47-fold) but 2.6-fold more disqualification videos in the NMB group when there were twice as many sample videos as in the NMB group (Figures 4a,b). We analyzed the top 30% of videos in the Heatscore to figure out whether platforms are grading and supporting high-quality videos. It was found that even among the MB group videos with high popularity, there is still a large proportion disqualification video (56/ 78, 72%). The MB groups had 3.7-fold videos than the NMB group but had 5.1-fold disqualification video while having only 2-fold qualified video (Figure 4c). Combined with the previous finding that the Heatscore of videos in the MB group was significantly higher than that of the NMB (Figure 2b), we assume that the platform did not have a well re-assessment process of the content quality while providing support to publishers with medical backgrounds, resulting in a situation where videos in the MB group were currently high in popularity, but a large number of disqualification videos still existed.

In the context of Internet globalization, social media platforms have been shown to be faster, more convenient and possess unique social attributes in comparison to traditional means of publicity. This provides a vast fertile ground for the widespread dissemination of disease-related knowledge, but it also breeds ‘bacteria’. It is incumbent upon platforms to provide creators with guidelines for uploading videos, establish a comprehensive background and content review mechanism to eliminate defective and shoddy works, provide views support for well-produced videos with reliable and detailed content, and dynamically monitor the view data of popular science videos so that searchers can find newer and better-quality videos. For the creators, it is essential to adhere to rigorous standards in medical science video production, ensuring that treatments are not selectively or utilitarian introduced. Secondly, the content should be presented in a manner that is more accessible to the general public, with a reduction in text and the adoption of simpler forms of expression such as images or animations.




5 Limitation

We only included videos that ranked in the top 50 search results, and it is possible that this strategy does not fully include search terms that may be used by the public. Second, this study attempted to use the Heatscore and Escore, although they were developed based on previous literature and authoritative guidelines and literature, their reliability needs to be explored in subsequent studies.



6 Conclusion

In this study assessing the quality of scientific videos on AF knowledge across different video platforms, with four platforms, it appeared that there was insufficient support for high-quality videos and a lack of a rigorous process for reviewing the quality of the content. Despite having medical backgrounds, creators in the MB group did not consistently produce higher-quality videos. Furthermore, this study introduced a normalization method to analyze data, which revealed significant differences between groups, yielding insights distinct from those obtained through raw data analysis. This methodological innovation presented a new way for future studies with larger sample sizes and across multiple platforms. In terms of content quality evaluation, this study pioneered the validation of a “basic and essential” scoring system, designed to better suit public consumption. This innovative approach offered a fresh perspective for future content reviews on video platforms.

The prevailing tendency among the general public to seek information regarding diseases from online sources has become increasingly pervasive. It is incumbent upon platforms to develop vetting standards, optimize recommendation algorithms and establish dynamic monitoring. Creators should consider forming interdisciplinary teams that integrate physicians (to ensure content authority), media scholars (to refine narrative structure), and visual designers (to achieve cognitive load reduction).
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Introduction: Human papillomavirus (HPV) is an exceptionally transmissible virus with a widespread presence that represents a considerable public health concern. Notably, the existing information landscape regarding HPV vaccination tends to favor female perspectives, which may inadvertently neglect the risks associated with HPV infection in men-particularly among male college students, who constitute a vulnerable demographic. To address this gap, effective health communication strategies are essential to encourage vaccination behaviors. This study seeks to extend the Theory of Planned Behavior (TPB) to investigate how sex-biased information influences the HPV vaccination intentions of male college students.
Methods: A survey involving 240 participants was conducted to analyze the correlation between the HPV vaccine information environment and vaccination intentions. Utilizing Structural Equation Modeling (SEM), we assessed both direct and indirect effects that shape this relationship.
Results: Findings reveal that sex-biased HPV vaccination information can have both direct and indirect effects on the vaccination behaviors of male university students. Specifically, attitudes towards the vaccine positively influence the willingness to receive free vaccinations, while subjective norms and perceived behavioral control positively impact the intention to obtain both paid and free vaccinations.
Discussion: This study highlights that the female-oriented focus of HPV vaccination information, which underscores feminine norms, may limit the effectiveness of HPV health education for male college students. Additionally, price considerations have a limiting impact on the favorable attitudes of male university students towards vaccination. Conversely, male-targeted informational campaigns that heighten perceptions of HPV-related risks can diminish price sensitivity regarding vaccines, ultimately fostering increased willingness to vaccinate. The paper concludes by suggesting avenues for future research aimed at developing health communication strategies to enhance HPV vaccination rates among men. Implications and limitations are discussed.
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1 Introduction

Human Papillomavirus (HPV) infection, primarily transmitted through sexual contact, mother-to-child transmission, and contact with skin and mucous membranes, represents a highly infectious category of viruses. This infection impacts individuals regardless of gender and is associated with various diseases, thereby continuing to present a substantial public health challenge worldwide (1). The epidemiology of HPV in females has been well studied and documented. In contrast, the epidemiological landscape of HPV in males remains less understood. A systematic meta-analysis published in The Lancet Global Health underscores the significant prevalence of HPV among the male population. As of 2023, it is estimated that approximately one-third of males worldwide have been infected with at least one variant of genital HPV (2). Furthermore, around one-fifth of males are reported to be infected with one or more high-risk HPV types associated with cancer (2). Cervical cancer, as emphasized by Okunade et al. (3), is one of the malignancies induced by HPV, alongside anal cancer (4) and oral squamous cell carcinoma (5). These HPV-related cancers impose a substantial burden on both the physical and mental well-being of affected individuals. Research indicates that cervical cancer screening data in China reveals an overall HPV infection prevalence rate of 19.1% (6). This prevalence presents a considerable challenge to China’s public health infrastructure, particularly considering its large population, and represents a critical issue regarding the reproductive health of its citizens. In response, China has implemented comprehensive strategies for HPV prevention, which include the National Health Commission’s promotion of free HPV vaccinations for eligible girls, as well as the dissemination of health education and awareness campaigns about HPV through various mediums, notably social media. Nonetheless, the focus of these health initiatives and vaccination campaigns has predominantly been on the female demographic, with insufficient attention directed towards males, who are comparatively disadvantaged in terms of access to vaccine information.

Several studies have shown that men serve as a primary transmission group for HPV (7) and exhibit higher rates of infection (7–10). However, vaccination rates among men remain notably low (11–13). China aims to enhance HPV vaccination efforts among males, and numerous scholars have underscored the importance of this initiative, especially for specific populations such as men who have sex with men (MSM) (11, 13, 14). However, existing literature does not provide clear insights into current vaccination trends and the determinants influencing vaccination among male populations, which constitutes the primary focus of this study.

The observed phenomenon of a high rate of HPV infection coupled with a low vaccination rate among males can be attributed to three primary factors. First, at the individual level, men are less likely to encounter relevant information regarding HPV vaccines within the current information ecosystem, particularly on algorithm-driven social media platforms. Here, discussions surrounding HPV vaccination are frequently linked to ‘cervical cancer,’ a condition specific to the female reproductive system. Even when men do encounter information on these platforms, it is often tailored to a female audience and fails to directly address male health concerns (15). Consequently, the prevailing health information environment emphasizes content and strategies that primarily influence female behavioral intentions, neglecting to engage men as key targets for health promotion. This oversight exacerbates the existing information gap regarding HPV vaccination among males and further diminishes awareness of the implications of sex-biased health information.

Second, at the societal level, the stigma surrounding HPV infection is deeply rooted in prevailing social norms. In the Chinese context, sexually transmitted diseases are often viewed as indicators of a lack of self-respect and self-care, with traditional beliefs disproportionately attributing the responsibility for the occurrence and transmission of these diseases to women (16–18). As a result, women in China are more likely to conform to societal expectations by engaging in preventive measures against sexually transmitted infections, such as HPV vaccination, which has gained acceptance as a mainstream health intervention in recent years. In contrast, societal norms do not similarly impose responsibilities on men, leading to a lower uptake of preventive behaviors among this demographic, including HPV vaccination (112, 113). This dynamic not only reinforces gender norms and stereotypes within sexual health discourse, but also overlooks the significant sexual health risks faced by China’s male population, which numbers approximately 720 million1.

Third, from a public health perspective, existing HPV-related health policies in China largely disregard the male population, resulting in a notable gap in media coverage related to men’s health issues. Furthermore, the current public health framework provides various policy incentives for women to receive HPV vaccinations, including free vaccination options for eligible women. In recent years, Chinese public health authorities have been proactively advocating for policies aimed at encouraging men to receive HPV vaccinations. The topic of HPV vaccine pricing for men in China has persistently garnered significant attention and discourse, especially within the dichotomy of out-of-pocket expenses versus free vaccination options. This study also explores the impact of vaccine pricing on the vaccination intentions of males, serving as a preliminary investigation to inform future policy considerations aimed at expanding HPV vaccination access to men.

Considering the previously identified issues, this research enhances the Theory of Planned Behavior (TPB) by integrating sex bias as a precursor variable, while also broadening the scope of HPV vaccination intentions to encompass both self-funded and free vaccination options. This study investigates the mechanism through which sex-biased information affects men’s intentions regarding self-paying for or receiving free HPV vaccinations. The findings aim to offer valuable insights for the future utilization and promotion of HPV vaccines among male populations.



2 Literature review


2.1 Gendered narratives and systemic gaps in HPV research

HPV vaccination research exhibits a female bias, with a scarcity of male study participants. In studies with a female-oriented focus, scholars have identified social media as a primary source of health information, highlighting that individual engagement with social media content related to vaccines can enhance their awareness of HPV vaccines. A significant positive correlation has been established between the cognitive levels regarding HPV vaccines and the willingness to receive the vaccine among both female populations and parents of young girls (19–21). Additionally, research indicates that vaccination attitudes can influence vaccination behaviors, with parents, as the primary decision-makers regarding their daughters’ HPV vaccination, often hesitant due to uncertainties about vaccine safety (22, 23). Among young women, skepticism regarding the side effects of HPV vaccines emerges as the strongest predictor of vaccination behavior, followed by attitudes towards the vaccination process itself (24, 25). Overall, prior research has consistently demonstrated that the degree of awareness and the prevailing attitudes towards HPV vaccines significantly impact the likelihood of vaccination among female populations.

Vaccination necessitates that individuals engage in rational evaluations of their personal capabilities and the surrounding environmental factors, including economic conditions and the availability of vaccines. Research suggests that the uptake of HPV vaccination among female populations is affected by factors associated with perceived behavioral control. This concept has been shown to be a positive predictor of vaccination behavior among female college students, as well as the vaccination decisions made by parents for their daughters (26, 27). Moreover, self-efficacy, which is closely linked to perceived behavioral control, also plays a crucial role in influencing individuals’ willingness to be vaccinated (28). Environmental challenges, such as shortages of vaccines, pose significant barriers to HPV vaccination, particularly impacting women from low- and middle-income backgrounds (15, 29, 30). Thus, the administration of the HPV vaccine represents a logical decision-making process for individuals, as women consistently assess the effectiveness of their vaccination.

The promotion and administration of HPV vaccines are also shaped by a variety of social and cultural norms, which can exert both positive and negative influences, particularly within Asian societies characterized by intricate family and ethnic dynamics and stringent expectations regarding women’s behavior. Young women from diverse ethnic backgrounds often harbor stigmatizing perceptions of HPV vaccination, including the concern that receiving the vaccine may be construed as an endorsement of promiscuity (31–33). In several Asian nations, discussions surrounding sexual health are frequently suppressed due to prevailing social norms, leading to the perception that HPV vaccination may inadvertently endorse excessive sexual behavior or encourage risky sexual practices (34). Nevertheless, in contemporary Chinese society, certain non-stigmatizing social norms significantly contribute to the encouragement of women’s acceptance of HPV vaccination. For example, within a child-centric cultural framework, Chinese parents demonstrate a willingness to embrace scientific approaches in managing their children’s health, with the moral imperative of ‘scientific parenting’ emerging as a significant predictor of their decisions regarding HPV vaccination (35). Furthermore, health advocacy for HPV vaccination on Chinese social media predominantly targets women (36, 37), while the “feminization” of HPV creates societal expectations that encourage Chinese women to pursue vaccination (38). However, in practice, males, who are notable carriers of sexually transmitted infections, may neglect their own HPV prevention efforts. This negligence can be attributed to the lack of traditional social norms and insufficient media attention regarding HPV vaccination for men. Consequently, they may emerge as new focal points for HPV transmission. This issue represents a significant aspect that has been overlooked in prior research, particularly in studies on sexually transmitted infections conducted in Asia.

The uptake of HPV vaccination is generally shaped by individual factors, particularly among females. These factors include the levels of knowledge, educational background, attitudes towards the vaccine, and personal capabilities. Additionally, social influences, such as cultural norms and the availability of the vaccine, play a significant role. Nonetheless, most existing research has predominantly emphasized the female viewpoint, thereby neglecting male perspectives. This oversight has resulted in a notable gender bias within academic discourse. Consequently, there has been a relative lack of scholarly attention directed towards understanding the disparities in HPV vaccination rates within a sex-biased informational context, particularly regarding the perceptions and health information needs of male populations.



2.2 Sex-biased health information environment

Sex bias is characterized by the unequal representation of information and perspectives between genders, typically favoring one gender over the other (39). Sex bias in HPV vaccination information is defined by the unequal distribution of vaccine-related content across male and female populations, whereby the health needs of one gender are prioritized at the expense of the other. Recent studies focusing on the feminization of HPV vaccination (15, 40, 41) have identified three key dimensions in which female-biased HPV vaccination information manifests. Firstly, in the context of information presentation, there is a pronounced emphasis on the significance of vaccination for women, while the infection risks, disease implications, and vaccination advantages pertinent to men are either minimized or overlooked. Secondly, regarding the targeted populations, promotional initiatives predominantly emphasize the protection of women’s health, particularly in relation to the prevention of cervical cancer. In contrast, there is a noticeable lack of attention given to health issues that are relevant to men, such as the prevention of anal cancer, oropharyngeal cancer, and genital warts. Lastly, in framing responsibility for vaccination, there is a tendency to characterize it as a “female obligation,” rather than acknowledging it as a collective public health responsibility that necessitates engagement from individuals of all genders. These three dimensions underscore the notable disparities present in messaging that favors female perspectives over male considerations in HPV vaccination discourse.

Researchers contend that the information landscape of social media—including the dissemination of scientific knowledge, online public discourse, and digital imagery—demonstrates significant sex bias (42–47). Existing studies on sex bias primarily concentrate on descriptive analyses and the identification of influencing factors, aiming to clarify the underlying mechanisms that manifest societal forms of sex bias. Nonetheless, the academic discourse has largely overlooked the implications of sex bias for the promotion of individual health behaviors through information dissemination. The aforementioned study utilizes a feminist perspective to analyze the impacts of male-oriented information environments on women situated within patriarchal structures.

A sex-biased information environment can significantly influence individuals’ attitudes and behaviors, thereby shaping their perceptions of gender role differences. Gender-biased information environments can significantly shape behavioral attitudes by reinforcing existing stereotypes and promoting the internalization of specific beliefs. For instance, the pervasive presence of gender-biased information can influence individuals’ evaluations of certain behaviors through the repeated exposure to concepts such as gender discrimination and stereotypical divisions of labor (48). When these biased messages gain widespread acceptance within society, individuals tend to assimilate them into their personal belief systems. Research supporting this assertion demonstrates that the utilization of sex-biased language plays a significant role in the continuation of gender discrimination and influences individuals’ perceptions and attitudes regarding gender-related concepts (49–51). Furthermore, sex bias is associated with the health outcomes of both men and women (52). In the realm of vaccination, most textual information environments are free from sex bias; for instance, communications regarding flu and hepatitis B vaccines generally concentrate on the diseases themselves rather than on gender distinctions. However, when the information environment pertaining to vaccination decisions is characterized by sex bias, as observed with HPV vaccines, this bias—whether manifested through gender stereotyping or stigmatization—can influence attitudes towards vaccination, thereby impacting both intentions and actual vaccination behaviors. Currently, the information environment surrounding HPV vaccination in China frequently links HPV to female identity, which may lead the public to perceive a greater societal expectation for women, as opposed to men, to receive the HPV vaccine. Social media platforms generate a substantial volume of information daily, varying in quality, which can contribute to a pronounced sex-biased information environment.

The gender-biased information environment influences the subjective norms regarding HPV vaccination among early-adult male college students through gender norms. Firstly, gender roles can be considered a form of social norm (114). Secondly, collectivist cultures emphasize group harmony and adherence to social norms, resulting in individual behaviors being significantly influenced by group opinions (115). Male college students, being in the early stages of adulthood, are particularly sensitive to the perceptions of their peers and experience a strong sense of social identity (116). Within a collectivist context, these male students may be more attuned to socially constructed norms shaped by gender roles and may fear being labeled as non-conforming to these roles. In a gender-biased social media information environment, where HPV vaccination is predominantly viewed as a concern for women, male students may perceive the act of receiving the HPV vaccine as inconsistent with traditional masculine roles, potentially leading to ridicule or social exclusion. As a result, they might avoid vaccination despite being aware of its health benefits. A study investigating the willingness to vaccinate against HPV among Chinese college students studying in the United States revealed that participants more strongly influenced by collectivist culture were less likely to receive the HPV vaccine (53). Therefore, it can be posited that information environments characterized by gender bias have a substantial impact on individuals’ attitudes and subjective norms, especially among individuals embedded in collectivist cultures.

Behavioral attitudes and subjective norms pertain to an individual’s assessment of subjective elements, whereas perceived behavioral control encompasses a consideration of objective factors (54). For individuals, sex-biased information represents an objective reality. The information environment characterized by gender bias can initially diminish individual self-efficacy by influencing perceptions of ability. For instance, the sustained emphasis on male advancement in the fields of science and technology may cause women to undervalue their own competencies within these domains, fostering a belief that “I am not proficient in science and engineering” (55). Furthermore, when the information environment implies that certain resources are preferentially allocated to one gender, individuals may perceive a constricted ability to exercise control over their actions. Specifically, women might show reluctance to pursue executive roles due to prevalent discussions surrounding the “glass ceiling” phenomenon (56). Specifically, information favoring males regarding HPV vaccination and information favoring females influence men’s cognition, particularly among male college students, thereby impacting their perceived behavioral control. Consequently, this study centers on the relationships between sex-biased informational contexts and various factors, including attitudes, subjective norms, perceived behavioral control, and actual behaviors.

Gender roles represent the socialized outcomes of individual behaviors, which are shaped by biological inheritance and influenced by various political, economic, and cultural factors within society. These roles contribute to societal perceptions of gender, with socially prescribed or implicit gender roles guiding individuals’ behavioral patterns through mechanisms such as information dissemination (57). Informed by TPB, some researchers have sought to incorporate gender as a new variable to enhance the TPB framework, investigating its effect on behavioral development within this model. For instance, Kyrrestad et al. (58) integrated gender differences in TPB were detected, Intention to increase the frequency of drinking is predicted by subjective norms (SN) and attitude for girls and by subjective norms (SN) for boys. Similarly, Xu et al. (59) analyzed the differences in learning behaviors between male and female engineering students under peer pressure, and found that gender differences have a positive impact on subjective norms, and high-performing female students can motivate male classmates and improve their learning intentions and behaviors. Under the guidance of TPB theory, Xie et al. (60) tried to explore the influence of gender differences on healthy office building strategies, and the experimental results showed that there was a positive relationship between female employees’ health behavior intentions and architectural design strategies.

These studies primarily focus on gender as a precursor variable within the TPB framework, highlighting its significant impact on individual behavioral patterns. Nonetheless, the mechanisms through which sex-biased information contributes to behavioral differences warrant further investigation. Research suggests that gender can function as a precursor variable influencing individual attitudes, social norms, and perceived behavioral control in the initial stage, ultimately shaping behavioral variations. Furthermore, sex-biased information also impacts societal perceptions of gender, which in turn reinforces attitudes, social norms, and perceived behavioral control, culminating in differentiated behavioral patterns. This study aims to examine whether sex-biased information plays a pivotal role in shaping individuals’ behavioral patterns, with a particular focus on HPV vaccination behavior. This exploration seeks to understand how cognitive differences may lead to varied behavioral orientations.



2.3 Extended theory of planned behavior and HPV vaccination

The Theory of Planned Behavior (TPB) is a framework within social psychology that seeks to explain and forecast individual behavioral actions. According to this theory, individuals make decisions regarding their behavior in a rational manner, where three key components—Attitude toward the Behavior (AB), Subjective Norms (SN), and Perceived Behavioral Control (PBC)—interact to shape behavioral intentions. These intentions subsequently influence the likelihood of actual behavior occurring (54). As a well-established theoretical model, the TPB has been widely applied in health communication research, particularly in studies related to HPV vaccination in recent years. Researches have made various modifications and extensions to the theory to better suit different research contexts. Notably, the TPB has demonstrated strong predictive capabilities, providing valuable insights into the processes underlying the formation of new behaviors in specific scenarios, including detailed investigations of HPV vaccination behaviors (27, 61–67).

In the context of deciding whether to receive the HPV vaccination, individuals are required to engage in rational decision-making processes. This involves evaluating their personal health status, considering the economic costs associated with vaccination, and conducting a comprehensive analysis of the potential health benefits. This rational analysis ultimately informs their decision-making process regarding vaccination. Notably, the cost of vaccines has emerged as a significant factor contributing to vaccine hesitancy within the Chinese population (68, 69). In mainland China, HPV vaccines are classified into two categories: free and self-funded. The free vaccines are primarily distributed through the national vaccination program and are currently accessible in 15 provinces. In contrast, the self-funded vaccines are predominantly imported, with an average price exceeding $160, a substantial financial burden relative to the average income of residents in China. Research indicates that the willingness of Chinese women to receive the HPV vaccine is significantly influenced by the cost of the vaccine, with higher prices negatively impacting vaccination rates (70–72). This study specifically aims to investigate the relationship between the willingness to receive the HPV vaccine and its price among males, with the objective of enhancing the understanding of the decision-making processes within this demographic.

Attitude toward the behavior encompass a range of beliefs regarding the likelihood of outcomes associated with specific behaviors (54). Generally, a more favorable attitude towards a behavior correlates with a stronger intention to engage in that behavior, thereby increasing the likelihood of its actual occurrence. Research by Fazio and Zanna (73) indicates that individuals often form positive or negative expectations about behavioral outcomes based on direct experiences, with attitudes grounded in such experiences exerting a greater influence on behavior than those stemming from indirect experiences. In previous vaccination campaigns, including those for the H7N9 virus, hepatitis B, and COVID-19, there were no significant gender differences observed in the information environments fostered on social media platforms. Attitudes towards these vaccines primarily derived from the accumulation of direct past experiences, which were not markedly affected by sex-biased information. In contrast, the current dynamics surrounding HPV vaccination reveal distinct characteristics: attitudes towards HPV vaccination are considerably shaped by a sex-biased information environment, diverging from the mechanisms influencing other vaccines. Consequently, sex bias has not been recognized as a primary factor in previous investigations into vaccine attitudes and vaccination behaviors (74–77).

Within the Chinese context, HPV vaccines are classified into two categories: one that is provided at no cost under the national immunization program and another that requires out-of-pocket payment. The disparity in vaccine pricing significantly influences individuals’ attitudes towards vaccination and their actual vaccination behaviors. For instance, research conducted in Asian nations has shown that public willingness to vaccinate often declines markedly when confronted with higher-priced private vaccines (78). In summary, investigations into HPV vaccine uptake among women indicate that attitudes toward the vaccine can effectively predict vaccination behavior, with more positive attitudes leading to a greater willingness to vaccinate, although this relationship is moderated by the vaccine’s price (38, 79–81). Therefore, a positive attitude towards HPV vaccination should also be regarded as a critical factor in forecasting HPV vaccination rates among males in China. Therefore, this study proposes:

 
H1: Attitudes toward HPV vaccination behavior positively influence (a) the willingness of males to pay for HPV vaccination and (b) the willingness to receive free HPV vaccination.




Subjective Norms are defined as an individual’s perception of societal expectations that either endorse or discourage a particular behavior (54). Cultural contexts significantly shape health perceptions, resulting in varying interpretations and narratives regarding the same illness in different countries, regions, and even within the same nation. From a cultural perspective, China is a collectivist society, where social values are centered on collective interests. In collectivist societies, when making decisions about specific behaviors, individuals place greater emphasis on the support and opposition of others and groups in society, and are more inclined to conform to social expectations (82). In China, the vaccination behaviors of individuals are intricately associated with their sense of social responsibility. Studies suggest that individuals who possess a heightened sense of social responsibility are more likely to engage in vaccination, particularly evident during the COVID-19 vaccination campaign (83, 84). Furthermore, existing research indicates that subjective norms play a crucial role in influencing HPV vaccination rates among women (27, 35, 38, 66). Therefore, it is reasonable to propose that subjective norms, including the concept of social responsibility, also impact HPV vaccination behaviors among male populations in China. Therefore, the present study posits:



H2: The subjective norms regarding HPV vaccination have a positive influence on (a) the willingness of male populations to pay for HPV vaccination and (b) their willingness to receive free HPV vaccination.

 

Perceived behavioral control refers to an individual’s belief in their ability to manage and perform a specific behavior, regardless of its complexity (54). Economic capability stands as a significant determinant for individuals when evaluating their decision-making capacities. In research targeting female populations, economic factors—including family income and socioeconomic status—have been found to have a strong correlation with HPV vaccination rates (85, 86). Most of these studies indicate that perceived behavioral control serves as a positive predictor of HPV vaccination among women (23, 38, 66). Therefore, it is plausible to assert that perceived behavioral control regarding HPV vaccination among Chinese men will similarly serve as a positive predictor of their intention to receive the HPV vaccine (66, 70, 87). Therefore, we propose:



H3: Perceived behavioral control of HPV vaccination has a positive impact on (a) the willingness of men to pay for HPV vaccination and (b) the willingness of men to receive free HPV vaccination.

 

This research also examines the influence of sex-biased information on the willingness of male populations to receive the HPV vaccination. Consequently, drawing from prior research and the theoretical framework outlined earlier, sex-biased information is introduced as a precursor variable within the TPB model, thereby developing an extended TPB model that incorporates sex-biased information. Thus, the current study aims to explore the following research questions:



RQ1: Does sex-biased HPV vaccination information have a direct impact on the HPV vaccination intentions of male individuals?



RQ2: Does sex-biased HPV vaccination information exert an indirect influence on the HPV vaccination intentions of male individuals through (a) attitudes toward HPV vaccination behavior, (b) subjective norms regarding HPV vaccination, and (c) perceived behavioral control over HPV vaccination?

 

Overall, this study, which adopts a male viewpoint and employs TPB, develops an enhanced TPB model that incorporates the concept of information sex bias. The research investigates the impact of sex-biased information on the intention of men to receive the HPV vaccination, while also examining the mechanisms that underlie this relationship. The proposed extended TPB model, informed by sex-biased information, is illustrated in Figure 1.

[image: Conceptual diagram showing how male-biased and female-biased HPV vaccination information influence attitudes toward behaviors, subjective norms, and perceived behavioral control, which each affect willingness to pay for or receive a free HPV vaccine, with pathways labeled RQ1, RQ2, H1a, H1b, H2a, H2b, H3a, and H3b.]

FIGURE 1
 Theoretical framework.





3 Methods


3.1 Data and sample

The methodology employed in this study was a questionnaire survey. The questionnaires were disseminated via the WJX.cn platform on Chinese social media channels. Our team distributed questionnaires online in mainland China during September to October 2024. Participants provided informed consent and received a random reward ranging from RMB 0.5 to 3 upon completing the questionnaire. Given that all items in the questionnaire were mandatory, there were no missing values in the data. However, we established criteria for identifying and removing outliers. First, attention check questions were included in the survey; responses indicating “no” to the item stating “Please select ‘yes’“were excluded from the dataset. Second, responses that were completed in less than 100 s were also removed from analysis.

Given that the peak age for male patients positive for HPV across various provincial regions in China is between 20 and 39 years (88), which coincides with the age demographic of students in higher education institutions, the participants in this research were male students from colleges and universities. A convenience sampling approach was utilized to survey individuals aged 18 years and older within this target group. Regarding the sample size of this study, as we ultimately construct a structural equation model for statistical analysis, the widely accepted and cited assertion that “at least 100–200” samples are required is supported by references such as Principles and Practice of Structural Equation Modeling [(89), p. 16]. The sample size should be at least 5–10 times the maximum path length in the model. MacCallum et al. (90) extensively discussed various factors influencing SEM sample size and proposed the 5–10 times guideline as a general principle. In our model, the longest path comprises three variables, indicating a required sample size of approximately 150 to 300 participants. Accordingly, we set our target at the midpoint of this range, which is 225. After collecting a total of 264 questionnaires and discarding invalid responses, we achieved a final valid sample size of 240, thereby meeting the established criteria, also resulting in an effective recovery rate of 90.23%. However, it is important to note that due to constraints associated with the research topic, many potential respondents were reluctant to engage in surveys concerning male HPV issues. This limitation may regrettably hinder our ability to secure a larger sample size.

The sample comprised individuals aged between 19 and 30 years (M = 22.2, SD = 1.98), and included 16 junior college students (6.7%), 187 undergraduate students (77.9%), 36 master’s students (15.0%), and 1 doctoral student (0.4%). Regarding sexual orientation, 220 participants identified as heterosexual (91.7%), while 20 participants identified as homosexual, bisexual, or other orientations (8.3%). The findings indicated that 107 male college students (44.6%) reported having prior sexual experience, of whom 17 (15.9% of those with sexual experience) indicated having engaged in sexual relations with individuals of the same sex. Furthermore, a total of 65 male college students (27.1%) within the sample had received the HPV vaccination (see Table 1).



TABLE 1 Sample characteristics (N = 240).
[image: Table showing participant characteristics: average age is 22.2 years with a standard deviation of 1.98; 77.9% have a bachelor degree, and 91.7% identify as heterosexual. For self-reported sexual behavior, 44.6% report sexual history and 27.1% report HPV vaccination.]



3.2 Measurement


3.2.1 Demographic variables

Demographic factors included age, education level (0 = college diploma, 1 = bachelor’s degree, 2 = master’s degree, 3 = doctoral degree), sexual orientation (0 = heterosexual, 1 = homosexual/bisexual/other), self-reported sexual behavior such as sexual history (0 = yes, 1 = no), homosexual history (0 = yes, 1 = no), and HPV vaccination history (0 = yes, 1 = no).



3.2.2 Sex-biased HPV vaccination information

Sex-biased HPV vaccination information was measured as male-biased HPV vaccination information (HPV-MI) and female-biased HPV vaccination information (HPV-WI). The questionnaire was adapted based on prior research (91). The dimensions assessed included self-publishing, friend publishing, and media publishing. Self-published information is generally rooted in individual experiences, opinions, and emotions, and is shaped by external inputs from friends and media. Thus, self-publishing was integrated into the analysis. Conversely, media-published information is predominantly factual, data-driven, and centered on public events, encompassing dimensions related to social phenomena, public affairs, and cultural dynamics. This type of information is typically more objective, reflecting societal norms and shared characteristics. The frequency of information shared by friends falls between these two extremes. Both variables are measured using three items (1 = I never, 2 = Once a month, 3 = Every few weeks; 4 = Once a week; 5 = Every day), including: (1) “How frequently have you posted or mentioned information related to HPV vaccination for males/females on social media platforms in the past 6 months”; (2) “How frequently have your friends posted or mentioned information related to HPV vaccination for males/females on social media platforms in the past 6 months”; (3) “How frequently have you seen information related to HPV vaccination for males/females on social media platforms in the past 6 months” (where “Male-biased HPV vaccination information” items: M = 1.731, SD = 0.062, Cronbach’s α = 0.852; “Female-biased HPV vaccination information” items: M = 2.022, SD = 0.112, Cronbach’s α = 0.744).



3.2.3 Attitudes towards HPV vaccination behaviors

The concept of attitudes towards HPV vaccination behaviors (HPV-AB) encompasses individuals’ subjective assessments pertaining to human papillomavirus (HPV) vaccination, including the preventive effect of HPV vaccine, its maintenance effect, the gains and losses of not getting vaccinated, and the benefits of vaccination. The questionnaire employs a Likert 5-point scale (1 = strongly disagree, 5 = strongly agree) and is borrowed from previous research (92). There are four items: (1) “Getting the HPV vaccine can prevent human papillomavirus infection”; (2) “The effect of getting the HPV vaccine is good”; (3) “Not getting the HPV vaccine makes it easier to be infected with human papillomavirus”; (4) “Getting the HPV vaccine can reduce the expenses due to human papillomavirus infection” (M = 4.01, SD = 0.614, Cronbach’s α = 0.704).



3.2.4 HPV vaccination subjective norms

The HPV Vaccination Subjective Norm (HPV-SN) is a construct that assesses the perceived social pressure individuals experience when considering the HPV vaccination. This social pressure may arise from various sources, including family members, friends, governmental entities, and media representations. The measurement of HPV-SN consists of five specific items and utilizes a 5-point Likert scale (1 = strongly disagree, 5 = strongly agree) (92): (1) “My relatives and friends support me getting the HPV vaccine”; (2) “I would get the HPV vaccine because my relatives and friends recommend it”; (3) “I would get the HPV vaccine because the government provides adequate HPV vaccines”; (4) “I would get the HPV vaccine because the government provides free HPV vaccines”; (5) “I get the HPV vaccine because it is promoted for use” (M = 3.88, SD = 0.931, Cronbach’s α = 0.832).



3.2.5 Perceived behavioral control of HPV vaccination

The Perceived Behavioral Control of HPV Vaccination (HPV-PBC) assesses individuals’ perceived ease of self-administration of the HPV vaccine. This construct encompasses several factors, including the complexity of personal decision-making, the availability of time for vaccination, the accessibility of vaccination services, and financial considerations associated with vaccination. The measure consists of four statements in a Likert scale (92) (1 = strongly disagree, 5 = strongly agree): (1) “I can decide for myself whether to get the HPV vaccine”; (2) “I have time to get the HPV vaccine”; (3) “It is convenient to get the HPV vaccine”; (4) “The cost of getting the HPV vaccine is not significant” (M = 3.8, SD = 0.920, Cronbach’s α = 0.704).



3.2.6 Willingness to HPV vaccination

The dependent variable was defined by participants’ self-reported willingness to receive the HPV vaccination either at their own expense (HPV-P) or at no cost (HPV-F). The item was “I am willing to (pay for/receive for free) the HPV vaccine” (Mpay = 3.34, SDpay = 1.003; Mfree = 4.35, SDfree = 0.620).

All variables have been restructured based on previously established scales. A detailed account of the constructs, including Sex-biased HPV Vaccination Information, Attitudes Towards HPV Vaccination Behaviors, Subjective Norms Regarding HPV Vaccination, Perceived Behavioral Control over HPV Vaccination, and Willingness to Receive HPV Vaccination, is presented in Table 2.



TABLE 2 Details of questionnaire adaptation.
[image: Comparison table with two columns, "Previous research inventory" and "This study adapted the scale," showing how survey items about HPV vaccination information, attitudes, subjective norms, perceived behavioral control, and willingness were adapted from prior questions about EV71 vaccination.]




3.3 Data analysis

This research employed SPSS 26.0 and Amos 28.0 software for the analysis of data results. Initially, SPSS 26.0 was used to evaluate the reliability and validity of the questionnaire. The findings from the reliability assessment indicated that the Cronbach’s alpha coefficients for each primary variable ranged from 0.704 to 0.852, exceeding the threshold of 0.7, which suggests that the questionnaire demonstrates adequate reliability. Furthermore, the examination of structural validity revealed the following: (1) The KMO statistic and Bartlett’s test of sphericity for each variable yielded a KMO value of 0.808, which is above the 0.7 threshold, indicating that the intercorrelations among the variables are not significantly different, thus rendering the data highly appropriate for factor analysis (93); (2) The p-values obtained from Bartlett’s test of sphericity were consistently 0.000, which is below the 0.001 level, leading to the rejection of the sphericity hypothesis and confirming the presence of correlations among the original variables, thereby affirming the suitability of the data for factor analysis.

Subsequently, a confirmatory factor analysis was performed utilizing AMOS 28.0 software to assess a measurement model comprising five latent variables: HPV-MI (HPV vaccination information favoring males), HPV-WI (HPV vaccination information favoring females), HPV-AB (behavioral attitudes toward HPV vaccination), HPV-SN (subjective norms pertaining to HPV vaccination), HPV-PBC (perceived behavioral control over HPV vaccination), as well as two observed variables, HPV-P (self-funded HPV vaccination) and HPV-F (complimentary HPV vaccination). The evaluation metrics employed were convergent validity and discriminant validity. The findings demonstrated that the overall fit indices of the measurement model were satisfactory, with the following values recorded: χ2 = 353.196, χ2/df = 2.102, RMSEA = 0.068, CFI = 0.909, and IFI = 0.911. The composite reliability (CR) values exceeded 0.7, and the average variance extracted (AVE) values were all greater than 0.35, confirming the high convergent validity of the measurement scale (see Table 3).



TABLE 3 Potential dimension reliability analysis.
[image: Table displaying structural equation modeling results for five latent variables related to HPV, showing standardized and unstandardized regression weights, standard errors, t-values, significance, SMC, composite reliability, and average variance extracted for each observed variable.]

Before implementing the specific verification model, we conducted a correlation analysis among the various variables, with detailed results presented in Table 4. Additionally, we performed a multicollinearity assessment on the variables included in the model. The findings indicated that there were no multicollinearity issues among the variables incorporated into the model. Specifically, the minimum variance inflation factor (VIF) value was 1.267, while the maximum VIF value reached 1.778, both of which met the critical threshold of VIF < 10 (117: 102).



TABLE 4 Correlation analysis.
[image: Correlation matrix table showing means and standard deviations for seven HPV-related variables: HPV-AB, HPV-SN, HPV-PBC, HPV-MI, HPV-WI, HPV-P, and HPV-F. Statistically significant correlations are marked with asterisks, with stronger correlations indicated among HPV-SN, HPV-PBC, and HPV-F.]




4 Results

The results of the path analysis for the extended TPB model were derived using structural equation modeling, with the corresponding path coefficients presented in Table 5.



TABLE 5 TPB model path coefficient.
[image: Statistical results table showing pathways, estimates, p-values, confidence intervals, standard errors, and critical ratios. Statistically significant pathways are marked with asterisks and include HPV-MI to HPV-P, HPV-AB to HPV-F, HPV-MI to HPV-AB, HPV-MI to HPV-SN, HPV-SN to HPV-P, HPV-SN to HPV-F, HPV-MI to HPV-PBC, HPV-PBC to HPV-P, and HPV-PBC to HPV-F.]

Information regarding HPV vaccination that is biased towards males has a substantial impact on various factors related to the willingness to pay for the HPV vaccine. Specifically, the analysis reveals that such information significantly affects self-reported willingness to pay for vaccination (β = 0.215, SE = 0.089, p < 0.001), attitudes towards HPV vaccination behaviors (β = 0.187, SE = 0.076, p = 0.040), subjective norms associated with HPV vaccination (β = 0.215, SE = 0.079, p = 0.011), and perceived behavioral control over HPV vaccination (β = 0.247, SE = 0.065, p = 0.025). Overall, the findings indicate that male-biased HPV vaccination information exerts a positive influence on individuals’ behavioral attitudes, subjective norms, perceived control, and their willingness to invest in vaccination.

The analysis revealed no significant differences in the willingness to pay for or accept free HPV vaccinations, as well as in attitudes towards HPV vaccination behavior, subjective norms, and perceived behavioral control among individuals exposed to sex-biased HPV vaccination information. This finding suggests that such information exerts neither a positive nor a negative influence on the aforementioned variables. Therefore, RQ1 and RQ2 have been addressed.

A significant difference was identified in the willingness to accept free HPV vaccination, contingent upon individuals’ attitudes towards HPV vaccination behaviors (β = 0.208, SE = 0.106, p = 0.015). This finding suggests that positive attitudes towards HPV vaccination behaviors significantly enhance the likelihood of accepting free HPV vaccination. Therefore, H1b is supported, while H1a is not.

The subjective norms associated with HPV vaccination had a significant impact on individuals’ willingness to pay for the vaccine (β = 0.429, SE = 0.156, p < 0.001) as well as their willingness to accept a free HPV vaccination (β = 0.312, SE = 0.109, p = 0.002). These findings indicate that subjective norms exert a positive influence on the willingness to either pay for or receive a complimentary HPV vaccination. Therefore, H2a and H2b are supported.

The perceived behavioral control regarding HPV vaccination plays a significant role in influencing individuals’ willingness to pay for the vaccine (β = 0.265, SE = 0.249, p = 0.017) as well as their willingness to accept free HPV vaccination (β = 0.327, SE = 0.204, p = 0.005). These findings suggest that individuals who perceive a greater degree of control over HPV vaccination are more likely to express a willingness to both pay for and receive the vaccination at no cost. Therefore, H3a and H3b are supported. The overall framework of the extended TPB model, which incorporates considerations of gender bias, is presented in Figure 2.

[image: Path analysis diagram displays relationships among male- and female-biased HPV vaccination information, attitudes toward behaviors, subjective norms, perceived behavioral control, and willingness to pay for or receive a free HPV vaccine, with labeled standardized coefficient values indicating strength and significance of direct effects.]

FIGURE 2
 Model results.


In summary, sex-biased information regarding HPV vaccination can have both direct and indirect effects on the vaccination behaviors of male college students. More specifically, male-biased information regarding HPV vaccination is associated with an enhancement in attitudes toward vaccination behavior, subjective norms, and perceived behavioral control. This, in turn, directly influences the willingness to pay for HPV vaccination and indirectly impacts both the willingness to pay and the willingness to accept free HPV vaccination. Conversely, female-biased information does not exert any significant positive or negative influence on these variables.



5 Discussion

Existing research on the determinants of HPV vaccination behavior predominantly concentrates on female populations. This study expands upon this foundation by examining the effects of sex-biased information on HPV vaccination behaviors among male populations. The results indicate that sex-biased information can exert both direct and indirect influences on the health behaviors of male individuals. This paper posits the following conclusions: (1) the relationship between such information and an individual’s gender identity is notable; (2) sex-biased information activates distinct gender concepts, thereby prompting individuals to employ varying methods of information processing; (3) the financial cost of the vaccine emerges as a significant factor contributing to hesitancy toward HPV vaccination.


