 
 
[image: ] 
 
Artificial Intelligence in Fall Prevention for Older Adults: A Systematic Review of Effectiveness, Ethics, and Human Factors
  
 
by 
 
Name : Georgiana Izabela Rosu 
                                                 Student number :2212287
 
A Dissertation submitted in partial fulfilment of the requirements for the degree of Masters of Science in Public Health and Social Care in Practice


The Institute of Inner-City Learning
University of Wales Trinity Saint David – London Campus


September 2026

DECLARATION

I, Georgiana Izabela Rosu declare that this dissertation has been composed by myself, that the work contained herein is entirely my own except where explicitly stated otherwise in the text, and that this work has not been submitted for any other degree or qualification, in whole or in part, except as specified.


Signed:Georgiana Izabela Rosu……………………………………………

Date:...20.09.2026………………………………………………

 	 


[bookmark: _Toc241078339]Acknowledgements 
I would like to express my gratitude to my supervisor for his advice, support and constructive feedback in the development of this dissertation. His counsel and his research knowledge have been instrumental in helping me to develop my research and complete it.
I am grateful to the lecturers and academic staff at the University of Wales Trinity Saint David for the knowledge, encouragement and support they gave me while I was also doing my MSc.
I would like to thank my family and friends for their patience, understanding and encouragement to continue my studies. Their support has been very useful for me in the process of completing this dissertation.
I am grateful to all the people who have contributed to the completion of this research in some way (direct or indirect).
















[bookmark: _Toc241078340]Abstract

Falls among older adults are a serious public health issue with injury, impaired mobility, loss of independence and increase in demand for health and social care. Artificial intelligence (AI) can help early detection and management of fall risk but the need to understand its effectiveness, ethical implications and practical use is a challenge. This systematic review aimed to critically evaluate the effectiveness of AI-based fall prevention methods in older adults. The objective was to evaluate the effectiveness of these techniques, to examine ethical considerations and to understand how these methods are implemented, usable and accepted in the UK health and social care sector.

The systematic literature review was conducted by a systematic search and selection process based on PRISMA. Twelve studies published in 2016-2025 were included after eligibility screening and quality assessments. The data were collected and synthesised thematically with respect to effectiveness, ethical considerations, and human factors.

We found that machine learning, wearable sensors, gait analysis, computer vision, deep learning, and electronic health record-based approaches showed promising fall-risk identification, prediction, monitoring and detection capabilities. But there was significant methodological heterogeneity and the evidence for technical and predictive performance is higher than on the actual reductions in falls, fall-related injuries and health outcomes. Privacy, informed consent, autonomy, fairness, transparency and accountability were important ethical values and usability, trust, acceptability and professional readiness influenced implementation.