5.1 Promotion of vaccination intentions through a male-biased information environment

The current research indicates that targeted information positively influences male college students’ attitudes, subjective norms, and perceived control concerning HPV vaccination, ultimately enhancing their willingness to either pay for or accept free vaccination. When male college students are exposed to information specifically addressing HPV vaccination for males, they receive affirmative messages regarding the vaccine’s safety, efficacy, and its role in preventing diseases associated with persistent HPV infection. Such exposure is likely to foster more favorable attitudes towards vaccination, thus increasing the likelihood of participation. Furthermore, the prevalence of HPV-related information aimed at males, once it reaches a critical threshold within the information environment, can generate social pressure among male college students. This pressure arises from a societal consensus that views HPV vaccination as a responsible action. Recommendations from family members, friends, and healthcare professionals can further amplify this social pressure, making individuals more inclined to pursue vaccination.

Perceived behavioral control, which is shaped by perceptions of difficulty and control (118), plays a crucial role in predicting behavioral intentions. Notably, perceived difficulty tends to exert a stronger influence than perceived control, and it is significantly affected by key message components. When male individuals are exposed to essential information—such as guidelines on how and when to receive the HPV vaccine—they experience a reduction in perceived difficulty, leading to an enhancement in perceived behavioral control (94). This, in turn, influences their behavioral intentions. Thus, the dissemination of core informational elements, whether through publications, discussions with peers, or social media platforms, captures male attention and stimulates cognitive engagement. This cognitive engagement diminishes the perceived difficulty associated with obtaining the HPV vaccine, prompting males to modify or refine their vaccination strategies in response to new information or circumstances. As a result, HPV vaccine information specifically designed for males can more effectively reshape their perceptions and assessments regarding vaccination, significantly increasing their willingness to receive the HPV vaccine, whether at their own expense or at no cost. To improve the rate of HPV vaccination among males, it is essential to implement an information dissemination strategy that is specifically tailored to this demographic.



5.2 Challenges within a female-biased information environment

In our constructed model, certain pathways exhibit statistical insignificance. The primary group of non-significant pathways relates to the direct and indirect impacts of female-biased information on men’s willingness to receive the HPV vaccine, whether provided through free vaccination programs or paid services. We suggest that entrenched gender roles may contribute to this phenomenon. Men may perceive HPV risks as predominantly associated with females, thus developing a psychological defense mechanism that renders them less receptive to health promotion messages (95). Furthermore, the framing of information appears insufficient; existing female-biased narratives surrounding the HPV vaccine, particularly in advertisements, tend to emphasize cervical cancer prevention while neglecting male-specific risks such as anal and oropharyngeal cancers. This oversight fails to address critical health concerns pertinent to men (96), ultimately hindering the ability of female-biased information to influence men’s willingness to receive the HPV vaccine, irrespective of cost considerations.

From a cognitive theoretical perspective, we propose a potential explanation for this phenomenon. According to (119) Gender Schema Theory, men may often process information through the lens of socially constructed gender schemas, which leads them to prioritize information that aligns with traditional masculine roles—such as competition and goal-oriented behavior—while overlooking or minimizing information associated with femininity, such as emotional support and caregiving. This cognitive framework influences how attention is allocated. Consequently, when men encounter information regarding HPV vaccination, they tend to categorize it based on gender labels. Through these socially developed gender schemas, men may automatically classify ‘HPV vaccination’ as relevant primarily to the ‘female domain.’ When presented with the term ‘female HPV,’ men may activate cognitive filtering mechanisms due to a perceived incongruence with their gender role expectations, resulting in either neglect or minimization of the information. Conversely, if HPV vaccines are framed as something that “men can also receive,” this reframing can integrate the topic into acceptable male gender schemas by removing the “feminine” label—such as highlighting that men are also at risk for contracting HPV—thereby attracting their attention. Several studies examining men’s cognition and attitudes towards HPV and its vaccine have identified low vaccination rates among men as being linked to misunderstandings about HPV and a belief that it is not pertinent to them (97–99). This may lead to a negligible effect on health education regarding HPV among male university students.

Additionally, several mediating variables have not demonstrated their mediating effects under the influence of female-biased information. On one hand, such information lacks content specifically targeting male audiences, which diminishes its potential to foster positive perceptions regarding the HPV vaccine among men (100). On the other hand, there is currently a deficit of male opinion leaders advocating for HPV vaccination (101). The absence of gender-specific service guidance in female-biased messaging—such as designated appointment channels for male vaccinations—further inhibits the activation of perceived behavioral control (102).

The non-significant relationship observed in the second group indicates that male-biased information regarding HPV vaccination does not have a meaningful direct impact on the willingness to accept free HPV vaccination. This lack of a direct effect may be explained by the cost sensitivity paradox. Researchers suggest that when a service is offered for free, it can lead to a “zero-price effect,” whereby individuals believe that free products decrease their production costs (103). Considering this phenomenon, the current study posits that the provision of free HPV vaccinations could unintentionally heighten men’s doubts about the quality of the vaccine. Unlike information targeted at females, which may encounter less skepticism due to the availability of free HPV vaccination programs for women in certain regions of China, men are likely to prioritize vaccine quality and question the effectiveness of complimentary vaccines. Consequently, their willingness to pay for vaccination can be shaped by subjective norms—such as messages from parents, friends, or healthcare professionals promoting male HPV vaccination (104)—and perceived behavioral control, which includes guidance from healthcare providers regarding the practicality and benefits of receiving vaccinations (105).

Similarly, the lack of a significant path in the third group suggests that people’s attitudes towards vaccination do not significantly affect their willingness to pay for it. This is mainly due to economic considerations that diminish the impact of positive attitudes. Studies have shown that the costs associated with vaccines can reduce the positive feelings people have about vaccination and act as a major obstacle to getting vaccinated (13, 106–108). As a result, individuals’ attitudes cannot reliably predict men’s willingness to pay for vaccinations. We will also explore the mechanisms through which price influence vaccination behavior in subsequent discussions.



5.3 Understanding the psychological logic of male HPV vaccination behavior through effect size

In accordance with the effect size criteria established by Kline (89), where a β-value of 0.10 signifies a small effect, 0.30 indicates a medium effect, and 0.50 represents a large effect, the independent variable “male-biased HPV vaccination information” demonstrates notable effects on three variables outlined in the TPB: attitudes toward the behavior (β = 0.187), subjective norms (β = 0.215), and perceived behavioral control (β = 0.247). All these effects are classified as small, with perceived behavioral control approaching the threshold for a medium effect. This finding implies that gender-biased information is particularly effective in influencing perceived behavioral control. According to the theoretical framework of Ajzen (54), perceived behavioral control refers to an individual’s personal assessment of their capability to successfully engage in a specific behavior, which encompasses their understanding of potential challenges they may face during its execution. Male-biased information typically manifests in the form of prescriptive texts that instruct men on when, how, and where to receive vaccinations. Such information plays a vital role in shaping individuals’ perceptions regarding the practical challenges associated with HPV vaccination.

The effects of the variables from TPB on individuals’ willingness to vaccinate differ across various contexts. In the scenario of free vaccination, both subjective norms (β = 0.312) and perceived behavioral control (β = 0.327) exhibit moderate effect sizes, whereas attitudes toward vaccination behaviors (β = 0.208) are characterized by a small effect size. This suggests that the inclination to accept free vaccination is more significantly influenced by the interaction between social norms and individuals’ self-assessed capabilities, highlighting the importance of personal beliefs regarding the necessity and method of receiving the HPV vaccine. Conversely, in scenarios involving paid vaccination, subjective norms (β = 0.429) exert a notably stronger influence compared to their impact on willingness for free vaccination. This implies that when vaccination incurs a cost, individuals’ decisions are largely guided by the preferences expressed by significant others concerning their vaccination status. The effect of perceived behavioral control in this context is relatively small (β = 0.265), which may indicate that financial considerations act as a considerable impediment to engaging in vaccination behavior. For men specifically, concerns regarding economic barriers may diminish their perception of control over these barriers, leading to a lesser impact overall. Furthermore, the direct effect of “male-targeted HPV vaccination information” on “willingness to pay for HPV vaccine” is also classified as having a small effect size (β = 0.215). This underscores that in order to enhance outcomes related to vaccination willingness and behavior, it may be advantageous to leverage TPB mediating pathways for a more comprehensive influence.



5.4 The mechanism of Price influence on HPV vaccine uptake among males

The economic implications associated with HPV vaccines may negatively affect the attitudes of male college students towards vaccination. Our research demonstrates that favorable attitudes towards vaccination among male college students enhance their willingness to accept free HPV vaccinations; however, no significant difference is observed in their propensity to pay for these vaccinations. Additionally, subjective norms have a positive effect on both their willingness to pay for and to receive free HPV vaccinations, while perceived behavioral control also positively influences both aspects of vaccination willingness. Information regarding HPV vaccination targeted at men predominantly emphasizes the vaccine’s protective benefits against HPV, which can foster positive perceptions and attitudes towards vaccination. Nevertheless, in scenarios where individuals must finance their own vaccinations, economic costs emerge as a critical variable influencing decision-making, thereby diminishing the role of attitudes in vaccination choices. Consequently, attitudes towards vaccination exert varying levels of influence depending on the economic context.

In the framework of the Theory of Planned Behavior, economic factors primarily shape behavioral attitudes, rather than subjective norms or perceived behavioral control. This differentiation arises from the theory’s classification of distinct psychological constructs, each of which corresponds to unique psychological processes and social influences. Behavioral attitudes inherently encompass considerations of economic factors, with economic costs forming a substantial component of overall behavioral costs. Conversely, subjective norms focus on the social pressures individuals encounter, while perceived behavioral control pertains to individuals’ internal assessments of their capabilities. The latter two constructs involve behavioral costs that are largely unassociated with economic factors. Perceived behavioral control and subjective norms have a significant impact on intentions to receive both free and paid HPV vaccinations. Subjective norms pertain to individuals’ perceptions of social expectations from family, friends, and society regarding male HPV vaccination. On the other hand, perceived behavioral control relates to beliefs about one’s capability to carry out the vaccination behavior, including factors like access to vaccination services, affordability, and logistical considerations. These elements emerged as important predictors of vaccination intentions. Regardless of vaccination cost, male college students integrated social norms (i.e., what others expect of them) and self-assessed capabilities (i.e., whether they could practically obtain the vaccine) into their decision-making. This aligns with theoretical distinctions between subjective norms (social pressure to conform) and perceived behavioral control (perceived ease or difficulty of action), highlighting their unique roles in shaping health behaviors (120).

Information regarding HPV vaccination that is specifically targeted towards males appears to mitigate price sensitivity towards HPV vaccines by amplifying the perceived threat of HPV. Such informational cues play a significant role in shaping individuals’ perceptions of disease threats, encompassing both susceptibility and severity, thereby promoting proactive health behaviors (109). The findings of this study suggest that male-targeted HPV vaccination information positively influences men’s willingness to pay for HPV vaccines, while there is no notable difference in their willingness to accept free HPV vaccines. Researchers contend that the pricing of vaccines is a crucial determinant of vaccine hesitancy among the public (68), which subsequently impacts individuals’ choices regarding the timing of health behaviors, including HPV vaccination. The informational landscape surrounding HPV vaccination for men, influenced by personal experiences, peer discussions, and social media, encompasses essential knowledge such as the appropriate age for vaccination and the procedural aspects, as well as more nuanced medical insights regarding the significance of male HPV vaccination, including prevalence, incidence, and transmission pathways. This context facilitates a shift in male college students’ perceptions of the health threats posed by HPV, bolstering their awareness of both susceptibility and severity of the virus, which in turn affects their perceptions of the cost-effectiveness of vaccination and enhances their willingness to invest in out-of-pocket vaccinations.



5.5 Practical implications

The findings of this study suggest that tailored information regarding HPV vaccination aimed at men is likely to increase their willingness to receive the vaccine. Therefore, it is essential to enhance the dissemination of various forms of male-oriented HPV vaccine promotion, particularly through media channels, with a focus on social media platforms. By emphasizing the male perspective, specifically highlighting men’s vulnerability to HPV-related diseases, we can facilitate a greater understanding among men regarding the highly transmissible nature of HPV, which affects individuals regardless of gender. This approach also serves to underscore the effectiveness of the HPV vaccine, thereby enhancing men’s awareness and acceptance of vaccination. Moreover, implementing a range of engaging and entertaining promotional strategies could elevate the significance of HPV awareness while mitigating perceived risks associated with vaccination. For instance, in China, health campaigns such as the “Playful Immunization Promotion” initiative (110), which utilized platforms like TikTok, have demonstrated effectiveness in capturing public interest and increasing vaccination rates. Similar initiatives could be strategically developed to specifically target male audiences.

Cost sensitivity has emerged as a significant barrier to HPV vaccination among men, as identified in this study. The introduction of economic stimuli like financial subsidies for vaccine administration could serve as one of the essential strategies for increasing vaccination uptake. For instance, several regions in China, including Guangdong and Zhejiang provinces, have enacted policies that provide free HPV vaccinations to certain age groups of women (111). This provision of free vaccines is closely associated with female identity, and the messaging surrounding “free HPV vaccinations” does not directly engage men; rather, it indirectly motivates men to consider accepting free HPV vaccinations through the influence of behavioral attitudes, subjective norms, and perceived behavioral control. The sex-biased information regarding HPV vaccination significantly shapes the health behaviors of male college students, and the underlying structural factors must not be overlooked. The implementation of free vaccination initiatives, including those for HPV, is contingent upon various factors such as local fiscal allocations, public health policies, and vaccine availability. Presently, free HPV vaccination policies primarily target specific adolescent age groups rather than a wider demographic. To enhance the willingness of males, particularly male college students, to pay for HPV vaccination, it is essential to provide them with repeated exposure to HPV vaccination information that is specifically designed for a male audience.




6 Conclusion and limitations

This research employed a questionnaire survey approach to explore the sex-biased information environment related to HPV vaccination, delving into whether such sex-specific information has a notable effect on male individuals’ health behavior decisions, particularly their intention to receive the HPV vaccine. The study also extended the Theory of Planned Behavior model to analyze the underlying mechanisms. The results indicate that information favoring males exerts a greater influence on the vaccination intentions of male college students compared to information favoring females. In particular, the cost of the vaccine was identified as a significant barrier for male college students seeking vaccination. Additionally, consistently delivering HPV vaccination information that is tailored towards males effectively diminishes their sensitivity to price, thereby increasing their willingness to receive the vaccine.

In recent years, marketing strategies for HPV vaccines have increasingly associated the virus predominantly with women. However, it is important to recognize that HPV infection is not inherently sex-specific. To effectively combat cervical cancer, widespread vaccination among women is vital; nevertheless, the participation of men in vaccination efforts is equally important. Given that men exhibit a significant prevalence of HPV infection, it is essential to actively promote HPV vaccination initiatives targeting male populations. To enhance men’s willingness to receive the vaccine and facilitate their participation, it is crucial to improve the dissemination of information tailored specifically for men within the predominantly female-focused HPV vaccination discourse. This approach will contribute to safeguarding the sexual health of sexually active men, including those who engage in sexual activities with other men, within China’s substantial male demographic of 720 million individuals.

This study remains in its initial phases, and further investigation will enhance the understanding of the research questions posed. Currently, the article presents several limitations. First, the dataset utilized is relatively small, leading to concerns regarding its representativeness. Also, the study employs convenience sampling, which raises concerns regarding the representativeness of the sample. Specifically, web users may not accurately reflect the broader population, potentially resulting in selection bias. Additionally, the reliance on voluntary participation often leads to the selection of participants based on their interests rather than randomization, further introducing bias into the findings. Moreover, this study is based on self-reported data from participants, which may be susceptible to recall bias and the influence of social desirability. To more accurately assess the impact of sex-biased information while minimizing subjective interference, subsequent studies could implement experimental methodologies. To improve the generalizability of the findings, future research should prioritize the expansion of both the scope and scale of data collection.

Second, the current study employs a single-item measure to assess the willingness of the sample to accept both paid and free vaccines. Although this approach has been utilized in previous research (e.g., 121), the use of a single-item assessment carries inherent risks, particularly concerning reliability issues. This methodology may consequently introduce biases into the findings of this research. Furthermore, this study did not provide illustrative examples of male-biased and female-biased HPV vaccination-related information on social media to aid participants in completing the questionnaire. This omission may have hindered their understanding of the concept of “information related to male/female HPV vaccination.” Consequently, this lack of clarity could have led to a certain degree of bias in the participants’ evaluations of the items presented.

Moreover, this study is limited to a sample exclusively composed of males, thus lacking a comparative analysis that includes different gender perspectives. To achieve a more holistic understanding of the effects of sex-biased information, future research should include both male and female participants, comparing sex-specific reactions to such information to uncover potential differential impacts. Research design employing the aforementioned approach will contribute to a deeper comprehension of the role of sex-biased information in health communication and provide a scientific foundation for developing more effective health intervention strategies. In addition, our research did not assess the perceived relative cost of the HPV vaccine. Exploring this dimension may yield additional noteworthy and significant insights.
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Background: Medication literacy (ML) has emerged as a critical global public health concern, garnering growing scholarly attention over the past two decades. To delineate major research domains, identify evolving trends, and inform future research priorities, we conducted a scientometric analysis of the scientific literature on ML.
Methods: A systematic search was performed to retrieve publications on ML from the Web of Science Core Collection, covering the period from 2003 to 2024. Scientometric analyses were executed using CiteSpace and VOSviewer to visualize and evaluate collaborative networks, including co-citation references, co-occurring keywords, and contributions by countries, institutions, authors, and journals.
Results: The analysis incorporated 1,968 eligible publications. A rapidly growing trend in research interest in ML was observed, with an average annual growth rate of 46.1% in publications between 2003 and 2022. Three major research trends were identified: relationship between ML and medication adherence, the development of ML-specific assessment tools, and investigation of psychosocial factors associated with ML. The United States of America, Northwestern University, Davis Tc, and Patient Education and Counseling were identified as the most cited and influential entities within this field, representing the leading country, institution, author, and journal, respectively.
Conclusion: Scientometric analysis provides invaluable insights to clinicians and researchers involved in ML research by identifying leading contributors, intellectual bases and research trends. ML is evolving from unidimensional analysis to multidisciplinary exploration of dynamic mechanisms. Future research on ML is facing significant challenges, including the exploration of adherence mechanisms, validation of digital assessment tools, and the moderating effect model of socio-psychological factors on ML.
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1 Introduction

Global demographic aging is intensifying at an accelerated pace, with the proportion of population aged ≥60 years projected to surge from 10% in 2000 to 21% by 2050 (1). This demographic shift is fundamentally altering global disease spectrum, particularly through the escalating burden of non-communicable chronic diseases (NCDs) (2). Medication interventions, serving as the primary therapeutic approach for NCDs, critically influence disease trajectory modulation and health-related quality of life. For instance, patients diagnosed with hypertension or diabetes mellitus require long-term medication adherence to maintain stable blood pressure and glycemic control. However, suboptimal medication practices presented substantial challenges: the World Health Organization (WHO) data indicated that medication-related complications accounted for one-third of annual mortality, with associated economic losses exceeding $42 billion yearly (3). Medication non-adherence, dosing inaccuracies, and inappropriate drug utilization collectively contributed to diminished treatment efficacy, elevated hospital readmissions, therapeutic failures, healthcare system strain, and excess mortality (4–6). Numerous studies have demonstrated that these clinical and economic consequences can be prevented by strengthening medication literacy (ML) (7, 8).

Evolving from the broader concept of health literacy, ML was initially conceptualized in the 2005 UK Medication Safety Report and formally operationalized by Raynor (9) as individuals’ capacity to retrieve, interpret, and apply medication-related information for informed decision-making. Numerous studies had proposed conceptually related terms to ML, including prescription literacy (specifically addressing the comprehension of prescription information) (10), pharmacotherapy literacy (emphasizing comprehensive therapeutic decision-making capabilities) (11), and pharmaceutical literacy (focusing on the understanding of specialized pharmacological knowledge) (12). In 2018, Pouliot A. et al. proposed a widely recognized academic definition, stating that ML referred to the extent to which individuals can obtain, comprehend, communicate, calculate, and process patient-specific information regarding their medications to make informed medication and health decisions (7). Research consistently identified this competence as a key determinant of medication adherence, with higher proficiency levels correlating with improved regimen adherence (13–15). Enhanced medication-related knowledge facilitated accurate interpretation of therapeutic instructions, thereby optimizing clinical outcomes and minimizing medication risks. Conversely, deficiencies in this domain were associated with poorer cardiovascular outcomes in coronary artery disease patients and reduced functional capacity among older adult populations (4, 16). These findings collectively underscored ML as a critical mediator of patient safety and therapeutic success.

The Third Global Patient Safety Challenge “Medication without Harm” strategic plan, launched by the World Health Organization (WHO), proposed that instruments and techniques should be employed to improve patients’ medication literacy and interventions should be developed to promote patients’ knowledge of drug use (17). This initiative highlighted the fact that ML and safety was one of the main research priorities in drug safety worldwide (17). In response to the emerging health goals, ML research has captured considerable interest and attention over the past two decades. Previous studies had found a low level of ML among patients with NCDs worldwide, characterized by poor understanding of medication-related knowledge, low medication adherence, and inadequate healthcare provider engagement (18–20). In addition, numerous scholars have conducted substantial research on definitions, predictive models, current problems, assessment tools, influencing factors and interventions for ML (21–24). Despite the existing publications providing insights into specific aspects of ML, this field lacks systematic integration of cumulative knowledge and research prioritization.

The exponential expansion of scholarly output necessitates advanced analytical methodologies to map this domain’s intellectual architecture. Scientometric approaches, combining bibliometric analysis with data visualization, provide robust mechanisms for quantifying research trends and knowledge dissemination patterns—a methodological paradigm distinct from traditional systematic reviews (25, 26). Importantly, this approach establishes a systematic pathway to anticipate emerging paradigms and address complex research challenges by synthesizing interdisciplinary scientific frameworks with advanced methodological tools (27, 28). Such analyses prove particularly valuable for identifying collaborative networks, benchmarking institutional contributions, and detecting disciplinary gaps, though their application remains limited in ML research. This study’s principal aim involves conducting a longitudinal scientometric evaluation to delineate the evolution, current frontiers, and emerging directions in ML research since over the past two decades. Secondary objectives focus on characterizing international collaboration dynamics, institutional productivity patterns, and knowledge dissemination channels while identifying critical research voids requiring scholarly attention.



2 Methods


2.1 Data source

The bibliometric dataset was systematically retrieved from the Web of Science Core Collection (WOSCC), a premier research database encompassing scholarly publications across 254 subject categories (29). This database is characterized by rigorous journal selection criteria, a comprehensive citation network, and standardized bibliographic fields optimized for scientometric analysis (29, 30). Compared to other major databases, WOSCC’s extensive disciplinary coverage and high-quality data have established it as the preferred source for mainstream bibliometric analysis tools, with native compatibility in software such as CiteSpace and VOSviewer (30, 31). Additionally, this dataset’s analytical utility extends beyond conventional bibliographic metadata (authorship, institutional affiliations, geographic distributions) through its integrated citation mapping functionality and multi-layered indexing architecture, establishing it as the benchmark and classical data source for scientometric investigations (29). Within the WOSCC, the Science Citation Index Expanded (SCIE) and Social Sciences Citation Index (SSCI) were selected as primary data channels. The SCIE focuses on natural sciences, encompassing fields such as physics, medicine, and engineering, while the SSCI indexes social sciences disciplines including economics, psychology, and education. Both are important components of the WOSCC, but differ in disciplinary scope and citation patterns (29). Recognized as the gold standard for disciplinary coverage, these indices employ stringent journal inclusion criteria encompassing editorial rigor, citation impact metrics, and international diversity (29), thereby ensuring the methodological validity of our analytical framework. For this study, publications addressing ML from the SCIE and SSCI were specifically extracted.



2.2 Retrieval strategy and data collection

A standardized literature search was executed by a single investigator (P. D.) on September 1, 2024, to control for temporal variability in database content. The selection of core search terms was derived from both MeSH (Medical Subject Headings) terminology and the widely recognized conceptual framework in this research domain. The search strategy combined title (TI) and author keyword (AK) fields using the following Boolean parameters: (TI = (medication literacy OR drug literacy OR pharmaceutical literacy OR medication knowledge OR medication understanding OR prescription understanding OR prescription knowledge OR medication attitude OR healthy medication behavior)) OR (AK = (medication literacy OR drug literacy OR pharmaceutical literacy OR medication knowledge OR medication understanding OR prescription understanding OR prescription knowledge OR medication attitude OR healthy medication behavior)). The temporal scope encompassed January 2003 to September 2024, restricted to the original research and review papers in English. Post-retrieval processing involved implementation of predefined exclusion criteria and cross-database deduplication procedures, with the selection process visually summarized in Figure 1.
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FIGURE 1
 Flow chart of the scientometric study. #1: TI = (medication literacy OR drug literacy OR pharmaceutical literacy OR medication knowledge OR medication understanding OR prescription understanding OR prescription knowledge OR medication attitude OR healthy medication behavior); #2: AK = (medication literacy OR drug literacy OR pharmaceutical literacy OR medication knowledge OR medication understanding OR prescription understanding OR prescription knowledge OR medication attitude OR healthy medication behavior).




2.3 Measures

We employed two techniques to investigate research evolution and trends:

	1. Co-citation network of references: The co-citation network is based on the relationship between two documents being cited by a third document at a specific time, representing the intellectual foundation of the third document (32). As the subject evolves, the co-citation network expands from a single network to multiple networks, illustrating the shifts in the intellectual foundation over time (32). These transitions reflect the research tracks and trends in the citing documents. By analyzing the co-citation reference network, an intellectual landscape is constructed using highly cited literature and research frontiers (identified by extracting themes from the citing literature).
	2. Co-occurring network of author keywords: Keywords provide insights into the specific research areas and directly address the research hotspots within the field. The co-occurrence network measures the frequency of paired keywords within a collection of documents and captures their associations. The process of co-occurrence analysis involves extracting keywords from the documents, tallying keyword frequencies, and identifying clusters, bursts, and connections among keywords (27).

As for our secondary objectives, we constructed collaborative networks of countries, institutions, authors, and journal co-citation networks. The collaborative network incorporated countries, institutions, and authors with at least one international collaboration, enabling researchers to identify leading scholars and innovative research groups within the field. Author co-citation analysis was performed to identify highly cited authors, examine their connections, and explore the corresponding intellectual structure within the field. Additionally, journal co-citation networks help identify high-impact journals, reveal connections, and provide insights into the distribution of disciplinary knowledge domains.



2.4 Software and data analysis

This study employed two specialized bibliometric tools: VOSviewer (version 1.6.20) and CiteSpace (version 6.3. R3 Advanced), as documented in seminal works by van Eck & Waltman and Chen et al. (27, 33). VOSviewer, initially developed by Waltman et al. (33), provides an intuitive platform for network construction and visualization, facilitating the analysis of geographical distributions, institutional productivity, collaborative networks, and lexical co-occurrence patterns. We employed VOSviewer to analyze the networks of authors’ countries, institutions, co-author collaborations, co-occurring keywords, and density map of keywords and journals. CiteSpace, a Java-based application introduced by Chen et al. (27), specializes in emerging trends detection and knowledge domain mapping through systematic mapping, integrated bibliometric analysis, and data mining algorithms. Systematic mapping offers a comprehensive overview of existing scholarly knowledge, facilitating the identification of research domains that are sufficiently mature for meta-synthesis and those warranting further empirical investigation (27). As a quantitative analytical paradigm rooted in mathematical and statistical principles, bibliometrics enables researchers to elucidate the structural relationships and evidentiary connections within scientific literature (28). By utilizing CiteSpace, we were able to identify intellectual bases, emerging research fronts, temporal trends, and citation dynamics.

In CiteSpace, we configured the analysis with 1-year time slices. The g-index (k = 25) was employed to assess research impact, which effectively accounted for both high-cited publications and less-cited works. Clusters were groups of tightly connected nodes identified by optimizing modularity in the network, and the labeling relied on statistical likelihood to extract representative terms (27). In this study, cluster labels were derived through log-likelihood ratio (LLR) algorithmic processing of keyword corpora (p < 0.001). The knowledge networks generated by VOSviewer and CiteSpace comprise two fundamental elements: nodes (representing bibliographic entities including references, keywords, countries, authors, institutions and journals) and edges (denoting relational linkages through collaboration, co-citation, or co-occurrence). Node diameter correlates positively with bibliometric indicators such as citation frequency, occurrence count, or centrality metrics, serving as visual proxies for scholarly influence. Chromatic encoding of nodes and edges conveys information about the year of the corresponding citations, clusters, or occurrences. Highly connected nodes are included between and within clusters, revealing relevant areas and their evolution throughout the years.

The study employed CiteSpace’s structural variation analysis and burst detection algorithms to investigate critical factors shaping network topology and identify emerging research trajectories. Structural variation analysis quantifies the boundary-spanning potential of scholarly works through novel linkage formation metrics (34). Publications that establish interdisciplinary connections are particularly significant, as they often represent pivotal points of knowledge integration and potential catalysts for paradigm shifts (34). Complementarily, burst detection analysis, implemented through temporal data streaming algorithms, identifies citation and term patterns exhibiting sudden frequency and intensity anomalies (35). These temporal signatures frequently indicate the emergence of novel research fronts or innovations. We conducted burst detection analysis on cited references, keywords, authors, and journals to synthesize and reveal possible future research priorities. Additionally, to illustrate the evolutions and connections among clusters, we utilized timeline analysis, which spatially distributes nodes along temporal axes.

Three critical graph-theoretical indices guided cluster interpretation, following Chen et al.’s methodological framework (27): (1) Betweenness Centrality: This metric quantifies node brokerage potential through shortest-path analysis, identifying intra-cluster core nodes and inter-cluster bridging hubs. Nodes with higher centrality scores indicate their critical role within the research field, such as highly influential publications or interdisciplinary researchers. (2) Modularity (Q): This metric evaluates the tightness of intra-group connections and the separation between groups to validate the rationality of network clustering structure (Q∈[0, 1]). A Modularity value greater than 0.3 suggests that the network’s clustered structure is well-defined and meaningful. (3) Silhouette Coefficient (S): This measure assesses the homogeneity within clusters and the accuracy of node classification (e.g., whether a given publication is correctly assigned to its thematic cluster, S∈[−1, 1]), with S > 0.7 confirming substantial node similarity. Additionally, Centrality Divergence was calculated as the standard deviation of betweenness centrality distributions, serving as an indicator of structural innovation potential in boundary-spanning publications (34).




3 Results

Two different analytical software tools were employed to systematically map the evolution of ML research over the past two decades. This dual-method approach enabled a comprehensive evaluation of publication trends and the construction of knowledge networks, including co-cited references, author keywords, and contributions across countries, institutions, authors, and journals.


3.1 Analysis of publication outputs and trends

The final analysis comprised 1,968 unique scholarly publications, including 1,852 research articles and 116 review papers, which collectively accumulated 38,669 citations following screening and exclusion protocols. The authorship network encompassed 9,177 contributors, averaging 4.66 authors per publication, representing 6,732 institutions across 571 countries/territories. Temporal analysis revealed substantial growth in scholarly output, with annual publications increasing from 19 in 2003 to 194 in 2022, reflecting a compound annual growth rate of 46.1%. However, the dataset’s temporal boundary (September 2024) resulted in an apparent decline in annual publication and citation metrics. Despite relatively modest annual publications, citation impact demonstrated significant enhancement, with the average citations per document (total annual citations divided by annual publications) rising from 0.37 (7/19) in 2003 to 22.65 (4,431/178) in 2023 (Supplementary Figure S1).



3.2 Analysis of co-citation references


3.2.1 Clusters of research

A co-citation network was conducted to identify the influential and representative research in the ML field (Figure 2A). Additionally, the co-citation reference network analysis yielded 11 distinct thematic clusters, exhibiting robust modularity (Q = 0.8259) and exceptional intra-cluster homogeneity (S = 0.9385), confirming both the credibility and distinctiveness of the groups (Figure 2B). The cluster labels were synthetically generated based on representative noun phrases extracted from the keyword lists of cited references within each cluster. More detailed descriptions of each cluster are available in Table 1. Three major research trends were identified based on the largest linkage pathways between clusters. The clusters contributing to these trends are presented with their cluster label, size, silhouette score, average year of publication, and the most representative reference.

[image: Network visualization graphic with two panels. Panel A displays interconnected nodes representing academic references, color-coded by publication year, with notable authors labeled. Panel B clusters literature by research topic, such as health literacy, medication adherence, and long-term care, each color-coded and labeled by corresponding research theme.]

FIGURE 2
 Co-citation references network (A) and corresponding clustering visualization (B) generated by CiteSpace (2003-2024). A node represents a cited reference. Each node represent one highly co-cited article. The size of a node is proportional to the co-citation count. Nodes are organized in different clusters gathered into a network of co-citation. The highlighted lines represent the evolution and connections among different clusters.




TABLE 1 Summary of the largest clusters identified for co-citation network of references.
[image: Table summarizing eleven research clusters with columns for Cluster ID, Size, Silhouette value, Mean Year, and five extracted keywords per cluster, covering topics such as health literacy, medication adherence, self-medication, electronic health records, and opioid use disorder.]

The first major research trend focused on the association between ML and medication adherence. This trend emerged in 2002 with the identification of cluster #8 (“readability”; 37, S = 0.973, 2002) in our database, alongside a seminal article published by Schillinger et al. in JAMA, which examined the relationship between health literacy and diabetes outcomes (36). This cluster subsequently evolved into cluster #0 (“health literacy”; 110, S = 0.908, 2005), which served as a conceptual foundation for ML. Within this cluster, numerous studies explored the relationship between various dimensions of ML, such as literacy levels, the number of prescription medications, the understanding of prescriptions, and appropriate medication use (37, 38). Subsequently, a strong interconnection was observed between cluster 0 (“health literacy”) and cluster 1 (“medication adherence”; 109, S = 0.907, 2010) (39), suggesting a rapidly evolving phase in the exploration of the relationship between ML and adherence. Moreover, the emerging knowledge linkages between cluster #1 (“medication adherence”) and cluster #3 (“deprescribing”; 74, S = 0.927, 2014) (40) represented a new research frontier, highlighting the growing academic interest in the association between deprescribing practices and medication adherence.

The second major research trend revolved around the development of ML-specific assessment instruments. This trend began with cluster #6 (“electronic health records”; 48, S = 0.942, 2009) and highlighted the impact of medication administration tools and patient-centered labels on ML levels, providing a foundation for the development of subsequent assessment tools (41, 42). Over the past decade, this research field had further enriched and converged into the third largest cluster #2 (“medication literacy assessment”; 108, S = 0.908, 2018) (7). Within this clustering, an international definition of ML was recognized through expert consensus, significantly contributing to the standardization of ML assessment tools (7).

The third research trend focused on the investigations of psychosocial factors associated with ML. According to the inter-cluster links, clusters associated with this research topic trend were cluster #4 (“self-medication”; 66, S = 0.995, 2017) (43), cluster #7 (“hypertension”; 40, S = 0.946, 2015) (24), and cluster #10 (“medications for opioid use disorder”; 18, S = 0.996, 2010). Within these clusters, research participants were mainly the older adult and patients with chronic diseases, with influencing factors involving disease status, education level, economic income, and psychological cognition.

The timeline map provided a visual representation of the duration and historical progression of each cluster, effectively capturing the trends mentioned earlier. It also allowed us to pinpoint the temporal placement of landmark publications. Notably, the most recent and dynamically active clusters in the analysis were cluster #2 (“medication literacy assessment”), cluster #4 (“self-medication”), cluster #5 (“attitude to health”), cluster #9 (“long-term care”), and cluster #10 (“medications for opioid use disorder”), indicating a growing research interest in these areas (Figure 3).

[image: Network visualization chart maps clusters of health literacy research by year from 2002 to 2023 using colored nodes and edges representing citation links, with topics including medication adherence, deprescribing, self-medication, electronic health records, and opioid use disorder.]

FIGURE 3
 Timeline visualization of co-citation references network (2003–2024). A node represents a cited reference. The size of a node depends on its betweenness centrality. For each cluster, nodes are organized by their year of publication on horizontal lines. Nodes with large coloured tree rings are those with high betweenness centrality (external purple tree rings) and burst strength (central red tree rings). The color of lines indicate the time of links between nodes or between clusters.




3.2.2 Most cited references and transformative papers

Table 2 presented the top ten most cited references, which played a crucial role in shaping the intellectual foundations of the clustering studies. A comprehensive review of strategies to assess and improve medication adherence/compliance conducted by L. Osterberg et al. in 2005 emerged as the most co-cited paper, with 98 citations within our reference network (44). Notably, a cross-sectional investigation of drug literacy and comprehension of prescription drug labels authored by Davis TC et al. in the Annals of Internal Medicine received 91 co-citations within our network (37). It is noteworthy that these two publications demonstrated substantial citation bursts, with burst strengths of 6.01 and 13.20, respectively, indicating their potential to exert significant influence on ML research (Supplementary Table S1).



TABLE 2 The top 10 most cited references.
[image: Table displaying the ten most co-cited publications in medication adherence research. Columns include Co-citations, Author, Year, Title, and Journal. Titles address adherence, health literacy, and measurement methodology.]

Furthermore, a structural variation analysis was conducted to identify transformative papers that derived disciplinary evolution in the research field through interdisciplinary knowledge integration. Utilizing centrality divergence metrics, we identified three paradigm-shifting publications: an illustrated medication schedule developed by Kripalani S et al. for better understanding of prescription drugs (45), an investigation of the relationship between patient literacy level and self-reported HIV medication adherence (46), and a multicenter study conducted by Persell SD et al. of health literacy on medication reconciliation in ambulatory care (47). These papers have made significant contributions to the field and have been instrumental in advancing our understanding of ML research.




3.3 Analysis of co-occurring author keywords

Figure 4 depicted a timeline visualization derived from the co-occurrence analysis of author keywords using CiteSpace, illustrating the evolution of thematic clusters in ML research. The keyword clustering exhibited robust validity, supported by high modularity and silhouette scores (Q = 0.3144; S = 0.6923), indicating well-defined and internally coherent groupings. The cluster labels were synthetically generated based on homogeneous, high-frequency keywords extracted from the citing literature. Six major clusters were identified (ranked by size): cluster #0 (“medication errors”; 134; S = 0.652; 2012), #1 (“health literacy”; 123; S = 0.671; 2011), #2 (“self-medication”; 107; S = 0.726; 2011), #3 (“schizophrenia”; 100; S = 0.742; 2009), #4 (“buprenorphine”; 90; S = 0.646; 2013), #5 (“public health”; 19; S = 0.884; 2016). We found that cluster #0, #1, #2, #3, and #4 showed extensive temporal spans (>20 years), suggesting their foundational role as core research themes within this domain. The concentration of high-frequency keywords in cluster #0, #1, and #3 during early stages indicated theoretical maturation in medication literacy, errors, and adherence research, with a visible translational shift toward clinical implementation studies in recent years. In contrast, the emergence of high-frequency keywords in cluster #2 and #4 reflected their status as burgeoning research frontiers, as evidenced by intensified scholarly activity recently (Figure 4).

[image: Network visualization graph illustrating research clusters on medication errors, health literacy, self-medication, schizophrenia, buprenorphine, and public health topics from 2003 to 2024, color-coded by year, with prominent keyword connections mapped and cluster labels provided on the right.]

FIGURE 4
 Timeline visualization of co-occurring keywords network (2003–2024). A node represents a keyword. The position of the node corresponds to the year of keyword occurrence. The size of a node is proportional to the frequency of its occurrence. The clusters are labelled in blue on the far right of the timeline map.


Furthermore, keywords were analyzed for burstiness to identify keywords that exhibited significant temporal fluctuations in academic attention (Supplementary Table S2). The keywords with the highest burst intensity were quality (strongest), adherence, and nonadherence. The most persistent keywords based on when the citation outbreak began were comprehension, adverse drug events, and physicians. Notably, self-efficacy and resistance emerged as areas of recent academic focus, showing continued prominence between 2018 and 2024. Additionally, VOSviewer software was to generate temporal overlay visualizations mapped to average publication year. The most frequently cited keywords encapsulated the major research trends-medication adherence, medication knowledge, health literacy, and medication attitudes-which were highly conceptually aligned with the thematic focus of this study (Figure 5A).

[image: Four-panel graphic visualization created using VOSviewer showing interconnected network maps. Panel A displays keyword co-occurrence highlighting terms like health literacy and medication adherence. Panel B depicts countries with the USA, Australia, and China as central nodes. Panel C presents affiliated universities with Northwestern University and Emory University as major nodes. Panel D focuses on author collaborations with Wolf, Michael S. as a prominent node. Each panel includes a color scale indicating years from 2015 to 2022 and network linkages in various colors.]

FIGURE 5
 (A) Network of co-occurring author keywords; (B) Network of cooperation between countries; (C) Network of cooperation between institutions; (D) Network of cooperation between authors. The size of a node is proportional to the frequency of its occurrence. The color of the node corresponds to the average year of publication.




3.4 Analysis of collaboration networks across countries and institutions

Figure 5B displays the cooperation networks of countries, while Figure 5C shows the cooperation networks of institutions. In total, 72 countries or territories were captured in the analysis. The United States of America (USA) held a central position, with the highest number of publications (n = 768), followed by China with 181 publications and Australia with 164 publications. In terms of citations, the USA was also the most cited country (n = 20,363), followed by England (n = 3,281) and Canada (n = 2,325). Furthermore, VOSviewer identified 150 institutions from the dataset. Northwestern University emerged as both the most published institution (n = 62) and the most cited institution (n = 3,564). Emory University also produced 49 publications, while Sydney University had 32 publications. In terms of citations, Emory University ranked the second (n = 3,254), followed by Louisiana State University (n = 1729).



3.5 Analysis of co-authorship networks

A network of co-cited authors was established, demonstrating significant modularity and silhouette scores (Q = 6,128; S = 0.8674) (Supplementary Figure S2). Cluster #0, titled “health literacy”, emerged as the predominant thematic cluster, central to the network and encompassing research domains including medication adherence, attitudes, knowledge, errors, and self-management. The top three most cited authors were Davis TC (n = 192), World Health Organization (n = 188), and Wolf MS (n = 169). Analysis of betweenness centrality, metric reflecting authors’ roles in bridging network subfields, entified Hogan TP (centrality = 0.14), Bandura A (0.12), and Cramer JA (0.10) as key interdisciplinary connectors. Kalichman SC was identified as the highest citation burst intensity, indicating a significant increase in scholarly influence, and the most active contributor during the 2005–2011 period (Supplementary Table S3).

Furthermore, analysis of collaborative author networks revealed prominent collaborative clusters anchored by Wolf MS, Horne R, Davis TC, Parker RM, and Kripalani S (Figure 5D). These scholars occupied central network positions, driving both collaborative synergies and advancements in the field.



3.6 Analysis of journal occurrence and citations

This study employed VOSviewer to construct journal co-occurrence (Figure 6A) and journal citation density maps (Figure 6B), systematically indicating the distribution characteristics of journals in ML research. Research in Social & Administrative Pharmacy (IF = 3.7, Q1) ranked first with 55 published papers, followed by Patient Preference and Adherence (n = 52, IF = 2.0, Q1) and Patient Education and Counseling (n = 46, IF = 2.9, Q1), collectively forming the core knowledge dissemination platforms in this domain. From an academic influence perspective, Patient Education and Counseling dominated with 1,180 total citations, followed by the Journal of General Internal Medicine (n = 1,151, IF = 4.3, Q1) and JAMA-Journal of the American Medical Association (n = 928, IF = 63.5, Q1), highlighting their disciplinary leadership. Dual-map overlay analysis further revealed knowledge flow patterns (Figure 6C). The citing journal cluster (left) and cited journal cluster (right) demonstrated two prominent knowledge transfer pathways: (1) Publications from “Health/Nursing/Medicine” journals primarily informed advancements in clinical medicine and health education research; (2) Outputs from “Psychology/Education/Social” journals were predominantly inherited by “Psychology/Education/Health” journals. This interdisciplinary citation paradigm underscores the dual attributes of ML research as clinical treatment and socio-educational relevance, providing theoretical guidance for journal selection strategies.
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FIGURE 6
 (A) Density map of journal publications; (B) Density map of cited journals; (C) Map of citation trajectories of citing and cited journals.





4 Discussion


4.1 Summary of the main findings

This study offered a comprehensive scientometric assessment of the global ML research landscape, delineating its intellectual structure, thematic evolution, and collaborative patterns over a 20-year period. While annual publication output remained modest, the field exhibited a marked growth trajectory, reflecting its rising scholarly focus. Analyses of co-cited literature networks and author keyword clusters revealed robust linkages across 11 and 10 thematic clusters, respectively, converged into three research themes: the relationship between ML and medication adherence, development of ML-specific assessment instruments, and investigations of psychosocial factors associated with ML. The United States served as the leading contributor nationally, with Northwestern University emerging as the most productive institutional entity. Davis TC, Wolf MS, and Horne R were identified as the most frequently cited authors, while Wolf MS demonstrated the highest publication productivity. The journals Patient Education and Counseling, Journal of General Internal Medicine, and JAMA-Journal of the American Medical Association ranked as the most influential outlets in the field.



4.2 Identification of research trends

The resulting co-citation reference network and author’s keyword analysis extracted three distinct major research trends in ML research from 2003 to 2024, which were also captured by the qualitative analysis of highly cited literature. The first research trend focused on the association between ML and medication adherence. The interplay between ML and medication adherence had emerged as a critical determinant of clinical outcomes. ML referred to a patient’s capacity to acquire, comprehend, and apply medication-related information, encompassing knowledge of drug nomenclature, dosing protocols, administration standards, and risk profiles (7). Medication knowledge represented the fundamental understanding of drug-related information (e.g., dosage, administration), whereas ML emphasized higher-order competencies in acquiring, evaluating, and applying such information in clinical practice (e.g., dose adjustment, adverse reaction identification) (48). Existed Studies had demonstrated that patients with adequate knowledge but insufficient literacy remained at significantly elevated risk of medication errors (48). Medication adherence was manifested as behavioral consistency with the prescribed treatment regimen (49). Previous evidence had demonstrated that ML positively modulated adherence through multilevel synergistic mechanisms (40). The first mechanism was cognitive reinforcement. Enhanced understanding of pharmacological mechanisms and long-term therapeutic necessity reduced self-discontinuation behaviors triggered by symptomatic relief. Patients might benefit from routine medication use reviews (MURs) with their healthcare providers to identify and address potential medication-related problems in advance (50). The second one was skill empowerment. Pharmaceutical care interventions, including regimen simplification (e.g., reduced dosing frequency) and visual medication aids (e.g., dosing calendars), mitigated non-adherence stemming from operational errors (51). Additionally, based on the Health Belief Model, ML increased people’s awareness of disease severity and therapeutic benefits, fostering a paradigm shift from passive compliance to active therapeutic engagement (52). This transformation proved particularly salient in chronic disease and mental health management (53). Attitudes and behaviors were identified as independent predictors of medication adherence (14, 54). While socioeconomic and polypharmacy challenges persisted as adherence inhibitors, integrative strategies combining ML interventions (e.g., personalized education, cost-reduction policy dissemination) and digital health technologies (e.g., medication reminder applications) demonstrated synergistic potential to counterbalance these impediments (55–58).

The second major and influential research trend involved the development of measurement tools for assessing ML. Scientifically validated and contextually appropriate assessment instruments constituted a critical prerequisite for both accurately evaluating individual ML levels and designing evidence-based intervention strategies. Given the multifactorial nature of ML, encompassing cognitive, behavioral, and sociocultural dimensions, its concept and evaluative criteria must be contextually adapted rather than universally standardized across various populations and healthcare contexts (7). As emphasized by Gentizon et al. (59), assessments required tailored calibration to align theoretical constructs of ML with practical measurement paradigms, ensuring congruence with specific demographic profiles and clinical settings. However, the heterogeneous quality of existing ML measurement instruments and the diverse emphases in their assessment scopes posed substantial challenges in the selection of ML assessment tools that were suitable for specific chronic disease patients (12, 19, 59). The unidimensional 14-item MedLitRxSE, as developed by Sauceda et al. (60), was presently the sole instrument formally recommended by the Agency for Healthcare Research and Quality (AHRQ) for evaluating ML among adult care recipients and their informal caregivers. This instrument exhibited reliable values, satisfactory content validity, structural validity, and internal consistency; however, its overall reliability remained uncertain. Additionally, the extensive content coverage of the C-MLSHP (14) and the Pharmacy Consumer Health Literacy Questionnaire (61), along with the satisfactory content validity of the PTHL-SR and MedLit-NSAID (19, 62), provided a robust foundation for the psychometric analysis of subsequent measurement instruments. The content validity of these instruments required further investigation, particularly with a focus on systematic engagement of target populations. Furthermore, previous studies had indicated that the PWMIL (63), the RALPH Interview Guide (64), and the Medication Literacy Questionnaire for Discharged Patients (65) provided uncertain evidence, necessitating further testing for both content and agency. Performance-based ML assessment instruments (e.g., MedLitRxSE) utilized standardized scenario testing to objectively quantify medication management competencies (e.g., dosage calculation, medication label interpretation), offering strong reliability and reproducibility (60). However, these tools might fail to fully capture patients’ adaptive capacities in real-world medication use contexts. Conversely, perception-based measures (e.g., the HeLMS questionnaire) assessed self-reported medication-taking confidence and challenges through subjective evaluations, which effectively identify experiential barriers but remain vulnerable to recall bias and social desirability effects (66). Adopting integrated methodologies in future research—combining performance-based tools to identify skill gaps with perception-based measures to uncover behavioral determinants—will be critical for comprehensive evaluation.

The development of ML were shaped by multidimensional psychosocial factors, centered on the dynamic interaction mechanisms between individuals and their environments (24). According to the Social Cognitive Theory (SCT) and Health Belief Model (HBM), patients’ medication literacy was not solely determined by cognitive ability, but also closely associated with psychological state, social support and cultural context (67–69). First, patients’ ability to interpret and integrate medication-related information was directly affected by education level (18). Due to barriers in understanding technical terminology or deficiencies in logical analysis, populations with a low education level often struggled to accurately assess medication risks and benefits. For example, previous studies revealed that, compared to 78% among highly educated groups, only 32% of chronic disease patients in low-income communities could correctly interpret dosage adjustment instructions on drug labels (70). Second, family and community support were important external resources for ML practice (71). Medication adherence can be increased by more than 40% through the proactive involvement of family members, including medication reminders, emotional reassurance, and behavioral monitoring (72). Conversely, social isolation or familial conflicts may contribute to medication discontinuation behaviors. For example, depressed patients who were lacking emotional support had a 2.3-fold higher risk of self-reducing antidepressant dosages (72). Third, patients’ perceptions of disease severity, treatment benefits, and self-management confidence constituted intrinsic drivers of ML (58, 59). Brod et al. found that psychological insulin resistance was associated with patients’ beliefs regarding diabetes and insulin, negative self-perceptions and attitudinal barriers, and fears of adverse outcomes and complications of insulin use, thereby contributing to patients’ reluctance to initiate and intensify treatment (73). In addition, the risk of medication use was exacerbated by financial stress and sensitivity to the cost of medication, which prompted some patients to purchase medication through informal sources or to self-adjust their dosage. Approximately half of patients with NCDs in developing countries were forced to reduce their use of prescription medications due to financial constraints (74).

Overall, the identified research trends were interconnected, forming a cyclical “assessment-mechanism-intervention” framework that collectively advanced ML research. The development of standardized ML assessment tools established a methodological foundation, enabling robust validation of the relationship between ML and medication adherence. Identification of the psychosocial factors served dual purposes: explaining individual variations in ML levels and enhancing the cultural relevance of assessment tools—both critical for designing personalized interventions. Importantly, the optimized interventions not only improved adherence but may also have their effectiveness moderated by psychosocial factors. The systematic associations represented the significant scientific value of ML research proceeding from assessment to intervention.



4.3 Outputs and influence networks

The analysis of research outputs and influence networks constitutes a secondary objective of this investigation, aiming to capture geographic distributions, identify gaps, and recognize high-impact countries, research groups, and authors within specific subjects. The presented collaborative networks, co-citation visualizations, and associated bibliometric indices, provide readers, particularly active researchers, with critical insights into the field’s epistemic architecture. At the national/institutional level, the USA and Northwestern University emerged as the foremost contributors in both publication volume and citations, which can be attributed to their top researchers and well-established biomedical foundations. Contrasted with the comparative lag of developing regions, the extensive collaboration in ML research in the Western countries and institutions reveals structural inequalities in medication-related health research globally. Substantive support for under-resourced nations and institutions is imperative to advance understanding of how various healthcare systems and sociocultural paradigms influence ML research. Furthermore, our co-cited author network highlights the significant contributions of Davis TC to the field, particularly in the relationship between ML and understanding of prescription drug labels (37, 38). While co-authorship networks provide limited proxy measures of scholarly influence, systematic examination of high-impact citations and transformative literature enables identification of field-shaping contributors. It warrants emphasis that journal rankings derived from WOSCC publication/citation counts constitute imperfect quality proxies. However, the analysis of co-cited journals does identify the most cited journals in a given research area, such as Patient Education and Counseling in our network, which are considered appropriate for specific topics. In addition, an emerging trend of cross-disciplinary research was observed in the ML field. Different domains, including clinical practice, social behavior, social education, and digital medications, were establishing a multidimensional ML-enhancement system. A paradigm shift of research mindset was required for investigators within this field.



4.4 Potential trends for future research

Acting as a pivotal bridge between patient cognition and medication behavior, ML is transitioning from a unidimensional analysis to a multidisciplinary exploration of dynamic mechanisms (75, 76). Future research should prioritize examining the impact of cultural heterogeneity on ML and the potential of digital interventions, such as AI-assisted medication guidance, to enhance adherence (77, 78). Cross-disciplinary collaborations, such as integrating psychology with pharmaceutical care, could optimize adherence strategies, particularly for vulnerable populations like older adults and individuals with limited education (79). Current assessment tools, such as MedLitRxSE, demonstrate limitations in dimensional coverage and technical adaptability within digital health contexts (59). To address these limitations, future efforts should focus on developing comprehensive scales that integrate functional, critical, interactive, and digital literacy dimensions, augmented by natural language processing technologies to enable real-time dynamic evaluations (77). For example, intelligent platforms utilizing computerized adaptive testing could incorporate electronic health record data to generate personalized feedback, thereby enhancing clinical utility (77). Additionally, the mediating and moderating roles of psychosocial factors, such as self-efficacy and social support, in the “ML to adherence” pathway require systematic validation (80). Mixed-methods approaches, combining longitudinal data with qualitative interviews, could elucidate the dynamic mediating effects of self-efficacy on ML-adherence relationships and the buffering role of familial support in low-education populations (24). Future studies must quantify the relative weights of psychosocial determinants and design precision interventions targeting at-risk subgroups, such as individuals with low literacy and ethnic minorities, to establish an ecological support network spanning individual, community, and policy levels. This integrated approach will advance the construction of a robust framework for enhancing ML, ultimately promoting equitable medication management and improved health outcomes.



4.5 Strengths and limitations

Compared to a narrative review, scientometric analysis provides a more systematic and comprehensive approach to mapping research landscapes, offering clinicians and researchers critical insights into emerging trends and intellectual structures. This method contributes to identifying underexplored scientific questions, thereby guiding the direction of future research efforts (25). Furthermore, it enables the identification of influential authors, journals, and institutions within the field of ML, fostering opportunities for collaboration and knowledge exchange across specialized research domains. However, several limitations of this study must be acknowledged. First, while co-citation analysis is an essential component of scientometric methods, it is susceptible to citation biases, including publication bias, self-citation, authorship bias, literature type bias, and journal impact factor bias, which may undermine the objectivity of the findings (32). Second, data collection was restricted to the SCIE and SSCI within the WOSCC, limiting the scope of retrieved publications. Other prominent databases, such as PubMed and Embase, which provide full-text references and citation lists, were excluded (31). Third, the co-citation network analysis focused solely on first authors, potentially overlooking the contributions of co-authors. Additionally, the keyword co-occurrence networks were susceptible to variations in keyword expressions, thus affecting cluster interpretation. Finally, the co-citation network’s ability to capture recent trends was constrained by the limited citation of newly published literature.




5 Conclusion

This first scientometric study provides a comprehensive analysis of the historical trends and research landscape of ML research, revealing sustained growth in scholarly output over two decades, with publication volumes peaking in 2022. The analysis identifies leading contributors, including the most productive countries, institutions, authors, and journals, while mapping thematic priorities such as the relationship between ML and medication adherence, development of ML-specific assessment instruments, and investigations of psychosocial factors associated with ML. The findings underscore the necessity for strengthened cross-institutional collaboration, particularly among European, U.S., and Chinese entities—to leverage the influence of key opinion leaders. By synthesizing current research trends and emerging frontiers, this work provides clinicians and researchers with an empirical foundation to guide future inquiries, while offering funding bodies strategic insights into priority areas.
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Aims: Drawing on motivation theory, this study aims to investigate the effect of professional motivation on online knowledge sharing for patient education with considering the contingencies of online experience and offline expertise.
Methods: Based on a panel dataset comprising 11,839 physicians with 24,389 physician-month observations selected from one of leading online health platforms in China, this study conducted the fixed hierarchical regression model to test the direct and moderating effects.
Results: The results show that professional motivation positively affects online knowledge-sharing quantity and quality. Meanwhile, online experience enhances the positive effects of professional motivation on the above two dimensions of online knowledge sharing. In addition, offline expertise hinders the benefits of professional motivation to online knowledge-sharing quantity.
Conclusion: This study makes contributions to the literatures of motivation theory, online knowledge sharing, online and offline contexts on online health platforms, and provides implications for physicians and platform managers.
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1 Introduction

The rapid development of digital technologies has accelerated the advancement of online healthcare services and transformed how medical knowledge is disseminated and accessed (1–3). Online health platforms (OHPs) play a pivotal role in people’s health and disease management, as physicians increasingly engage in online knowledge-sharing activities to educate patients, which is beneficial to patient outcomes and ultimately improves societal healthcare outcomes (4–6). Physicians’ knowledge sharing about OHPs is largely driven by their underlying motivations, such as their medical expertise and professional obligations (7). Therefore, motivation theory plays a critical role in understanding how different types of motivations (e.g., extrinsic and intrinsic motivation) affect physicians’ online engagement (8, 9).

Existing research has extensively explored the role of intrinsic motivation such as interest or inherent satisfaction (10, 11) and extrinsic motivation such as specific expected outcomes or external rewards (12) in online knowledge sharing. Recently, recognizing that physicians with specialized and critical medical knowledge are often driven by a sense of obligation and professional identity, even when knowledge sharing requires significant time and effort (13), scholars have shifted their attention toward professional motivation and found that they are motivated to share both free and paid health knowledge (7, 14, 15). However, this line of research has not systematically examined how professional motivation shapes the extent and quality of physicians’ knowledge-sharing behaviors. In particular, little is known about how professional motivation influences both the quantity and quality of shared content—two critical dimensions for understanding the effectiveness of physicians’ online engagement. Knowledge-sharing quantity refers to the volume of knowledge shared by physicians, while knowledge-sharing quality reflects the substantive value and utility of the shared content (16). Exploring the impact of professional motivation on knowledge-sharing quantity and quality is important in understanding the nuanced effects of professional motivation. Therefore, this study addresses this oversight by dissecting how professional motivation differentially influences these two dimensions of online knowledge sharing.

Additionally, contextual factors are increasingly recognized as critical moderators in the relationship between motivation and online knowledge sharing. According to the previous studies, online experience and offline expertise are important contingencies of physicians, which can shape their online knowledge-sharing behaviors (7, 17). Online experience refers to the accumulated knowledge and skills for using online platforms (6). Existing studies show that extensive online experience enhances physicians’ technical proficiency and confidence in online interactions (6). Conversely, offline expertise refers to the experience developed after years of clinical work and professional assessment (17). Physicians with extensive offline expertise disseminate valuable information (18) while facing considerable workloads, which limit their time and energy (19). Online experience and offline expertise tend to shape the effects of professional motivation on online knowledge sharing. However, previous studies have not simultaneously considered how physicians’ online experience and offline expertise affect the relationship between professional motivation and online knowledge sharing. Systematically considering two contingencies and guide physicians in knowledge sharing for patient education, thereby improving public health equity and welfare.

To address the above-mentioned gaps, this study aims to explore the effects of physicians’ professional motivation on the quantity and the quality of online knowledge sharing for patient education while considering the contingencies of online experience and offline expertise. Specifically, we seek to answer the following research questions:


(1) How does physicians’ professional motivation influence online knowledge-sharing quantity and quality for patient education? (2) What role do online experience and offline expertise play in these relationships?


According to motivation theory, professional motivation is the driving force in physicians sharing health knowledge on OHPs for patient education. Physicians can obtain patients’ recognition (15), enhance self-efficacy (7), pursue continuous self-growth (20), and challenge themselves (21), thereby increasing their motivation to share more knowledge online. Similarly, professional motivation, accompanied with a sense of obligation (15), confidence as authoritative guides (22), and creativity (23), also enhances physicians’ online knowledge-sharing quality. Additionally, physicians with substantial online experience demonstrate elevated perceptions of professional value due to their digital competencies and enhanced patient education capabilities (6). In this context, physicians with professional motivation are more likely to contribute a greater volume of knowledge with higher quality to support patient education. However, since distinct professional priorities are associated with varying levels of offline expertise (7, 19), the effects of professional motivation on online knowledge-sharing quantity and quality tend to be shaped by offline expertise.

The analysis in this study employed a panel dataset comprising 11,839 physicians with 24,389 physician-month observations selected from Haodf.com. The results indicate that most of the hypotheses are supported. Specifically, professional motivation is positively associated with both the quantity and quality of online knowledge sharing. Additionally, online experience further strengthens these positive effects, while offline expertise weakens the positive effect of professional motivation on online knowledge-sharing quantity. This study also makes several contributions. Firstly, this study contributes to the literature of motivation theory by focusing on professional motivation in the contexts of OHPs and identifying the formation mechanism of online knowledge sharing for patient education. Secondly, this study contributes to the literature on online knowledge sharing by revealing the positive effects of professional motivation on online knowledge-sharing quantity and quality. Thirdly, this study contributes to the literature on online and offline contexts in online knowledge sharing by uncovering the heterogeneous moderating effects of online experience and offline expertise about the impact of professional motivation on online knowledge-sharing quantity and quality.



2 Theory and hypotheses


2.1 Motivation theory

Individual needs and expectations play a crucial role in shaping behaviors (24). Drawing on this fundamental tenet, motivation defines the direction and underlying rationale of behavioral patterns, driving individuals to act in specific ways (6, 8). Motivation is commonly divided into two dimensions—extrinsic and intrinsic motivation—reflecting different attitudes and goal orientations (8). The former refers to engaging in an activity out of genuine interest or inherent satisfaction, while the latter involves undertaking an activity to achieve expected outcomes or external rewards (25).

As OHPs become increasingly prominent sources of medical knowledge (26), motivation theory has been widely applied to examine how different types of intrinsic and extrinsic motivations individually and collectively affect physicians’ online engagement. Zhuo and Wang (27) found that intrinsic (e.g., competence and autonomy satisfaction) and extrinsic motivation (e.g., economic benefits) positively influence physicians’ service behaviors. Wang et al. (9) demonstrated a crowding-out effect of informal payments on physicians’ intrinsic motivation to participate in online consultation. Beyond this classic dichotomy, recent studies have highlighted the specific role of professional motivation—a key form of intrinsic motivation—in driving the dissemination of life-critical medical knowledge by trained professionals on OHPs (14, 15). Professional motivation refers to a psychological process that influences professionals in fulfilling their goals and tasks. Zhang et al. (7) and Yang et al. (15) found that professional motivation fosters both free and paid knowledge-sharing behaviors on OHPs. However, although these studies addressed physicians’ intention, its influence on the actual performance of online knowledge-sharing behaviors remain underexplored. Unlike general users, physicians, driven by irreplaceable medical expertise and strong professional ethics, demonstrate distinct patterns of engagement on OHPs (13). To fully assess their contributions, both the quantity and quality of online knowledge sharing should be considered (28, 29), as they jointly determine the effectiveness of patient education and the sustainable development of OHPs.

This study applied motivation theory to study how physicians’ professional motivation influences both the quantity and quality of online knowledge sharing. In our framework, physicians driven by professional motivation tend to develop a stronger sense of responsibility for patient education, a desire for self-growth, and a willingness to embrace professional challenges (15), which encourages more frequent and higher-quality contributions on OHPs. Additionally, physicians’ motivating behaviors are inevitably shaped by individual difference arising from their experiences in both online and offline environments (7). Online experience strengthens the relationship between motivation and engagement by lowering technical barriers and increasing confidence in online interactions (6, 30). Offline expertise, however, may exert a dual influence: Greater clinical responsibilities lead to limit the frequency of contributions (12), whereas advanced professional seniority with deeper knowledge and practical insights can enhance the quality of shared content (19). Therefore, based on motivation theory, this study aims to explore the effects of professional motivation on online knowledge-sharing quantity and quality by considering contingencies of online experience and offline expertise.



2.2 Professional motivation and online knowledge sharing

Professional motivation refers to a psychological process that influences professionals (e.g., physicians and teachers) in fulfilling their goals and tasks (15). As an intrinsic motivation, professional motivation affects physicians’ online knowledge-sharing behaviors, encompassing two dimensions—online knowledge-sharing quantity and online knowledge-sharing quality (29). The former reflects the volume of knowledge shared by physicians on OHPs, while the latter pertains to the substantive value and utility of that content (16). According to motivation theory, professional motivation—characterized by heightened professional obligation, enhanced self-efficacy, and sustained persistence (7, 22)—significantly enhances physicians’ knowledge-sharing quantity and quality on OHPs.

We expect physicians’ professional motivation to be positively related to online knowledge-sharing quantity. First, professional motivation can induce physicians to use their expertise to obtain patients’ recognition, for example, votes and readings (7). The resulting fulfillment and enjoyment motivate them to make unceasing contributions to OHPs. Second, professional motivation encourages physicians to pursue continuous self-growth (20). Engaging in knowledge sharing on OHPs enables them to help patients manage health and deepen their own understanding of medical information, which, in turn, sparks their creative enthusiasm and increases the number of published articles. Third, guided by professional interests and internal goals, physicians tend to challenge themselves (21), remaining committed to frequently updating medical content and addressing patient inquiries (15), even at the cost of personal time. Based on these arguments, we propose the following hypothesis.


H1: Professional motivation is positively related to physicians’ online knowledge-sharing quantity.


Similarly, we expect physicians’ professional motivation to be positively related to online knowledge-sharing quality. First, professional motivation creates a strong sense of obligation in physicians to disseminate medical knowledge more extensively and efficiently through OHPs (15). This commitment ensures that their contributions meet professional standards, enhancing online knowledge-sharing quality. Second, beyond responsibility-driven factors, professional motivation boosts physicians’ confidence as authoritative guides in patient education (22), especially in the information-overloaded digital health landscape. By identifying misleading information and providing accurate clinic expertise (31), they further contribute to delivering online high-quality services. Third, professional motivation, as an intrinsically motivated orientation, is positively associated with creativity (23). Physicians with high creativity can develop innovative solutions to meet patients’ diverse healthcare needs on OHPs (7), which improves the educational value and practical utility of their efforts. Based on these arguments, we propose the following hypothesis.


H2: Professional motivation is positively related to physicians’ online knowledge-sharing quality.




2.3 The moderating effect of online experience

Online experience refers to the professionals’ accumulated knowledge and skills in using online platforms (6). Physicians with abundant online experience tend to perceive higher professional value, as they possess digital expertise and patient education skills (6). In this vein, the effects of professional motivation on online knowledge-sharing behaviors are contingent on online experience.

We expect online experience to strengthen the positive effect of professional motivation and physicians’ online knowledge-sharing quantity. With accumulated online experience, physicians not only achieve greater self-actualization by providing targeted knowledge sharing in response to high-interest health concerns (20), but they also become more skilled at developing efficient content strategies that support ongoing skill development and personal growth (32). These dual benefits jointly amplify how professional motivation drives sustained content contributions (33). In addition, physicians with extensive online experience demonstrate strong platform familiarity and advanced self-regulation skills that help optimize their knowledge-sharing practices (34, 35). Accordingly, the internal drive stemming from professional motivation is more likely to result in consistent and high-volume knowledge-sharing outputs. Thus, we propose the following hypothesis.


H3a: Online experience strengthens the positive relationship between professional motivation and physicians’ online knowledge-sharing quantity.


We also expect online experience to strengthen the positive effect of professional motivation and physicians’ online knowledge-sharing quality. Physicians with greater online experience are inclined to build a favorable reputation and achieve robust online socialization through consistent knowledge sharing (36). This process fosters heightened feelings of professional responsibility and self-efficacy, which supports their commitment to providing effective patient education (36, 37). Moreover, proficiency in the features and affordances of OHPs provides experienced physicians with greater flexibility in content design and delivery (6, 33). Under such circumstances, they are better positioned to match their professional values with patients’ expectations (20), further enhancing their intrinsic drive to contribute high-quality services. Thus, we propose the following hypothesis.


H3b: Online experience strengthens the positive relationship between professional motivation and physicians’ online knowledge-sharing quality.




2.4 The moderating effect of offline expertise

Offline expertise refers to the experience in delivering healthcare services and medical proficiency gained within traditional hospital settings. This expertise is often embodied in physicians’ clinical titles across four hierarchical levels—resident doctor, attending doctor, associate chief doctor, and chief doctor—signifying their professional capabilities and seniority (32). As professional priorities vary with levels of offline expertise (7, 19), offline expertise differentially moderates the relationship between physicians’ professional motivation and their online knowledge-sharing behaviors on OHPs.

We expect offline expertise to weaken the positive effect of professional motivation on physicians’ online knowledge-sharing quantity. Physicians with high levels of offline expertise (as indicated by senior clinical titles) devote greater attention to diagnosing complex medical cases to deliver specialized healthcare in offline channels (13, 38) while advancing their expertise through research and academic engagement (22). Consequently, routine health information sharing via OHPs with professional motivation is deprioritized, resulting in reduced levels of contributions. Besides, physicians in senior positions often face considerable workloads in offline hospitals, limiting the time and energy available for online engagement (19, 39), which leads to a decline in the frequency of their online knowledge sharing. Based on the above arguments, we propose the following hypothesis.


H4a: Offline expertise weakens the positive relationship between professional motivation and physicians’ online knowledge-sharing quantity.


Conversely, we expect offline expertise to strengthen the positive effect of professional motivation on physicians’ online knowledge-sharing quality. Motivated by a love of their work itself, accompanied with substantial professional expertise (7), physicians can cultivate a stronger sense of mission and greater confidence in their capabilities. In this context, their intrinsic professional motivation can spur the dissemination of high-quality, valuable information and experiences on OHPs (18). Additionally, by drawing on extensive face-to-face clinical experience and unique insights, physicians are better able to anticipate patients’ concerns and present in-depth medical knowledge on OHPs in a more readable manner (19). In other words, the effect of professional motivation on online knowledge-sharing quality is enhanced by offline expertise. Based on the above arguments, we propose the following hypothesis.


H4b: Offline expertise strengthens the positive relationship between professional motivation and physicians’ online knowledge-sharing quality.


In summary, the research framework is presented in Figure 1.

[image: Conceptual diagram illustrating relationships between professional motivation, online experience, and offline expertise, showing direct and mediated paths to online knowledge-sharing quantity and quality using solid and dashed arrows.]

FIGURE 1
 Research framework.





3 Methods


3.1 Data collection

This study selected Haodf.com1 as our data source to its objective, real-world data that effectively mitigates self-reporting biases (40, 41). As one of leading OHPs in China, Haodf.com offers several key advantages for our research. Firstly, it hosts an extensive network of physicians and patient interactions, ensuring a robust dataset. Secondly, physicians have a dedicated article section where they can independently publish accessible health-related articles without receiving any financial compensation from the platform. These knowledge-sharing activities are systematically tracked by the platform, which records several key indicators, including the number of votes received, the number of health-related articles published, and the number of article readings. In addition, physicians’ homepages display relevant background information, such as their affiliated offline hospital, professional title, and online contribution experience, which provides valuable contextual data for this study.

To collect data, a Java-based web crawler was adopted to extract website statistics about physicians and patients over a six-month period from February to July 2017. The initial dataset included all physician profiles and their corresponding knowledge-sharing activity records available during this period. We excluded entries corresponding to physicians with incomplete profiles or without any recorded knowledge-sharing activity. This filtering process resulted in an unbalanced panel dataset comprising 11,839 physicians with 24,389 physician-month observations. This dataset enables longitudinal analysis of physicians’ online activities while accounting for variations in participation over time.



3.2 Measures


3.2.1 Dependent variables

Online knowledge-sharing quantity refers to the volume of knowledge shared by physicians in online platforms (16), which was measured by the number of health-related articles published by physicians. Online knowledge-sharing quality reflects the substantive value and utility of the shared content in online platforms (16). It was measured by the number of article readings.



3.2.2 Independent variables and moderators

Professional motivation reflects a psychological process that influences professionals in fulfilling their goals and tasks (7, 15). The number of votes received by physicians was adopted to measure professional motivation. As physicians do not receive financial incentives for publishing online articles, voting reflects patients’ recognition of their voluntary knowledge-sharing efforts (7). In this context, such behaviors are primarily driven by professional motivation, including a sense of obligation to contribute to patient education and a desire for self-development. Online experience reflects the professionals’ accumulated knowledge and skills in using online platforms (6), which was measured by the opening time of physicians. Offline expertise refers to the experience in delivering healthcare services and medical proficiency gained within traditional hospital settings (17). It was measured by the offline titles of physicians. According to the hospital title hierarchy in China, we included three dummy variables for four levels, ordered from lowest to highest: resident physician, attending physician, associate chief physician, and chief physician (17).



3.2.3 Control variables

In studies on physician online knowledge sharing and patient education, previous scholars suggest that gifts and likes may be seen as factors influencing the online knowledge-sharing behaviors (17, 42); therefore, we choose them as control variables. Gifts were measured by the number of online gifts from patients. Likes were measured by the number of online loves from patients.

To reduce skewness, we used the logarithm of all variables except offline expertise. Table 1 presents an overview of all variables in this study.


TABLE 1 The overview of all variables.


	Variables
	Measurements
	Mean
	SD
	Min
	Max

 

 	Online knowledge-sharing quantity 	The number of health-related articles published by physicians 	2.011 	1.280 	0.000 	7.440


 	Online knowledge-sharing quality 	The number of article readings 	7.899 	1.108 	2.079 	12.753


 	Professional motivation 	The number of votes physicians received 	2.634 	1.239 	0.000 	6.911


 	Online experience 	The opening time of physicians 	7.270 	0.798 	3.332 	8.010


 	Offline expertise 	The offline titles of physicians 	3.098 	0.869 	1.000 	4.000


 	Gifts 	The number of online gifts from patients 	2.506 	1.385 	0.000 	7.920


 	Likes 	The number of online likes from patients 	3.789 	2.030 	0.000 	10.140




 




3.3 Analytic strategy

Considering the inefficiency and estimated bias of the ordinary least squares regression model, this study conducted the fixed hierarchical regression model to test the direct and moderating effects (43, 44). To test our hypotheses, we introduced Equations 1, 2 to estimate the effects of professional motivation (PM) on online knowledge-sharing quantity (KSQN) and online knowledge-sharing quality (KSQL) with the contingencies of online experience (OEN) and offline expertise (OET).





KSQ

N
it

=

α
0

+

α
1

Gif

t
it

+

α
2

Lik

e
it

+

α
3

P

M
it

+

α
4

OE

N
it





+

α
5

OE

T
it

+

α
6

P

M
it

×
OE

N
it

+

α
7

P

M
it

×
OE

T
it

+

μ
it





      (1)





KSQ

L
it

=

β
0

+

β
1

Gif

t
it

+

β
2

Lik

e
it

+

β
3

P

M
it

+

β
4

OE

N
it





+

β
5

OE

T
it

+

β
6

P

M
it

×
OE

N
it

+

β
7

P

M
it

×
OE

T
it

+

ν
it




      (2)

where 
i
 indicates the number of observations, the 
α
 and 
β
 parameters are the coefficients that can be estimated in the hierarchical regression model, and the 
μ
 and 
ν

parameters are the error terms in each equation.




4 Results


4.1 Regression analysis

Our hypotheses were tested using hierarchical regression, which is widely applied to test moderating effects (45). The results are presented in Table 2.


TABLE 2 Results of hierarchical regression.


	Online knowledge-sharing quantity (KSQN)
	Model 1
	Model 2
	Model 3
	Model 4

 

 	Professional motivation (PM) 	0.084***
 (0.008) 	-0.472***
 (0.062) 	0.081***
 (0.025) 	-0.497***
 (0.062)


 	Online experience (OEN) 	 	0.150***
 (0.021) 	 	0.084***
 (0.023)


 	PM×OEN 	 	0.067***
 (0.008) 	 	0.083***
 (0.009)


 	Offline expertise (OET) 	 	 	0.198***
 (0.020) 	0.178***
 (0.022)


 	PM×OET 	 	 	-0.017*
 (0.007) 	-0.039***
 (0.008)


 	Gifts 	0.387***
 (0.012) 	 	0.370***
 (0.012) 	0.284***
 (0.013)


 	Likes 	-0.126***
 (0.008) 	 	-0.101***
 (0.008) 	-0.034***
 (0.009)


 	Constant 	1.298***
 (0.019) 	 	0.786***
 (0.061) 	0.294
 (0.152)


 	R2 	0.100 	0.129 	0.109 	0.132


 	Online knowledge-sharing quality (KSQL) 	Model 5 	Model 6 	Model 7 	Model 8


 	Professional motivation (PM) 	0.151***
 (0.007) 	-0.168**
 (0.055) 	0.116***
 (0.022) 	-0.163**
 (0.055)


 	Online experience (OEN) 	 	0.161***
 (0.019) 	 	0.171***
 (0.020)


 	PM×OEN 	 	0.036***
 (0.007) 	 	0.036***
 (0.008)


 	Offline expertise (OET) 	 	 	0.020
 (0.018) 	-0.034
 (0.019)


 	PM×OET 	 	 	0.007
 (0.007) 	0.001
 (0.007)


 	Gifts 	0.284***
 (0.011) 	0.200***
 (0.011) 	0.279***
 (0.012) 	0.200***
 (0.011)


 	Likes 	-0.162***
 (0.007) 	-0.091***
 (0.007) 	-0.101***
 (0.011) 	-0.093***
 (0.007)


 	Constant 	7.404***
 (0.017) 	6.317*
 (0.134) 	7.361***
 (0.054) 	6.331***
 (0.134)


 	R2 	0.075 	0.099 	0.075 	0.099





N = 11,839; *p < 0.050, **p < 0.010, ***p < 0.001; standard errors are in parentheses.
 

Model 1 shows that professional motivation is positively and significantly related to online knowledge-sharing quantity (β = 0.084, p < 0.001). Thus, H1 is supported. The coefficient of interaction term (PM × OEN) in Model 2 is positive and significant (β = 0.067, p < 0.001). Following the suggestions of Meyer et al. (46), we plotted the marginal effect of professional motivation on online knowledge-sharing quantity at different levels of online experience in Figure 2. As the value of online experience increases from low to high, the effect of professional motivation on knowledge-sharing quantity becomes stronger. Therefore, H3a is supported. Model 3 shows that interaction term (PM × OET) is negatively and significantly associated with online knowledge-sharing quantity (β = −0.017, p < 0.050). Figure 3 illustrates that the effect of professional motivation on online knowledge-sharing quantity becomes weaker with the value of offline expertise increasing from low to high. Therefore, H4a is supported. Following the suggestions of Guo et al. (47), our study applied full models to further test our hypotheses testing in Model 4, and the results are consistent with Model 2 and Model 3.

[image: Scatter plot with a solid regression line and two surrounding dashed lines indicating confidence intervals, displaying a positive linear relationship between OEN on the x-axis and marginal effect of OEN on PM-KSQN on the y-axis.]

FIGURE 2
 The moderating effect of online experience (OEN) on the relationship between professional motivation (PM) and online knowledge-sharing quantity (KSQN).


[image: Line graph depicting the marginal effect of OET on PM-KSQN with OET on the x-axis and the marginal effect on the y-axis. A downward sloping dashed line with three data points is shown, with dotted lines representing confidence intervals.]

FIGURE 3
 The moderating effect of offline expertise (OET) on the relationship between professional motivation (PM) and online knowledge-sharing quantity (KSQN).


Model 5 shows that professional motivation is positively and significantly related to online knowledge-sharing quality (β = 0.151, p < 0.001), thereby supporting H2. In Model 6, the interaction term (PM × OEN) is positively and significantly related to online knowledge-sharing quality (β = 0.036, p < 0.001). We also plotted the figure about the moderating effect of online experience. Figure 4 indicates that the positive relationship between professional motivation and online knowledge-sharing quality becomes stronger with an increase in online experience. Thus, H3b is supported. Model 7 shows that the coefficient of interaction term (PM × OET) on online knowledge-sharing quality is not significant (β = 0.007, p > 0.050). Thus, H4b is not supported. Full models were applied to test our hypotheses in Model 8, and the results are consistent with Model 6 and Model 7.

[image: Line graph showing the marginal effect of OEN on PM-KSQL, with OEN plotted on the x-axis and the marginal effect on the y-axis. A solid line slopes upward from left to right, indicating a positive relationship. Two dashed lines represent confidence intervals around the main trend line.]

FIGURE 4
 The moderating effect of online experience (OEN) on the relationship between professional motivation (PM) and online knowledge-sharing quality (KSQL).




4.2 Supplementary analyses

To test the robustness of our regression results, according to whether online experience (OEN) and offline expertise (OET) are above or below the mean value, we divided the sample into subsamples (OENhigh vs. OENlow, OEThigh vs. OETlow) to conduct regression between the independent variable and dependent variable following the suggestion of previous studies (48, 49). For moderating effect of online experience, the effects of professional motivation on online knowledge-sharing quantity (βhigh = 0.228, p < 0.001 vs. βlow = 0.066, p < 0.001) and online knowledge-sharing quality (βhigh = 0.158, p < 0.001 vs. βlow = 0.116, p < 0.001) are stronger in high levels of online experience. For the moderating effect of offline expertise, the slope is flatter under higher levels of offline expertise in the relationship between professional motivation on online knowledge-sharing quantity (βhigh = −0.041, p < 0.010 vs. βlow = 0.107, p < 0.001). All these results are consistent with the regression analysis, which further supports the interaction hypotheses.

To further test the robustness of our results, random effects regression models were conducted following previous studies (50, 51). The results are presented in Table 3. The effect of professional motivation on online knowledge-sharing quantity is positive and significant (β = 0.082, p < 0.001) in Model 9, which supports H1. Model 13 indicates that professional motivation is positively and significantly related to online knowledge-sharing quality (β = 0.151, p < 0.001), thereby supporting H2. Model 10 and Model 14 verified the moderating roles of online experience about the effect professional motivation on online knowledge-sharing quantity (β = 0.068, p < 0.001) and online knowledge-sharing quality (β = 0.036, p < 0.001). Thus, H3a and H3b are supported. The interaction term (PM × OET) in Model 11 is significantly related to online knowledge-sharing quantity (β = −0.016, p < 0.050), while the interaction term (PM × OET) in Model 15 is insignificantly related to online knowledge-sharing quality (β = 0.007, p > 0.050). Therefore, H4a is supported but H4b is rejected. The full models in Model 12 and Model 16 align with the results from the respective separate models. In summary, the results are similar to fixed effects, and our results are robust.


TABLE 3 Results of regression models with random effects.