The review concludes that AI has the potential to improve fall prevention but that AI should supplement, rather than replace, comprehensive assessment and professional judgment. We would love to see further research conducted in real life for a variety of populations and clinically relevant outcomes before it becomes widely implemented in UK health and social care settings.
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[bookmark: _Toc241078343][bookmark: _Toc12216]Chapter 1: Introduction 
[bookmark: _Toc241078344][bookmark: background-to-the-study]1.1 Background to the Study
Falls are one of the most important and preventable threats to healthy ageing, with consequences that extend from physical injury to loss of independence and increased use of health and social care services. In the UK, approximately one in three adults aged 65 years and over experiences at least one fall each year, increasing to around one in two among those aged 80 years and over (GOV, 2022; NICE, 2025). Falls can result in fractures, traumatic brain injuries, loss of mobility and hospitalisation, with hip fractures representing one of the most serious consequences.
 In England, approximately 234,800 emergency hospital admissions among people aged 65 years and over were related to falls in 2019/20, and 67% of these admissions involved people aged 80 years and above (NICE, 2025). Falls and fractures also create a substantial economic burden, with fragility fractures estimated to cost the UK healthcare system approximately £4.4 billion annually (NICE, 2025).Falls can result in fractures, traumatic brain injury, reduced mobility, fear of falling, hospital admission and transition to long-term care, while fall-related care also creates substantial costs for the National Health Service (NHS) and social care services (GOV, 2022).  These consequences demonstrate why earlier identification of fall risk and effective prevention remain major public-health priorities.
Conventional fall-prevention approaches include multifactorial risk assessment, strength and balance exercise, physiotherapy, medication review and environmental modification. These interventions can reduce fall risk when appropriately targeted, but they are often based on periodic assessment and may not continuously detect changes in mobility or behaviour (Sherrington et al., 2020; Montero-Odasso et al., 2022; NICE, 2025). Increasing demand for older-person care and workforce pressures have therefore encouraged interest in digital approaches that can support earlier and more continuous risk identification while maintaining professional judgement and person-centred care (Khan et al., 2024, p.02).
Consequently, effective fall prevention should aim not only to identify individuals at increased risk but also, where possible, to reduce the occurrence of falls, fall-related injuries and associated adverse health outcomes (Atkinson and Cipriani, 2018).
Artificial intelligence (AI) has emerged as a potentially important healthcare technology through the use of machine learning (ML), predictive analytics, computer vision, smart monitoring and wearable sensors. Across healthcare, AI is increasingly conceptualised as a means of augmenting clinical reasoning and using complex data to support prediction and decision-making rather than replacing professional expertise (Topol, 2019; Rajkomar et al., 2019). In fall prevention, these approaches can analyse gait and movement patterns, identify changes associated with increased risk, classify fallers and non-fallers, and detect fall-related events (Chavan et al., 2023, p.03). However, technical performance does not automatically demonstrate that an intervention reduces actual falls or injuries. Questions also remain about privacy, consent, algorithmic bias, transparency, usability, trust and integration into routine care. These concerns are reinforced by evidence that apparently high-performing health algorithms may reproduce inequities or provide explanations that are not sufficiently reliable for individual clinical decisions (Obermeyer et al., 2019; Ghassemi et al., 2021). This dissertation therefore systematically evaluates evidence on AI-based fall prevention by considering effectiveness alongside ethical implications and human factors. The review therefore considers not only prediction and detection performance, but also whether AI-based interventions are associated with reductions in falls, fall-related injuries and other relevant health outcomes where these are reported.
[bookmark: _Toc241078345][bookmark: context-of-the-study]1.2 Context of the Study
Artificial intelligence (AI) is increasingly investigated as a means of strengthening fall-risk assessment, monitoring and detection in older adults. Existing systematic reviews and empirical studies show growing use of wearable sensors, gait analysis, smart-home technologies, computer vision and ML models, but they also report substantial heterogeneity in populations, datasets, outcome measures and validation methods (O’Connor et al., 2022; Chen et al., 2025). Some reviews emphasise technical classification or detection performance, whereas ethical issues, user experience and real-world implementation receive less consistent attention. This is important because a model that performs well on a controlled dataset may not achieve the same benefit in routine health or social care. The present review therefore brings effectiveness, ethics and human factors together and considers how the resulting international evidence may inform safe and person-centred practice, including future application within UK health and social care.
[bookmark: _Toc241078346][bookmark: problem-statement]1.3 Problem Statement
Falls among older adults remain a persistent public-health problem despite established prevention strategies. Around one-third of people aged 65 years and over fall at least once each year, rising to approximately one-half of those aged 80 years and over; in England, around 234,800 emergency hospital admissions related to falls among people aged 65 years and over were recorded in 2019-2020, with 67% involving people aged 80 years and over (NICE, 2025). Falls can cause fractures, head injuries, pain, loss of independence and mortality; approximately 5% of falls result in fracture and fragility fractures are estimated to cost the UK around £4.4 billion annually, including about £2 billion attributable to hip fractures (GOV, 2022). AI-based approaches show promise, but recent evidence is inconsistent in both the outcomes measured and the level of performance reported. For example, Gregg et al. (2023) reported 90% sensitivity and 87% specificity for one faller-classification model, whereas Noh et al. (2021) reported lower sensitivity of approximately 43-53% with specificity of 77-84%. Other studies focus on fall detection or prediction rather than demonstrating a reduction in the number of falls, injuries or hospital admissions. These differences illustrate why high technical accuracy should not be interpreted automatically as clinical preventive effectiveness. Furthermore, ethical concerns relating to privacy, consent, surveillance, transparency and algorithmic bias, together with human factors such as usability, digital literacy, trust and acceptability, are not evaluated consistently across studies. A systematic review is therefore required to synthesise these different forms of evidence and determine what can reasonably be concluded about AI-supported fall prevention for older adults.
[bookmark: _Toc241078347][bookmark: scope-of-study]1.4 Scope of Study
This dissertation systematically examines AI-based approaches to fall prevention among older adults, generally aged 65 years and above. The review includes relevant international evidence from hospital, community, care-home and home settings and considers technologies such as ML algorithms, wearable sensors, computer vision, smart monitoring, predictive analytics and electronic-health-record-based risk models. The focus includes fall-risk prediction, assessment, monitoring and detection, as well as evidence concerning whether these approaches contribute to reductions in falls, fall-related injuries or other relevant health outcomes. International studies are included because the available UK-only evidence is insufficient to provide a comprehensive synthesis; however, the implications of the findings for UK health and social care are considered throughout the dissertation and are developed specifically in the recommendations.
The review also examines ethical issues including consent, information privacy, surveillance, algorithmic transparency, fairness and accountability, together with human factors such as acceptability, usability, digital literacy, trust and the experiences of older adults, relatives and healthcare professionals. To provide a contemporary but sufficiently broad evidence base, studies published from 2016 to 2025 are eligible, representing a ten-year review period. This period captures recent developments in AI-enabled healthcare while allowing inclusion of relevant evidence that preceded the most recent expansion of machine-learning applications.
[bookmark: _Toc241078348]1.5 Definition of Key Terms
Artificial Intelligence (AI): The use of computer systems capable of analysing data, recognising patterns, learning from information and supporting predictions or decisions that would traditionally require human intelligence (Topol, 2019; Rajkomar et al., 2019).
Fall Prevention: Strategies and interventions designed to reduce the risk, occurrence and consequences of falls among individuals at risk (Sherrington et al., 2020; NICE, 2025).
Older Adults: For the purpose of this dissertation, older adults are generally defined as individuals aged 65 years and over (NICE, 2025).
Effectiveness: The extent to which an intervention or technology achieves its intended outcomes in practice. In this dissertation, effectiveness relates to the ability of AI-based approaches to support fall-risk prediction, assessment, monitoring or detection and, where evidence is available, reduce falls or fall-related outcomes.
Ethics: The principles concerned with whether AI is developed and used responsibly, including privacy, autonomy, consent, fairness, transparency, accountability and protection of personal information (Morley et al., 2020; World Health Organization, 2021).
Human Factors: The factors affecting how people interact with and use technology, including usability, acceptability, trust and the integration of technology into everyday care and professional practice (Peach et al., 2017; Hawley-Hague et al., 2014).