	Online knowledge-sharing quantity (KSQN)
	Model 9
	Model 10
	Model 11
	Model 12

 

 	Professional motivation (PM) 	0.082***
 (0.008) 	-0.486***
 (0.062) 	0.075***
 (0.025) 	-0.510***
 (0.062)


 	Online experience (OEN) 	 	0.151***
 (0.021) 	 	0.084***
 (0.023)


 	PM×OEN 	 	0.068***
 (0.008) 	 	0.084***
 (0.009)


 	Offline expertise (OET) 	 	 	0.198***
 (0.020) 	0.178***
 (0.022)


 	PM×OET 	 	 	-0.016*
 (0.007) 	-0.038***
 (0.008)


 	Gifts 	0.394***
 (0.012) 	0.285***
 (0.013) 	0.377***
 (0.012) 	0.288***
 (0.013)


 	Likes 	-0.136***
 (0.008) 	-0.044***
 (0.008) 	-0.110***
 (0.008) 	-0.041***
 (0.009)


 	Constant 	1.320***
 (0.019) 	0.326*
 (0.153) 	0.806***
 (0.061) 	0.309*
 (0.153)


 	R2 	0.097 	0.127 	0.107 	0.131


 	Online knowledge-sharing quality (KSQL) 	Model 13 	Model 14 	Model 15 	Model 16


 	Professional motivation (PM) 	0.151***
 (0.007) 	-0.170**
 (0.055) 	0.115***
 (0.022) 	-0.165**
 (0.055)


 	Online experience (OEN) 	 	0.161***
 (0.019) 	 	0.172***
 (0.020)


 	PM×OEN 	 	0.036***
 (0.007) 	 	0.036***
 (0.008)


 	Offline expertise (OET) 	 	 	0.021
 (0.018) 	-0.034
 (0.019)


 	PM×OET 	 	 	0.007
 (0.007) 	0.002
 (0.007)


 	Gifts 	0.286***
 (0.011) 	0.200***
 (0.011) 	0.280***
 (0.011) 	0.200***
 (0.011)


 	Likes 	-0.164***
 (0.007) 	-0.092***
 (0.007) 	-0.157***
 (0.007) 	-0.094***
 (0.008)


 	Constant 	7.406***
 (0.017) 	6.314*
 (0.134) 	7.363***
 (0.054) 	6.329***
 (0.134)


 	R2 	0.075 	0.099 	0.076 	0.100





N = 11,839; *p < 0.050, **p < 0.010, ***p < 0.001; standard errors are in parentheses.
 




5 Discussion

Drawing on motivation theory, this study examines the relationship between physicians’ professional motivation for patient education and their online knowledge-sharing behaviors on OHPs. Using a six-moth panel dataset of 11,839 physicians, the findings confirm that professional motivation significantly enhances both the quantity and quality of online knowledge sharing, with online experience further strengthening these positive effects. Interestingly, while offline expertise weakens the positive effect of professional motivation on online knowledge-sharing quantity, this study finds no significant empirical support for its moderating role in online knowledge-sharing quality. One possible explanation lies in the hierarchical structure of Chinese hospitals, where physicians with extensive offline expertise often take on additional responsibilities, such as administrative duties and teaching tasks (19, 52), which divert their time and attention from refining shared knowledge. Consequently, even with high professional motivation, their online knowledge-sharing quality may not be shaped by offline expertise. In addition, using the number of article readings as a proxy for knowledge-sharing quality could introduce bias, as highly specialized content contributed by senior physicians, although often of high quality, may naturally attract fewer patients compared to common health topics (53). This limitation is likely to obscure the potential moderating effect of offline expertise. In the following sections, we will discuss the theoretical and practical implications, limitations, and future directions for research.


5.1 Theoretical implications

This study makes several theoretical contributions. First, it contributes to the literature on motivation theory by focusing on professional motivation in patient education and identifying the formation mechanism of online knowledge sharing. Previous studies have shown that physicians driven by professional motivation are more willing to engage in knowledge sharing on OHPs (7, 15). Our study confirms the significant intrinsic impact of professional motivation on physicians’ online knowledge-sharing behaviors, supporting the existing literature on its role in patient education (13, 14). Moreover, our study explores how external factors, including both online experience and offline expertise, shape physicians’ internal motivational processes. Therefore, this study develops a comprehensive framework from the lens of motivation theory to better understand the formation mechanism of online knowledge sharing for patient education.

Second, this study enriches the literature of online knowledge sharing by revealing the positive effects of professional motivation on online knowledge-sharing quantity and quality. Although the extant research has widely explored their engagement with OHPs, it has primarily focused on the types of content shared (e.g., free vs. paid) or behavioral intentions (15, 27, 54), with relatively little attention given to the different dimensions of online knowledge sharing. In the context of OHPs, where patients rely on contributed information for making health-related decisions (55), understanding the scope and value of the knowledge being shared is particularly important (56). In this vein, our study quantifies online knowledge sharing in terms of quantity and quality, as well as examining how professional motivation influences each dimension. The results show that professional motivation significantly enhances both dimensions, although the strength of its effect varies across individuals (7). By incorporating the dual dimensions of quantity and quality into online knowledge sharing, this study provides a nuanced and outcome-oriented perspective on physician engagement in online knowledge sharing.

Third, this study underscores the importance of online and offline contexts in online knowledge sharing by uncovering the moderating effects of online experience and offline expertise. While OHPs serve as a complementary channel to offline healthcare, physicians often act as knowledge providers across both contexts (57). In this vein, their professional experiences in one domain may influence their engagement in the other, generating cross-contextual spillover effects (56). However, recognizing the limitations of isolated analyses of online and offline factors in prior research, we complement the literature by introducing online experience and offline expertise into a unified framework as co-existing contextual contingencies. Our findings show that online experience strengthens the effects of professional motivation on both the quantity and quality of online knowledge sharing, whereas offline expertise dampens its impact on quantity. In doing so, this study expands the boundary conditions of motivation theory by shedding light on the dynamic interplay between physicians’ digital participation and their professional expertise.



5.2 Practical implications

This study also provides valuable implications for medical practitioners and platform managers. Given that professional motivation is positively related to both the quantity and quality of online knowledge sharing, physicians need to cultivate a strong professional identity. Specifically, they should recognize that online patient education—explaining medical concepts, addressing common misconceptions, and providing evidence-based health advice—is an integral part of their professional responsibilities rather than an additional burden (17). This shift can inspire greater engagement in online knowledge-sharing efforts. Also, physicians can boost their motivation by engaging with patient feedback online through responding to comments and participating in Q&A forums. Such interaction can help tailor content to address real concerns and reinforces their commitment to online knowledge sharing.

In addition, platforms are supposed to shoulder responsibilities for supporting physicians’ adaptation to digital engagement (58), particularly given the heterogeneity among physician groups. On the one hand, platform designers should implement targeted strategies to improve physicians’ proficiency in online interactions in light of the positive moderating role of online experience. For example, by analyzing multi-dimensional patient feedback, these designers can leverage AI-driven algorithms to identify effective knowledge-sharing practices. By doing so, physicians can gain deeper insights into patient preferences, enabling them to publish high-quality articles efficiently with minimal time investment. Moreover, platform-based initiatives, such as mentorship programs that connect experienced online contributors with novices, and training modules designed to enhance digital communication skills for patient education, can further strengthen physicians’ proficiency in online interactions and support sustained knowledge-sharing behaviors. On the other hand, platforms need to recognize and counterforce against the negative role of offline expertise on knowledge sharing. Teamwork serves as a viable solution to this challenge by, for example, allowing physicians to establish verified virtual team-based accounts (40). Within this framework, senior physicians with high clinic titles provide authoritative mentorship, sharing professional insights and practical experience, while the other junior physicians contribute by assisting with content creation and digital engagement. This division of labor creates a synergistic relationship, ultimately maintaining professional standards and online knowledge-sharing continuity.



5.3 Limitations and research directions

There are several limitations and open questions that are worthwhile to further research. First, the exclusive reliance on data from Haodf.com in China raises questions regarding the generalizability of our findings. Given the professional nature of physicians, the main finding that professional motivation positively influences online knowledge-sharing behaviors is likely to be broadly applicable across various OHPs. However, effects such as the moderating effect of offline expertise may be shaped by differences in healthcare system structures and professional hierarchies internationally. These potential variations call for future research to build upon this study by incorporating multiple OHPs across diverse digital ecosystems. Second, while our study mitigated endogeneity by employing several supplementary analyses, potential endogeneity concerns cannot be entirely eliminated. To strengthen causal identification, future studies could adopt methods such as difference-in-differences (DID), quasi-experimental designs, and synthetic control methods (59). Third, we primarily studied the contingent role from the perspective of physicians’ attributes, particularly online experience and offline expertise. However, exploring alternative moderators may provide deeper insights into physicians’ knowledge-sharing dynamics, for example, gamification settings (60) and income (15). They are other avenues for future studies. Finally, using article readings as a proxy for knowledge-sharing quality may underestimate the value of highly specialized content that naturally attracts a narrower patient audience, leading to potential measurement bias. Similarly, measuring online experience by physicians’ opening time may fail to capture the intensity and nature of online engagement, such as the frequency, recency, and diversity of online activities. Future research could incorporate multi-dimensional metrics or conduct experimental research designs to provide more nuanced assessments of these constructs.
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Background: YouTube is becoming an increasingly popular platform for health education; however, its reliability for surgical patient education remains largely unexplored. Given the global prevalence of preoperative anxiety, it becomes essential to ensure accurate information online.
Objectives: The objective is to assess tools/instruments used to evaluate YouTube videos on surgical procedures created to educate patients or health consumers.
Methods: In June 2023, a comprehensive literature search was conducted on PubMed, PsycINFO, CINAHL, and Scopus. Primary studies with empirical data that evaluate English YouTube videos to educate patients about surgical procedures in all specialties were included. Two reviewers independently completed title/abstract and full text screening, and data extraction in duplicate. The data extracted includes the number of videos evaluated, assessment tools, outcomes of significance, specific objectives, and features examined.
Results: A total of 41 studies were included in the review. The most commonly used evaluation tools were DISCERN (21 studies), the Global Quality Scale (11 studies), and the JAMA benchmark criteria (11 studies). Notably, 23 studies used a unique assessment instrument, and several studies employed more than one tool concurrently. Of the total studies included, 88% of the articles determined that patients were not adequately educated by YouTube videos per the ratings of the assessment tools, and 19 out of 41 articles mentioned that videos from professional sources were most useful.
Conclusions: This systematic review suggests that the educational qualities in YouTube videos are substandard. Patients should be cautious when relying solely on YouTube videos for medical guidance. Surgeons and medical institutions are encouraged to direct patients to high-quality patient education sources and create accessible medical content. As there is variability in the quality assessment tools used for evaluation, a standardized approach to creating and assessing online medical videos would improve patient education.
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Introduction

In 2024, the number of active users on YouTube exceeded 2.56 billion (1). More than 500 h of content are uploaded to YouTube every minute (2). Approximately 25% of adults in the United States stated that they rely on YouTube as a regular source for obtaining news (3).

In recent years, YouTube has emerged as a popular platform for patient and health consumer education. In 2020, 40.8% of U.S. adults used YouTube to watch health–related videos (4). Recent literature published in 2022 has shown that YouTube is not a reliable source for medical and health-related information and there has only been one systematic review investigating the reliability of YouTube as a source of knowledge for surgical patients (5, 6). With the increasing availability of surgical videos on YouTube, it is crucial to assess the tools or instruments used to evaluate the quality and educational value of such content.

Surgical education plays a vital role in empowering patients to make informed decisions about their healthcare and enhance their understanding of complex medical interventions. YouTube offers an easily accessible and visually engaging platform to deliver such educational content. As preoperative anxiety remains a critical issue, occurring in ~48% of surgical patients globally (7), it is vital to ensure that accessible information online on surgical procedures is accurate and regulated to prevent unnecessary confusion.

The purpose of this systematic review is to assess the tools or instruments employed for evaluating YouTube videos focused on surgical procedures with the intent of educating patients or health consumers. The findings of this review will have implications for healthcare providers, educators, and content creators involved in patient education. Understanding the strengths and weaknesses of existing evaluation tools will facilitate the development of standardized guidelines and best practices for assessing the quality and educational impact of YouTube videos on surgical procedures. Ultimately, this systematic review aims to contribute to the improvement of patient education materials available on YouTube, ensuring that patients and health consumers have access to reliable, accurate, and informative content that enhances their surgical knowledge and decision-making abilities.



Methods


Literature search

A comprehensive literature search (MM) was conducted using PubMed, PsycINFO, CINAHL and Scopus from each database's inception to June 6, 2023. A combination of index terms and keywords were used to represent key concepts of “patient education,” “YouTube video,” “psychometrics,” “quality assessment,” and “surgical procedure” (See Appendix A for a sample search strategy for PubMed). A hand search of the reference lists of all identified studies were examined for additional studies.



Eligibility criteria

Articles were selected based on specific inclusion criteria. The review included original, full-text primary studies published in the English language that provided empirical data evaluating English YouTube videos created for patient and health consumer education. Videos encompassed information regarding surgical procedures in all surgical specialties. Reviews, duplicate articles, comments, editorials, letters, and abstracts lacking full content articles were excluded. Studies analyzing videos in other languages, from differing social media sites, and targeting health professional education were also excluded.



Data selection

All search results were imported into Covidence for screening and data extraction. Covidence is a web-based software for managing and streamlining systematic reviews. Two reviewers (MP and AL) first screened titles and abstracts against the selection criteria, followed by full text screening done in duplicate and independently. Any discrepancies in screening by the two reviewers were discussed and resolved to reach consensus. The third author (MM) assessed any variances and determined their inclusion.



Data extraction

A standardized data collection form was created on the Covidence platform, and the authors (MP and AL) completed data extraction in duplicate and independently. All discrepancies were discussed and resolved with the third author (MM). The parameters consisted of study aims, surgeries evaluated, type of quality tools used, number of videos analyzed, primary source of videos, types of video characteristics studied, educational quality based on author's judgment, study limitations, future recommendations, and video sources deemed the most useful. The video sources were divided into four categories: commercials, patients, professional entities (e.g., created by physicians, hospitals), educational institutions (association, organization, society, and others). A rating scale was developed to assess the educational quality of the videos: “poor,” “moderate” or “good” based on the articles' direct analyses, and the reasoning was noted.




Results

Using an initial dataset of 125 studies, articles were excluded based on specific inclusion criteria (Figure 1). Ultimately, 41 studies remained in the review for data extraction and analysis.


[image: Flowchart depicting a PRISMA study selection process with three main phases: identification, screening, and inclusion. Begins with 125 studies, 21 duplicates removed, 104 screened, 43 excluded, 61 assessed for eligibility, with 19 further exclusions for reasons such as non-English videos, non-surgical procedures, irrelevant content, no patient education focus, or non-YouTube videos, resulting in 42 studies included.]
FIGURE 1
 PRISMA flow diagram of article selection process.



Video information data

Using an initial dataset of 125 studies, articles were excluded based on specific inclusion criteria (Figure 1). Ultimately, 41 studies remained in the review for data extraction and analysis. These articles assessed an average of 98.8 videos per study, ranging from 16 to 523 videos evaluated per study. The parameters that quality assessment tools analyzed included YouTube video views, video duration, likes and dislikes, time on YouTube, comments, and other features (Figure 2). Studies were published from 2013 to 2023, with 2021 as the median publication year with a notable increase after 2020. A trend was noted for an increasing amount of research articles evaluating the quality of YouTube videos, reflecting growing reliance on social media and digital platforms for patient education. Videos encompassed information regarding surgical procedures in all surgical specialties, such as general surgery, oral and maxillofacial surgery, cardiac surgery, orthopedic surgery, dental and endodontic surgery, obstetric surgery, gynecology, urology, ophthalmology, neurosurgery, plastic and reconstructive surgery, neonatal surgery, and colorectal surgery.


[image: Horizontal bar chart showing the number of articles by YouTube data feature. YouTube Video Views appears in forty-one articles, Video Duration thirty-nine, Likes and Dislikes thirty-four, Time on YouTube twenty-nine, Other Features twenty-one, and Comments eighteen.]
FIGURE 2
 Data assessed by quality assessment tools with “Other Features,” including title of video, universal resource locator, number of channel subscribers, video power index, country of origin, percentage positivity (proportion of likes to total likes plus dislikes), presence of subtitles, viewer interaction index, video title, target audience, presence of animation, video/audio quality, and daily viewing rate.




Video source characteristics

All of the YouTube videos included professional sources and creators, such as physicians, hospitals, educational institutions, and societies. The majority (68%) featured patients and their testimonials. Commercial content (59%) was present in over half of the videos, while other diverse sources were also frequently utilized (73%). Of the 23 studies reporting sources that provided the most useful data for patient and health consumer education, 20 recognized videos from professional sources, two noted patient sources, and one described commercials as the most helpful source. These findings suggest a strong association between source professionalism and perceived educational value.



Use of quality assessment tools

The DISCERN reliability instrument was the predominant tool for video evaluation (8–16, 18–29). Other prevalent tools were the Journal of the American Medical Association (JAMA) Benchmark Criteria (8–18), Global Quality Scale (GQS) Criteria (8–10, 14, 17–19, 26, 27, 30, 31), Health on the Net (HON) Code of Conduct (12, 13), Patient Education Materials Assessment Tool (PEMAT) and the Usefulness Scoring System (20, 29). A notable portion of the articles used standardized reliability instruments developed by the authors, from previous studies, physicians and medical organizations (10, 15–17, 27, 30–47). The YouTube Video Assessment Criteria and Ensuring Quality Information for Patients Score were utilized less frequently (Table 1). While standardized tools provided a consistent framework, variation in implementation and scoring limited comparability. Notably, all studies that noted adequate patient education or moderate quality based on article author analysis used multiple assessment tools (e.g., DISCERN + JAMA + GQS).

TABLE 1  Quality assessment tools ranked by frequency of their use across all articles (n = 41).


	Type of assessment tool
	Number of videos





	DISCERN
	21



	JAMA
	11



	GQS
	11



	HON
	2



	PEMAT
	2



	Likert 5-point
	1



	Other
	24








Educational value

Educational quality, as rated by the respective quality assessment instruments, was predominantly low. Based on the articles' analyses of the educational quality of the YouTube videos, 33 studies were rated as poor quality, seven as moderate quality, and one as good quality. Five of the seven studies that determined moderate quality utilized GQS, four used DISCERN, three used JAMA, and four used other types of assessment tools, suggesting some consistency among these tools in identifying informative videos (8–10, 26, 30, 46, 48). The article that reported the videos were of good quality used JAMA, GQS, and its own quality assessment tool as well (17).

Three studies concluded that surgical YouTube videos adequately educated patients, and 36 yielded contrasting data. Many articles (44%) mentioned that YouTube videos were missing vital information regarding surgical procedures, such as treatment alternatives and potential risks. Others (27%) noted that the scores associated with the reliability instruments were low and 20% of the articles saw an increasing prevalence of source bias with the videos. Several studies (15%) detailed that there were notable issues with videography, like difficulties with music, overall quality, and narration. The three other studies noted high scores among the reliability instruments (9), reputable sources creating and distributing content (10), and easily understandable videos with adequate procedure descriptions, which are not systematically captured by existing assessment instruments (8). Interestingly, among the five videos related to ophthalmology, two were reported to have adequately educated patients.



Common deficiencies in video content

Several recurring deficiencies in YouTube surgical video content were identified across the included studies. Most notably, eighteen studies (44%) reported that videos often omitted critical information such as treatment alternatives, potential risks, or post-operative expectations, limiting their utility for comprehensive patient education. Additionally, eleven studies (27%) documented consistently low scores across validated reliability instruments, including DISCERN and JAMA, reflecting concerns about content accuracy and trustworthiness. Eight studies (20%) highlighted the presence of source bias or overt promotional messaging, which may compromise the objectivity of the information presented. Furthermore, six studies (15%) described production-related limitations, such as poor narration quality, distracting background music, or inadequate video resolution, which could detract from viewer comprehension.




Discussion

Patient and health consumer education is rapidly evolving, with digital platforms and social media resources becoming increasingly prominent. This shift requires a reevaluation of how surgical patients receive information about their conditions and procedures. Validated evaluation tools are essential for assessing the quality and accuracy of educational videos to identify videos that provide clear information and align with current medical standards.


Video sources and content

Since all 41 articles evaluated YouTube videos that included professional sources, the content is likely to be credible and created with expertise. However, despite this professional endorsement, the majority of the videos were deemed to provide poor educational quality. The prevalence of patient testimonials and commercial content contributes to further complications as these types of videos often prioritize personal experiences and promotional content over comprehensive educational information.



Quality assessment tools and quality analysis

To assess video quality, the authors predominantly utilized the DISCERN reliability instrument, along with other established tools such as the JAMA Benchmark Criteria and the GQS Criteria.

The DISCERN tool is a validated questionnaire designed to assess the quality of written consumer health information on treatment choices, consisting of 15 items rated on a 5-point scale and culminating in an overall quality score. Though comprehensive, DISCERN can be time-consuming and requires training for consistent use (49). In the context of video content, DISCERN has been adapted by some researchers to evaluate scripted narration or on-screen information, but its written-format origins may limit applicability to visual, interactive, or audiovisual cues that influence viewer perception and comprehension.

The JAMA Benchmark Criteria provide a more objective evaluation of online health information, assessing four elements: authorship, attribution, disclosure, and currency. While useful for gauging source credibility, the binary scoring system does not assess content accuracy, completeness, or audiovisual clarity—factors highly relevant in video-based media. As such, the JAMA criteria are often used as a supplemental tool rather than a standalone measure when evaluating videos (50).

The GQS criteria uses a 5-point Likert scale to assess the overall quality, flow, and usefulness of online content, especially videos, ranging from poor (1) to excellent (5). Though fast and intuitive, GQS is subjective and lacks detailed evaluative criteria, limiting its diagnostic utility (51). The HONcode certification, developed by the Health On the Net Foundation, was another credibility-focused tool that evaluated websites based on eight ethical principles, including authority, complementarity, privacy, attribution, justifiability, transparency, financial disclosure, and advertising policy. While HONcode was useful for identifying trustworthy health websites, it did not assess content depth, accuracy, or readability. As of December 15, 2022, the HONcode certification service has been discontinued, limiting its utility for future website evaluations (52, 53).

Eighty percent of articles rated the video educational quality as poor, suggesting a need to improve video quality. While these are established standardized tools, they are not designed to assess medical videos. These gaps suggest that the current tools are not entirely sufficient for ensuring high-quality educational content in dynamic online environments like YouTube (7). Therefore, a standardized tool should be created to assess video quality to ensure consistency across video evaluations.

In comparison to DISCERN, JAMA, and GQS, specialized frameworks such as the Instructional Videos in Otorhinolaryngology by YO-IFOS(IVORY) and LAParoscopic surgery Video Educational GuidelineS (LAP-VEGaS) guidelines have been developed to evaluate surgical videos intended for healthcare professional training (54, 55). These tools are more rigorous and procedure-specific in that they incorporate detailed criteria related to surgical technique, anatomical accuracy, intraoperative decision-making, step-by-step procedural clarity, video speed, camera angles, presentation clarity, and audio-visual delivery. Although these tools are designed for surgical training, they could be adapted to enhance the evaluation of surgical videos intended for patient education.

While the majority of the wide variety of assessment tools utilized by the articles indicated poor overall video quality, they also highlighted other problematic issues, including the omission of vital information, such as treatment alternatives, potential risks, low reliability scores, and increasing source bias. Several studies also pointed out technical issues, such as poor videography, suboptimal audio quality, and ineffective narration, which further detract from the educational value of the videos. Moreover, some studies identified misinformation and outdated content as critical problems, emphasizing the need for continuous updating and verification of online medical content. These deficiencies highlight another gap in the current use of YouTube as an educational tool for patients, and suggest that many videos fail to provide comprehensive information, which is essential for informed patient decision-making.



Contrasting findings

Interestingly, three studies (8–10) rated the YouTube videos as adequate educational tools, citing high scores on quality assessment instruments, reputable sources, and clear, understandable content. This discrepancy indicates that while the general trend points toward inadequate educational quality, there are exceptions where videos meet high standards. These positive examples can serve as benchmarks for creating better educational content in the future.




Limitations

This review is subject to several limitations. First, the included studies were assessed from the perspective of patients and healthcare consumers. While this approach is relevant to understanding public accessibility and perceived educational value, it may not fully reflect clinical accuracy or high educational quality. Additionally, it is important to acknowledge that YouTube functions primarily as an entertainment and social media platform rather than a formal educational resource. Consequently, many of the videos uploaded may not be intended for, or suitable as, educational content, limiting its suitability for patient and health consumer education. Another limitation is the exclusion of studies published in languages rather than English, which could introduce a potential selection bias, leading to incomplete or inaccurate conclusions, as studies published in other languages may contain crucial information that is not available in English-language sources.


Future recommendations

This review highlights the need for improved standards in the creation of surgical educational videos on YouTube. A new standardized tool should be developed that incorporates the strengths of widely used current tools, while addressing the unique challenges of assessing medical videos. Key criteria should account for dynamic audiovisual elements (e.g., clarity of narration, visual accuracy of demonstrations, use of animations or overlays), content accuracy, source credibility, and viewer engagement strategies. It should also consider accessibility features such as closed captions, language simplicity, and cultural sensitivity.

Advancements in artificial intelligence (AI), particularly natural language processing and deep learning, present promising opportunities for moderating health-related video content. For example, real-time misinformation detection using machine learning has proven effective during the COVID-19 pandemic (56). To implement these innovations, we propose a multidisciplinary task force, composed of clinicians, AI researchers, digital media experts, public health officials, and patient advocates, to develop validated scoring systems and collaborate directly with platforms, such as YouTube. Integration strategies may include voluntary quality tagging by verified content creators, peer-review-based content badges, and platform-endorsed health information panels. These features may help elevate trustworthy content while guiding users toward evidence-based information in an increasingly decentralized and saturated media landscape.

By directing patients to high-quality educational resources, surgeons can significantly enhance patient understanding and preparedness for surgical procedures. Given the overwhelming amount of online medical information, surgeons must guide patients toward reputable websites, vetted educational videos, and institutionally approved resources. They should also be aware of the quality assessment tools available to evaluate the quality of video content, ensuring that the materials they endorse are of the highest standard.




Conclusions

Though YouTube has indubitably transformed patient and health consumer education, the reliability and educational quality of its patient education videos remain a concern, particularly with surgical procedures. This systematic review finds that, despite their perceived credibility, quality assessment tools have determined that many videos from professional sources offer limited educational value. With improved patient education materials, the medical community can improve health consumer education, ultimately enhancing patient understanding, reducing anxiety, and potentially improving clinical outcomes in surgical settings.
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Introduction: Health education is vital for empowering patients with knowledge about their health conditions, treatment options, and self-care, enabling them to make informed decisions. Video-based Health Education (VbHE) has proven to be a powerful tool for enhancing health literacy, often outperforming traditional methods in various circumstances. Previous research has focused on specific diseases in low-resource settings, but a broader understanding of video applications and implementation challenges remains necessary. This systematic review assessed the use of video for health education purposes in the least developed African countries from 2020 to 2024, exploring insights into the types of health content delivered through video, their effectiveness, and implementation obstacles.
Methods: We searched the ScienceDirect, PubMed, Scopus, Google Scholar, PLOS, and AJOL databases, limiting our review to the UN’s 33 least-developed African countries. Studies were evaluated based on country, participants, sample sizes, intervention methods, duration, video delivery, educational emphasis, objectives, outcomes, and findings. Adhering to PRISMA guidelines ensured a structured methodology.
Results: From the 218 records identified, 15 studies met our inclusion criteria. These studies highlighted video interventions with a focus on cancer (n = 5, 33.3%), HIV (n = 3, 20%), maternity care (n = 5, 33.3%), and other areas (n = 2, 13.3%, including COVID-19 and spinal anesthesia procedures). Most studies (n = 13, 86.6%) showed videos positively influenced knowledge retention and health outcomes, while the remaining two (n = 2, 13.3%) noted no significant difference from traditional methods. Video dissemination methods featured mobile devices, TV screens, and online platforms, with intervention durations ranging from 30 min to 36 months. Of the included studies, video has proven effective in enhancing health education in the least-developed African nations.
Discussion: Challenges including connectivity issues, cultural adaptation, and digital literacy remain significant. This review highlights the critical role of mobile video health communication in empowering underserved populations and informs future strategies to optimize health outcomes in resource-constrained African Contexts.
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1 Introduction

The use of video for information and education has experienced substantial growth (Chatterjee et al., 2021). Among various digital formats, video has proven to be an effective medium for delivering health education due to its ability to enhance knowledge retention and accessibility. However, there are significant challenges; health professionals and ordinary web users often share health-related content within the same online spaces, raising concerns about the reliability of the information (Karlsen et al., 2013), and deviant behavior (Zhou et al., 2022). This is particularly concerning given the increasing trend of individuals posting self-produced health videos on social media, shifting responsibility onto the viewers if adverse outcomes happen. Despite these concerns, health professionals continue to rely on user-generated videos instead of producing original material, which impacts the quality and relevance of the education provided (Farrell et al., 2014; Snelson, 2018).

In recent years, research from the least-developed African countries has shown a shift toward health workers producing their video content for educational purposes (Ferla et al., 2023; Scott et al., 2022). This change signals a growing awareness of the significance of original video content in boosting patient education and involvement (Chatterjee et al., 2021; Adam SAM et al., 2019; WHO, 2024). This awareness became even more pronounced during the COVID-19 pandemic, further emphasizing the importance of digital health tools. During this period, many African nations have successfully utilized mobile devices to disseminate educational videos, illustrating the potential for enhanced health outcomes through digital innovation (Kinkade et al., 2022). However, while these tools have helped share information during the pandemic, they have also hosted rumors that led to misinformation, with traditional media being the only means capable of countering it by promoting critical thinking and limiting the spread of health-related rumors (Guo et al., 2023). Providing clear, credible information can foster more thoughtful engagement and increase user acceptance (Luo et al., 2021).

To encourage the use of digital health tools, the World Health Organization (WHO) has urged 47 countries in Africa to develop and implement digital health strategy plans (Alegana et al., 2023). While many of these nations acknowledge the benefits of such technologies and have started incorporating them into their health systems, a notable number (n = 14) still do not have comprehensive plans (Alegana et al., 2023). This initiative reflects a growing recognition across the continent of the value of digital technologies for various applications and emphasizes the need for their effective integration into health care. As part of the 2030 Agenda for the African region, WHO’s recommendations on digital health interventions support the pursuit of Universal Health Coverage (UHC) and disease prevention, reinforcing the digital health strategy for 2020–2025 (WHO, 2023). In the context of video utilization, the WHO advocates for mHealth based on initiatives such as ‘virtual care,’ ‘remote monitoring,’ ‘digital therapeutics’ (WHO, 2021), ‘video-based training,’ ‘video recordings,’ and leveraging YouTube for health videos (WHO, 2024) to improve health outcomes.

Recent reports highlight the constraints of video-based health education in the least developed African nations (Kabukye et al., 2021; Mamuye et al., 2022; Till et al., 2023), where some, if not many, local institutions struggle to maintain their promotion. Barriers such as limited access to affordable mobile data, low smartphone usage, and insufficient digital literacy contribute to a digital divide, hindering the reach and efficacy of video interventions. The WHO indicates that, although some countries have made significant strides in adopting digital health tools, many still require ‘institutional support’ for developing and strengthening their digital health strategies (WHO, 2021). Beyond infrastructure, emphasizing the usefulness of these tools and fostering attitudes through trust and engaging content can significantly enhance adoption (Zhang et al., 2014).

This systematic review aimed to assess the use of video-based health education in the least developed African countries, focusing on studies published from 2020 to 2024 and examining the impact, obstacles, and opportunities for improvement in under-resourced settings. Since African low-resource settings are often facing systemic barriers, such as underfunded health systems and a lack of trained professionals in using digital media tools for health education, traditional health education methods frequently fall short or are unsustainable. In this context, our study highlights these countries as a strategic and relevant area for evaluating the use of video-based health education as a cost-effective and scalable solution. The goal is not only to assess its applicability and impact but also to increase awareness of its potential and promote further research into integrating it into health training programs in similar environments.



2 Methods


2.1 Search strategy and database overview

A comprehensive literature review was conducted using the ScienceDirect, PubMed, Scopus, Google Scholar, PLOS, and AJOL databases. The search was limited to studies conducted in the 33 least-developed African countries as defined by the UN, and adhered to the Preferred Reporting Items for Systematic Reviews and Meta-Analyses (PRISMA) guidelines (Page et al., 2021). The keywords and search terms included combinations of: “Health videos,” “Educational videos,” “Video-based health education,” “Digital health,” “Health education,” and “Low-resource settings.” Boolean operators (AND, OR) were utilized to refine the search results, with filters applied to select studies published between 2020 and 2024, in English, and meeting the specified inclusion criteria.

During full-text review and data extraction, it became apparent that the included studies could be meaningfully categorized based on the primary population addressed by the interventions, namely, Patients and/or citizens (e.g., general public, disease-specific populations, adolescents, pregnant women, rural communities), and Health workers (e.g., doctors, nurses, community health workers, program managers, drug distributors). The latter group highlights the importance of multi-stakeholder approaches grounded in supportive policies to guide the development and promotion of digital health content (Zhang et al., 2017). In these situations, stakeholders are typically dedicated professionals who volunteer their time without pay, reflecting the realities of low-resource environments (Yang et al., 2021). Although the division between Patients and/or Citizens and Health workers was not an initial inclusion criterion, it was identified inductively due to apparent differences in intervention design, educational content, and reported outcomes. Consequently, after screening and extraction, studies were grouped according to the target population (patients/citizens vs. health workers). Subsequent synthesis and reporting were structured along these two categories to provide a more nuanced understanding of how video-based health education approaches differ according to the intended audience.



2.2 Ligibility and exclusion criteria

The review encompassed studies focused on enhancing, evaluating, designing, advocating for, testing, or investigating the use of video as a medium for health education. The eligibility criteria centered on studies published between 2020 and 2024 that examined Video-based Health Education in low-income or least-developed African nations. Studies lacking educational video content, those conducted outside the least-developed African countries, and those published outside the designated timeframe were excluded.



2.3 Data extraction and synthesis

Data extraction was performed using a predefined data extraction form to ensure uniformity across studies. Key information extracted included study characteristics (such as country, participants, sample size, intervention method, research duration, and video delivery approach) along with a performance summary (including educational contents, objectives, outcomes, and findings). To ensure the accuracy and integrity of all extracted data, two independent reviewers (PFI and JA) initially tested the extraction form on a random sample of included studies. They refined variable definitions until achieving an agreement of over 95%. Subsequently, each reviewer independently extracted data for all studies. Discrepancies were identified through systematic cross-checking in a shared spreadsheet and then resolved through discussion. Both reviewers adjudicated any remaining disagreements. Audit trails documented all changes, and the authors recalculated records to verify consistency. The gathered data were qualitatively synthesized, highlighting the effectiveness of Video-based Health Education interventions. A narrative synthesis was employed to summarize and interpret the results, with a focus on identifying observed patterns, differences, and common themes across the studies. The findings were then organized in tables, and key outcomes were discussed in relation to the research objectives (Table 1).


TABLE 1 The path followed on the method.


	Step
	Description

 

 	Screening & Inclusion 	All studies of Video-based Health Education were included, regardless of target population.


 	Data Extraction 	During the review, information was extracted about the population focus (patients/citizens or health workers).


 	Data Synthesis 	Studies were grouped post hoc based on the intervention population; results were reported by group.




 

Following initial study selection, included studies were subsequently grouped by the population targeted by the intervention (patients/citizens vs. health workers) based on data extracted from the full texts.




3 Results


3.1 Study selection

The database search yielded 218 papers, of which 15 met our selection criteria after excluding duplicates (n = 3). We excluded 197 articles for the following reasons: (1) no use of educational video (n = 57), (2) research was not conducted in the least-developed African countries (n = 63), and (3) studies fell outside the 2020–2024-year range (n = 77). Participants’ demographics included health workers who received video training (n = 4), patients, and/or citizens (n = 11), all of whom were assessed for their responses to video-based health education (Figure 1).
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FIGURE 1
 Number of studies per identified country.




3.2 Study characteristics

Only 24 countries were identified as implementing video-based health education. These include Tanzania (n = 4), Ghana (n = 3), Malawi (n = 2), Ethiopia (n = 2), Nigeria (n = 2), Kenya (n = 1), Botswana (n = 1), Uganda (n = 1), Rwanda (n = 1), Burundi (n = 1), Niger (n = 1), the Democratic Republic of the Congo (n = 1), São Tomé and Príncipe (n = 1), Benin (n = 1), Burkina Faso (n = 1), Gambia (n = 1), Guinea (n = 1), Guinea-Bissau (n = 1), Liberia (n = 1), Mali (n = 1), Mauritania (n = 1), Senegal (n = 1), Sierra Leone (n = 1), and Togo (n = 1). In this review, Tanzania and Ghana emerged as the countries with the most studies, followed by Malawi, Ethiopia, and Nigeria, as illustrated in Figure 2.

[image: Flowchart illustrating a systematic review process. Two hundred eighteen records were identified from multiple databases; after removing duplicates, two hundred fifteen records were screened. One hundred ninety-seven were excluded for lack of educational video intervention, wrong region, or wrong date range. Eighteen studies underwent full-text eligibility assessment, with three further excluded. Fifteen studies were included in the final review. Key process stages are labeled: Identification, Screening, and Included, with color-coded bars on the left side.]

FIGURE 2
 PRISMA flow diagram used in the study description.



3.2.1 Sample size

The study’s sample size varied from 9 to 7,648 participants. Four studies reported an average age range of 22–42 (Holst et al., 2021; Masiano et al., 2021; Godana Boynito et al., 2023; Obasola, 2021); three had an average age of 18 (Martei et al., 2024; Drokow et al., 2021; Kanyeki et al., 2022), while the remaining eight did not provide age data (Ferla et al., 2023; Scott et al., 2022; Tilly et al., 2022; Cooper et al., 2021; Ampofo et al., 2020; Mengistu et al., 2021; Holst et al., 2022; Ansari et al., 2024). The search exclusively targeted the least-developed African countries between 2020 and 2024. According to the UN classification, 33 countries are categorized as least developed (UN, 2024).



3.2.2 Dissemination, method, and duration

The studies utilized various media to present videos, including TV monitors or projectors (n = 6), mobile devices (n = 7) such as tablets, mobile phones, and portable projectors, online media (n = 1) through platforms such as YouTube, Web, and WhatsApp, and other formats (n = 1), such as TV, DVD, or compact disks. These video-based health education initiatives occurred in health facilities, schools, and occasionally in residential settings through door-to-door visits. The duration of the education programs varied from 30 to 40 min up to 36 months.

Three of the 15 studies reviewed employed true randomized control designs, assessing both control and intervention groups (Kanyeki et al., 2022; Holst et al., 2022; Ansari et al., 2024). The other 12 were single-group studies, often conducted in focus groups or with individuals, and utilized pre- and post-intervention assessments (Ferla et al., 2023; Scott et al., 2022; Holst et al., 2021; Masiano et al., 2021; Godana Boynito et al., 2023; Obasola, 2021; Martei et al., 2024; Drokow et al., 2021; Tilly et al., 2022; Cooper et al., 2021; Ampofo et al., 2020; Mengistu et al., 2021) (Table 2).


TABLE 2 Study characteristics.


	Author/Year
	Study participants
	Sample size
	Intervention method
	Research duration
	Video delivery

 

 	
Tilly et al. (2022)
 	Patients and/or Citizens 	100 	Pre and post 	6 months 	TV monitor or projector


 	
Masiano et al. (2021)
 	132 	Pre and post 	1 month 	TV monitor or projector


 	
Cooper et al. (2021)
 	760 	Pre and post 	2–5 days 	TV monitor or projector


 	
Ampofo et al. (2020)
 	50 	Pre and post 	1 session 	TV monitor or projector


 	
Kanyeki et al. (2022)
 	38 	Cg. and Ig. 	8 months 	Tablet and compact disc


 	
Holst et al. (2021)
 	12 	Pre and post 	24 months 	Mobile phone


 	
Holst et al. (2022)
 	302 	Cg. and Ig. 	12 months 	Tablet


 	
Ansari et al. (2024)
 	7,684 	Cg. and Ig. 	36 months 	Android handsets


 	
Martei et al. (2024)
 	106 	Pre and post 	8 months 	Tablet


 	
Drokow et al. (2021)
 	645 	Pre and post 	12 months 	TV monitor or projector


 	
Godana Boynito et al. (2023)
 	Focus group of 10–12 	Pre and post 	12 months 	Mobile projector


 	
Mengistu et al. (2021)
 	Health workers 	106 	Pre and post 	27 months 	TV monitor or projector


 	
Scott et al. (2022)
 	52 	Pre and post 	1 month 	WhatsApp, YouTube Web and PCs


 	
Ferla et al. (2023)
 	113 	Pre and post 	10 months 	Mobile devices


 	
Obasola (2021)
 	9 	Pre and post 	30–40 min. Per session 	TV/DVD





Cg, Control group; Ig, Intervention group.
 




3.3 Performance summary


3.3.1 Educational contents and outcomes

In general, the studies focused on video education initiatives covering topics such as cancer (n = 5, 33.3%; Martei et al., 2024; Drokow et al., 2021; Tilly et al., 2022; Cooper et al., 2021; Ampofo et al., 2020), HIV (n = 3, 20%; Holst et al., 2021; Masiano et al., 2021; Holst et al., 2022), maternity care (n = 5, 33.3%; Ferla et al., 2023; Godana Boynito et al., 2023; Obasola, 2021; Mengistu et al., 2021; Ansari et al., 2024), and other areas (n = 2, 13.3%, including COVID-19 and spinal anesthesia procedures; Scott et al., 2022; Kanyeki et al., 2022). In terms of preliminary outcomes, most studies (n = 13, 86.6%) found that the use of video proved effective, and in the remaining (n = 2, 13.3%), no significant differences were noted between video usage and no video.

The studies focusing on patients and/or citizens (n = 11) covered a range of topics. Of these, five (n = 5) focused on cancer-related subjects, using videos to discuss common myths, diagnostic procedures, bodily diseases, treatments, reactions to aftereffects, and quality of life (Martei et al., 2024). They aimed to raise awareness and knowledge about the screening and risks associated with human papillomavirus infection, the treatment and experiences of breast cancer survivors, and to promote vaccination, awareness, and counseling for the Pap smear test. Three studies (n = 3) addressed HIV-related issues (Holst et al., 2021; Masiano et al., 2021; Holst et al., 2022), through videos that highlighted the importance of antiretroviral therapy and addressed significant concerns regarding HIV/AIDS, tuberculosis, Taenia Solium (neuro) cysticercosis, taeniasis, and anthrax. Finally, the last three studies (n = 3) covered maternal and child health (Godana Boynito et al., 2023; Ansari et al., 2024), as well as spinal anesthesia procedures, including a video that reviews the pre-operative anxiety state (Kanyeki et al., 2022).