[bookmark: _Toc241078349][bookmark: rationale-justification]1.5 Rationale 
Falls among older adults remain an important public-health problem and can lead to emergency admission, disability, reduced quality of life, loss of independence and substantial healthcare costs (Macchiavello et al., 2025, p.02). AI creates opportunities for earlier risk identification and continuous monitoring, but the evidence is heterogeneous. Studies differ in sample size, population, setting, technology, outcome definition and validation approach; some report high sensitivity or specificity in controlled datasets, whereas others demonstrate more modest predictive performance in larger or more clinically representative populations. In addition, prediction, classification and fall detection are often reported as indicators of effectiveness even when the study does not directly measure whether falls or injuries were prevented. These variations justify a systematic comparison rather than reliance on individual model-performance figures.
Important gaps also remain beyond technical performance. Ethical issues such as privacy, consent, surveillance, fairness, transparency and accountability are not consistently examined, and relatively few studies directly investigate how older adults experience or accept AI-supported fall-prevention technologies (Atkinson and Cipriani, 2018). Human factors including usability, trust, digital literacy, workflow integration and the role of relatives and professionals may determine whether technically promising systems can be used safely in practice (Zhang et al., 2023, p.03). Existing evidence therefore requires synthesis across effectiveness, ethics and human factors within a single review. By using international evidence and then considering its transferability to UK health and social care, this dissertation aims to address these gaps and support evidence-based, person-centred recommendations.
[bookmark: _Toc241078350][bookmark: research-aim]1.6 Research Aim
To review and critically evaluate AI-based methods in the fall prevention of older adults by systematically assessing their effectiveness, ethical implications, and human factors.
[bookmark: _Toc241078351][bookmark: research-questions-and-objectives]1.7 Research Questions and Objectives
Objectives
1. To identify, synthesize and evaluate existing evidence on AI-based interventions used for fall prevention among older adults, including their effectiveness in reducing falls, fall-related injuries and associated health outcomes.
2. To critically examine the ethical considerations surrounding the use of AI in fall prevention among older adults.
3. To explore the human factors influencing the implementation, usability and acceptability of AI-based fall-prevention technologies and develop evidence-based recommendations for their safe, ethical and person-centred use, with particular consideration of UK health and social care.
Questions
What is the effectiveness of AI-based fall-prevention methods for older adults, and how do ethical considerations and human factors influence their implementation?
[bookmark: _Toc241078352]1.8 Dissertation Structure
This dissertation is organised into six chapters. Chapter 1 introduces the study background and context, defines the research problem, explains the scope and rationale, and presents the aim, research questions and objectives. Chapter 2 critically reviews international and UK literature on falls, AI-based fall-prevention technologies, effectiveness, ethical considerations and human factors, and identifies the research gap underpinning the systematic review.
Chapter 3 explains the systematic literature review methodology, including the PICO framework, data sources, search strategy, eligibility criteria, PRISMA-guided study selection, data extraction, quality appraisal, synthesis and ethical considerations. Chapter 4 presents and synthesises the findings from the final 12 included studies, comparing similarities, differences, numerical outcomes, study characteristics, strengths and limitations in relation to the objectives. Chapter 5 critically discusses the findings and their implications for older adults and health and social care. Chapter 6 concludes the dissertation and develops evidence-based recommendations with particular emphasis on implementation within UK and NHS practice.
















[bookmark: _Toc241078353][bookmark: _Toc12217]Chapter 2: Literature review/theoretical framework 
[bookmark: _Toc241078354]2.1 Introduction
Falls among older adults remain an important public health and social care concern because of their association with injury, disability, loss of independence and increased demand for healthcare services. As populations age, preventing falls requires approaches that can identify changing risk factors and support timely, person-centred intervention. Although established strategies such as multifactorial assessment, medication review, exercise and environmental modification remain central to fall prevention, advances in artificial intelligence (AI) have created opportunities for continuous monitoring, automated risk assessment and earlier identification of individuals at increased risk of falling (O'Connor et al., 2022; González-Castro et al., 2024).
This chapter critically reviews and synthesises the literature concerning AI-based fall prevention among older adults. Rather than considering technological performance in isolation, the review examines evidence across three interrelated dimensions: effectiveness, ethical considerations and human factors. Particular attention is given to wearable sensors, machine-learning models, computer vision, smart monitoring technologies and AI-supported decision-making. The literature is compared in relation to reported outcomes, methodological strengths and limitations, areas of agreement and conflicting evidence. Ethical concerns including privacy, informed consent, algorithmic bias, transparency and accountability are considered alongside human factors such as trust, usability, acceptability, digital literacy and healthcare professionals' engagement (Bates et al., 2021; O'Connor et al., 2022). The chapter subsequently applies the Technology Acceptance Model (TAM) and Human-Centred Artificial Intelligence (HCAI) to provide a theoretical basis for understanding adoption and person-centred implementation. Finally, the literature is synthesised to identify the research gap that provides the rationale for the systematic review.
[bookmark: _Toc241078355]2.2 Concept of Falls among Older Adults
Falls among older adults represent a substantial public health challenge because of their frequency and their physical, psychological and socioeconomic consequences. In the UK, approximately one-third of people aged 65 years and over experience at least one fall each year, increasing to around one-half of those aged 80 years and over (NICE, 2025). The burden on healthcare services is also considerable: approximately 234,800 emergency hospital admissions in England between 2019 and 2020 were related to falls among people aged 65 years and over, of which 67% involved people aged 80 years and above (NICE, 2025). Internationally, falls account for an estimated 684,000 deaths and 37.3 million falls requiring medical attention annually, demonstrating that the problem extends beyond individual injury to a significant global health burden (World Health Organization, 2021).
The causes of falls are multifactorial and arise through interactions between intrinsic, behavioural and environmental risk factors. Age-related reductions in muscle strength and balance, visual impairment, frailty, cognitive impairment, chronic illness and polypharmacy can interact with environmental hazards such as inadequate lighting and unsafe flooring to increase vulnerability (World Health Organization, 2021; Giovannini et al., 2022; NICE, 2025). NICE (2025) consequently recommends comprehensive assessment and individually tailored interventions rather than reliance on a single measure of fall risk. This approach is supported by evidence that more than 400 potential fall-risk factors have been identified across domains including medication, medical conditions, sensorimotor function, psychological factors and the environment.
The consequences of falling also extend beyond the immediate physical injury. Falls may result in fractures, head injuries, pain and hospitalisation, while fear of falling can contribute to reduced activity, declining confidence and loss of independence (World Health Organization, 2021; NICE, 2025). Hip fractures are particularly serious, with NICE reporting a 31% mortality rate within one year following hip fracture. These consequences demonstrate why fall prevention should not be evaluated solely according to whether a fall occurs; preservation of mobility, independence and quality of life are also important outcomes for older adults.
Existing prevention approaches include multifactorial assessment, medication review, strength and balance exercise, environmental modification and management of individual clinical risk factors (Sherrington et al., 2020; NICE, 2025). Although these interventions remain fundamental to practice, the literature suggests that conventional assessments may provide only periodic information about an individual's condition. AI-supported approaches potentially extend existing practice through continuous monitoring, identification of changing movement patterns and data-supported risk assessment (O'Connor et al., 2022; Rahmadani et al., 2025). However, this potential should not be interpreted as evidence that AI is inherently superior to established prevention. Current studies differ substantially in their settings, technologies and outcome measures, and improved prediction or detection does not necessarily demonstrate a reduction in actual falls.