Similarly, studies focusing on health workers (n = 4) featured content related to maternity care topics that included testimonials from mothers (Mengistu et al., 2021), COVID-19 education, showcasing a video that guided handwashing, mask-wearing, and maintaining social distancing (Scott et al., 2022), motherhood, neonatal, and maternal child healthcare (Obasola, 2021), and finally, counselors offering guidance on nurturing care for caregivers (Ferla et al., 2023).



3.3.2 Finding summary

Eleven of the fifteen selected studies focused on patients and/or citizens, including students and women. Nine of these studies reported increased (1) knowledge (Holst et al., 2021; Drokow et al., 2021; Tilly et al., 2022; Cooper et al., 2021), (2) awareness and information retention (Masiano et al., 2021; Godana Boynito et al., 2023; Ampofo et al., 2020), and overall, (3) the video content was found to be acceptable, usable, and recommendable (Holst et al., 2021; Martei et al., 2024). Two studies reported “no statistical difference” in outcomes with or without video use, yet indicated increased knowledge (Ansari et al., 2024) and no discernible benefits (Kanyeki et al., 2022) (Table 3). Meanwhile, the remaining four studies, which involved health workers comprising health professionals, healthcare providers, program managers, and community health workers, showed improvements and clarity in understanding health content presented in video format (Ferla et al., 2023; Scott et al., 2022; Obasola, 2021; Mengistu et al., 2021). These studies recognized the potential of video for delivering effective health content, and overall, video-based health education interventions were reported to have a positive impact on the target audience (Table 4).


TABLE 3 Performance summary (patients and/or citizens).


	Author/Year
	Educational contents
	Objectives
	Outcomes
	Findings

 

 	
Tilly et al. (2022)
 	Cancer 	Assess change in cancer knowledge and care experience. 	A low-cost tool that educates and empowers patients. 	Significant improvement in knowledge.


 	
Masiano et al. (2021)
 	HIV 	Improve maternal retention in HIV care and ART uptake. 	Acceptable, feasible, and supported decision-making tool. 	Reduced anxiety and fear, and an increase in hope.


 	
Cooper et al. (2021)
 	HPV/Cervical Cancer 	Measure the impact of the HPV/cervical cancer educational video. 	Knowledge acquisition improved. 	Significant improvement in knowledge.


 	
Ampofo et al. (2020)
 	Cervical Cancer 	Evaluate the video’s impact on awareness of screening. 	Raised awareness, understanding, and belief. 	Significant increase in awareness.


 	
Kanyeki et al. (2022)
 	Spinal anesthesia procedure 	Test video information on pre-procedure anxiety. 	No benefit from the video. 	No statistical difference


 	
Holst et al. (2021)
 	HIV/AIDS, TB, Cysticercosis, anthrax 	Demonstrate a multi/interdisciplinary design process. 	An animated video developed key health messages. 	Recommended for multidisciplinary design.


 	
Holst et al. (2022)
 	HIV/AIDS, TB, Cysticercosis, anthrax 	Assess knowledge uptake and retention in the rural community. 	Animated video significantly improved health knowledge. 	Significant improvement in knowledge.


 	
Ansari et al. (2024)
 	Maternal and Child Health 	Improve maternal and child health through “edutainment” videos. 	Knowledge and attitudes improved, but not significantly. 	No statistical change in attitudes.


 	
Martei et al. (2024)
 	Breast Cancer 	Develop and assess a survivor-narrative video for treatment support. 	Highly acceptable and usable. 	Highly acceptable and usable.


 	
Drokow et al. (2021)
 	HPV vaccination /Cervical Carcinoma 	Promote HPV vaccination and Pap tests via behavior-change videos. 	Influenced perception, self-efficacy, and understanding. 	Significant improvement in knowledge.


 	
Godana Boynito et al. (2023)
 	Maternal and Infant Community Care 	Test the acceptability and feasibility of community-based video. 	Acceptable and feasible for promoting behavior change. 	Acceptable and feasible intervention tool.





HIV, Human Immunodeficiency Virus; ART, Antiretroviral Therapy; TB, Tuberculosis; HPV, Human Papillomavirus.
 


TABLE 4 Performance summary (health workers).


	Author/Year
	Educational emphasis
	Objectives
	Outcomes
	Findings

 

 	
Mengistu et al. (2021)
 	Maternity care 	Describe the development and implementation of improving respectful maternity care. 	Testimonial-based video education is an effective way to improve care. 	Significant improvement in knowledge.


 	
Scott et al. (2022)
 	COVID-19 	Describe the development and evaluation of video job aids to support the safe delivery of SMC during COVID-19 and improve seasonal malaria chemoprevention quality. 	Users easily understand video-based health education and are reinforced by key messages by allowing for repeated viewing. 	Significant improvement in the quality of message delivery.


 	
Ferla et al. (2023)
 	Nurturing care/Early Child Development counselling 	Evaluate the effect of ECD video with mentorship and supervision to improve CHW nurturing care/ECD counselling. 	Video-based health education, enhanced supervision, mentorship, and improved CHW performance in providing counselling 	Significant improvement in education.


 	
Obasola (2021)
 	Maternal Child Health 	Explore healthcare providers’ experiences with using ICT tools (e.g., videos) for MCH and optimize their application. 	The growing demand for ICT, particularly educational videos in health services, has led to demonstrable improvements in education outcomes. 	Significantly relevant.





SMC, Seasonal malaria chemoprevention; ECD, Early Child Development; CHW, Community Health Worker; ICT, Information and Communication Technology.
 





4 Discussion

This review systematically compiles evidence on video-based health education initiatives in the 24 least-developed African countries from 2020 to 2024. Among 15 eligible studies, most (13 out of 15, 86.6%) reported positive effects on knowledge, awareness, or self-efficacy among patients, citizens, and health workers. These results support global findings that multimodal media, such as video, can enhance understanding and memory (Ferguson, 2012; Robert et al., 2023; Yang et al., 2021), particularly in settings with low literacy levels (Ferguson, 2012; Liu et al., 2025).


4.1 Effectiveness and reach

Video-based health education is an impactful method for engaging patients effectively across various healthcare intervention sectors, including diagnosis, treatment, and self-care (Ploderer et al., 2022). Research conducted in some of the least-developed African nations highlighted this potential. Ansari et al. (2024) and Masiano et al. (2021) reported that video is a valuable tool for promoting health education among pregnant women regarding maternal and childbirth health (Ansari et al., 2024), and improving maternal retention in HIV care and the uptake of antiretroviral therapy (Masiano et al., 2021), respectively. Furthermore, Tilly et al. (2022) demonstrate that video is a cost-effective tool. Their study reveals that video-based health education saves patients time and money compared to traveling by bus or other means to attend awareness sessions at health centers. Patients can watch videos from home as often as they like using smartphones or other internet-enabled devices. The rapid sharing and widespread availability of health-related videos online have established them as a leading medium for health education and promotion (Ghozali, 2023).

Understanding health conditions helps diminish the barriers between doctors and patients, transforming doubt into informed dialogue. This improved understanding leads to higher patient satisfaction, whether it comes from real-time online support delivered by a physician (Tan et al., 2023), or from a pre-recorded health education video that engages both visual and auditory senses (Anasi, 2004). Further to the above, research from Tilly et al. (2022), Cooper et al. (2021), Holst et al. (2021), and Drokow et al. (2021) demonstrated how effective videos were in increasing knowledge among their audiences, primarily focusing on cancer, human papillomavirus infection, and HIV/AIDS. This increase in knowledge encourages patients to engage with the content anytime, anywhere, thereby enhancing comprehension retention (Naderyanfar et al., 2019; Gusdorf et al., 2023) and positively influencing memory, understanding, and emotions. These cognitive and emotional attitudes are primarily driven by how the information is tailored to the audience and how effectively it is delivered (Wang et al., 2018).

Numerous systematic reviews evaluating the effects of video-based health education in the least-developed African countries have shown steady growth in its application throughout the continent (Till et al., 2023). This approach has been shown to enhance knowledge among individuals with low literacy levels markedly (Mbanda et al., 2021); it acts as an effective decision-making tool (Mwase et al., 2022) and improves patients’ comprehension of health-related information (Boynito et al., 2024). Yet, several challenges hinder the implementation of video-based health education in these regions, which local governments need to tackle. These challenges include inadequate funding, limited technological literacy, a scarcity of technological resources (Kabukye et al., 2021), a lack of a health information exchange policy (Mamuye et al., 2022), and an overreliance on text-based communication (Till et al., 2023). Nevertheless, at least four studies from the least-developed African countries indicate that health institutions actively promote health education through videos: (1) Mengistu et al. conducted a survey with multidisciplinary health professionals, finding video-based education to be a powerful method for enhancing care (Mengistu et al., 2021), (2) Scott et al., through their study of program managers and drug distributors, discovered that educational videos with health content effectively reinforce messages and are easy to understand (Scott et al., 2022), (3) Ferla et al. explored video-based health education with community health workers, who reported improved counseling performance and enhanced mentorship (Ferla et al., 2023), and finally, (4) Obasola investigated healthcare providers’ perspectives, finding that implementing information and communication technology with video usage positively impacted health education interventions and received strong recommendations for its effectiveness (Obasola, 2021).

Compatibility issues with legacy devices, such as DVD players, outdated smartphones, and analog TVs, as well as the lack of standardized educational platforms in low-resource settings, continue to limit the adoption of AR/VR tools (Mondal and Mondal, 2025). Moreover, the rapid obsolescence of such devices, coupled with high maintenance costs, contributes to financial strain. Within this context, specialized outreach programs can capitalize on the widespread availability of smartphones, observed as early as 2015, by distributing smartphone-based VR kits like Google Cardboard. This strategy enables the delivery of immersive training experiences without requiring significant infrastructure investments (Mondal and Mondal, 2025). The Pragati study conducted in rural India demonstrates this approach by using Google Cardboard-mounted phones to train community health workers in maternal and child health (Sorathia et al., 2017). Adopting 360° guided audiovisual modules that simulated an Assamese home environment (Sorathia et al., 2017), participants experienced a training method distinct from those employed by Ferla and Obasola in training health workers across various African contexts (Ferla et al., 2023; Obasola, 2021).

Beyond the Google Cardboard approach, Neuwirth and Ros proposed the use of 180° video viewed through VR head-mounted displays (HMDs) or 3D-capable computer monitors (Neuwirth and Ros, 2021). These were deemed affordable and practical solutions, particularly suitable for training healthcare professionals in Africa. Compared to educational videos delivered via mobile phones, televisions, projectors, or DVDs, this approach is more effective in fostering engagement. Unlike the least-developed countries in Africa, more developed nations, including the United States, Europe, and parts of Asia, have successfully utilized VR-embedded video as a medium for health education (Costa et al., 2024; Jia et al., 2021). In the United States, for example, this broad application has led to the establishment of online public databases containing videos on various health education topics (Media GH, 2024; Plus, 2024), as well as VR websites dedicated to health education, such as medvr.education (USA), exr.education (England), SIMx (USA), among others.



4.2 Core findings

The assessment of selected studies in this systematic review was divided into two data subsets: “study design” and “performance summary” (Tables 2–4). These datasets were crucial for illustrating the role of video in health education in the least developed African countries from 2020 to 2024. The intervention methodologies employed in these studies to reach their audience were essential for evaluating the impact of videos designed for health education. Randomized controlled trial studies (n = 3) consisted of two groups (e.g., control group with no video and intervention group with video) to compare the effects of video-based health education versus traditional methods. Single-group studies (n = 12) assessed the effectiveness of video by examining a single group through pre- and post-intervention measures.

All included studies reported positive outcomes, although two (n = 2) found no significant difference between video-based methods and conventional practices. Research involving patients and citizens (n = 9) revealed increased knowledge, awareness, and retention of information related to cancer, HIV, human papillomavirus, and maternal and child health care. Furthermore, these studies indicated that video-based health education was deemed acceptable, feasible, and usable. Various sharing tools were employed to evaluate video effectiveness, including TV monitors, projectors, mobile phones, tablets, compact disks, PCs, and digital platforms such as WhatsApp, YouTube, and websites. Additionally, four studies (n = 4) involving health workers highlighted video as an effective educational tool due to its comprehensive nature. They reported understanding health content better when presented in video format, acknowledging its potential for effective health education delivery.



4.3 Future directions

Future research should focus on longitudinal studies to determine whether observed knowledge gains result in lasting behavioral changes, such as regular cancer screenings or consistent adherence to ART. Comparative studies assessing the cost-effectiveness of video versus traditional methods, as well as the level of engagement generated by live-action versus animated videos, are also recommended. Technological innovations, such as AI-driven adaptive videos and gamified features, could further enhance engagement and effectiveness. Equity-oriented research questions remain urgent, including how female participants respond and how to deliver health video education to nomadic and conflict-affected populations.

Ultimately, this review serves as a crucial reminder for the least-developed African nations about the efficacy of digital solutions in overcoming educational obstacles and enhancing health education strategies. Importantly, although limitations and challenges, this review concludes that significant attention is being given to the delivery of Video-based Health Education in most target countries (n = 24, 72.7%).




5 Conclusion

Video-based Health Education has demonstrated substantial potential in enhancing health literacy, knowledge retention, and patient engagement across various health issues in the least-developed African nations. This systematic review highlights the successful use of videos for educational health content, particularly in areas such as cancer, HIV, COVID-19, Human papillomavirus infection, spinal anesthesia procedures, and maternal health. The findings reveal that Video-based Health Education can help bridge gaps left by traditional healthcare delivery, offering a more accessible and engaging resource for patients, health workers, and the general public to enhance their understanding of health matters.

However, several challenges still need to be addressed, such as limited access to digital infrastructure, low levels of technological literacy, and inconsistent internet connectivity. These issues create a digital divide that hinders the broad adoption of video education approaches. Furthermore, the absence of institutional backing and inadequate incorporation of digital health strategies in many African nations restricts the full realization of its benefits. To address these challenges, further research is needed to assess the scalability, sustainability, and long-term effects of the Video-based Health Education initiative. For instance, comparing offline and online delivery methods in both rural and urban areas can help assess the health outcomes, such as knowledge acquisition and behavior change, alongside operational metrics like cost per user, training duration, and technology uptime. Incorporating formal cost-effectiveness and cost–benefit analysis into these studies will provide police makers with essential ROI (Return on investment) data to justify infrastructure investment. Longitudinal cohort studies that combine quantitative surveys and detailed qualitative interviews can also shed light on how digital literacy efforts for patients and healthcare workers influence engagement with video-based health education, as well as identify relevant facilitators or barriers in different contexts.

In conclusion, when carefully adapted and implemented, Video-based Health Education can substantially bridge knowledge and healthcare service gaps in marginalized African populations, empower patients, and provide scalable solutions for the development of health workers. Nevertheless, its effectiveness remains context-dependent, and continued evaluation is needed to maximize its transformative potential while addressing persistent challenges in resource-constrained settings.
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There was a mistake in the published captions of Figures 1 and 2. The caption of Figure 1 belongs to Figure 2 and the caption of Figure 2 belongs to Figure 1.

They were previously published as:

Figure 1. PRISMA flow diagram used in the study description.

Figure 2. Number of studies per identified country.

The corrected captions of Figures 1 and 2 appear below.

Figure 1. Number of studies per identified country.

Figure 2. PRISMA flow diagram used in the study description.

The original version of this article has been updated.


Publisher's note

All claims expressed in this article are solely those of the authors and do not necessarily represent those of their affiliated organizations, or those of the publisher, the editors and the reviewers. Any product that may be evaluated in this article, or claim that may be made by its manufacturer, is not guaranteed or endorsed by the publisher.

Copyright
 © 2025 Impito and Azevedo. This is an open-access article distributed under the terms of the Creative Commons Attribution License (CC BY). The use, distribution or reproduction in other forums is permitted, provided the original author(s) and the copyright owner(s) are credited and that the original publication in this journal is cited, in accordance with accepted academic practice. No use, distribution or reproduction is permitted which does not comply with these terms.









 


	
	
ORIGINAL RESEARCH
published: 22 September 2025
doi: 10.3389/fpubh.2025.1673045








[image: image2]

Comparative performance of large language models for patient-initiated ophthalmology consultations

Mingxue Huang1†, Xiaoyan Wang1†, Shiqi Zhou2, Xinyu Cui2, Zilin Zhang2, Yanwu Xu2, Weihua Yang3* and Wei Chi3*


1School of Nursing, Southwest Medical University, Luzhou, China

2School of Future Technology, South China University of Technology, Guangzhou, China

3Shenzhen Eye Hospital, Shenzhen Eye Medical Center, Southern Medical University, Shenzhen, China

Edited by
 Xiaofei Zhang, Nankai University, China

Reviewed by
 Peng Gao, Tongji University, China
 Meng Wang, Agency for Science, Technology and Research (A*STAR), Singapore
 

*Correspondence
 Weihua Yang, benben0606@139.com 
 Wei Chi, chiwei@mail.sysu.edu.cn

†These authors have contributed equally to this work

Received 25 July 2025
 Accepted 08 September 2025
 Published 22 September 2025

Citation
 Huang M, Wang X, Zhou S, Cui X, Zhang Z, Xu Y, Yang W and Chi W (2025) Comparative performance of large language models for patient-initiated ophthalmology consultations. Front. Public Health 13:1673045. doi: 10.3389/fpubh.2025.1673045
 




Background: Large language models (LLMs) are increasingly accessed by lay users for medical advice. This study aims to conduct a comprehensive evaluation of the responses generated by five large language models.
Methods: We identified 31 ophthalmology-related questions most frequently raised by patients during routine consultations and subsequently elicited responses from five large language models: ChatGPT-4o, DeepSeek-V3, Doubao, Wenxin Yiyan 4.0 Turbo, and Qwen. A five-point likert scale was employed to assess each model across five domains: accuracy, logical consistency, coherence, safety, and content accessibility. Additionally, textual characteristics, including character, word, and sentence counts, were quantitatively analyzed.
Results: ChatGPT-4o and DeepSeek-V3 achieved the highest overall performance, with statistically superior accuracy and logical consistency (p < 0.05). Existing safety evaluations indicate that both Doubao and Wenxin Yiyan 4.0 Turbo exhibit significant security deficiencies. Conversely, Qwen generated significantly longer outputs, as evidenced by greater character, word, and sentence counts.
Conclusion: ChatGPT-4o and DeepSeek-V3 demonstrated the highest overall performance and are best suited for laypersons seeking ophthalmic information. Doubao and Qwen, with their richer clinical terminology, better serve users with medical training, whereas Wenxin Yiyan 4.0 Turbo most effectively supports patients’ pre-procedural understanding of diagnostic procedures. Prospective randomized controlled trials are required to determine whether integrating the top-performing model into pre-consultation triage improves patient comprehension.

Keywords
 large language model; healthcare; consultation; ophthalmology; patient education


1 Introduction

Advances in deep learning have enabled large language models (LLMs) to achieve substantial breakthroughs in natural language processing, demonstrating broad utility across text generation, semantic comprehension, translation, and inferential reasoning (1, 2). Recently, generative artificial intelligence has exhibited considerable promise within the healthcare sector, particularly in standardized examination simulation and clinical documentation, thereby invigorating contemporary medical practice (3–5). Advanced LLMs, exemplified by ChatGPT and DeepSeek, are now systematically deployed across diverse medical specialties and have demonstrated early efficacy in disease recognition, diagnostic support, and evidence-based clinical decision-making (6–8). LLMs have demonstrated high diagnostic accuracy and decision-making efficacy in subspecialties such as neuro-ophthalmology, glaucoma, and thyroid eye disease, underscoring their substantial application potential (9–11). Furthermore, large language models such as Qwen, Doubao, and Wenxin Yiyan exhibit substantial translational promise across clinical and research workflows (12, 13). These systems enhance healthcare service efficiency, mitigate clinician workload, and foster patient health literacy and equitable access to care (14).

Nevertheless, the deployment of LLMs in clinical settings faces several challenges, among which ‘model hallucination’ is particularly pronounced (15, 16). Such models may produce outputs that are structurally coherent yet factually erroneous, a limitation arising from outdated training corpora and restricted access to contemporary medical guidelines, ultimately compromising the comprehensiveness and authority of their knowledge bases (17, 18). Although initiatives such as DeepSeek seek to mitigate the black-box problem through enhanced transparency and interpretability, the medical community retains circumspection regarding their reliability (19, 20). The growing utilization of LLMs for unsupervised health self-diagnosis may expose lay users to inaccurate or unsafe information, thereby amplifying potential harms (21, 22). Besides, ophthalmology necessitates exceptionally high diagnostic precision, as even marginal deviations can adversely affect patient prognosis (23). Therefore, comprehensive performance evaluations within ophthalmological contexts are urgently required prior to their widespread clinical adoption (24). Existing studies focus primarily on different versions of ChatGPT, leaving a scarcity of comparative analyses across models (25).

This study systematically evaluates five LLMs (ChatGPT-4o, DeepSeek-V3, Qwen, Doubao, and Wenxin Yiyan 4.0 Turbo) and focuses on their responses to ophthalmology-related questions from patients. Model outputs will be comprehensively assessed across five domains: accuracy, logical consistency, coherence, safety, and content accessibility. Additionally, quantitative text metrics (character, word, and sentence counts) will be extracted from Chinese-language outputs to elucidate their practical utility for patient education and clinical decision support.



2 Method


2.1 Ethical statement

This cross-sectional evaluation compared responses generated by five LLMs to 31 frequently encountered consultation questions in ophthalmology. The questions were derived from routine clinical inquiries collected by healthcare providers during patient encounters. Crucially, the study involved no patient-level data or personally identifiable information, thereby fully preserving individual anonymity and privacy.



2.2 Model selection

We purposefully selected five state-of-the-art LLMs: ChatGPT-4o, DeepSeek-V3, Qwen, Doubao, and Wenxin Yiyan 4.0 Turbo. Selection criteria encompassed recent benchmark performance, public accessibility, the developers’ institutional credibility, and demonstrated suitability for medical question-answering.


2.2.1 ChatGPT-4o

ChatGPT-4o1 is OpenAI’s newest transformer-based large-scale language model. It leverages deep-learning techniques to deliver advanced generative and comprehension capabilities, and its multimodal architecture ensures robust performance across heterogeneous input modalities, encompassing text and images.



2.2.2 DeepSeek-V3

DeepSeek-V32 is engineered for high-performance information retrieval and open-domain question answering, integrating deep-learning and reinforcement-learning techniques to optimize retrieval efficiency and accuracy.



2.2.3 Qwen

Qwen3 is a conversational LLM optimized for interactive question-answering, emphasizing user engagement and real-time feedback.



2.2.4 Doubao

Doubao4 is specifically optimised for Chinese-language tasks, employing multi-layer attention mechanisms to capture nuanced semantics and cultural contexts.



2.2.5 Wenxin Yiyan 4.0 Turbo

Wenxin Yiyan 4.0 Turbo5 is tailored for Chinese natural-language processing, exhibiting strong generative and semantic-understanding capabilities.




2.3 Study design

We conducted a cross-sectional benchmarking study evaluating how the five selected LLMs respond to 31 frequently asked consultation questions covering retinal diseases, macular degeneration, glaucoma, dry eye and associated procedures. Questions were classified as definitional, causal, comparative, or procedural and reflect typical patient queries.

On 6 March 2025, two investigators jointly recorded the answer generated by each model in a single submission. Each question was submitted separately through the online platforms corresponding to the five models. No system prompts were provided, and responses were generated de novo from the query. Following response generation, the chat histories were manually reset to prevent carryover of context.

All outputs were independently verified by two researchers and transcribed into a Microsoft Excel spreadsheet. Character, word, and sentence counts were automatically derived using the online text analytics tool Xiezuocat.6

Two board-certified vitreoretinal attending physicians with equivalent seniority (each with ≥5 years of subspecialty experience) independently rated each response across five domains: accuracy, logical consistency, coherence, safety, and content accessibility, using a five-point Likert scale (1 = poor, 5 = excellent). Detailed scoring criteria and the full question list are provided in the Supplementary material. All interactions were conducted within a controlled online environment following standardized operating procedures to maximize reproducibility.



2.4 Data analysis

All analyses were conducted in SPSS software (version 27.0). Inter-rater consistency of total scores was assessed with the intraclass correlation coefficient (ICC). Normality was evaluated using the Shapiro–Wilk test. Normally distributed continuous variables were expressed as mean ± SD; non-normally distributed variables as median (IQR). Homogeneity of variances was evaluated using Levene’s test. Parametric comparisons among the five models employed one-way analysis of variance (ANOVA); non-parametric analyses utilized the Kruskal–Wallis H test. Where significant differences were detected, Bonferroni-corrected post-hoc pairwise comparisons were performed. p < 0.05 was deemed statistically significant.




3 Results


3.1 Comparative performance of five LLMs

The ICC between the two raters was 0.87. Table 1 summarizes the median scores of the five LLMs across five domains: accuracy, logical consistency, coherence, safety, and content accessibility. Accuracy: ChatGPT-4o and DeepSeek-V3 attained the maximum median score of 5.0, significantly surpassing the remaining models (H = 50.90, p < 0.05). Logical consistency: Likewise, ChatGPT-4o and DeepSeek-V3 achieved a median of 5.0, significantly exceeding the others (H = 29.82, p < 0.05). Coherence: Scores differed modestly; nevertheless, ChatGPT-4o and DeepSeek-V3 exhibited marginally higher stability (H = 11.69, P<0.05). Safety: ChatGPT-4o scored highest (4.0), whereas Doubao and Wenxin Yiyan 4.0 Turbo recorded the lowest (3.0), with significant between-group differences (H = 52.30, p < 0.05). Content accessibility: ChatGPT, DeepSeek-V3 and Wenxin Yiyan 4.0 Turbo performed best (4.0), while Qwen and Doubao scored lower (3.0); these differences were statistically significant (H = 12.54, p < 0.05). Detailed differences are provided in Table 2 and Figure 1.


TABLE 1 Performance scores of five large language models across accuracy, logic, coherence, safety, and content accessibility.


	Metric
	Chat GPT-4o
	DeepSeek-V3
	Qwen
	Doubao
	Wenxin Yiyan 4.0 turbo
	H-value
	p-value

 

 	Accuracy 	5.0 (4.0,5.0) 	5.0 (4.0,5.0) 	4.0 (4.0,5.0) 	4.0 (3.0,4.0) 	4.0 (4.0,4.0) 	50.90 	<0.05


 	Logic 	5.0 (4.0,5.0) 	5.0 (5.0,5.0) 	4.0 (4.0,5.0) 	4.0 (4.0,4.0) 	4.0 (4.0,5.0) 	29.82 	<0.05


 	Coherence 	4.0 (4.0,5.0) 	4.0 (3.0,4.0) 	4.0 (4.0,5.0) 	4.0 (4.0,4.0) 	4.0 (4.0,4.0) 	11.69 	<0.05


 	Safety 	4.0 (4.0,4.0) 	3.0 (3.0,4.0) 	4.0 (3.0,4.0) 	3.0 (2.0,3.0) 	3.0 (3.0,4.0) 	52.30 	<0.05


 	Content accessibility 	4.0 (3.0,5.0) 	4.0 (3.0,5.0) 	3.0 (3.0,4.0) 	3.0 (2.0,4.0) 	4.0 (3.0,5.0) 	12.54 	<0.05




 


TABLE 2 Pairwise comparisons between models.


	Comparison
	Accuracy
	Logic
	Coherence
	Safety
	Content accessibility
	Characters
	Words
	Sentences

 

 	ChatGPT-4o vs. DeepSeek-V3 	1.000 	1.000 	0.010* 	0.002* 	1.000 	0.091 	0.037* 	1.000


 	ChatGPT-4.o vs. Qwen 	0.063 	1.000 	1.000 	1.000 	1.000 	0.002* 	0.006* 	0.312


 	ChatGPT-4o vs. Doubao 	0.000* 	0.000* 	0.866 	0.000* 	0.072 	1.000 	1.000 	0.000*


 	ChatGPT-4o vs. Wenxin Yiyan 4.0 turbo 	0.000* 	0.431 	0.927 	0.002* 	1.000 	1.000 	1.000 	1.000


 	DeepSeek-V3 vs. Qwen 	0.032* 	0.234 	0.195 	0.057 	0.848 	0.000* 	0.000* 	0.077


 	DeepSeek-V3 vs. Doubao 	0.000* 	0.000* 	1.000 	0.065 	0.021* 	0.083 	0.017* 	0.002*


 	DeepSeek-V3 vs. Wenxin Yiyan 4.0 turbo 	0.000* 	0.078 	1.000 	1.000 	1.000 	0.001* 	0.000* 	1.000


 	Qwen vs. Doubao 	0.060 	0.077 	1.000 	0.000* 	1.000 	0.003* 	0.014* 	0.000*


 	Qwen vs. Wenxin Yiyan 4.0 turbo 	1.000 	1.000 	1.000 	0.052 	1.000 	0.180 	0.369 	0.058


 	Doubao vs. Wenxin Yiyan 4.0 turbo 	1.000 	0.231 	1.000 	0.071 	0.121 	1.000 	1.000 	0.004*





* denotes statistical significance at the 0.05 level.
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FIGURE 1
 Pairwise comparisons between models. (a) Accuracy comparison; (b) Logic scores; (c) Coherence scores; (d) Safety scores; (e) Content accessibility scores.




3.2 Output length characteristics

Table 3 and Figure 2 present descriptive statistics for character, word, and sentence counts. Qwen produced the longest responses (1,380.58), significantly exceeding ChatGPT-4o (826.48) and DeepSeek-V3 (636.90) (p < 0.05). Wenxin Yiyan 4.0 Turbo generated 916.45 words, approximating ChatGPT-4o. Similarly, Qwen yielded the highest token count (639.16), substantially surpassing DeepSeek-V3 (314.45) and ChatGPT-4o (417.55) (p < 0.05). Doubao and Wenxin Yiyan 4.0 Turbo produced fewer tokens (428.03 and 465.00, respectively). Qwen also generated the greatest number of sentences (53.06), significantly exceeding DeepSeek-V3 (33.16) and ChatGPT-4o (36.00) (p < 0.05). Conversely, Doubao and Wenxin Yiyan 4.0 Turbo produced the fewest sentences (20.97 and 32.90, respectively). Collectively, Qwen generated significantly more characters, words, and sentences than all other models (p < 0.05). Comprehensive pairwise comparisons are presented in Table 3 and Figure 2.


TABLE 3 Response lengths of five large language models to 31 ophthalmology related queries.


	Metric
	Chat GPT-4o
	DeepSeek-V3
	Qwen
	Doubao
	Wenxin Yiyan 4.0 turbo
	H-value
	p-value

 

 	Characters 	826.48 ± 240.62 	636.90 ± 213.66 	1380.58 ± 584.93 	833.29 ± 285.08 	916.45 ± 237.45 	41.94 	<0.05


 	Words 	417.55 ± 115.32 	314.45 ± 96.95 	639.16 ± 247.72 	428.03 ± 140.17 	465.00 ± 114.65 	42.29 	<0.05


 	Sentences 	36.00 ± 13.63 	33.16 ± 12.689 	53.06 ± 25.77 	20.97 ± 7.71 	32.90± 11.80 	41.52 	<0.05




 

[image: Bar chart graphic comparing five language models—ChatGPT-4o, Deepseek-V3, Qwen, Doubao, and Wenxinyiyan 4.0 turbo—across three metrics: number of characters, number of words, and number of sentences, with statistical significance P-values shown above relevant comparisons.]

FIGURE 2
 Response lengths of five large language models to 31 common consultation questions in ophthalmic practices. (a) Character count; (b) Word count; (c) Sentence count.





4 Discussion

As LLMs are increasingly adopted in ophthalmology, where diagnostic precision is paramount, their accuracy, safety, and clarity directly affect clinical decision support and patient education (26). Patients now commonly seek online health information and may obtain LLM-based advice without clinician oversight; therefore, these systems must meet rigorous quality standards before healthcare implementation.

Our findings demonstrate statistically significant inter-model heterogeneity, with ChatGPT-4o and DeepSeek-V3 achieving superior overall performance. Consistent with earlier reports (23, 27), ChatGPT-4o exhibits near-expert proficiency in ophthalmological question-answering, while DeepSeek-V3 matches ChatGPT-4o in accuracy; both significantly outperform the remaining three models. This superiority may be attributable to: (1) the increased complexity of open-ended questions relative to prior multiple-choice formats; (2) delayed updates in competing models; and (3) advanced algorithmic architectures and curated training corpora employed by ChatGPT-4o and DeepSeek-V3.

Coherence scores were comparable across models, yet ChatGPT-4o and Qwen exhibited marginally superior stability (28), suggesting that architectural heterogeneity influences medical reasoning construction. We additionally assessed the inclusion of disclaimers intended to mitigate medical and legal risk. ChatGPT-4o and Qwen frequently appended disclaimers (e.g., “seek prompt medical attention” or “consult a qualified clinician”), indicating stronger safety-control mechanisms than their counterparts.

When addressing different query types, all models provided comprehensive descriptions of disease-related content, particularly for definitional questions. For diagnostic tasks, DeepSeek-V3 and Wenxin Yiyan 4.0 Turbo supplied extensive clinical context and complication analyses, whereas ChatGPT-4o remained concise yet superficial (14). Previous studies have not reported that Doubao and Qwen display broader stylistic variation than other models (29), whereas ChatGPT-4o, although clear and concise, shows limited stylistic flexibility.

Upon addressing the query “How does diabetes induce retinal damage?,” ChatGPT-4o first defined diabetic retinopathy and summarized its pathophysiology, then listed preventive measures (glycemic control, annual retinal screening, optimization of lipids and blood pressure, smoking cessation, limited alcohol intake, and supplementation with lutein, vitamins C and E, and ω-3 fatty acids). DeepSeek-V3 more deeply into the underlying molecular mechanisms while simultaneously elaborating on disease progression and clinical manifestations. Qwen and Doubao concentrate on a hierarchical analysis of pathological mechanisms, whereas clinical management recommendations are comparatively sparse. Wenxin Yiyan 4.0 Turbo first described the disease, then detailed relevant examinations such as optical coherence tomography. The examples of this study indicate that ChatGPT-4o and DeepSeek-V3 are better suited for the general public seeking disease information, whereas Qwen, Wenxin Yiyan 4.0 Turbo, and Doubao employ more complex medical terminology that benefits clinical trainees but may hinder comprehension among non-specialists. Such complexity may impede information acquisition, emotional support, and interpersonal rapport among patients (30, 31).

Converging evidence from our multi-dimensional assessment described above suggests that the observed balance of accuracy, conciseness, and safety renders these models operationally viable for eye-care pathways.

Previous studies have demonstrated that ChatGPT demonstrates diagnostic accuracy comparable to, or even exceeding, that achieved by ophthalmology residents in distinguishing primary from secondary glaucoma (10). This study further demonstrated that ChatGPT-4o rapidly identified patients requiring immediate referral versus routine follow-up, consistent with earlier studies (32). Within hierarchical diagnostic and treatment settings, chatbots demonstrate a superior capacity to identify acute and severe conditions (33), substantially enhancing patient satisfaction and the overall care experience (34). In circumstances where a patient cannot attend a hospital or clinic in person, or requires expeditious triage to ascertain the urgency of professional medical attention, LLMs can be leveraged to provide case-specific recommendations (34).

The application of LLMs in ophthalmology is rapidly expanding across medical education, clinical support, research, and patient education (35). However, persistent challenges (inconsistent performance, algorithmic bias, hallucinations, data-privacy risks, and ethical dilemmas) remain (36). Patients with ophthalmic concerns should continue to consult certified eye-care professionals, ensuring adequate human oversight in clinical decision-making (26, 37). Future initiatives must prioritize iterative model refinement and interdisciplinary ethical governance to ensure responsible clinical deployment (24, 25). Empirical evidence confirms that well-crafted prompts enhance both output accuracy and contextual relevance (38–40), although prompt variation exerts limited influence on accuracy, it substantially modifies textual readability (41, 42). Consequently, readability remains pivotal for effective patient communication even when accuracy gains are marginal.

LLMs trained with domain-specific ophthalmological expertise outperform those trained on general corpora (43). Future validation pipelines for ophthalmology-focused LLMs should span multi-center, multi-tier institutions and establish an iterative cycle of fine-tuning, validation, and governance. Interdisciplinary experts in ophthalmology, law, and ethics will craft an adaptive governance framework, while curated multi-center datasets drive continuous model refinement. The integration of this model into medical education platforms can be used to generate immersive virtual patient cases that significantly bridge the gap between theory and clinical practice (44), while alleviating the healthcare burden in resource-limited regions (45, 46). We therefore recommend that the platform adopt a two-pronged strategy: first, encourage physicians to participate as cohesive teams to leverage peer-learning and collaborative mechanisms for enhancing overall service quality; second, embed robust privacy-preserving safeguards within personalized services so that patients can fully benefit from precision medicine without concerns about data security.

Our study has several limitations. First, each query was presented only once without priming or real-world outcome validation, potentially underestimating model capabilities. Second, analyses were restricted to Chinese-language responses, limiting generalizability. Third, we focused on the most common ophthalmic conditions, which may not fully capture the breadth of LLM functions. Future work should incorporate diverse, real-time datasets and develop validated tools for assessing linguistic complexity in Chinese LLMs to improve reliability, and should expand evaluation to additional models to clarify domain-specific strengths and limitations.



5 Conclusion

This study systematically evaluated five mainstream LLMs on ophthalmology question-answering tasks, revealing inter-model differences in accuracy, logical consistency, coherence, safety, and content accessibility. ChatGPT-4o and DeepSeek-V3 consistently outperformed the others, particularly in accuracy and logical consistency. Qwen produced the longest and most lexically rich outputs. Qwen, Wenxin Yiyan 4.0 Turbo, and Doubao employed complex medical terminology that may hinder comprehension among non-specialists. Continued technological advances and mitigation of current limitations will substantially enhance the clinical utility of LLMs.
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Footnotes

1   https://openai.com/index/hello-gpt-4o/

2   https://chat.deepseek.com/

3   https://qwen.org/chat

4   https://www.doubao.com/chat/

5   https://yiyan.baidu.com/

6   https://xiezuocat.com/
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Background: Pulmonary nodules (PNs) are often overlooked, potentially leading to health risks. Social media platforms are increasingly used for health information dissemination. This study evaluates the quality and engagement of PN-related videos on YouTube, Bilibili, and TikTok.
Methods: On March 1, 2025, we searched each platform using “pulmonary nodule” or its Chinese equivalent. After screening, 271 videos were analyzed. Video characteristics were documented, and quality was assessed using PEMAT, VIQI, GQS, and mDISCERN tools. Inter-rater reliability was high (κ = 0.81).
Results: The final sample included 98 (YouTube), 74 (Bilibili), and 99 (TikTok) videos. TikTok videos were the shortest (median 114 s) yet had the highest engagement. Nonprofit organizations dominated YouTube uploads; physicians were most common on Bilibili and TikTok. Treatment was the most covered topic. YouTube scored highest in comprehensibility and actionability (PEMAT-T/A), while Bilibili and TikTok scored higher in production quality (VIQI, GQS). Video quality did not differ significantly between professional and non-professional uploaders. Most quality metrics showed weak correlation with audience engagement.
Conclusion: Long-form platforms (YouTube and Bilibili) offer higher-quality PN information but lower engagement, whereas short-form platforms (TikTok) show high interaction but lower informational depth. Social media can play a supportive role in public PN education. We provide recommendations for creators, platforms, and viewers to improve the quality and reliability of medical content.
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1 Introduction

A pulmonary nodule (PN) is a localized, rounded, high-density shadow observed on chest imaging (e.g., computed tomography [CT] or X-ray), typically measuring less than 3 cm in diameter with well-defined or hazy borders (1). Based on density, PNs are classified into three categories: solid nodules, part-solid nodules, and pure ground-glass nodules (2). The majority of benign solid nodules are associated with tuberculosis (TB) or inflammatory conditions (3). Malignant solid nodules can be precursors to lung cancer. Malignancy should be suspected in solid nodules exhibiting features such as spiculation, lobulation, or irregular margins (4). Part-solid nodules, also termed mixed ground-glass nodules, contain both solid and ground-glass components and exhibit heterogeneous density on CT (2). These nodules have a relatively high malignancy probability, particularly when the solid component increases, which often indicates progression (1). This often signifies early-stage lung cancer, necessitating prompt management and close monitoring (5). After follow-up, most part-solid nodules may resolve spontaneously or remain stable. However, persistent or growing nodules with increasing density carry a high malignancy risk (6).

Clinically, identifying individuals with lung nodules is challenging due to the frequent absence of overt symptoms. The detection rate of asymptomatic lung nodules has increased dramatically in China, largely due to the widespread adoption of low-dose CT screening, which offers substantial potential for the early diagnosis of lung cancer (7). Early and accurate diagnosis of lung nodule type is crucial for improving patient prognosis and reducing lung cancer mortality, as lung cancer remains a leading cause of cancer-related death worldwide (8). Consequently, improving public understanding of the various types of lung nodules and the distinctions between benign and malignant forms is critical.

Social media platforms have become increasingly popular for sharing and exchanging knowledge. YouTube is the dominant video platform in international markets (9), whereas TikTok and Bilibili are the most popular in China (10, 11). Video-based learning about current events and knowledge has gained popularity, and videos play a significant role in health communication and intervention. However, video quality varies considerably due to diverse content sources and differing levels of platform content regulation. A recent report indicated that the top 100 COVID-19 videos on TikTok garnered over 1.19 billion views, yet the most frequently discussed topics were not the most relevant to public health information (12). This suggests that videos under pertinent keywords may disseminate undesirable emotions and often lack scientific or expert medical knowledge. Moreover, the motives behind physicians’ sharing of health information, which can range from altruism to financial incentives, significantly impact the quality and reliability of content (13). Understanding these dynamics is crucial for framing effective platform policies and incentive structures. This study aims to assess and analyze PN-related videos on YouTube, Bilibili, and TikTok with the goals of raising public awareness and providing actionable recommendations to platforms for enhancing the reliability of medical content.

Clinically, it is challenging to identify people with lung nodules because they typically do not exhibit any overt symptoms. The detection rate of asymptomatic lung nodules has dramatically grown in recent years due to China’s extensive use of low-dose CT screening, which offers a substantial potential for the early diagnosis of lung cancer (7). Early and accurate diagnosis of the kind of lung nodules is crucial for improving patient prognosis and lowering lung cancer mortality, as lung cancer is one of the world’s leading causes of cancer-related fatalities (8). As a result, it is critical that the general public understands the many kinds of lung nodules and the differences between benign and malignant ones.



2 Method


2.1 Search strategy

Before collecting video feature information, we searched for “pulmonary nodule,” “lung nodule,” “solitary pulmonary nodule,” “ground glass nodule,” and “coin lesion” on three platforms and found that all search results were similar to those obtained using only “pulmonary nodule.” Furthermore, using “pulmonary nodule” yielded the highest number of search results. On March 1, 2025, we searched on YouTube using the English keyword “Pulmonary Nodule,” and on Bilibili and TikTok using the term “肺结节” (“Pulmonary Nodule” in Chinese).

To minimize the bias of the platforms’ algorithmic recommendations, we created new accounts and deleted browser caches and search histories. The included videos were required to be posted by February 15, 2025. The top 100 videos for each platform were retrieved without the use of filtering criteria, and the results are shown in “default order” across all platforms. Due to the regional applicability of the three video platforms, we found that almost all non-English/Chinese videos were reposted (not original) from existing publishers. Videos featuring commercials, videos in languages other than English and Chinese, videos regarding infants and young children, duplicates, and unnecessary videos were all disqualified (Supplementary file 1). One individual gathered and downloaded all of the videos; two investigators classified the categories of videos and the uploaders. If discrepancies arose, the authors collectively reviewed the different videos to determine whether to retain them or not.



2.2 Video content

A number of video attributes, including length, duration, views, thumbs up, comments, collections, shares, coin-operated, upload time, upload source, author, and video attributes, were methodically recorded by two investigators on the same day (Supplementary file 1). However, for (1) TikTok views and (2) YouTube collections and shares, the following data were not accessible. The uploader’s ID, number of followers, authentication status, and kind are among the many details gathered. Using preset criteria, professionals and credentials were located (Supplementary file 1). Videos in rough form, translations, or direct copies are not considered original. The many forms of video filming include solo narration, Q&A, PPT or class, animation/action, and medical scenarios.



2.3 Video review and classification

Two researchers looked over the listed videos independently between March 3 and 5, 2025, removing a large number of videos that were identical or unrelated (Supplementary file 1). The topics covered in the videos were etiology/prevention, anatomy, pathology, epidemiology, symptoms, exams, diagnosis, and prognosis. The number of subjects each video addressed was counted since several movies were relevant to the broad spectrum of issues. Videos that did not cover these topics were judged superfluous and were taken off.



2.4 Video quality assessment

Video characteristics were systematically recorded. Two independent reviewers classified uploader type and video content. Between March 6 and 9, 2025, two respiratory disease specialists performed a double-blind evaluation of video quality using four validated tools: PEMAT, VIQI, GQS, and mDISCERN. The inter-rater reliability was excellent (Cohen’s κ = 0.81). Disagreements were resolved through discussion or by a third senior expert. All three respiratory disease specialists have over 10 years of clinical experience and extensive involvement in health education (e.g., publishing articles, recording educational videos, and providing educational services in schools and communities).

The research team used Cohen’s kappa coefficient (κ) for reliability analysis to measure the degree of inter-assessor agreement. Its determination criterion was based on international norms: κ > 0.8 indicates excellent agreement, 0.6–0.8 indicates good agreement, 0.4–0.6 indicates moderate agreement, and ≤0.4 indicates insufficient agreement (14).

The Modified DISCERN Scale (mDISCERN) was used to evaluate the information’s credibility (15), the Global Quality Scoring System (GQS) concentrates on the overall production standards (16), the Video Information Quality Index (VIQI) examines the content’s quality from a multidimensional perspective (16), and the Patient Education Materials Assessment Tool (PEMAT) focuses on the comprehensibility and actionability of health education materials (17) (Supplementary file 2). It is important to note that these evaluation instruments have demonstrated their reliability in a number of worldwide studies and have a wide range of uses, particularly in the area of social media health information assessment (15–18).



2.5 Statistical analysis

The normality of continuous variables was assessed using the Shapiro–Wilk test. Due to the non-normal distribution of the data, descriptive statistics are presented as median (min-max) and interquartile range [IQR] (P25, P75). Group comparisons for non-normally distributed continuous variables were performed using the Mann–Whitney U test. Categorical variables were compared using Chi-square tests, with continuity correction or Fisher’s exact test applied as appropriate. Correlations between quantitative variables were assessed using Spearman’s rank correlation coefficient. A two-sided p-value of < 0.05 was considered statistically significant. For Spearman’s correlation, a positive association was indicated by r > 0, and a negative association by r < 0. The strength of the link was classified. All statistical analyses were performed using R software (version 4.4.2; R Foundation for Statistical Computing).




3 Results


3.1 Video characteristics

After removing duplicates and irrelevant content, the final dataset comprised 98 YouTube videos, 74 Bilibili videos, and 99 TikTok videos (Figure 1). All videos across these platforms were either in Chinese or English or provided bilingual subtitles. The Shapiro–Wilk test revealed that all continuous variables exhibited non-normal distributions. Table 1 and Figure 2 provide specific details about the videos from each platform. Notably, TikTok videos (114 [19–1,321] seconds) were significantly shorter than those on YouTube (394.5 [26–3,743] seconds) and Bilibili (273.5 [54–3,983] seconds). TikTok also demonstrated more frequent updates based on release dates. TikTok had the most likes and comments out of the three sites. YouTube displayed the least amount of interaction from users, whereas Bilibili had the most extensive interactive components.

[image: Flowchart detailing a video content analysis process for pulmonary nodule information across YouTube, Bilibili, and TikTok, outlining search strategies, filtering methods, exclusion criteria, video results, and evaluation dates from March 1 to March 9, 2025.]

FIGURE 1
 Search strategy for videos on pulmonary nodule.



TABLE 1 Characteristics of video about laryngeal carcinoma on YouTube/ Bilibili/ TikTokk.


	Characteristic
	YouTube (N1 = 98)
	Bilibili (N2 = 74)
	TikTok (N3 = 99)
	p-value



	
M

	Min-Max
	P25-P75
	
M

	Min-Max
	P25-P75
	
M

	Min-Max
	P25-P75
	P(Y-B)
	P(B-T)
	P(Y-T)

 

 	Video length(s) 	394.5 	26–3,743 	117.75–1,177 	273.5 	54–3,983 	134.5–466.5 	114 	19–1,321 	70–205.5 	0.115 	<0.001 	<0.001


 	Duration(day) 	1457.5 	169–5,621 	755–2608.25 	392.5 	1–1,573 	288.25–771 	141 	1–1,058 	51–315.5 	<0.001 	<0.001 	<0.001


 	Views 	7,082 	46–695,780 	1,631–25153.25 	13,500 	193–357,000 	2452.25–40,500 	- 	- 	- 	0.122 	- 	-


 	Thumbs up 	63 	0–5,803 	7–252.5 	174.5 	5–15,000 	55–787.75 	11,000 	29–450,000 	2254.5–28,000 	<0.001 	<0.001 	<0.001


 	Commentsa 	2 	0-674 	0-25.5 	22 	0–1,073 	5–104 	633 	1–17,000 	144.5–1,642 	<0.001 	<0.001 	<0.001


 	Collections 	- 	- 	- 	154 	3–5,921 	45–668.5 	2,735 	7–214,000 	543.5–12,000 	- 	<0.001 	-


 	Shares 	- 	- 	- 	79 	3–3,361 	18.5–456 	2,285 	2–188,000 	396–7,037 	- 	<0.001 	-


 	Coin-operated 	- 	- 	- 	26.5 	0–1,319 	7–125.75 	- 	- 	- 	 	 	





All the p-values were obtained from Mann–Whitney U test.

P(Y-B): YouTube versus Bilibili; P(B-T): Bilibili versus TikTok; P(Y-T): YouTube versus TikTok. Bold text means the p-value < 0.05.

a Excluded: 16 videos on YouTube turned off the function of comments.
 

[image: Bar chart comparing audience interaction characteristics across YouTube, Bilibili, and TikTok, with TikTok leading in thumbs up, comments, collections, and shares, Bilibili having the highest views, and YouTube showing longer video lengths and durations.]

FIGURE 2
 Characteristics of video viewer interaction on different platforms (mean).




3.2 Uploader profiles and certification status

This research video included 85 YouTube uploaders, 51 Bilibili uploaders, and 68 TikTok uploaders. The categories of uploaders on different platforms vary greatly (Table 2; Figure 3). Doctors account for 91.2% on TikTok, 76.5% on Bilibili, and only 16.5% on YouTube. Non-profit organizations accounted for 50.6% of uploaders on YouTube, but were absent on Bilibili and TikTok. Bilibili uploaders posted videos more regularly than the less active YouTubers. The certification rates were 38.8% on YouTube, 82.4% on Bilibili, and 98.5% on TikTok. We examined certified uploaders to determine the video’s authority. Only a small percentage of YouTube-certified doctors were included in this study, despite having the highest subscribers. Furthermore, 15 acknowledged Traditional Chinese Medicine (TCM) physicians posted to TikTok, and 21 recognized TCM physicians uploaded to Bilibili. Among the videos, one titled ‘Heart Art’ received a high number of likes.


TABLE 2 Characteristics of video uploaders about laryngeal carcinoma on YouTube/ Bilibili/ TikTok.


	Platform
	YouTube
	Bilibili
	TikTok
	P(Y-B)
	P(B-T)
	P(Y-T)

 

 	Number of uploaders 	85 	51 	68 	- 	- 	-


 	Followers, median [P25, P75] 	10,000 [1880, 52,600] 	29,000 [3,605, 75,750] 	269,000 [68,750, 1,048,750] 	0.079a 	<0.001a 	<0.001a


 	Number of videos per person, Mean±SD, Median[P25, P75] 	1.15 ± 0.42, 1 [1, 1] 	1.48 ± 0.93, 1 [1, 2] 	1.46 ± 1.20, 1 [1, 1] 	0.021a 	0.328a 	0.215a


 	Type of uploaders, n (%)


 	Doctor 	14 (16.5%) 	39 (76.5%) 	62 (91.2%) 	<0.001b 	0.027


b


 	<0.001b


 	Other medical worker/student 	19 (22.4%) 	5 (9.8%) 	0 	0.063b 	0.030
c
 	<0.001b


 	Non-profit organization 	43 (50.6%) 	0 	0 	<0.001b 	- 	<0.001b


 	Company with profit 	4 (4.7%) 	0 	0 	0.294c 	- 	0.193c


 	Official media 	3 (3.5%) 	3 (5.9%) 	5 (7.4%) 	0.829c 	1.000c 	0.490c


 	Self-media 	2 (2.3%) 	4 (7.8%) 	1 (1.4%) 	0.281c 	0.210c 	1.000c


 	Doctor of TCM, n (%) 	0 	21 (41.2%) 	15 (22.1%) 	<0.001b 	0.025

b

 	<0.001b


 	Authentication, n (%) 	33 (38.8%) 	42 (82.4%) 	67 (98.5%) 	<0.001b 	0.005
c 	<0.001b


 	Verify the type of uploader, n (%)


 	Doctor 	2 (6.1%) 	34 (81.0%) 	62 (92.5%) 	<0.001b 	0.069b 	<0.001b


 	Other medical worker/student 	3 (9.1%) 	4 (9.5%) 	0 	1.000c 	0.040
c 	0.034d


 	Non-profit organization 	24 (72.7%) 	0 	0 	<0.001b 	- 	<0.001b


 	Company with profit 	1 (3.0%) 	0 	0 	0.440d 	- 	0.330d


 	Official media 	3 (9.1%) 	3 (7.1%) 	5 (7.5%) 	1.000c 	1.000c 	1.000c


 	Self-media 	0 	1 (2.4%) 	0 	1.000d 	0.385d 	-





P(Y-B): YouTube versus Bilibili; P(B-T): Bilibili versus TikTok; P(Y-T): YouTube versus TikTok. Bold text means the p-value < 0.05.

a Mann-Whitney U test.

b Chi-squared test.

c Continuity correction.

d Fisher’s exact test.
 

[image: Horizontal stacked bar chart comparing the number and types of uploaders across TikTok, Bilibili, and YouTube, both verified and unverified accounts. Color-coded categories include self-media, official media, company with profit, non-profit organization, other medical worker/student, and doctor, with YouTube showing the highest presence of companies with profit and TikTok showing mainly other medical worker/student uploaders.]

FIGURE 3
 Number of video uploaders by different platforms.




3.3 Content categories and presentation styles

Table 3 and Figure 4 describe the video categories. TikTok (100%) and YouTube (100%) contained more raw materials than Bilibili (97.3%). The videos on Bilibili cover a wider range of topics than those on YouTube and TikTok, indicating that there are differences in the diversity of video topics across different platforms. Interestingly, after a thorough review, we found that the number of topics is correlated with longer video lengths. The most viewed videos on all three platforms were those with therapeutic content. The difference is that TikTok and Bilibili were more interested in etiology/prevention and pathology, while the most popular topic on YouTube was examination/diagnosis. Treatment options for PNs were covered in a number of videos, all of which emphasized the significance of keeping a positive psychological attitude after being detected. According to several video presentations, the majority of PNs are benign, and the most commonly advised therapy strategy is routine follow-up exams. Certain medical experts added clinical case demonstrations using chest CT scans to their videos. Understanding anatomy and etiology has helped the public recognize the need for prevention. Platform-to-platform variations in content presentation patterns were substantial (Table 3; Figure 5). Solo narration predominated on TikTok and Bilibili, while PPT or class presentations were most prevalent on YouTube. In addition, TikTok is skilled at using medical scenarios.


TABLE 3 Categorization of videos about laryngeal carcinoma on YouTube/ Bilibili/ TikTok.


	Platform
	YouTube (N1 = 98)
	Bilibili (N2 = 74)
	TikTok (N3 = 99)
	P(Y-B)
	P(B-T)
	P(Y-T)

 

 	Originality, n (%) 	98 (100%) 	72 (97.3%) 	99 (100%) 	0.184d 	- 	0.182d


 	Number of topics per video, Median [P25, P75] 	1.5 (1–2) 	3 (2–4) 	2 (2–3) 	<0.001
a 	0.239a 	<0.001
a


 	Type of topics, n (%)


 	Anatomy 	8 (8.4%) 	22 (29.7%) 	21 (21.1%) 	<0.001
b 	0.164b 	0.010
b


 	Etiology/Prevention 	17 (17.3%) 	41 (55.4%) 	52 (52.5%) 	<0.001
b 	0.567b 	<0.001
b


 	Pathology 	7 (7.1%) 	37 (50%) 	55 (55.6%) 	<0.001
b 	0.589b 	<0.001
b


 	Epidemiology 	9 (9.2%) 	8 (10.8%) 	11 (11.1%) 	0.723b 	1.000b 	0.654b


 	Symptoms 	7 (7.1%) 	20 (27.0%) 	16 (16.1%) 	<0.001
b 	0.066b 	0.049
b


 	Examinations/Diagnosis 	81 (82.7%) 	33 (44.6%) 	30 (30.3%) 	<0.001
b 	0.038
b 	<0.001
b


 	Treatment 	35 (35.7%) 	51 (68.9%) 	66 (66.7%) 	<0.001
b 	0.563b 	<0.001
b


 	Prognosis 	14 (14.3%) 	10 (13.5%) 	23 (23.2%) 	0.885b 	0.126b 	0.108b


 	TCM, n (%) 	0 	30 (40.5%) 	17 (17.1%) 	<0.001
b 	<0.001
b 	<0.001
b


 	Style of video shooting, n (%)


 	Solo narration 	29 (29.6%) 	49 (66.2%) 	74 (74.7%) 	<0.001
b 	0.336b 	<0.001
b


 	Q & A 	12 (12.3%) 	4 (5.4%) 	5 (5.1%) 	0.140b 	1.000c 	0.012b


 	PPT or Class 	40 (40.8%) 	6 (8.1%) 	2 (2.0%) 	<0.001
b 	0.118c 	<0.001
b


 	Animation / Action 	3 (3.1%) 	1 (1.4%) 	1 (1.0%) 	0.842c 	1.000d 	0.403c


 	Medical scenarios 	7 (7.1%) 	10 (13.5%) 	15 (15.2%) 	0.147b 	0.818b 	0.295b


 	TV programs/documentaries 	7 (7.1%) 	2 (2.7%) 	1 (1.0%) 	0.363c 	0.780c 	0.022
c


 	Other 	0 	2 (2.7%) 	1 (1.0%) 	0.178d 	0.780c 	1.000d





P(Y-B): YouTube versus Bilibili; P(B-T): Bilibili versus TikTok; P(Y-T): YouTube versus TikTok. Bold text means the p-value < 0.05.

a Mann-Whitney U test.

b Chi-squared test.

c Continuity correction.

d Fisher’s exact test.
 

[image: Three radar charts compare the coverage of medical content categories on YouTube (A, pink), Bilibili (B, light blue), and TikTok (C, purple). Each chart displays eight axes: anatomy, etiology/prevention, pathology, epidemiology, symptoms, examinations/diagnosis, treatment, and prognosis. YouTube focuses heavily on treatment and examinations/diagnosis. Bilibili emphasizes etiology/prevention, prognosis, and treatment. TikTok shows relatively balanced, moderate coverage among all categories with slight emphasis on anatomy, pathology, and treatment.]

FIGURE 4
 Types of topics for video content on different platforms. (A data source YouTube; B data source Bilibili; C data source TikTok).


[image: Stacked bar chart comparing numbers of video shooting types on YouTube, Bilibili, and TikTok. Solo narration is most common on all platforms, especially TikTok. Categories include Solo narration, Q & A, PPT or Class, Animation/Action, Medical scenarios, TV programs/documentaries, and Other. Each category is color-coded, and individual values are labeled within bars for clarity.]

FIGURE 5
 Various styles of platform videography.




3.4 Quality assessment of videos

Inter-rater reliability was assessed using Cohen’s kappa, which indicated substantial agreement (κ = 0.81). The results of the video quality evaluation are presented in Table 4; Figure 6. YouTube demonstrated significantly higher PEMAT-T (comprehensibility) and PEMAT-A (operability) scores compared with Bilibili and TikTok (p < 0.001). In contrast, PEMAT-U (usability) ratings followed an inverse pattern. TikTok and Bilibili showed substantially higher VIQI and GQS ratings than YouTube (p < 0.001). No significant differences were observed in mDISCERN total scores (information reliability) across the three platforms. As shown in Table 5, no significant differences were found in PEMAT, VIQI, GQS, or mDISCERN scores between videos from professional and non-professional uploaders (p > 0.05).


TABLE 4 Quality assessment of videos about pulmonary nodule on YouTube/ Bilibili/ TikTok.


	Platform characteristic
	YouTube (N1 = 98)
	Bilibili (N2 = 74)
	TikTok (N3 = 99)
	p-value



	M
	Min–Max
	P25-P75
	M
	Min–Max
	P25-P75
	M
	Min–Max
	P25-P75
	P(Y-B)
	P(B-T)
	P(Y-T)

 

 	PEMAT-T 	9.5 	4–15 	8–12 	9 	4–16 	8–11 	9 	6–12 	8–10 	0.787a 	0.071a 	0.033
a


 	PEMAT-U 	3 	2-4 	3–3 	4 	3–4 	4–4 	4 	4–4 	4–4 	<0.001
a 	0.020
a 	<0.001
a


 	PEMAT-A 	6 	2-12 	5–9 	5 	1–12 	4.45–7 	5 	2–8 	4–6 	0.008
a 	0.040
a 	<0.001
a


 	VIQI-sum 	13 	6–18 	12–15 	15 	10–19 	14–17 	15 	10–20 	14–16 	<0.001
a 	0.588a 	<0.001
a


 	VIQI-1 	2 	1–4 	2–3 	3 	1–5 	2–3 	4 	1–5 	3–4 	0.001
a 	<0.001
a 	<0.001
a


 	VIQI-2 	4 	1–5 	3.25–4 	5 	3–5 	4–5 	4 	2–5 	4–5 	<0.001
a 	0.062a 	<0.001
a


 	VIQI-3 	3 	1–5 	2–4 	3 	1–5 	2–4 	2 	2–5 	2–3 	0.352a 	<0.001
a 	0.003
a


 	VIQI-4 	4 	2–5 	3–4 	5 	2–5 	5–5 	5 	3–5 	5–5 	<0.001
a 	0.905a 	<0.001
a


 	GQS 	3 	1–5 	3–4 	5 	2–5 	4–5 	5 	3–5 	4–5 	<0.001
a 	0.740a 	<0.001
a


 	mDISCERN-sum 	3 	1–5 	3–3 	3 	3–5 	3–3 	3 	3–4 	3–3 	0.357a 	0.042
a 	0.647a


 	mDISCERN-1 	96 (96.7%) 	74 (100%) 	99 (100%) 	0.507d 	- 	0.246d


 	mDISCERN-2 	97 (97.8%) 	74 (100%) 	99 (100%) 	1.000d 	- 	0.497d


 	mDISCERN-3 	87 (87.9%) 	74 (100%) 	97 (98.0%) 	0.008
c 	0.508d 	0.009
b


 	mDISCERN-4 	20 (20.2%) 	15 (20.3%) 	7 (7.1%) 	0.982b 	0.010
b 	0.006
b


 	mDISCERN-5 	15 (15.1%) 	1 (1.4%) 	4 (4.0%) 	0.002
b 	0.558c 	0.007
b





P(Y-B): YouTube versus Bilibili; P(B-T): Bilibili versus TikTok; P(Y-T): YouTube versus TikTok. Bold text means the p-value < 0.05.

a Mann-Whitney U test.

b Chi-squared test.

c Continuity correction.

d Fisher’s exact test.
 

[image: Four violin plots compare YouTube, Bilibili, and TikTok across four metrics: VIQI-sum (A), mDISCERN-sum (B), GQS (C), and PEMAT-sum (D). Each panel shows score distributions and ranges for the three video platforms.]

FIGURE 6
 Quality assessment of videos about pulmonary nodule on YouTube/ Bilibili/ TikTok. (A for VIQI-sum score; B for mDISCERN-sum score; C for GQS score; D for PEMAT-sum score; red for YouTube; blue for Bilibili; purple for TikTok).



TABLE 5 Quality comparison between the videos uploaded by professionals and non-professionals.


	Scores
	Professionals (N1 = 263)
	Non-professionals (N2 = 8)
	p-value



	M
	Min–Max
	P25-P75
	M
	Min–Max
	P25-P75

 

 	PEMAT-T 	9 	4–16 	8–11 	9 	5–13 	6.5–10 	0.317a


 	PEMAT-A 	4 	2–4 	3–4 	4 	3–4 	3.75–4 	0.290 a


 	PEMAT-U 	5 	1–12 	4.5–7 	5.5 	1–9 	2.75–6 	0.618a


 	VIQI-1 	3 	1–5 	2–4 	3 	1–4 	1.75–3.25 	0.716a


 	VIQI-2 	4 	1–5 	4–5 	4 	2–5 	3.75–5 	0.539a


 	VIQI-3 	3 	1–5 	2–4 	3.5 	1–5 	2–4.25 	0.453a


 	VIQI-4 	5 	3–5 	4–5 	4 	2–5 	3.5–5 	0.155a


 	VIQI-sum 	15 	8–20 	13–16 	14 	6–19 	11.75–17 	0.762a


 	GQS 	4 	1–5 	3–5 	3.5 	2–5 	2.75–5 	0.310 a


 	mDISCERN-sum 	3 	1–5 	3–3 	3 	2–4 	2.75–3 	0.170a


 	mDISCERN-1 	260 (98.9%) 	8 (100.0%) 	1.000d


 	mDISCERN-2 	260 (98.9%) 	8 (100.0%) 	1.000d


 	mDISCERN-3 	248 (94.3%) 	6 (75.0%) 	0.083d


 	mDISCERN-4 	41 (15.6%) 	1 (12.5%) 	1.000d


 	mDISCERN-5 	20 (7.6%) 	0 	1.000d





Bold text means the p-value < 0.05.

a Mann-Whitney U test.

d Fisher’s exact test.
 



3.5 Correlation between video quality and audience engagement

Video quality and audience engagement did not significantly correlate (Table 6; Figure 7). Correlation studies showed that Bilibili’s Views and VIQI had the highest index (0.701, p < 0.001), suggesting a strong connection with audience support actions.


TABLE 6 Spearman correlation between video quality and audience interaction on YouTube/ Bilibili/ TikTok.


	r, p-value
	YouTube (N1 = 98)
	Bilibili (N2 = 74)
	TikTok (N3 = 99)



	PEMAT
	VIQI
	GQS
	mDISCERN
	PEMAT
	VIQI
	GQS
	mDISCERN
	PEMAT
	VIQI
	GQS
	mDISCERN

 

 	Views 	0.256, 0.011 	0.605, <0.001 	0.267, 0.008 	0.191, 0.059 	0.421, <0.001 	0.701, <0.001 	0.056, 0.579 	−0.483, <0.001 	- 	- 	- 	-


 	Thumbs-up 	0.318, 0.001 	0.607, <0.001 	0.341, <0.001 	0.257, 0.011 	−0.144, 0.156 	0.238, 0.017 	0.233, 0.020 	0.175, 0.083 	0.152, 0.133 	0.392, <0.001 	0.054, 0.596 	0.064, 0.532


 	Commentsa 	0.273, 0.006 	0.560, <0.001 	0.378, <0.001 	0.265, 0.016 	−0.424, <0.001 	−0.172, 0.088 	0.108, 0.285 	0.435, <0.001 	0.072, 0.478 	0.299, 0.003 	−0.221, 0.028 	0.117, 0.248


 	Collections 	- 	- 	- 	- 	−0.065, 0.525 	0.201, 0.046 	0.315, 0.002 	0.227, 0.024 	0.205, 0.041 	0.405, <0.001 	−0.017, 0.868 	0.064, 0.530


 	Shares 	- 	- 	- 	- 	−0.185, 0.066 	0.106, 0.295 	0.312, 0.001 	0.284, 0.004 	0.199, 0.049 	0.452, <0.001 	0.015, 0.884 	0.052, 0.610


 	Coin-operated 	- 	- 	- 	- 	−0.317, 0.001 	−0.067, 0.508 	0.286, 0.004 	0.500, <0.001 	- 	- 	- 	-





Bold text means the p-value < 0.05.

|r| ≤ 0.2 no relationship; 0.2 < |r| ≤ 0.4 weak relationship; 0.4 < |r| ≤ 0.6 moderate relationship; 0.6 < |r| ≤ 0.8 strong relationship; |r| > 0.8 very strong relationship.

a Excluded: 16 videos on YouTube turned off the function of comments.
 

[image: Three heatmaps show correlations between audience interaction types and four video quality measures. Warmer colors indicate higher positive correlations, cooler colors indicate negative correlations, and asterisks denote statistically significant results for P less than 0.05.]

FIGURE 7
 Spearman correlation between video quality and audience interaction on YouTube/ Bilibili/ TikTok. (A data source YouTube; B data source Bilibili; C data source TikTok).


Approximately, most of the quality assessment results revealed a mild to moderate positive connection with audience engagement. In contrast to YouTube, Bilibili and TikTok showed varied degrees of negative association between some quality and engagement metrics. PEMAT scores showed a negative link with all audience interaction measures in Bilibili, with the exception of a positive correlation with Views. In Bilibili, on the other hand, VIQI had a negative correlation with Coin-operated and Comments. Surprisingly though, GQS was negatively connected with Comments and Collections on TikTok, while Views and mDISCERN displayed the most negative link in Bilibili (r = −0.483, p < 0.001).




4 Discussion

To identify statistically significant interplatform differences and elucidate variations in audience demographics, we analyzed both long-form (e.g., YouTube, Bilibili) and short-form (e.g., TikTok) video platforms. We employed a comprehensive propensity score matching analysis to delineate the distinctive features of YouTube, Bilibili, and TikTok. Using four distinct scoring methodologies, we derived the following detailed conclusions. This analysis yielded four principal findings: First, significant disparities in content distribution and quality were observed across platforms, with YouTube generally hosting higher-quality productions. Second, uploader identity and platform certification mechanisms significantly influence perceived content reliability. Third, video formats and thematic preferences exhibit substantial regional and cultural variations. Finally, we found no strong correlation between audience interaction metrics and objective video quality measures. Our findings underscore that algorithmic curation, professional certification, cultural context, and user engagement collectively shape video quality and dissemination efficacy. Specifically, platform architecture dictates content format, algorithmic filtering governs content dissemination, professional involvement enhances information quality, while user engagement often diverges from clinical value. A comprehensive summary of these key findings is shown in Table 7.


TABLE 7 Summary of key findings on video quality and engagement across platforms.


	Key finding
	Data support
	Interpretation

 

 	No significant difference in video quality between professional and non-professional uploaders 	Table 5: All p > 0.05 for PEMAT, VIQI, GQS, mDISCERN 	Professional credentials do not guarantee higher-quality public health communication.


 	No major inter-platform differences in information reliability (mDISCERN) 	Table 4: mDISCERN-sum scores similar across platforms (p > 0.05) 	All platforms face similar challenges in conveying reliable medical information.


 	Weak-to-moderate correlation between engagement and quality metrics 	Table 6: Most r-values between 0.2–0.4; highest correlation: Bilibili Views vs. VIQI (r = 0.701, p < 0.001) 	Audience engagement is poorly predictive of video quality; high views ≠ high quality.


 	YouTube leads in comprehensibility and actionability (PEMAT) 	Table 4: PEMAT-T and PEMAT-A significantly higher on YouTube (p < 0.001) 	YouTube videos are more structured and easier to understand and act upon.


 	Bilibili and TikTok lead in production quality (VIQI, GQS) 	Table 4: VIQI and GQS significantly higher on Bilibili and TikTok (p < 0.001) 	Short-form platforms excel in visual and production quality, but may lack depth.


 	TikTok has highest engagement despite shortest videos 	Table 1: Median length = 114 s; highest likes, comments, shares 	Algorithmic promotion and format favor high interaction, not necessarily quality.




 

Social media, informational videos, and online platforms have become increasingly prominent sources of information. The prevalence of video platforms continues to grow, driven by a public preference for visually presented information over text-based or auditory formats. Notwithstanding the limitations in public health communication, video platforms can augment public health education by assisting medical personnel in improving prescreening efficacy.

Recent studies have investigated video content related to asthma (19), pulmonary rehabilitation (20), inspiratory muscle training (21), COPD (22, 23), allergies (24), and general respiratory health on platforms like YouTube and TikTok. However, these studies have consistently identified significant content quality issues, including inconsistent quality across platforms, the absence of standardized evaluation methodologies, and suboptimal presentation of medical information. Although these video tools show promise for health education initiatives, concerns persist among medical professionals regarding content authenticity and potential misinformation. To ensure reliability and educational value, greater involvement of certified healthcare professionals in the creation and review of medical video content is imperative (25, 26).

Beyond the challenges associated with radiological detection, PNs pose a significant public health threat due to the neglect experienced by a substantial proportion of patients (27). Publications on PN-related video content remain scarce, with the exception of Han et al.’s (28) study. However, that study was limited to an analysis of the top 30 videos on a single Chinese social media platform and did not perform any correlation analysis on video content or quality metrics. Our study is situated within the context of the rapid proliferation of video platforms in contemporary society (29). We implemented a multi-platform (covering domestic and international sites), multi-perspective, and multi-dimensional quality assessment framework. Furthermore, correlation analyses were conducted to examine relationships between key variables.


4.1 Significant interplatform disparities in content distribution and quality

YouTube consistently demonstrated superior video quality, particularly in structure and clarity as measured by PEMAT, although its content predominantly focused on examination and diagnosis. In contrast, Bilibili and TikTok offered broader coverage of etiology, prevention, and treatment, but with greater quality variability and occasional inaccuracies. The short-form nature of TikTok content often resulted in superficial coverage of topics, and some videos exaggerated health anxieties to attract views, thereby compromising educational utility.

Video platforms utilize big data analytics to track user behavior patterns, adjusting their algorithms to influence video length and content relevance. Content relevance is fundamentally determined by the specific screening mechanisms employed by each platform. YouTube, which pioneered video sharing in 2005, processes billions of uploads and views daily, hosting diverse content ranging from disease information to disaster reports and personal narratives (9). However, its default “relevance” search function has significant shortcomings: medical content lacks standardized classification and quality assessment systems, search algorithms are suboptimally calibrated, and video review processes lack rigorous oversight (30). TikTok (10) and Bilibili (11) employ complex algorithms that integrate user profiles, search relevance, and interaction patterns to recommend content. However, effectively managing personalized multi-dimensional learning models and trending topics remains challenging. For instance, our analysis revealed that some videos devoid of practical health information gained disproportionate popularity in search results. These videos frequently depict patients experiencing heightened anxiety following chest CT scans that reveal lung nodules, often portraying accompanying emotional distress and depressive symptoms. This suggests that some creators prioritize viewership over all else, disregarding the potential utility of their content for health promotion. Currently popular topics (e.g., celebrities, variety shows, commerce) may be overshadowed by such content. This phenomenon is commonly reported in studies across various disease contexts (10, 31).

From a public health perspective, this phenomenon can influence public perceptions and health behaviors and may exacerbate health misconceptions or anxiety. For instance, although most lung nodules are benign, one-sided or exaggerated content can induce unnecessary panic. Conversely, insufficient dissemination of high-quality information may delay early screening among high-risk groups. According to current clinical guidelines, the probability of malignancy is less than 1% for nodules smaller than 6 mm in diameter, and 1–2% for those measuring 6–8 mm (3). For nodules measuring 6–8 mm, follow-up chest CT scans every 6–12 months are recommended (3). The specific follow-up interval should be individualized based on a comprehensive assessment, including the patient’s risk factors, imaging features suggestive of malignancy, the clinician’s judgment, and patient preferences. For solid nodules larger than 8 mm, management strategies depend on three key factors: (1) the predicted probability of malignancy, (2) the presence of comorbidities (e.g., coronary heart disease or COPD), and (3) patient preferences. Current management options include surgical resection, non-surgical biopsy (e.g., bronchoscopy or transthoracic needle biopsy), positron emission tomography–computed tomography (PET-CT), or active surveillance with serial CT scans to monitor for growth (1, 4). For part-solid nodules, the size of the solid component directly informs management strategy, with larger solid components indicating a higher malignancy risk. Persistent pure ground-glass nodules exceeding 10 mm in diameter have a 10–50% probability of malignant transformation (32). Notably, pure ground-glass nodules typically exhibit slow growth even if malignant. The sensitivity of current diagnostic techniques (e.g., transthoracic biopsy or bronchoscopy) for lung cancer ranges from 70 to 90% (24, 32).



4.2 Uploader identity and authentication mechanisms influence content reliability

Although certification methods vary across platforms, independently verifying uploader credentials can help prevent the dissemination of low-quality medical information. Multiple studies indicate that TikTok enforces strict qualification reviews, permitting only chief physicians, associate chief physicians, and registered residents from tertiary Grade A hospitals to use the professional title “doctor” (17, 33). The platform’s algorithm prioritizes videos with high like counts, which can narrow the gap between popularity and perceived quality (34). Consequently, even with stringent certification standards, the correlation between a video’s popularity and its actual quality is not guaranteed. In contrast, Bilibili employs more lenient review standards, allowing grassroots doctors, medical students, and even general users to upload content. This approach diversifies perspectives but also introduces risks to information reliability (25). The public increasingly relies on social media to access health information, encompassing topics from disease surveillance and health education to behavioral change, professional development, and doctor-patient communication (35). Thus, we recommend that all healthcare professionals actively pursue platform certification. Certification can enhance public trust through greater transparency regarding medical expertise. Additionally, certified users often receive greater platform support and visibility. Recent studies on online medical consultation platforms further emphasize the importance of proper incentive structures and team-based collaborations among physicians, which not only improve service quality but also enhance patient satisfaction and trust (36, 37). These findings suggest that platforms could benefit from designing mechanisms that promote collaborative content creation and knowledge sharing among certified professionals. TCM has recently garnered significant attention in disease diagnosis and treatment (38). However, the proportion of TCM practitioners specializing in PNs remains low. Our analysis reveals limited TCM-focused content on PNs within TikTok and Bilibili. Despite this limited presence, some content creators are exploring TCM’s role in managing PNs and innovatively incorporating it, sometimes alongside other diseases, into their diagnostic and therapeutic discussions (10). Therefore, engaging more professional TCM practitioners is crucial to enhancing the quality and representativeness of TCM-related content on these platforms.

Notably, no significant difference was observed in overall video quality between professional and non-professional creators (all p > 0.05; see Table 5). This finding challenges the conventional reliance on uploader credentials as a sole proxy for content reliability, demonstrating that professional qualifications do not automatically translate into effective public communication. Similarly, mDISCERN scores showed no significant inter-platform differences, indicating that major platforms share common challenges in conveying medical information reliability. Thus, platforms should implement risk warnings for potentially misleading content (e.g., flagging “controversial viewpoints”) and bolster their accountability. Concurrently, medical schools have incorporated health communication courses to foster interdisciplinary “medicine + communication” skills (39). They also encourage physicians to collaborate with media professionals to translate specialized knowledge into engaging formats, as exemplified by initiatives like the “Medical Science Popularization Alliance” at United Hospital. In conclusion, this study highlights three key recommendations: (1) the public should cultivate critical thinking and diversify information sources; (2) platforms must optimize review mechanisms and balance traffic incentives with social responsibility; and (3) healthcare practitioners should adapt to the digital media landscape and enhance their communication skills.



4.3 Regional and cultural variations in video format and thematic preferences

Significant differences exist in both the breadth and focus of topics between YouTube and the Chinese platforms (TikTok, Bilibili). YouTube content focuses predominantly on examination and diagnosis, whereas etiology, prevention, and treatment are the most prevalent topics on TikTok and Bilibili. This preference aligns with a “prevention-first” health philosophy prevalent in Chinese culture (40), where understanding disease origins is valued for preventing progression. Content on Chinese platforms (TikTok, Bilibili) frequently employs monologs and medical scene imagery, emphasizing simplicity and emotional resonance. In contrast, YouTube often utilizes classroom-style or PowerPoint presentations, prioritizing structural clarity and objectivity. Furthermore, medical scene imagery was identified as a particularly effective format for disseminating information on TikTok. Given the diversity of creators and topics, there is a pressing need for platforms and uploaders to integrate multimodal formats to enhance the accessibility and comprehensibility of medical information.



4.4 Weak correlation between audience engagement and video quality

With the exception of Bilibili, where view count significantly correlated with VIQI (r = 0.701, p < 0.001), overall user engagement metrics (e.g., likes, comments, and shares) demonstrated only weak-to-moderate correlations with objective quality measures. This finding is consistent with earlier studies on health science video consumption (41), which suggest that most viewers cannot accurately assess the professional quality of health content, leading to the weak correlations typically observed between engagement and quality (17). This phenomenon can be attributed to several platform-specific factors: (1) cultural and behavioral user group differences, where a preference for entertainment-oriented content creates a “high quality, low interaction” paradox; (2) symbolic interaction behaviors that contrast with the “low quality, high interaction” pattern; and (3) public preference for fragmented viewing, compounded by algorithms that prioritize “high-stimulus” content (e.g., suspenseful thumbnails, rapid editing). The logical rigor inherent to professional medical information is often incompatible with the ultra-short video format. Furthermore, the reflective engagement required for understanding professional medical content fundamentally conflicts with platform algorithms optimized for “community weighting” and “completion rate.” This discrepancy creates a vicious cycle: passive content consumption (rather than active real-time interaction) leads algorithms to classify these users as “low-activity,” consequently reducing the content’s exposure and recommendations. Moreover, content production strategies are heavily influenced by underlying platform business models. YouTube’s ad revenue-sharing model, closely linked to viewing duration and user retention, incentivizes creators to produce higher-quality content to ensure stable income. In contrast, the diversified monetization strategies of TikTok and Bilibili often prioritize traffic-driven content, which can compromise quality. This analysis suggests that the positive correlation between quality and user stickiness on YouTube stems from a synergy of “deep content ecosystem + quality-aligned algorithms + user value recognition.” These findings align with broader research into the acceptance of mHealth services, which highlights the mediating role of perceived usefulness and user attitude in technology adoption (42), as well as the influence of service characteristics on continuous engagement (43). Conversely, the challenges observed on TikTok and Bilibili reflect systemic contradictions between “fragmented consumption + emotion-driven interaction + traffic-optimized algorithms.”

These findings reveal fundamental structural tensions in health communication on commercial video platforms, encompassing conflicts between professional rigor and algorithmic engagement, between cultural preferences and universal standards, and between creator credibility and communicative effectiveness. If unaddressed, these disparities risk exacerbating public misinformation and health anxiety, particularly in clinically nuanced areas like PNs.

Therefore, coordinated multi-stakeholder efforts are required to enhance the quality and accessibility of medical video content. Improving the reliability of online health information is not merely an issue of content moderation; it is a foundational step toward leveraging digital technology to optimize the allocation of medical resources and mitigate regional health disparities (44). Platforms should implement more robust review systems, introduce quality-rating schemes or risk warnings, and adjust algorithms to prioritize scientifically accurate content. Healthcare professionals require training in public communication and should collaborate with media specialists to enhance audience engagement without compromising scientific accuracy. Finally, users should be empowered to develop critical media literacy skills, such as cross-referencing information sources and identifying potential biases. From a policy perspective, promoting a sustainable and reliable mHealth market requires coordinated efforts that address both technological infrastructure and user trust (45). Additionally, the disparate effects of physicians’ knowledge-sharing behaviors—whether driven by satisfaction or gratitude—can significantly influence patients’ evaluation of online medical services (46, 47), underscoring the need for platforms to foster genuine and informative interactions.

Theoretically, this study contributes to health communication scholarship by demonstrating how the interplay of platform algorithms, cultural contexts, and creator credentials shapes medical content quality and dissemination. Methodologically, it provides a validated, multi-dimensional framework for evaluating health-related videos. Practically, it offers actionable insights for platforms, content creators, and educators seeking to improve the effectiveness and reliability of digital health communication.



4.5 Limitations

Variations in evaluator expertise and assessment capabilities may introduce subjective bias, despite the use of a respiratory specialist team employing four multi-functional assessment tools. The cross-sectional design captures video attributes related to “Pulmonary Nodule” only at a specific point in time. Consequently, dynamic changes in platform algorithms and content update rates may limit the temporal validity of the findings.

The search strategy relied solely on the single keyword “Pulmonary Nodule,” excluding auxiliary information (e.g., user comments, video descriptions). This approach may have omitted relevant content and reduced search comprehensiveness. Finally, analyzing only the top 100 results per platform may inadequately represent the overall content ecosystem. This approach introduces selection bias, as ranking algorithms prioritize high-engagement (though not necessarily high-quality) content, thereby limiting the generalizability of the conclusions.