[bookmark: _Toc241078356]2.3 Artificial Intelligence In Fall Prevention
Artificial intelligence has become increasingly prominent within healthcare because of its capacity to analyse complex datasets, recognise patterns and support prediction and clinical decision-making. Applications include diagnostic support, screening, risk assessment, patient monitoring and personalised care (Jiang et al., 2017; Secinaro et al., 2021). However, the literature distinguishes between the technical performance of AI models and their effectiveness when integrated into real clinical practice. This distinction is particularly relevant to fall prevention, where an algorithm may accurately identify risk without necessarily reducing subsequent falls or improving patient outcomes  (Jiang et al., 2017).”
Collectively, reviews of healthcare AI demonstrate substantial technological development but more limited evidence of routine clinical implementation. For example, a systematic review of real-world clinical AI identified 51 implementation studies, of which only 13 used randomised controlled designs; while 26 assessed AI performance and 33 examined clinician outcomes, only 14 evaluated patient outcomes and just one examined economic impact (Yin et al., 2021;  Cheong et al., 2023). This imbalance suggests that the evidence base has focused more strongly on whether AI systems perform technically than on whether their implementation produces meaningful improvements for patients. Similarly, Secinaro et al. (2021) identified applications across clinical and organisational decision-making but highlighted variation in implementation contexts and evidence quality. Consequently, promising algorithmic performance should not automatically be interpreted as evidence of clinical effectiveness.
The limitations of focusing primarily on algorithmic performance are particularly relevant when AI is applied to older adults and fall prevention. Existing literature indicates that machine learning, wearable sensors, computer vision and continuous monitoring can support fall-risk assessment and detection (O'Connor et al., 2022; González-Castro et al., 2024). However, substantial heterogeneity exists between populations, technologies, datasets and evaluation methods, limiting direct comparison between systems. Furthermore, evidence obtained from controlled or single-site environments may not transfer directly to residential care, community settings or routine health and social care. This creates an important implementation gap between developing an accurate AI model and demonstrating that it remains safe, useful and effective when applied to diverse populations of older adults.
Overall, AI can strengthen healthcare through data-driven risk assessment, monitoring and decision support, but evidence of technical performance remains stronger than evidence of sustained improvement in patient outcomes. For older adults, the key question is therefore whether AI can contribute to safe, acceptable and clinically meaningful fall prevention while maintaining person-centred care.
[bookmark: _Toc241078357]2.4 AI-Based Fall Prevention Technologies
AI-based fall-prevention technologies encompass several approaches, particularly wearable sensors, machine-learning algorithms, computer vision, environmental sensors and smart-home monitoring systems. Although these technologies differ in how information is collected and analysed, they share a common objective: identifying changes associated with fall risk or detecting fall events sufficiently rapidly to support appropriate intervention. The literature generally demonstrates promising technical performance; however, substantial methodological variation means that evidence for one technology cannot automatically be generalised to another (Chen et al., 2022; González-Castro et al., 2024).
Wearable sensors represent one of the most extensively investigated approaches. Devices containing accelerometers, gyroscopes or inertial measurement units can capture gait, balance and movement characteristics that conventional assessments may not continuously detect. Chen et al. (2022), for example, systematically reviewed 614 records and included 25 studies examining wearable sensor-based fall-risk assessment among community-dwelling older adults. The review concluded that wearable approaches can provide useful surrogate measures of fall risk, but performance differed according to sensor type and location, selected features and modelling techniques. A related systematic review found that some sensor-based approaches achieved AUC values of at least 0.74 or accuracy of at least 84%, while also identifying small samples, insufficient prospective designs and inconsistent validation as important sources of bias. These findings illustrate an important limitation of the evidence: favourable accuracy does not necessarily demonstrate that wearable monitoring prevents subsequent falls.
Non-wearable approaches, including computer vision and environmental sensors, provide an alternative where continuous use of a body-worn device may be impractical. Computer-vision systems can analyse posture and movement patterns using video data, while smart environments can use flooring, motion or other ambient sensors to identify abnormal activity (Alharbi et al., 2023; Moore et al., 2024). Deep-learning methods have also expanded the capability of vision-based fall-detection systems. However, greater monitoring capability creates additional concerns surrounding privacy, surveillance and informed consent, particularly where cameras are used in bedrooms, residential facilities or private homes. Consequently, technical performance must be considered alongside whether older adults regard the monitoring method as acceptable.