These limitations highlight the need for future research to employ multi-platform longitudinal monitoring, natural language processing, and user behavior analytics to develop more comprehensive health information quality assessment models.




5 Conclusion

This study offers the first thorough cross-sectional evaluation of lung nodule-related videos across three distinct video platforms. It gives trustworthy information for the general public to comprehend the present situation of online videos connected to PNs on Internet platforms. These insights may help platforms, content creators, and the public at large. While short-form video platforms like TikTok have a high index of audience engagement but poor informativeness, long-form video platforms like YouTube and Bilibili are informative but have low traffic. YouTube videos have the best average quality out of the three platforms, but they can still be made better. This study suggests translating and sharing high-quality information between various platforms for interoperability and learning. A growing number of healthcare professionals are being requested to obtain certification and become proficient in video capturing techniques to enhance the quality of PN-related movies and provide high-quality medical information in an intelligible and clear manner. The platform has developed a complex method for evaluating the content’s quality, improving the recommendation system’s weighting elements, and building a more reliable environment for the spread of health information.
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Introduction: The sustainable development of mobile health (mHealth) services relies on the continuous use by users. Most studies consider users’ intention to continue using mHealth services as a static measure rather than one that changes dynamically over time, often neglecting the impact of individual differences, such as the presence of chronic disease, on usage patterns.
Methods: Drawing on the expectation-confirmation model, this study investigates the dynamic nature of the intention to continue using mHealth services, with a particular focus on the role of chronic disease. Conducting a longitudinal study with three rounds of online survey, we analyzed data collected from 236 completed respondents using a latent growth model.
Results: The results indicate that users’ intention to continue using mHealth services is not static and tends to decrease over time. Expectation accelerates the descent, while confirmation mitigates it. Furthermore, expectation shows a stronger impact on users without chronic disease compared to those with chronic conditions.
Discussion: This study advances the understanding of the continuous use of mHealth services by incorporating time-based dynamics and the influence of chronic disease. This study also extends the traditional expectation-confirmation model into a dynamic framework.
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1 Introduction

Mobile health (mHealth) services have flourished in recent decades due to advancements in mobile communications and network technologies (1, 2). Compared to earlier electronic health services accessed via desktop computers (3–5), mHealth offers a more convenient way for patients to obtain remote health consultation, health monitoring, and customized information services (6). As an innovative approach to delivering health services, mHealth has been empirically proven to be effective in promoting health management, particularly by enabling patients with chronic disease to actively engage in self-care (7). Due to these advantages and conveniences, mHealth services have garnered increasing attention and widespread popularity in recent years.

Although a growing number of studies have made initial efforts to investigate continuance issues within mHealth, most have viewed this phenomenon as static rather than dynamic (8). This is evident as many existing studies on mHealth continuance rely on cross-sectional surveys conducted at a single point in time (9, 10). However, users’ beliefs and use intentions are dynamic and vary over time (11). Initially, users may have a high intention to continue using mHealth services due to high expectations. However, the intention is likely to decrease or even disappear if the service performance does not meet their expectations. Although a few studies have emphasized the dynamic nature of mHealth continuance intention (12, 13), they have not empirically explored the change trajectory. Thus, incorporating a time dimension into empirical studies that examine changes in users’ intention to continue using will address this research gap, providing insights into users’ engagement, and promote the sustainable development of mHealth. Therefore, we propose the first research question:

RQ1: How does users’ intention to continue using mHealth services change over time?

The expectation-confirmation model (ECM) is widely used to understand individuals’ continuous use behavior and intention (14, 15). The original ECM posits that users’ expectation and confirmation influence satisfaction, which further leads to behavior or intention (16). Building on the ECM, Bhattacherjee and Premkumar (17) verified temporal pattern of technology usage and investigated how expectation and confirmation at different stages influence continuous use intention through longitudinal testing. However, they only emphasized that users’ beliefs and attitudes vary over time, failing to reveal the trajectory of change, especially how expectation and confirmation affect the change trajectory. Thus, while an expectation-confirmation paradigm is suggested to explain the continuous use of technologies, no study to date has examined how expectation and confirmation affect the change trajectory of continuous use intention. To fill this gap, the second research question is proposed:

RQ2: How do expectation and confirmation influence the change in users’ intention to continue using mHealth services?

Moreover, individual differences may also influence the continuous use of mHealth services. Research has indicated that individual traits such as gender (18), professional seniority (19), income (20), and health condition (21) interact with technology to shape user behavior. Specifically, individuals’ vulnerability to chronic disease has a contingent effect on mHealth use (22). This maybe because a fundamental component of mHealth services is assisting in chronic disease management. Thus, the demand for and use of mHealth services may differ between individuals with and without chronic disease. We are particularly interested in whether chronic disease involvement affects the change trajectory of mHealth continuous use over time. Specifically, we aim to understand how chronic disease interacts with users’ expectation and confirmation, as its role remains unclear. Therefore, the third research question of this study is:

RQ3: What role does chronic disease play in the change of users’ intention to continue using mHealth services?

To answer these three questions, we conducted a longitudinal test through three successive surveys. Utilizing the latent growth model, this study explores how use intention evolves over time, how expectation and confirmation influence the change trajectory, and the role of chronic disease in this process. This study sheds light on current literature and practice. First, this study views continuous use intention as dynamic and clarifies how it changes over time in the mHealth context. Given that most previous studies have treated individual intention to use as static (23, 24), this study expands the literature by diagnosing time-based dynamics of use intention. Second, this study provides a new understanding of changes in continuous use intention from the lens of expectation-confirmation paradigm. In particular, this work is among the first to combine the ECM with the trajectory of continuous use intention, presenting a clear picture of the impact of expectation and confirmation on the evolution of mHealth continuous use intention. Third, through examining the role of chronic disease, this study expands the literature on the ECM by exploring its applicability in contexts involving both presence and absence of chronic disease. Fourth, this study offers methodological guidance for future longitudinal studies. Finally, results in this study may inspire further research into the impact of chronic disease in the mHealth context and provide practitioners with actionable strategies for retaining mHealth users, both with and without chronic disease.



2 Theoretical background and hypothesis development


2.1 The dynamics of mHealth services continuous use intention

Continuous use is defined as the behavioral patterns reflecting sustained use of a technology by individuals over long time after adoption (25), which has attracted extensive attention in information systems and social science field (26). Continuous use of mHealth can not only ensure the economic return of an mHealth business but also improve the users’ health management. Most research about the continuous use of mHealth services have investigated determinant factors influencing users’ continuance intention from viewpoints of system features and user perceptions, seperately or concurrently (27–29). For example, drawing on the technology acceptance model and investment model, Cho et al. (30) investigated the role of perceived usefulness, perceived ease of use, and investment size in predicting mHealth continuance intention (67). Showed that individuals’ continuous intention was linked to service assurance, hedonic benefits, efficiency, reliability, and content quality. Such studies in the mHealth services context have generally viewed continuous use as unchanging or static, failing to understand how continuous use changes over time and explore the trajectory or the rate of the change.

However, continuous use is far from static: it is a dynamic process in which users may stop and readopt the technology, and studies as early as Bhattacherjee (31) have emphasized its dynamic aspects and nature. More recent studies have shown the importance of investigating the dynamics of continuous use in the mHealth context. For example, conducting a longitudinal study, Meyer et al. (32) discovered that users often break and abandon their mHealth devices during long-term use. Shen et al. (13) indicated that since users may behave intermittently, continuous use is not a fixed decision but a dynamic process. Thus, we argue that mHealth services continuous use intention decreases over time. This would align with one previous longitudinal study on technology use, in which use intention in a later stage was found to be lower than in an earlier stage (32). We therefore propose that:


H1: Individuals’ continuous use intention is dynamic and decreases over time.




2.2 Expectation confirmation model

Bhattacherjee (31) proposed the expectation confirmation model (ECM), a postadoption model addressing that individuals’ continuous use of information technologies or services. The ECM mainly focuses on the post-adoption variables and posits that confirmation of the initial expectation influences perceived performance and then influence users’ satisfaction and intention to continue using. In recent years, more scholars paid notice to ECM and applied this model in mHealth services continuance research (30, 33, 34).

However, despite the valuable theoretical insights the ECM has provided regarding continuous use, several research blanks remain. First, the ECM has widely been drawn upon to explain users’ continuous use behavior and intention related to a technology or service, but it has never been revoiced to address the dynamic development of continuous behavior and intention (35, 36). Given that some more recent studies have been stressing the importance of understanding how continuous use behavior and intention change during the whole use process (13), the ECM needs to be extended through considering the dynamic change of continuous use. Second, most current studies drawing on the ECM only focus on post-adoption variables (e.g., perceived performance, confirmation, satisfaction, and continuous use), while they have lost sight of pre-adoption variables (e.g., expectation) (37–39). Recent research has alerted researchers to investigate the whole adoption process, including the ways in which pre-adoption expectations shape post-adoption perceptions/behaviors (40, 41). Thus, in order to understand the whole use process, especially the initial use intention and changes in intention in the long-term use stage (e.g., the rate of change), it is critical to involve expectation and confirmation in the model.

Expectation refers to a user’s anticipated or predicted belief about the attributes or characteristics of technologies or services (42). When users believe technologies or services will perform well in the future, they are more likely to use them. The unified theory of acceptance and use of technology has also asserted that the initial usage intention is affected by the user’s expectations about the technology’s performance (43). That is, high-level expectation will increase user’s continuous intention to use mHealth services. In addition to influencing the initial use intention, expectation may have a significant effect on subsequent use, such as changes in continuous intention. Expectation, as users’ pre-use belief, serves as an anchor or a baseline for evaluating the technology or service. A higher baseline expectation is harder to satisfy, and thus users are more likely to incur a psychological loss during the subsequent use process. According to the theory of risk aversion, individuals will take measures to avoid risk, especially when risk aversion increases with time (44, 45). Specific to this context, high-level expectation is likely to bring a risk of psychological loss, and in response to this loss, users may reduce their continuous intention. Thus, we infer that the higher the initial expectations, the faster the continuous intention will decrease. Therefore, we propose that:


H2: Expectation is positively related to the initial continuous use intention.
H3: Expectation is positively related to the rate of change in continuous use intention.


Confirmation refers to users’ perceptions of the congruity between their expectations of a technology’s performance and its real performance (31). In this regard, confirmation is an outcome of comparing a user’s pre-adoption expectation and post-adoption perceived performance. A high-level confirmation indicates that technologies’ or services’ performance satisfies the user’s expectations, which should positively influence the user’s intention to use them, at least initially (31). Studies have demonstrated that confirmation significantly improves users’ attitude towards technologies and services as well as their intentions to continue using technologies and services (37, 40). In this study, we expect use intention to decrease over time during the use process (H1), perhaps substantially due to fatigue or tiredness. In this regard, confirmation may play a role in the change of use intention. Individuals who get high confirmation, and therefore high satisfaction, may experience a drop in use intention, though not as much or as quickly as other users. Individuals who get low confirmation (and low satisfaction) should see a faster decrease in their use intention. Thus, we put forward that:


H4: Confirmation is negatively related to the rate of change in continuous use intention.




2.3 The role of chronic disease

Chronic disease is often incurable and requires long-term management, which may include addressing diet and exercise behaviors, monitoring and recording real-time health data, and asking for medication advice from physicians (46). Chronic disease degrades individuals’ overall health condition and quality of life, so it negatively affects them both physiologically and psychologically (47). Physiological effects include poor health and drug dependence, and psychological effects include gloom and panic caused by poor health condition and psychological dependence on physician support. Due to these negative impacts, there are significant differences in health service needs between individuals with chronic disease and those without chronic disease (48).

Although mHealth can offer health management services and information to both chronic patients and individuals with no chronic disease, these two groups may have different demands and expectations regarding the function and performance of mHealth. The expectation and confirmation paradigm has been widely examined in mHealth services studies (41); however, the role of chronic disease has rarely been investigated. According to the expectation confirmation theory, expectation negatively correlates to confirmation since a higher expectation is harder to meet (49). Compared to individuals with no chronic disease, chronic patients have more and urgent needs as well as higher requirements for mHealth services to solve their problems (50). In this situation, their expectation is harder to satisfy and confirm than others’. Thus, expectation may lead to lower confirmation for chronic patients.

Moreover, the differing expectations of individuals with and without chronic disease may have differing impacts on their initial mHealth services use. For example, chronic patients tend to expect mHealth to perform well in solving their health problems, while individuals with no chronic disease are likely to use mHealth to learn more about their health conditions. Chronic patients using mHealth services may therefore place more emphasis on their performance expectations, while in contrast, users with no chronic disease may pay more attention to their interaction with the technology (22). In other words, chronic patients have higher use intention when they have high expectation while users with no chronic disease have higher use intention when they experience valuable interaction. That is, the impact of expectation before using mHealth is stronger for chronic patients. Thus, it is reasonable to argue that compared to individuals with no chronic disease, mHealth services expectation may play a more important role in motivating initial continuous use intention for chronic patients. Hence, we put forward that:


H5: The relationship between expectation and confirmation is stronger for chronic patients.
H6: The relationship between expectation and initial continuous use intention is stronger for chronic patients.


According to Maslow’s hierarchy of needs, protecting ourselves from disease and staying healthy is the basic and pressing need driving individuals to take action (51). For a chronic patient, using mHealth services is an efficient way to fulfill this need by managing their disease, and it has significant potential to improve their health. Thus, chronic patients tend to have more pressing mHealth needs. According to demand theory, more demand can cause a higher level of preferences and more quantity of services that individuals would like to choose (52). That is to say, compared to individuals with no chronic disease, chronic patients are more likely to rely on mHealth both physiologically and psychologically due to their demands. For individuals who have less demands (e.g., individuals with no chronic disease), they show less stickiness to the service (53). For this reason, users with no chronic disease tend to change their usage intention due to their mutable evaluations of mHealth services. In this study context, expectation and confirmation correlate to users’ perception and evaluation of mHealth services, which are both likely to show stronger impacts on the change of use intention for individuals with no chronic disease. Thus, we put forward that:


H7: The relationship between expectation and rate of change in continuous use intention is stronger for individuals with no chronic disease.
H8: The relationship between confirmation and rate of change in continuous use intention is stronger for individuals with no chronic disease.


To investigate the dynamics of mHealth services use intention from the ECM perspective and explain the role of chronic disease, this study employs a latent growth model. We build the research model based on ECM and empirically test the model with longitudinal survey data. The research model and hypothesis relationships are descripted in Figure 1.
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FIGURE 1
 Research model.





3 Methods


3.1 Research setting

Most previous studies have examined expectation through asking respondents to recall their past expectations; however, memories of expectation are not accurate. Therefore, we collected data using multi-wave surveys which measured respondents’ perceptions in real time. To achieve this objective, we conducted this study in cooperation with a major hospital in Beijing, China. At the time, the hospital was launching an mHealth application that offered services such as health information education, online consultation, health index record and monitoring, and advice notification, similar to other mHealth services on the market. Both chronic patients and individuals with no chronic disease can use these services for self-health management. Individuals who came to the hospital’s health center for a physical examination were selected as target participants. These individuals are appropriate for this study since they did not come to the hospital for any specific treatment. Thus, their chronic disease status is random, and they are potential users of mHealth services.



3.2 Data collection

Participants who did not previously use the hospital’s mHealth application were recruited. We collected data at three time points (T1-T3) to explore the initial value and dynamics of users’ beliefs and their use intention. At the beginning, we introduced our research and the mHealth services to potential participants and invited them to join the study. Patients who agreed were immediately invited to download the application to their mobile phone and complete a survey (at time T1). The survey contained two parts: one part investigated their expectation and continuous use intention regarding the mHealth services, and the other collected their basic demographic information. Two months later, another survey link was sent to examine their confirmation and continuous use intention (at time T2). The last survey investigating users’ continuous use intention was disseminated after another 2 months (at time T3). Respondents participated in the research voluntarily and were able to quit the study anytime. All research activities had received institutional review board approval and followed approved institutional review board guidelines. Considering the high attrition rate in multi-time-point studies, we recruited 500 participants, of whom 462 respondents completed the first-round survey. For the second-round survey, 350 of the 462 participants responded to the questionnaire. Finally, 236 respondents completed all three surveys. To test the nonresponse bias, we compared the initial respondents and final valid respondents in terms of gender (t = −1.43, p > 0.1), age (t = 0.72, p > 0.1), education (t = −1.28, p > 0.1), and chronic disease (t = 0.31, p > 0.1). No significant difference was found across these characteristics, indicating nonresponse bias is not a concern. Of these 236 valid respondents, 53.4% were male and 44.1% had a chronic disease. The demographic information is shown in Table 1.


TABLE 1 Demographic statistics.


	Variables
	Category
	Frequency
	Percentage (%)

 

 	Gender 	Male 	126 	53.4


 	Female 	110 	46.6


 	Age 	30 or younger 	36 	15.3


 	31–40 	84 	35.6


 	41–50 	60 	25.4


 	51–60 	38 	16.1


 	61 or older 	18 	7.6


 	Education 	High school or lower 	62 	26.3


 	College 	44 	18.6


 	Undergraduate 	78 	33.1


 	Postgraduate or higher 	52 	22.0


 	Chronic disease 	Yes 	104 	44.1


 	No 	132 	55.9




 



3.3 Measurements

All measurements were adapted from previous studies and modified to the mHealth context as shown in Table 2. We employed seven-point Likert scales ranging from “1 = strongly disagree” to “7 = strongly agree” to measure multiple items of latent constructs. Specifically, continuous use intention was measured with three items adapted from Bhattacherjee (31). Expectation was measured with three items adapted from Lin et al. (49) and confirmation was measured with items adapted from Bhattacherjee (31). Chronic disease was measured as a dummy variable based on respondents’ yes/no answers to the question “Are you suffering from one or more chronic diseases?” Variables such as age, gender, and education were measured and collected due to control purposes. Because the respondents are Chinese, we translated all items into Chinese with back-translation.


TABLE 2 Construct measures.


	Construct
	Item
	Questions
	Related research

 

 	Continuous use intention 	CUI1 	I intend to continue using the mHealth services rather than discontinue its use. 	(31)


 	CUI2 	My intentions are to continue using the mHealth services than use any alternative means (traditional medical service).


 	CUI3 	If I could, I would like to discontinue my use of the mHealth services (reverse coded).


 	Service expectation 	SE1 	I expected the service quality of the mHealth services to be good. 	(49)


 	SE2 	I expected the service quality of the mHealth services to be stable.


 	SE3 	I expected the service quality of the mHealth services to be effective.


 	Service confirmation 	SC1 	My experience with using the mHealth services was better than what I expected. 	(31)


 	SC2 	The service level provided by the mHealth services was better than what I expected.


 	SC3 	Overall, most of my expectations from using the mHealth services were confirmed.




 




4 Results

This study aims to explore the effects of users’ expectation and confirmation of mHealth services on the change in their continuous use intention. The latent growth model approach is widely applied to examine how independent variables influence the change trajectory of dependent variables over time based on three or more longitudinal data sets (54). Thus, a latent growth model is employed for data analysis in this study. There are two latent factors involved in the latent growth model, namely intercept and slope. The intercept is a constant indicating the initial mean level of constructs measured at time T1, while the slope indicates the extent to which the mean value of the construct changes over time. In the latent growth model, the intercept and the slope were estimated as latent variables (55).

AMOS 24.0 is one of the various programs used to analyze the latent growth model and thus is employed to conduct data analysis in this study. Analyzing the latent growth involves two steps (56). The first step is to estimate the unconditional model which measures the dependent variable at three times. If the unconditional model is acceptable, the second step is conducted to estimate the conditional model, which evaluates how independent variables affect the slope of the dependent variable. Moreover, the bootstrapping approach was employed to validate moderating effects in the research model.


4.1 Unconditional latent growth model

There are two types of change trajectory in the unconditional latent growth model: one is the linear change growth (the slop loadings are labeled as 1,2,3…) and the other is non-specified cumulative growth (the first slope loading was fixed to 0 and the last was fixed to 1). To adopt the most suitable model in this study, we compared the fitness of these two models. The results showed that the non-specified cumulative growth model fit for the three stages of continuous use intention was (χ2 = 14.43, df = 2, p = 0.001, TLI = 0.505, NFI = 0.645, CFI = 0.670, and RMSEA = 0.163). In contrast, the linear model fit was (χ2 = 2.339, df = 3, p = 0.311, TLI = 0.987, NFI = 0.943, CFI = 0.991, and RMSEA = 0.027). Comparing the fit of these two models, we found that the linear growth model presented a higher-quality goodness-of-fit index and was superior to the non-specified cumulative growth model. Thus, we choose the linear change model as the latent growth model for analyzing continuous use intention in this study.

After adopting this model, we estimated the intercept (initial value) and the slope (rate of change) of continuous use intention as follows. The intercept of continuous use intention was 6.042 and statistically significant. The average of the slope of use intention was −0.273, indicating that use intention significantly decreases with a negative slope. This indicates that individuals’ intention to continue use mHealth services decreases significantly over time, supporting H1. Additionally, both the variance of intercept and of slope are significant, showing that individual differences exist in initial value and rate of change of use intention (see Table 3).


TABLE 3 Mean and variance analysis.


	Mean and variance
	Unstandardized estimate
	S.E.

 

 	Intercept mean 	6.042*** 	0.052


 	Slope mean 	−0.273*** 	0.033


 	Intercept variance 	−0.205*** 	0.065


 	Slope variance 	0.143*** 	0.034





***p < 0.001.
 



4.2 Reliability and validity analysis

A confirmative factor analysis (CFA) was conducted to assess reliability and validity of construct measurement using collected data. The reliability can be estimated by evaluating composite reliability and Cronbach’s alpha. Table 4 showed that all composite reliabilities and Cronbach’s alpha values were higher than the suggested threshold value of 0.7 (57). Thus, all constructs showed a good reliability. To test convergent validity, we applied two criteria, factor loadings and average variance extracted (AVE), as suggested by Fornell and Larcker (57). Table 4 showed that all factor loadings were significant and greater than 0.7 and all AVEs were over 0.5, suggesting a good convergent validity of all constructs. To evaluate discriminant validity, we compared the square root of AVE for a given construct and the correlation coefficients between this construct and other constructs. As shown in Table 5, for each construct, the square root of AVE was greater than the correlation coefficients, suggesting the discriminant validity is acceptable.


TABLE 4 Reliability and convergent validity.


	Variables and measurement items
	Standardized factor loading
	Cronbach’s alpha
	Composite reliability
	Average variance extracted

 

 	SE 	SE1 	0.943 	0.904 	0.940 	0.840


 	SE2 	0.874


 	SE3 	0.930


 	SC 	SC1 	0.973 	0.967 	0.978 	0.937


 	SC2 	0.960


 	SC3 	0.971


 	CUI [T1] 	CUI1[T1] 	0.919 	0.923 	0.942 	0.844


 	CUI2[T1] 	0.929


 	CUI3[T1] 	0.908


 	CUI [T2] 	CUI1[T2] 	0.956 	0.952 	0.968 	0.909


 	CUI2[T2] 	0.950


 	CUI3[T2] 	0.954


 	CUI [T3] 	CUI1[T3] 	0.825 	0.870 	0.911 	0.773


 	CUI2[T3] 	0.917


 	CUI3[T3] 	0.893





SE, service expectation; SC, service confirmation; CU, continuous use intention.
 


TABLE 5 Discriminant validity.


	Variables and measurement items
	SE
	SC
	CUI [T1]
	CUI [T2]
	CUI [T3]

 

 	SE 	0.919 	 	 	 	


 	SC 	0.114 	0.968 	 	 	


 	CUI [T1] 	0.396 	0.040 	0.919 	 	


 	CUI [T2] 	0.134 	0.519 	−0.005 	0.953 	


 	CUI [T3] 	0.122 	0.333 	0.130 	0.388 	0.879





SE, service expectation; SC, service confirmation; CU, continuous use intention.

Bold values refer to the square roots of AVE.
 



4.3 Conditional latent growth model

To test our hypotheses, we constructed a conditional latent growth model including all independent and dependent variables such as expectation, confirmation, continuance intention intercept and continuance intention slope. The unstandardized loadings of continuance intention on all intercept factors were fixed at 1.0. The unstandardized loadings on the slope factors by T1, T2, and T3 were fixed at 0, 1, and 2 to set a linear trend for the change in continuance intention. The relationship between variables is shown in Figure 2.

[image: Path diagram illustrating the relationships between service expectation, service confirmation, intercept, and slope, with coefficients and significance indicated. Age, gender, education, and chronic disease are shown as non-significant control variables. Three measurement points, T1, T2, and T3, connect to intercept and slope. Significance codes are defined: ***p less than 0.001, **p less than 0.01, *p less than 0.05, ns p greater than 0.05.]

FIGURE 2
 Model results.


First, the model fit was tested. The criteria for a good model fit includes chi-square/degrees of freedom (χ2/df) less than 5, NFI, TLI, and CFI greater than 0.9, and RMSEA less than 0.08 (58). The results showed a satisfying model fit for the indices: χ2 = 61.56, χ2/df = 1.466, NFI = 0.968, TLI = 0.980, CFI = 0.989, and RMSEA = 0.023. All fit indices satisfied the criteria.

Next, we examined how expectation and confirmation influence the intercept (initial value) and the slope (rate of change). We found that expectation positively predicted the intercept of continuance intention (β = 0.517, t = 6.702, p < 0.001) and positively related to the slope as well (β = 0.208, t = 3.642, p < 0.001), supporting H2 and H3. In terms of the effect of confirmation on the slope, the result showed a significant negative effect (β = −0.100, t = 4.785, p < 0.001), lending support to H4. We also found that expectation significantly decreased confirmation (β = −0.304, t = 3.420, p = 0.001). In terms of control variables, chronic disease was found to positively affect the intercept (β = 0.186, t = 2.169, p < 0.05) and negatively affect the slope (β = −0.187, t = −2.740, p < 0.01). Figure 2 shows the conditional latent growth model results.

To assess the moderating role of chronic disease, we manipulated a multi-group invariance test through nested model comparisons to check whether the path coefficients for the chronic disease group and those for the no chronic disease group statistically differed from each other. Parameters of the unconstrained model (M0) were freely estimated, and equality constraints were imposed, particularly for the parameters of the nested models (M1-M4). In this test, the chi-square difference between these two models should indicate whether the equality constraint holds across different groups (59). Table 6 showed the differences between the chronic disease group and no disease chronic group in the path coefficients of expectation-confirmation (p < 0.001), expectation-intercept (p < 0.05), expectation-slope (p < 0.01), and confirmation-slope (p = 0.098). Based on the results, H5-H7 were supported but H8 was not supported.


TABLE 6 Nested model comparisons.


	Model
	Path
	Coefficients of chronic disease/no chronic disease groups
	∆χ2
	∆df
	p-Value
	Hypothesis support

 

 	M0 (χ2 = 127.9, df = 72)


 	M1 	SE → SC 	−0.447 / -0.291 	12.7 	1 	0.000*** 	H5 Supported


 	M2 	SE → Intercept 	0.526 / 0.384 	6.46 	1 	0.011* 	H6 Supported


 	M3 	SE → Slope 	0.167 / 0.323 	10.81 	1 	0.001** 	H7 Supported


 	M4 	SC → Slope 	−0.102 / -0.107 	2.74 	1 	0.098 ns 	H8 Not supported





SE = service expectation, SC = service confirmation, ***p < 0.001, **p < 0.01, *p < 0.05, ns p > 0.05.
 




5 Discussion


5.1 Key findings

We examined the dynamics of users’ long-term use intentions regarding mHealth services. From the point view of ECM, we investigated the impacts of expectation and confirmation on the change in users’ intentions, as well as the role of chronic disease. A latent growth model was used to analyze longitudinal survey data, and most of the hypotheses were supported. Here are a few vital findings.

First, this study offers several insights derived from its first research objective. Through a longitudinal analysis, the research demonstrated how users’ intention to continue using mHealth services is dynamic and decreases over time with a negative slope. This result supports the notion that users’ beliefs and intentions change across time (11). While users may have high expectations of mHealth services and a high initial intention to use them, the intention is likely to decline in subsequent use. Thus, these findings seem to buttress the mechanisms observed in cognitive dissonance theory (60), which indicates that individuals’ behavior and cognition will adjust as time progresses to keep behavior and cognition in balance.

Second, in light of its second research objective, this study clarified the impacts of expectation and confirmation on the change in users’ intention to continue using mHealth services. Consistent with prior research (61), this study validates that expectation is positively related to initial continuous use intention. Additionally, the results indicate that expectation shows positive impacts on the rate of change in continuous use intention. That is to say, when users have high expectations for mHealth services, their intention to continue using decreases more quickly. Contrary to expectation, however, this study finds that confirmation is negatively related to intention change rate, indicating that for users who have high confirmation, their intention declines more slowly. These results are consistent with the mechanism of the ECM. According to a previous study, confirmation leads to higher satisfaction and relatively higher use intention (31) and thus will slow the decline in continuous use intention. However, high expectation will cause low confirmation (41), ultimately leading to a faster decline in continuous use intention.

Third, considering the third research objective, the results suggested that chronic disease plays a vital role in mHealth services use. Specifically, compared to users with no chronic disease, chronic patients have higher initial continuous intention and their continuous use intention declines more slowly. Moreover, the results indicated that expectation showed a stronger impact on initial use intention but showed a weaker impact on the rate of change in intention for users with chronic disease than for users without chronic disease. In regard to the impacts of confirmation on the rate of change in intention, no significant difference exists between the two user groups. This finding may indicate that confirmation is critical for users both with and without chronic disease. Furthermore, this study found that there is a difference between the two groups with regard to the impact of expectation on confirmation: expectation has significant negative impact on confirmation for users with chronic disease, but it has no significant impact for users with no chronic disease.



5.2 Theoretical implications

First, this study advances the understanding of continuous use, particularly in the mHealth services context, by accounting for time-based dynamics. Although plenty of extant studies have contributed to an understanding of the post-adoption and continuous use of mHealth (62), they have primarily examined the continuous use intention at one time point under the implicit assumption that this intention is static. However, since users’ experience with mHealth is dynamic, their attitude regarding the service may not be static, and continuous use intention may change during a long-term use process (34). For example, a user may initially have a high continuous intention but may then change their decision or even stop using the mHealth services after a period of time. Examining the change in continuous use intention helps us more deeply understand the sustainability of mHealth use from a whole process perspective. This study opens new theoretical views for research on the conceptualization of continuous mHealth services use. In other words, when researchers investigate the continuous use of mHealth, they are suggested to consider both users’ initial continuous intentions and the change in their subsequent intentions.

Second, this study extends the ECM to a new dynamic model through examining the effects of expectation and confirmation on continuous use dynamics. As previously mentioned, several research gaps exist in previous studies that draw upon the ECM to explain continuous use of technologies, including a failure to address the dynamic nature of continuous use intention and a joint consideration of the impacts of pre- and post-beliefs. In this regard, the current conceptualization of the ECM cannot sufficiently capture the concept of development and change in users’ intentions. Thus, we build a research model to investigate impacts of pre-use expectation and post-use confirmation on initial intention and changes of intention in multiple time windows. This research not only expands the ECM by involving changes of continuous use intention but reveals the different impacts of expectation and confirmation. Thus, this study advances in study of Bhattacherjee and Premkumar (17) and improves our understanding of ECM from a dynamic perspective. Moreover, this study also responds to the appeal of Lee et al. (11), who called for studies on the ECM to consider the dynamic nature of processes within information technology usage. The findings advocate that future research on ECM would be well served by paying more attention to both users’ pre- and post-beliefs and to the dynamics of their continuous use intentions.

Third, this study investigates the role of chronic disease in continuous use related to mHealth services, which has rarely been examined. Although prior studies have explored the moderating effect of perceived vulnerability to chronic disease on users’ beliefs and preferences regarding mHealth channels (22), none have empirically tested the role of chronic disease in long-term mHealth use. It is therefore necessary to diagnose the differences between users with chronic disease and users with no chronic disease in terms of the dynamics of their mHealth use intentions. The results of this study demonstrate that chronic disease leads to higher use intention and plays nuanced moderating roles in relationships between expectation, confirmation, and changes in use intention. These findings suggest that differences in users’ health status (e.g., chronic disease) should be studied alongside user’s beliefs on mHealth services. Furthermore, this research enriches the ECM in the mHealth context through introducing chronic disease as a contextual factor. The results support the viewpoint of Hong et al. (63), who stated that integrating contextual factors into research models is able to cause new explanations and elaborations of theoretical understanding.

Fourth, using a latent growth model, this study provides a methodological guidance for future research about the dynamics of user intentions and behaviors. Since it is well suited for measuring the dynamics of constructs, the method employed here can be used to examine longitudinal adoption and use of technologies and services. Unlike prior longitudinal studies, which investigated constructs in two time windows and analyzed them as cross-sectional without considering the time-based dynamics (64, 65), this study provides guidance for research investigating dynamics of constructs with multiple time windows and additional factors that may influence the dynamics. Furthermore, the statistical methodology inspires scholars to establish more dynamic models examining users’ beliefs and technology use, thus making a theoretical contribution to the information systems and management discipline.



5.3 Practical implications

This research shows insightful significance for practice regarding ways to increase continuous use and improve the sustainability of mHealth. First, the results indicate that mHealth service providers should recognize that mHealth use intention is not static and decreases over time. Users may show great passion for using mHealth services but lose their enthusiasm for it gradually. Given that the high dropout rate is one of the most serious threats to the sustainability of mHealth (66), mHealth service providers should invest more effort in retaining existing users in addition to attracting new ones. For example, mHealth service providers can regularly investigate users’ attitudes about the service and continually monitor their use behavior. Then, when the provider detects that a user’s continuous use intention is dropping and that the user may become inactive, they can take immediate steps to retain them, such as surveying their expectation and optimizing the service to improve their confirmation.

Second, mHealth managers should note that although high expectation leads to high initial continuous intention, it accelerates the decrease of intention in the subsequent use process. Moreover, expectation is negatively related to confirmation, while confirmation is beneficial to continuous use. Thus, managers may want to strike a balance between building up users’ expectations and forming confirmation. Especially in the advertising phase, setting very high expectations of mHealth services is not the best option. We recommend that mHealth managers shape users’ expectations appropriately at the initial stage and then subsequently pay closer attention to improving users’ confirmation. For instance, mHealth developers can update mHealth applications, provide some new functions, and optimize the interface to improve user experience and the users’ confirmation of the expected performance.

Third, mHealth service providers and designers should consider individual differences in the process of providing services. Results in this study indicate that individuals with chronic disease and those with no chronic disease engage differently with mHealth services in the long term. Specifically, users with no chronic disease are prone to cut back on the service, especially when their initial expectations are high. Given that the mHealth industry is shifting from health management to health enhancement, this study suggests mHealth service providers and designers to provide personalized services for different users. For example, specific artifact designs and retention strategies can be aligned with individual differences.



5.4 Limitations and future research

We acknowledge that there are some limitations to be addressed in future research. First, the data were collected from users of a single mHealth platform in China. Since people living in different cultural contexts may have different experiences of and beliefs about mHealth services, the generalizability of this study’s findings for other populations remains to be explored in the future. Second, since the study mainly focused on the impacts of pre-adoption belief (e.g., expectation) and post-adoption belief (e.g., confirmation), only the direct effects of these two factors and the moderating role of chronic disease were examined. Future research could incorporate more elements; for instance, it could investigate other contextual factors in the research model. Third, this study was conducted in three time-windows and confirmation was examined in the second time window. We admit that there is a possibility that confirmation will change across time and we failed to identify the change. Future research could try to increase the number of data collection time-windows (at least four times) to measure the change of confirmation during this longer process. Finally, we examined users’ intention to continue using mHealth services rather than actual use behaviors, which could be the target of future investigation.




6 Conclusion

This study investigates the dynamics of continuous use of mHealth services. Building a latent growth model with a longitudinal analysis, this study identifies the change trajectory of users’ continuous use intention. Moreover, drawing upon the ECM, this study examines the impacts of expectation and confirmation on changes in continuous use. The results indicate that expectation is positively related to both initial use and the long-term changes in use, while confirmation is negatively related to changes in use. The analysis also shows that there are individual differences in the dynamics of continuous use as well as in the relationships between expectation, confirmation, and changes in use. The findings theoretically contribute to understanding the dynamic aspect of users’ continuous use of mHealth services and expanding the ECM through introducing chronic disease as a moderator. This study also provides guidance for practitioners, suggesting that they should pay more attention to retaining current mHealth services users and developing strategies to facilitate their continuous use.
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Background: Diabetic retinopathy (DR) is a leading cause of vision loss among working-age adults, and enhancing public health literacy through effective education is crucial for its prevention and management. With the rise of mobile internet and short video platforms such as TikTok, new opportunities have emerged for disseminating medical knowledge. However, concerns remain regarding the accuracy and quality of this content.
Methods: A cross-sectional search was conducted on September 18, 2025. A total of 200 Mandarin-language TikTok videos directly relevant to DR were included after screening. Baseline characteristics, uploader type, and user engagement metrics were extracted. Video quality was assessed independently by two trained reviewers using the DISCERN tool and the Patient Education Materials Assessment Tool for Audiovisual Materials (PEMAT-A/V). Content coverage was evaluated against the American Academy of Ophthalmology (AAO) Preferred Practice Pattern®. Inter-rater reliability was measured by intraclass correlation coefficients (ICCs). Group comparisons and correlation analyses were performed.
Results: Significant differences were observed in quality scores across uploader categories (one-way ANOVA, p < 0.001). Non-profit organizations achieved the highest DISCERN scores (59.4 ± 8.2) and PEMAT-A/V understandability (88.5%), while for-profit accounts had the lowest DISCERN scores (23.0 ± 6.5; understandability 61.5%). Videos from non-profit sources also demonstrated balanced coverage across six core DR themes (14–20% per theme). Inter-rater reliability was excellent for all tools (ICC range 0.825–0.933). Engagement metrics were strongly correlated with DISCERN scores (likes r = 0.76, comments r = 0.64, favorites r = 0.73, shares r = 0.71; all p < 0.05), whereas video duration showed no significant correlation with quality (p > 0.05).
Conclusion: The quality of DR-related educational short videos on TikTok varies widely, with the source of the video emerging as the key determinant. High-quality content from non-profit organizations and medical professional users not only demonstrates greater reliability but also fosters comprehensive health education. Strengthening professional participation, platform regulation, and evidence-informed communication strategies is essential to maximize the potential of short videos in DR health education and ultimately improve patient outcomes.
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1 Introduction

Diabetic Retinopathy (DR), a principal microvascular complication of diabetes, represents the foremost cause of irreversible blindness in working-age adults globally (1, 2). As the global prevalence of diabetes continues to climb, the incidence and morbidity of DR have correspondingly increased, creating a substantial public health and socioeconomic burden (3–5). Nevertheless, the progression of DR can be significantly delayed or prevented through early screening, prompt intervention, and tight control of both glycemic and blood pressure levels (6–8). Therefore, it is imperative that both patients and the general public possess adequate awareness and health literacy concerning DR. Consequently, the provision of high-quality, comprehensible, and readily accessible public health education is of paramount importance for the prevention and control of DR.

With the recent and rapid advancement of mobile internet technologies, short videos, such as those on YouTube and TikTok have emerged as the most rapidly expanding medium for information dissemination (9–13). short videos hold prominent advantages over traditional formats such as text with images or long-form videos, characterized by their rapid dissemination, extensive reach, bite-sized content, and engaging visual presentation. This medium has substantially reduced the threshold for obtaining health information (14, 15), establishing itself as a crucial new avenue for the public to gain medical knowledge on topics including DR (16–18). Moreover, physicians and healthcare organizations have progressively leveraged these platforms for science popularization to enhance public health consciousness (19).

Despite the great potential of short videos in education (20), the quality, accuracy, and reliability of their content face severe challenges (10, 21). Due to the lack of strict content review mechanisms, these platforms are inundated with a large volume of short videos produced by non-professionals or for commercial marketing purposes (22). This content may contain misleading information, inaccurate diagnostic and treatment advice, or even erroneous health concepts (23–25), which, for DR patients and their families who need to follow long-term and precise management plans, could lead to anxiety, delayed medical consultation, or the adoption of improper treatments, ultimately endangering their vision.

However, to date, there have been no systematic and objective quality assessment studies on health education content about the specific and important disease of DR on mainstream short video platforms. This study aims to use a cross-sectional design to systematically retrieve and evaluate the information quality and reliability of education short videos about DR on current mainstream short video platforms.



2 Materials and methods


2.1 Search strategy and video selection

On September 18, 2025, to minimize interference from personalized recommendation algorithms, we cleared the browser history and cookies before the search. We entered the keyword “diabetic retinopathy” (糖尿病视网膜病变) into TikTok (the mainland China version). In accordance with previous research practices and to ensure a representative sample, the top 210 videos sorted by the platform’s default ranking were selected for screening. The resulting videos were then assessed for eligibility against predefined inclusion criteria by two researchers, with those directly relevant to DR being included for final analysis (Figure 1).


	• Inclusion criteria: Videos were included if they described any of the following aspects of DR: definition, classification, symptoms, risk factors, diagnostic, treatment, management, or prognosis.

	• Exclusion criteria: Videos were excluded if they were duplicates, unrelated to DR education, not in Mandarin Chinese, silent, or not targeted at a patient audience.

	• Screening process: Two researchers independently assessed each video for eligibility. Any disagreements were resolved through discussion or, if necessary, by a third researcher to reach a consensus.



[image: Flowchart illustrating the selection and review process for TikTok videos on diabetic retinopathy as of September eighteenth, two thousand twenty-five, showing initial keyword search, filtering top two hundred ten videos, inclusion and exclusion criteria, independent review by two researchers, and subsequent statistical analysis.]

FIGURE 1
 Study flow diagram.




2.2 Baseline data extraction

Two trained researchers independently and systematically extracted baseline characteristics from each included video and recorded the data in a pre-designed, structured spreadsheet. Extracted variables included the unique video identifier (URL), upload date, uploader source, video duration, account registration country and region, and video title. User engagement metrics were also recorded, including the number of likes, comments, favorites, and shares. All information was manually extracted from publicly available TikTok webpages. Only aggregated, non-identifiable data (e.g., counts of likes, comments, favorites, and shares) were recorded; no personal identifiers or user-level data were collected or stored. The study procedures were conducted in compliance with TikTok’s Terms of Service and Privacy Policy, and the analysis was limited to publicly accessible, de-identified data.