Overall, no single AI technology can currently be regarded as universally superior for fall prevention. Wearables provide portable objective movement measurement, whereas ambient and vision-based systems can monitor without continuous device adherence. Their clinical value depends on validation, usability and integration with an effective preventive response. The central issue is therefore whether technology generates reliable, actionable information that supports meaningful prevention and remains acceptable to older adults and healthcare professionals.
[bookmark: _Toc241078358]2.5 Effectiveness of AI in Fall Prevention
The effectiveness of AI-based fall-prevention technologies can be considered across several related outcomes, including fall-risk prediction, fall detection, continuous monitoring and the prevention of subsequent falls or injuries. Across the literature, AI approaches frequently demonstrate promising predictive and classification performance, particularly when machine-learning algorithms are combined with wearable or movement data (Usmani et al., 2021; Chen et al., 2022; González-Castro et al., 2024). However, the evidence is considerably stronger for identifying or detecting fall risk than for demonstrating reductions in actual fall incidence. This distinction is important because high algorithmic accuracy does not, by itself, establish clinical effectiveness.
Evidence from individual predictive models illustrates both the potential and limitations of AI. Ikeda et al. (2022) examined community-dwelling older adults longitudinally and demonstrated that an interpretable machine-learning approach could identify individuals at increased risk of future falls. Similarly, Greene et al. (2019) showed that wearable sensor-derived mobility measures could support digital assessment of falls risk, frailty and mobility impairment. In the UK context, Archer et al. (2024) evaluated the eFalls prediction model using routinely collected healthcare information. The model demonstrated discriminatory performance with a c-statistic of approximately 0.72 during internal-external validation and 0.82 (95% CI 0.80-0.83) during external validation. These findings indicate that AI-supported prediction can distinguish between groups with different levels of fall risk, while also demonstrating the importance of external validation before models are introduced more widely.
The evidence becomes less conclusive when effectiveness is defined as an actual reduction in falls, injuries, hospital admissions or loss of independence. Much of the existing literature evaluates technological outcomes such as prediction accuracy, detection performance or model discrimination rather than prospective clinical endpoints (O'Connor et al., 2022; Chen et al., 2022; González-Castro et al., 2024). Differences in study duration and relatively limited longitudinal evaluation also make it difficult to determine whether benefits are sustained over time. This creates a significant evidence gap between demonstrating that AI can recognise fall-related patterns and establishing that its use prevents falls in routine practice.
Effectiveness is additionally influenced by implementation conditions. A technically accurate system may provide limited benefit if older adults find it intrusive or difficult to use, if healthcare professionals do not trust its recommendations, or if alerts cannot be incorporated efficiently into existing workflows. Conversely, systems with appropriate professional oversight, adequate staff training and clear clinical pathways may be more likely to convert predictive information into meaningful preventive action (O'Connor et al., 2022; Hassan et al., 2024). Effectiveness should therefore be understood as a combination of technical performance, clinical utility and implementation success, rather than algorithmic accuracy alone.
Taken together, current evidence supports AI for fall-risk identification, monitoring and detection, but provides less certainty about long-term reductions in falls and related harm. Methodological heterogeneity, limited external validation and inconsistent outcomes restrict comparison. Future evaluation should prioritise prospective, real-world and longitudinal research measuring clinically meaningful outcomes alongside predictive performance.
[bookmark: _Toc241078359]2.6 Ethical Issues
The use of AI for fall prevention among older adults creates ethical concerns that extend beyond technological accuracy. Across the literature, the most consistently identified issues include privacy, informed consent, autonomy, data security, algorithmic bias, transparency and accountability (Morley et al., 2020; Li et al., 2023; Tilala et al., 2024). These concerns are particularly important in fall prevention because AI technologies may continuously collect sensitive information about an older person's movement, behaviour and health. Consequently, an intervention that demonstrates strong predictive performance cannot be considered appropriate for routine practice unless its benefits are balanced against potential risks to individual rights and person-centred care.