Based on the uploader’s account name and verification status, videos were categorized into four groups: Medical professional users (ophthalmologists or other healthcare professionals). Non-medical users (general public and patients). For-profit organizations (e.g., corporations, commercial media). Non-profit organizations (e.g., healthcare institutions, news agencies). This classification was based on the account’s verification information and profile description.



2.3 Video assessment

To ensure the scientific validity of the evaluation, this study used the Diabetic Retinopathy Preferred Practice Pattern® published by the American Academy of Ophthalmology (AAO) as the standard for content assessment (26). The videos were analyzed based on two dimensions: information coverage and quality. Two researchers with backgrounds in DR research first jointly reviewed the top 10 ranked videos to familiarize themselves with the framework and standardize their understanding, after which they independently conducted the formal assessment for all included videos. Content completeness was assessed using a framework adapted from Goobie et al. (27) for evaluating educational videos, which covered six core aspects: DR definition, DR classification, DR symptoms, DR risk factors, DR diagnostic methods, DR treatment and management.

Video quality was assessed using two validated tools: The DISCERN tool (16 items, divided into reliability, treatment information, and overall quality) (28, 29); The Patient Education Materials Assessment Tool for Audiovisual Materials (PEMAT-A/V) (17 items, divided into understandability and actionability), which was scored as “agree,” “disagree,” or “not applicable” (11, 30). Two assessors independently scored all videos. Before scoring, they received standardized training and referred to the latest AAO guidelines to ensure consistency. The average of the two assessors’ scores was used for the final statistical analysis, and the intraclass correlation coefficient (ICC) was calculated.



2.4 Statistical analysis

Statistical analyses were performed using IBM SPSS Statistics for Windows, Version 27.0 (IBM Corp., Armonk, NY, USA). The Shapiro–Wilk test was used to evaluate the normality of continuous variables. Normally distributed continuous variables were expressed as mean ± standard deviation (SD), whereas non-normally distributed variables were presented as median and interquartile range (IQR). Categorical data are presented as counts and percentages (n, %). Inter-rater reliability between the two reviewers was evaluated using the ICC. Differences in quality scores across uploader categories were first analyzed using ANOVA. When the assumption of homogeneity of variances was violated, Welch’s ANOVA or the Kruskal–Wallis test was applied, as appropriate. Whenever an omnibus test was statistically significant, pairwise post hoc comparisons between uploader groups were conducted using Bonferroni-adjusted significance levels to control for type I error (for parametric tests) or Dunn’s post hoc test with Bonferroni correction (for non-parametric data). Pearson’s correlation coefficient was used to assess the relationship between video characteristics and quality scores for normally distributed variables, whereas Spearman’s rank correlation coefficient was used for non-normally distributed variables. A two-tailed p value < 0.05 after adjustment for multiple comparisons was considered statistically significant for all analyses.




3 Results


3.1 Analysis of basic video parameters

A total of 210 TikTok videos were initially identified using the keyword “diabetic retinopathy.” After excluding 10 videos that did not meet the inclusion criteria (4 duplicates, 2 videos unrelated to DR education, 3 non-Mandarin videos, and 1 silent video without narration), 200 DR-related educational short videos were included in the final analysis. All included videos were verified by the platform. The majority of these videos were uploaded by medical users (174/200, 87.0%), followed by non-profit organizations (10/200, 5.0%). Non-medical users and for-profit organizations each accounted for the fewest videos (8/200, 4.0% each). Across all videos, the median numbers of likes, comments, favorites, and shares were 274.0, 15.0, 87.0, and 52.0, respectively, and the median duration was 70.5 s. Overall, there were significant differences in user engagement based on the uploader type, with videos from non-profit organizations and medical users showing higher engagement metrics (see Table 1 for details).


TABLE 1 Basic parameters of videos.


	Video parameters
	Individual user
	Organizational user
	Overall



	Medical (n = 174)
	Non-medical (n = 8)
	For-profit (n = 8)
	Non-profit (n = 10)

 

 	Likes 	304.50 (106.25, 855.00) 	18.50 (14.25, 31.50) 	17.00 ± 6.48 	18,000.00 (10,680.25, 59,250.00) 	274.00 (87.25, 906.50)


 	Comments 	16.00 (8, 50.25.00) 	3.5 (1.25, 12.00) 	1.38 ± 0.92 	633.00 (345.75, 3,882.50) 	15.00 (7.00, 54.75)


 	Favorites 	100.00 (36.00, 258.25) 	5.75 ± 4.30 	2.75 ± 2.32 	5,292.50 (3,135.00, 17,000.00) 	87.00 (26.25, 300.25)


 	Shares 	57.50 (16.75, 213.00) 	3.50 ± 2.83 	4.75 ± 3.85 	6,215.50 (1,726.00, 29,000.00) 	52.00 (12.25, 232.75)


 	Times 	71.00 (47.00, 123.00) 	80.25 ± 35.78 	48.25 ± 15.92 	121.50 (51.50, 218.00) 	70.50 (47.00, 122.50)




 



3.2 Video quality analysis

The inter-rater agreement was high for video reliability (ICC = 0.886), treatment choice (ICC = 0.933), DISCERN tool scores (ICC = 0.871), overall quality score (ICC = 0.879), understandability (ICC = 0.839), and actionability (ICC = 0.825) (all p < 0.001). In the subgroup analysis, which assessed video quality by uploader source, the results showed significant differences among user types across all quality assessment dimensions (p < 0.001) (Table 2). For video reliability, DISCERN tool scores, and overall quality score, videos from non-profit organizations scored the highest (32.20, 59.40, and 4.00, respectively), followed by those from medical users (25.00, 48.00, and 3.00, respectively). Videos from for-profit organizations had the lowest scores on these metrics (12.00, 23.00, and 1.00, respectively), See Table 2 and Figures 2A–D for details. A similar trend was observed in the assessment using the PEMAT-A/V tool. Videos from non-profit organizations had the highest understandability scores (88.46%), closely followed by those from medical users (84.62%). In terms of actionability, videos from medical users and non-profit organizations tied for the highest score (both 75.00%), whereas videos from for-profit organizations scored significantly lower (33.33%) (Table 2 and Figures 2E,F).


TABLE 2 Scores by different video sources.


	Variables
	Individual users
	Organization users
	p Value



	Medical (n = 174)
	Non-medical (n = 8)
	For-profit (n = 8)
	Non-profit (n = 10)

 

 	Videos reliability (n = 200) 	25.00 (24.00, 27.00) 	17.63 ± 1.77 	12.00 ± 0.71 	32.20 ± 2.04 	<0.001


 	Treatment choice (n = 200) 	20.00 (19.00, 21.00) 	13.00 (13.00, 13.75) 	11.40 ± 0.89 	23.20 ± 2.20 	<0.001


 	DISCERN tool scores (n = 200) 	48.00 (47.00, 50.00) 	32.38 ± 2.13 	23.00 (21.50, 25.00) 	59.40 ± 1.90 	<0.001


 	Overall quality score (n = 200) 	3.00 (2.00, 4.00) 	1.50 (1.00, 2.00) 	1.00 (1.00, 2.00) 	4.00 ± 0.67 	<0.001


 	PEMAT-A/V understandability (%) 	84.62 (76.92, 92.31) 	70.19 ± 12.63 	58.65 ± 16.41 	88.46 ± 6.54 	<0.001


 	PEMAT-A/V actionability (%) 	75.00 (66.67, 75.00) 	61.46 ± 15.39 	33.33 (27.08, 45.83) 	75.00 (75.00, 100.00) 	<0.001




 

[image: Six bar charts labeled A to F compare the range or range percentage for four categories—medical, non-medical, non-profit, and for-profit—displaying orange, green, purple, and yellow bars, respectively. Each chart includes statistical significance indicators such as asterisks and p-values above the bars, highlighting differences between groups. Error bars are present on each bar, and annotations below indicate that p-values less than 0.001 are considered significant.]

FIGURE 2
 Intergroup comparison among four different video source users. (A) Reliability score. (B) Treatment choice score. (C) Overall quality score. (D) DISCERN tool score. (E) Understandability score. (F) Actionability score.


As shown in Figure 3, clear differences were observed in the proportional distribution of scores across uploader groups. Regarding Reliability, the Non-profit and Medical groups accounted for 32.5 and 25.6% of the total, respectively, whereas the Non-medical and For-profit groups contributed only 17.8 and 12.1%. For Treatment choice, the Non-profit and Medical groups contributed 30.0 and 26.1%, compared with only 17.1 and 14.8% for the Non-medical and For-profit groups. For Understandability, the Non-profit and Medical groups accounted for 26.0 and 24.1%, whereas the Non-medical and For-profit groups accounted for 20.6 and 17.2%. For Actionability, the Non-profit and Medical groups contributed 28.5 and 25.7%, while the Non-medical and For-profit groups contributed only 21.5 and 12.4%. Across all four dimensions, Non-profit and Medical uploaders consistently accounted for a larger proportion of the quality scores, whereas Non-medical and For-profit uploaders lagged behind.

[image: Doughnut chart with four colored rings shows proportion of medical, non-medical, non-profit, and for-profit sources for actionability, understandability, treatment choice, and reliability. Percentages for each category are labeled on the outer arcs.]

FIGURE 3
 Comparison of the quality of the videos from four sources.




3.3 Video content analysis

There were significant differences in the content theme distribution strategies among the different video sources. Specifically, the content strategies of medical professional users, non-medical users, and for-profit organizations were similar, with all three groups tending to prioritize practical topics. In content from medical professional users, “Management” (28.4%) and “Symptom” (24.8%) were the main components, whereas content from non-medical and for-profit sources was more focused, with the “Management” theme accounting for over 35% for both groups. In contrast, content from non-profit sources had the most balanced distribution, with coverage rates for the six themes all falling between 14 and 20%, indicating a more comprehensive educational strategy. In summary, videos from medical professional users, non-medical users, and for-profit organizations prioritized practical topics like “Management” and “Symptom,” while content from non-profit sources was more comprehensive and balanced across all basic knowledge themes (Figure 4).

[image: Stacked horizontal bar chart comparing six categories—Definition, Classification, Symptom, Risk Factors, Diagnosis, and Management—across four sectors: Medical, Non-medical, Non-profit, and For-profit. Medical dominates each category, with smaller contributions from the other sectors, especially in Symptom and Management. Color-coded legend included.]

FIGURE 4
 Videos from different sources cover various aspects of DR.




3.4 Correlation analysis

Correlation analysis revealed significant positive correlations among the engagement metrics for DR-related videos on TikTok. Specifically, the number of likes was strongly and positively correlated with the number of comments (r = 0.83, p < 0.05), favorites (r = 0.94, p < 0.05), and shares (r = 0.89, p < 0.05). video duration showed a weak positive correlation with all engagement metrics (r = 0.32–0.39, p < 0.05). Among the medical information quality metrics, video reliability was moderately and positively correlated with the number of likes (r = 0.60, p < 0.05), comments (r = 0.45, p < 0.05), favorites (r = 0.57, p < 0.05), and shares (r = 0.52, p < 0.05), but it showed no significant correlation with video duration. The overall quality score, understandability, and actionability were all weakly and positively correlated with video engagement metrics (p < 0.05). The DISCERN tool score was strongly and positively correlated with the number of likes (r = 0.76, p < 0.05), comments (r = 0.64, p < 0.05), favorites (r = 0.73, p < 0.05), and shares (r = 0.71, p < 0.05), but had no significant correlation with video duration (Figure 5).

[image: Two correlation matrices, labeled A and B, display relationships among variables such as reliability, treatment choice, overall quality score, DISCERN tool scores, PEMAT-A/V understandability and actionability, likes, comments, favorites, shares, and video duration. Color intensity and oval shapes indicate correlation strength and direction, with a color scale ranging from blue (-1.0) to red (1.0) on the right. Numerical values are present in matrix B, while matrix A includes asterisks to denote statistical significance (P < 0.05). Variables appear on both axes for clarity.]

FIGURE 5
 Correlation matrix illustrating the relationships between video quality assessment scores and user engagement metrics. (A) Visualization of the correlation coefficients. The color intensity and the shape of the ellipses represent the strength of the correlation; red indicates a positive correlation. Asterisks (*) denote a statistically significant correlation (p < 0.05). (B) Detailed matrix showing the specific correlation coefficients (r-values) in the upper triangle and the corresponding visual representation in the lower triangle.





4 Discussion

To the best of our knowledge, this is the first study to systematically assess the quality and reliability of educational short video content concerning DR on the TikTok platform. The results indicate that although DR-related educational short videos are active in terms of user engagement and dissemination, their overall quality varies significantly. Notably, videos published by for-profit accounts generally had low information accuracy and educational value. In contrast, videos from non-profit organizations and medical professional users scored higher in terms of reliability, understandability, and actionability, demonstrating greater potential for health education.

Kong et al. (31) noted in their study of diabetes-related videos on TikTok that videos uploaded by non-profit organizations performed best on the DISCERN score, while those from commercial organizations scored the lowest. Analogously, the analysis by Wu et al. (32) of videos concerning hypertension and diabetes treatment on WeChat and TikTok revealed that the majority of videos were of low quality and did not satisfy established standards, indicating a pressing need to enhance the scientific rigor of medical information, even on platforms with vast numbers of users. The existing literature widely agrees that social media and short video platforms have great potential for disseminating medical and health information (33), but the quality of their content is inconsistent. In particular, videos produced by non-medical users or commercial accounts often contain one-sided or even erroneous information that may mislead patients (34). A similar trend was observed in a study on educational short videos about dry eye disease (35): although the videos had high understandability, their actionability was insufficient, and the coverage of basic knowledge was incomplete.

The findings of the present study align with the conclusions of previous research. We observed that videos concerning DR that were uploaded by non-profit organizations were superior to those from other sources in several aspects; they not only received the highest scores on both the DISCERN and PEMAT-A/V tools but also provided more thorough content coverage. In contrast to content from medical or commercial sources that frequently concentrated on pragmatic subjects like “management” and “symptoms,” non-profit organizations showed a greater tendency to systematically address the six crucial themes of DR, including its definition, classification, symptoms, risk factors, diagnosis, and management. Such a holistic and well-rounded educational approach is capable of balancing scientific rigor with effective dissemination, which aids in building a complete conceptual understanding of the disease for patients and consequently holds greater value in enhancing health literacy.

This study further revealed a moderate-to-strong positive correlation between user engagement indicators (e.g., likes, comments, favorites, shares) and information quality scores, which indicates that higher-quality content is more readily endorsed and shared by users (36). This result implies that the audience has some capacity for discernment; however, the extent of a video’s dissemination is likely still heavily influenced by its visibility and the platform’s algorithms (37). It is noteworthy that video duration were not significantly correlated with quality, indicating that the scientific rigor and the method of presentation are more crucial factors than duration alone. Consequently, for both platform promotion efforts and the health education practices of physicians, it is essential to focus on organically combining scientifically rigorous content with effective communication strategies (38, 39).

Notably, DR is a chronic, progressive microvascular complication of diabetes that requires life-long management and, in many cases, multidisciplinary care (40). Because early and even sight-threatening stages may be asymptomatic, patients are often unaware of the need for regular ocular screening and tight systemic control until irreversible damage has occurred (41). High-quality DR-related educational short videos should therefore do more than simply list symptoms or provide brief “management tips.” They should clearly explain what DR is and how it progresses, highlight key systemic and ocular risk factors, emphasize the importance of regular dilated fundus examinations and timely referral, and offer balanced information on evidence-based treatment options such as laser photocoagulation, intravitreal anti-VEGF therapy, and vitrectomy, together with realistic expectations regarding visual outcomes and the need for long-term follow-up (42, 43). In our sample, however, videos from medical, non-medical, and for-profit users tended to prioritize practical themes such as “management” and “symptoms,” whereas risk-factor education, screening recommendations, and long-term prognosis were relatively underrepresented (44). This pattern suggests substantial room for improvement in the completeness of DR-related health education on TikTok. From a communication perspective, it is equally important how these core messages are presented. Effective DR popular-science videos should use plain, patient-centered language, avoid excessive jargon, and employ intuitive visual aids—such as simple diagrams, fundus photographs, or animations—to illustrate retinal damage and treatment procedures in a way that is accessible to viewers with varying levels of health literacy. Information can be structured in a clear sequence, end with a specific call-to-action encouraging people with diabetes to undergo regular eye examinations, and explicitly remind viewers that online content cannot replace professional medical consultation. At the same time, creators should refrain from sensational titles, exaggerated promises of “cure,” or promotion of unproven remedies (45, 46), and should transparently disclose any commercial intent or sponsorship. Taken together, our findings imply that partnering with non-profit organizations and professional bodies to produce and promote videos that meet these content and presentation criteria may be a practical strategy to improve the quality and public-health impact of DR-related educational short videos on TikTok (47).

The present study is subject to certain limitations. First, our analysis was restricted to Mandarin-language DR videos on TikTok and relied on a single disease-specific keyword (Diabetic Retinopathy) for video retrieval. Although this term is the standard clinical designation used in Chinese guidelines and patient-education materials, this keyword-based strategy may have failed to capture videos that discussed DR using alternative lay expressions or more generic phrases related to diabetic eye disease. Moreover, TikTok is currently one of the most widely used short-video platforms in mainland China but represents only a portion of the broader Chinese short-video ecosystem; other popular platforms, such as Xiaohongshu and WeChat video channels, also host DR-related educational content, and the quality, framing, and user reach of the videos posted there may differ from those observed on TikTok. Our findings should therefore be interpreted as platform- and keyword-specific and may not be directly generalizable to other platforms or non-Mandarin language settings. Second, the cross-sectional design of this study captures video quality at only one specific time point. Given the extremely fast pace of content renewal and algorithm-driven content distribution on short-video platforms, both the visibility and composition of DR-related videos may change rapidly over time, and the applicability of our results is consequently constrained by their temporal nature. Furthermore, while internationally validated instruments such as DISCERN and PEMAT-A/V were employed to evaluate video quality, the effectiveness of health communication is also shaped by numerous audience-related factors, including educational attainment, media literacy, and cultural context. These audience-level variables were not incorporated into the present analysis and may modify how information of similar “objective” quality is actually perceived and acted upon. Subsequent studies could integrate user surveys and experimental designs to assess how various demographic groups comprehend, trust, and are behaviorally influenced by health-related short videos. Such work would provide a more nuanced and robust evidence base for developing an evidence-informed framework to guide the design and dissemination of DR-related public health communication on short-video platforms.



5 Conclusion

In conclusion, this study demonstrates that there is considerable variation in the overall quality of educational short videos about DR on the TikTok platform, and the source of the video is a key factor influencing its quality. Videos produced by non-profit organizations and medical professional users are of significantly higher quality than those from for-profit accounts and general users. In the future, promoting the standardized and scientific application of short videos in DR health education will require enhancing the participation of professionals, improving platform content review and regulatory mechanisms, and optimizing video content formats and presentation strategies, combined with long-term follow-up and effectiveness evaluation studies, to better improve patient health literacy and benefit public health.
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Introduction: Fever in children is typically not an indication of severe illness; however, parental anxiety remains high. Recently, factors such as declining birth rates and the COVID-19 pandemic have influenced parental health awareness and behavior. This study aimed to evaluate the concerns and knowledge about fever among parents whose children visited the emergency department in 2017 and 2024, and to evaluate the changes over the 7 years and the association with the download of the smartphone app “Oshiete! Doctor,” which provides child healthcare information.
Methods: These repeated cross-sectional surveys were conducted at the Holiday Pediatric Medical Center in Saku in 2017 and 2024. A questionnaire was administered to caregivers of children aged ≤8 years to assess their anxiety about fever (brain damage, seizures, and dehydration) and knowledge (need for antibiotics for fever, body temperature as a criterion for consultation, and the criteria for attending daycare). The awareness and utilization of the application were also investigated. Data from 2017 and 2024 were compared using the chi-square and t-tests.
Results: A comparison between the 2017 survey (n = 224) and the 2024 survey (n = 261) revealed a significant increase in concerns about brain damage and seizures in response to fever (+14.4% and +14.9%, respectively). In contrast, substantial improvements were observed in the recognition of the necessity of antibiotics for fever, the recognition of body temperature as a criterion for consultation, and the criteria for attending daycare. When participants were stratified according to the application download status, anxiety levels increased in both groups; however, the magnitude of increase was slightly smaller in the download group. Nevertheless, statistical significance was not confirmed in the multivariable analysis.
Discussion: Over the past 7 years, an increase in parents’ knowledge of fever and an escalation in their anxiety were observed. However, the dissemination of the application alone did not demonstrate an effect strong enough to offset the overall increase in societal anxiety. Future studies may be able to more clearly verify a suppressive effect on this increase by using more refined exposure measurements based on behavioral indicators, such as actual frequency of use, including by expanding the sample size.
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Introduction

Although fever in children rarely indicates severe illness, parental anxiety about fever is high (1). Parents often consulted a doctor when their child had a fever (2). Approximately two-thirds of parents typically visit a medical facility within the first 12 h after their child develops a fever (3). This strong anxiety about fever has been widely known since it was defined as “fever phobia” by Schmitt et al. in the 1980s (4). Fever phobia is characterized by parental anxiety and exaggerated, unrealistic misconceptions about fever, including concerns about brain damage, impaired consciousness, and hearing loss (5). Despite years of education, many parents still have misconceptions about fever.

In recent years, following the declining birth rates and the COVID-19 pandemic, parental awareness of health has changed. During the COVID-19 pandemic, a significant amount of medical information was disseminated; however, this did not necessarily result in effective health behaviors. Ishikawa et al. reported that health literacy declined during the pandemic (6). Given this context, awareness and behaviors associated with fever may also have changed. Kupcova et al. reported that anxiety worsened during the pandemic, particularly among women and young adults (7). During the pandemic, many public health institutions recommended treating fever with acetaminophen or ibuprofen (8). However, this may have resulted in a heightened sensitivity to fever and exacerbated anxiety related to fever. However, to our knowledge, no previous studies have examined the changes in fever-related anxiety or the behavior of parents before and after the pandemic.

To reduce parental anxiety, it is necessary to provide accurate knowledge and guidance on fever management. Parents seek more accessible and consistent information regarding fever management (9). Providing parents with appropriate health information about their children can increase their knowledge and decrease anxiety. Previous randomized controlled trials have reported that educational interventions, such as informational leaflets, significantly improved parents’ knowledge regarding fever, including its definition (temperature above 38 °C) and appropriate management strategies (10). Furthermore, a Randomized control trial showed that video tutorials guided managing common childhood symptoms and deciding when to seek medical help, significantly and safely increasing parents’ self-efficacy when used by people calling out-of-hour medical helplines (11). Recently, research on digital health has also been conducted. For example, FeverApp, an app that provides fever management protocols for parents in Germany, has been introduced. Beerenbrock et al. emphasize that structured guidance based on this app has the potential to reduce parents’ concerns about fever (12). Conversely, there is limited evidence on evaluating the effectiveness of such apps.

In 2015, a parent education initiative, “Oshiete! Doctor” (“Teach Me, Doctor”), was launched in Saku City, Nagano Prefecture, and a mobile application was developed to provide health information aimed at reducing parents’ anxiety. The application was designed to be free of charge and user-friendly, with a simple interface to facilitate ease of use and provide reassurance to parents during emergencies.

In 2022, this study surveyed to investigate the association between application use and parental health literacy (13). This study suggests that if parents have lower health literacy, they are less likely to use the app and may not be able to obtain sufficient benefits. Many questions remain regarding how providing information through applications can help reduce parental anxiety.

This study aimed to evaluate the fever-related anxiety and knowledge among parents of infants and young children who visited the emergency department with fever as the primary complaint in 2024, and to analyze the changes over the 7 year period by comparing the data with that from a similar survey conducted in 2017. Furthermore, this study evaluated the association between fever-related anxiety and behaviors and the download of mobile applications.



Materials and methods


Study participants and data collection

These repeated cross-sectional surveys were conducted at the Holiday Pediatric Medical Center in Saku City, Nagano Prefecture, in 2017 and 2023. The center is the only medical institution responsible for morning holiday outpatient services (no ambulances accepted) in the Saku region, which has a target population of 230,000. The survey period was from October 1, 2017, to January 30, 2018, and from December 20, 2024, to March 31, 2024. The study targeted guardians of children aged ≤8 years who visited the center during these periods, with 229 participants in the first period and 425 in the second period. The parents received an explanation of the survey from the nurses and participated in the survey with their consent. Participants who selected “agree to participate” in the questionnaire were regarded as having consented to the study. The questionnaire was collected by the nursing staff after consultation (Supplementary File S1). Respondents were excluded if they were not a child’s mother or father, did not own a smartphone, or visited the center more than once during the study period. The total number of respondents in the 2017 survey was 224 (224/229; response rate 98%). All of these respondents were individuals who had visited the medical facility because their child presented with fever symptoms. In the 2024 survey, the number of respondents was 386 (386/425; response rate 91%). Among these, 261 respondents who visited the medical facility due to their child’s fever symptoms were included as the study participants. This study was approved by the Ethics Review Committee of the Saku Central Hospital (Approval Number: R202310-05).



Overview of the application

The “Oshiete! Doctor” application was launched in 2016 and is offered free of charge, with support from Saku City, to improve guardians’ childcare skills. The application provides information on seven topics: guidelines for seeking medical care for sick children, explanations of childhood illnesses, vaccination information, details of childcare support organizations, and disaster preparedness for children (See Supplementary File S2). This app has a section on fever management, which provides guidelines on how to determine whether to seek medical consultation and knowledge about home care for fever.



Survey questions


Concerns about fever

Concerns about fever were assessed by asking whether participants agreed with the following three statements based on previous studies (2) (14): “Brain damage may occur,” “Convulsions may occur,” and “Dehydration may occur.” Responses were categorized as “concerned” if participants selected “strongly agree” or “somewhat agree” and as “not concerned” if they selected “somewhat disagree” or “strongly disagree.”



Knowledge about fever

Knowledge about fever was assessed using the following statement: “Antibiotics are necessary for the treatment.” “Body temperature serves as a criterion for seeking medical attention,” and “If there was no fever the previous day and the child is afebrile in the morning, they can attend school.” Responses regarding antibiotic necessity were categorized as “Necessary” if participants selected “Strongly agree” or “Somewhat agree” and as “Not necessary” if they selected “Somewhat disagree” or “Strongly disagree.” Responses regarding body temperature as a criterion for seeking medical attention were categorized as “Serves as a criterion” or “Does not serve as a criterion.” Responses regarding school attendance were classified as “Can attend school” or “Cannot attend school” after excluding the “Cannot decide” response. These questions were selected based on the following clinical facts: “Most cases of fever in children are viral infections and do not require antibiotics” (15); “The judgment to consult a doctor for a child should be based on an evaluation of the child’s overall condition and cannot be made based on body temperature alone” (16); and “It is not uncommon for children to have no fever in the morning and then develop a fever in the afternoon” (17). Although a scale to assess parents’ fever management practices has been developed overseas (18), it had not been validated in Japanese at the time of this study. Therefore, instead of that scale, this study employed these three questions commonly used to advise patients with fever in pediatric clinical practice.



Recognition and download of the “Oshiete! Doctor” application

The participants were asked about their recognition and download of the application. In the present study, only the download status was available; therefore, it was used as a surrogate measure for actual app use. Responses were categorized as “not downloaded” if they selected “do not know the application” or “know the application but have not downloaded it,” and as “downloaded” if they selected “have downloaded it.”



Socio-demographic data

The analysis included the respondent’s relationship with the child, age group, the child’s age and sex, and birth order. Respondent-child relationships were categorized as either “Father” or “Mother.” Age groups were classified into four categories: 20s, 30s, 40s, 50s, or older. Birth order was categorized as either “first child” or “second child and later.”



Data analysis and statistics

Continuous variables are summarized using descriptive statistics (mean and standard deviation or median and quartiles), and categorical variables are expressed as frequencies and percentages. Socio-demographic characteristics, application recognition and usage, knowledge and attitudes toward fever, and related behaviors were compared between the 2017 and 2024 surveys using chi-square or t-tests. This study also constructed a multivariable logistic regression model in which the survey year (2017 vs. 2024), application download status (no vs. yes), and their interaction (year × app) were the main explanatory variables, adjusted for the child’s age, birth order, and the parent’s age group. With regard to the handling of missing values, a complete-case analysis was conducted.

Data analysis was performed using the Stata 17 software (StataCorp LP, College Station, Texas, United States).





Results

In the 2017 survey, 224 out of 229 parents responded to the questionnaire (response rate of 98%). All of their children presented with fever. In the 2024 survey, 386 of the 425 parents responded (response rate of 91%). Of these respondents, 261 were parents of children with fever. Table 1 presents the respondents’ background characteristics. The proportion of fathers among respondents showed a slight increase from 19.6% in 2017 to 24.1% in 2024; however, this difference was not statistically significant. The most common age group among parents in both surveys was the ≥30s. However, the proportion of parents in this age group decreased from 66.1% in 2017 to 51% in 2024, whereas the proportion in other age groups increased. No significant differences were observed in the age and sex of the children or the proportion of first-born children between 2017 and 2024.


TABLE 1 Background characteristics of parents and children and awareness and utilization of the application.


	Characteristics
	2017
 n = 224
	
	2024
 n = 261
	
	p-value*

 

 	Relationship 	0.234


 	Father 	44 	19.6% 	63 	24.1% 	


 	Mother 	180 	80.4% 	198 	75.9% 	


 	Age group of parents 	0.026


 	20s 	25 	11.2% 	39 	15.4% 	


 	30s 	148 	66.1% 	133 	52.6% 	


 	40s 	49 	21.9% 	76 	30.0% 	


 	50s and older 	2 	0.9% 	5 	2.0% 	


 	Age of child (years) 	3.7 ± 2.6 	 	4.0 ± 2.5 	 	


 	Sex of child 	0.243


 	Male 	123 	54.9% 	132 	50.6% 	


 	Female 	97 	43.3% 	129 	49.4% 	


 	Birth order 	0.827


 	First 	104 	49.3% 	126 	48.3% 	


 	Second or later 	107 	50.7% 	135 	51.7% 	


 	Recognition and download of the App 	<0.001


 	Do not know the app 	107 	47.8% 	88 	34.0% 	


 	Know the App, but have not downloaded it 	45 	20.1% 	108 	41.5% 	


 	Have downloaded the App 	72 	32.1% 	64 	25.0% 	





*P-values were generated using a t-test or χ2 test. P values indicating statistically significant differences (p < 0.05) were shown in bold.
 

Regarding awareness of the application, the proportion of parents who knew the application increased from 52% in 2017 to 66.5% in 2024. However, the proportion of parents who reported downloading the application decreased from 32% in 2017 to 25% in 2024.

Table 2 presents a stratified comparison of concerns regarding fever, categorized by the download status of the application between 2017 and 2024. Overall, concerns about brain damage and seizures increased in 2024 compared to those in 2017. Particularly, the proportion of parents who expressed concerns about brain damage and seizures was significantly higher in the non-download group between 2017 and 2024. However, in the multivariable logistic regression analyses regarding concerns about brain damage, seizures, and dehydration (not shown in the table), none of the year × application interactions were statistically significant (p = 0.956, p = 0.306, and p = 0.903, respectively). In other words, no evidence was obtained to suggest that the magnitude of change from 2017 to 2024 differed according to application use. The child’s age showed an independent positive association with anxiety about brain damage and seizures (Adjusted odds ratio [aOR] = 1.1 and 1.2, respectively). No clear associations were observed with birth order or the parents’ age group.


TABLE 2 Comparison of concerns related to fever by application download (2017 and 2024).


	Concerns related to fever
	Group
	2017
	2024
	p-value*

 

 	Brain damage 	Total 	115/217 (53.0%) 	174/259 (67.2%) 	0.001


 	Non-download group 	79/150 (52.7%) 	131/194 (67.5%) 	0.005


 	Download group 	36/67 (53.7%) 	43/64 (67.2%) 	0.116


 	Seizure 	Total 	142/216 (65.7%) 	209/259 (80.7%) 	<0.001


 	Non-download group 	95/150 (63.3%) 	158/194 (81.4%) 	<0.001


 	Download group 	47/66 (71.2%) 	50/64 (78.1%) 	0.365


 	Dehydration 	Total 	191/216 (88.4%) 	227/261 (87.0%) 	0.71


 	Non-download group 	133/150 (88.7%) 	173/196 (88.3%) 	0.908


 	Download group 	58/66 (87.9%) 	54/64 (84.4%) 	0.563





*P-values were generated using a t-test or χ2 test. P values indicating statistically significant differences (p < 0.05) were shown in bold.
 

Table 3 presents a stratified comparison of parental knowledge regarding fever, categorized by application download status, between 2017 and 2024. The proportion of respondents who believed that antibiotics were necessary for fever, those who considered body temperature to be a criterion for seeking medical care, and those who allowed children to attend day care if they were afebrile on the day of attendance despite having a fever the previous day all demonstrated a substantial decrease. This trend was observed regardless of the download status of the application. Similarly, in the multivariable logistic regression analysis, knowledge regarding fever improved from 2017 to 2024 in all items; however, none of the year × application interactions were statistically significant (p = 0.238, p = 0.165, p = 0.998), and no evidence was obtained that “the degree of change from 2017 to 2024 differed according to application use.


TABLE 3 Comparison of knowledge related to fever by application usage (2017 and 2024).


	Knowledge related to fever
	Group
	2017
	2024
	p-value*

 

 	Antibiotics were necessary for the fever 	Total 	117/217
 (53.9%) 	93/258
 (36.1%) 	<0.001


 	Non-download group 	89/151
 (58.9%) 	73/194
 (37.6%) 	<0.001


 	Download group 	28/66
 (42.4%) 	20/63
 (31.8%) 	0.21


 	Consider body temperature as a criterion for seeking medical care 	Total 	191/215
 (88.8%) 	99/229
 (43.2%) 	<0.001


 	Non-download group 	134/149
 (89.9%) 	71/173
 (41.0%) 	<0.001


 	Download group 	57/66
 (86.4%) 	28/56
 (50.0%) 	<0.001


 	If the fever is gone in the morning, the child can attend school. 	Total 	40/183
 (21.9%) 	11/254
 (4.3%) 	<0.001


 	Non-download group 	28/124
 (22.6%) 	9/192
 (4.7%) 	<0.001


 	Download group 	12/59
 (20.3%) 	2/62
 (3.2%) 	0.003





*P-values were generated using a t-test or χ2 test. P values indicating statistically significant differences (p < 0.05) were shown in bold.
 



Discussion

This study aimed to compare changes in anxiety and knowledge about fever between 2017 and 2024 among parents of children aged ≤8 years who visited a holiday medical center with a chief complaint of fever, and to assess the association between these factors and the download of the Japanese parent-oriented app “Oshiete! Doctor.”

The importance of health literacy has been emphasized during the pandemic (19). Particularly, digital health literacy has been reported to influence individuals’ ability to access, understand, and evaluate information and services that support healthy behaviors during a pandemic (20). In the present study, the proportion of parents who had downloaded the application in 2024 among those visiting a holiday medical care center was 25%. In contrast, a 2023 study targeting parents who attended infant health checkups in the same region found that 43.4% of them had downloaded and utilized the application (13). In Japan, infant health checkups are nearly universal, with a very high participation rate. Therefore, this result reflects the overall utilization rate of the app by parents in this region. Consequently, it is suggested that parents who seek emergency outpatient care are less likely to download the application than the general parent population. It is also possible that parents who downloaded the application may have avoided emergency outpatient visits.

Furthermore, it was found that among parents visiting holiday medical care centers, awareness of the application increased between 2017 and 2024. However, the proportion of those who downloaded the application decreased. After the COVID-19 pandemic, parents who actively used the application may have become more inclined to refrain from emergency outpatient visits. The comparison of these survey data before and after the pandemic suggests an association between app downloads and reduced emergency outpatient visits, indicating that digital health literacy may be associated with preventive behavior during the pandemic.

The present study demonstrated a substantial decline in 2024 compared to 2017 in the proportion of respondents who acknowledged fever as a valid indication for seeking medical intervention, including those who regarded fever as a suitable reason to skip school if it had subsided the previous day. An elevated body temperature does not necessarily indicate severe infectious disease; therefore, it should not be used as a criterion for seeking medical care (21). Furthermore, owing to the influence of the circadian rhythm, body temperature tends to be higher in the afternoon than in the morning (22). Therefore, if a fever is present on a given day, there is a possibility of recurrence in the afternoon, even if the fever subsides in the morning. This underscores the importance of rest and the necessity of refraining from attending school. Consequently, these changes in knowledge are considered favorable, suggesting that parental understanding of fever has improved over the past 7 years. This may be due to the increase in public messages during COVID-19, such as appropriate fever management and the limited role of antibiotics, which may have influenced parents’ knowledge.

With respect to the proportion of caregivers who believed that antibiotics were necessary in the presence of fever, in 2017 the figures were 89/151 (non-download group, 58.9%) versus 28/66 (download group, 42.2%), indicating that the download group provided fewer incorrect responses (p = 0.025), suggesting an association between app download and higher health literacy. However, in 2024, the proportion of incorrect responses decreased in both groups, with 73/194 (37.6%) in the non-download group and 20/63 (31.8%) in the download group, and the difference between the groups had narrowed. In Japan, nationwide campaigns promoting the appropriate use of antibiotics have been implemented to address antimicrobial resistance as the Action Plan for Countermeasures against Antimicrobial Resistance (AMR) since 2016. Initiatives, such as monthly antimicrobial resistance awareness, have been implemented to promote public education on the proper use of antibiotics. Furthermore, educational programs for healthcare professionals have been implemented to support the appropriate use of antibiotics. Some reports indicated a decrease in antibiotic consumption in Japan following the launch of these campaigns (23). This study’s findings may also suggest the effectiveness of the nationwide campaign promoting the appropriate use of antibiotics.

Conversely, the proportion of individuals expressing concerns about brain damage and seizures related to fever increased over the past 7 years. This may be attributed to the influence of media coverage related to the COVID-19 pandemic and the heightened uncertainty, which increased parental vigilance and anxiety. Previous studies have also reported that health-related anxiety worsens during pandemics (7).

When participants were stratified according to the presence or absence of application download, anxiety levels increased in both groups; however, the magnitude of increase was slightly smaller in the group that had downloaded the application, suggesting a potential mitigating effect on the rise in anxiety. We have previously reported that individuals unfamiliar with the application exhibited comparatively lower health literacy (13). Parents with lower digital health literacy may have been less likely to download the application and, as a result, may have demonstrated higher levels of anxiety. However, in multivariable analysis, the statistical significance of the interaction was not confirmed, which may be attributable to insufficient statistical power or to the fact that the exposure was measured as “download or not,” rather than capturing the actual intensity of use. This may have introduced non-differential exposure misclassification (download ≠ actual use). With more refined exposure measurements based on behavioral indicators such as actual frequency of use and type of content accessed, including an expanded sample size, it may be possible to more clearly verify the potential attenuating effect on the increase in anxiety.

If the use of the smartphone application is associated with better knowledge and lower unnecessary fear of fever, this could lead to more appropriate home management of fevers and possibly fewer unnecessary emergency department visits or calls to pediatricians. This aligns with public health goals of focusing medical attention where it is truly needed and empowering parents to care for mild illnesses at home. Therefore, the use of such apps and improved health literacy may also lead to a reduction in the burden on the healthcare system.

However, these studies are repeated cross-sectional surveys, and the inference of a causal relationship between application download and the reduction of anxiety is limited; these mechanisms remain at the hypothetical stage. Further research is needed to demonstrate these hypotheses.

This study has several limitations. First, the study period was limited to the winter season from December to March. Although numerous diseases cause fevers, pediatric illnesses often exhibit seasonality. Thus, conducting the study exclusively during winter may have influenced the results. However, winter is the peak season for emergency department overcrowding due to influenza outbreaks and other factors. This study aimed to explore measures to alleviate the burden of emergency services. Therefore, evaluating this specific period was of utmost importance, and seasonal selection was deemed appropriate.

Second, the participants included in the studies conducted in 2017 and 2024 were not from the same cohort. Consequently, individual-level changes could not be assessed. However, the participants were parents of children aged ≤8 years or younger who sought medical attention at the same holiday medical center during winter because fever was the primary complaint. Given the similarities in their backgrounds, valid comparisons could be made at the group level.

Third, although the present study examined the proportion of parents who downloaded the mobile application, it did not evaluate the extent to which they utilized it after downloading. Therefore, differences were observed by download status, but the extent of app use was not measured. App download coarsely measures the true exposure (app use), and because participants who downloaded but did not use the app were included in the use group. If reanalysis were to be conducted using app use, the effect estimate would likely appear stronger, and we believe this would affect the results of multivariable analysis.

Fourth, since there is only one holiday medical center for children in this area, this study is considered to be representative of the emergency consultation behavior of parents in this area. However, since this study was conducted in a single region, region-specific factors may influence the results, which limits the generalizability of the findings to other regions.

Fifth, in the 2017 survey, the questionnaire was administered to parents whose children visited the medical facility with fever, whereas in 2024, the questionnaire was administered to all parents whose children visited the medical facility, and from among them, those with children presenting with fever were identified. Because the recruitment methods in the 2 years were not completely identical, there is a possibility that the comparison may have been rendered less precise. However, we consider that this methodological difference was minimal and likely had little actual impact on the findings.

Furthermore, as this study is based on self-reported data, it may be subject to response bias. Conversely, respondents may have overestimated their knowledge or underreported their concerns due to social desirability, which may have affected the results.

Finally, this study comprises two repeated cross-sectional surveys. Therefore, it is necessary to consider the insufficient control of potential confounding factors and the possibility of reverse causation between application use and anxiety, and it should be noted that causal relationships cannot be inferred from this study.

Parental knowledge of fever may have improved following the COVID-19 pandemic. In particular, there is a suggestion that awareness of refraining from antibiotic use has increased, indicating that campaigns promoting the appropriate use of antibiotics may have been effective. In contrast, anxiety related to fever tended to worsen, with this trend being more pronounced among parents who had not downloaded the application. In the future, longitudinal research targeting multiple regions that directly measures broad contextual factors such as application use, parental health literacy, and.

pandemic-related stress is needed to study the causal relationship between measures to improve digital health literacy and the reduction of parents’ concerns.
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