Privacy and informed consent are especially relevant to technologies involving continuous monitoring. Wearable sensors may collect detailed movement and physiological information, while computer-vision and smart-home systems can monitor activities within private environments (Moore et al., 2024). Although continuous monitoring may enable earlier recognition of risk, it can also create a tension between safety and autonomy. An older adult may benefit from monitoring while simultaneously experiencing it as intrusive or as a form of surveillance. This issue becomes more complex where cognitive impairment affects an individual's ability to provide or maintain informed consent. Ethical implementation therefore requires transparent communication about what information is collected, why it is required, who can access it and how long it will be retained. Consent should consequently be treated as an ongoing person-centred process rather than solely as an initial procedural requirement.
A further concern relates to algorithmic bias and fairness. AI systems learn from the datasets used during development; therefore, models trained on populations that inadequately represent differences in age, frailty, ethnicity, disability, mobility or health status may perform unevenly when applied to more diverse groups (Morley et al., 2020). This is particularly significant for older adults because they are heterogeneous in terms of physical ability, cognitive function and multimorbidity. A model that performs effectively within a selected research population may therefore be less reliable when transferred to routine health and social care. Limited external validation across representative populations creates both a methodological and ethical problem because inaccurate classifications could lead to unnecessary interventions for some individuals while failing to identify others who require support.
Transparency and accountability present related challenges. Some machine-learning and deep-learning models operate through complex processes that may make it difficult for healthcare professionals or patients to understand how a particular risk classification was produced. This 'black-box' problem can undermine trust and make responsibility difficult to determine when an AI-supported recommendation contributes to an inappropriate clinical decision (Morley et al., 2020; Khosravi et al., 2024). The literature therefore generally supports AI as a decision-support mechanism rather than a replacement for professional judgement. Human oversight is especially important in fall prevention because risk is influenced by clinical, behavioural and environmental circumstances that may not be adequately represented within an algorithm.
Overall, the literature agrees on the principal ethical risks of healthcare AI but provides less evidence about how these principles operate in routine fall-prevention practice. Much evidence remains conceptual or concerns healthcare AI generally. Future implementation therefore requires robust governance and meaningful involvement of older adults and healthcare professionals. Ethical acceptability should be treated as an essential component of effective fall prevention rather than an additional consideration after technical performance is established.
[bookmark: _Toc241078360]2.7 Human Factors
Human factors are central to the successful implementation of AI-based fall-prevention technologies because technical accuracy alone does not guarantee that a system will be accepted or used effectively. Across the literature, trust, perceived usefulness, ease of use, digital literacy, accessibility, privacy concerns and user involvement consistently influence older adults' willingness to engage with digital health technologies (Peek et al., 2014; Wildenbos et al., 2018; Asan and Choudhury, 2021; Wong et al., 2025). At the organisational level, staff confidence, training, workflow compatibility, leadership and technological infrastructure also influence whether AI can be integrated successfully into routine care (Hassan et al., 2024). Human factors therefore connect technological performance with real-world effectiveness.
For older adults, usability and perceived usefulness are particularly important. Research based on technology-acceptance principles indicates that individuals are more likely to adopt health technologies when they perceive clear benefits and consider them straightforward to use (Peek et al., 2014; Hou et al., 2024). However, older adults are a heterogeneous population, and age alone does not determine technological capability. Sensory, cognitive and physical changes may create accessibility barriers, while previous experience with technology, confidence and available support can influence engagement (Wildenbos et al., 2018). Consequently, fall-prevention technologies requiring complex interaction, frequent charging or continuous device management may be less suitable for some users, irrespective of their predictive accuracy.
Healthcare professionals represent an equally important component of implementation. AI-generated alerts or risk scores have limited clinical value if professionals do not understand, trust or act upon them. Evidence across healthcare settings identifies staff training, organisational readiness, leadership support and integration with existing workflows as important facilitators of AI adoption, whereas insufficient digital skills, resistance to change, poor interoperability and inadequate technical support can act as barriers (Asan and Choudhury, 2021; Hassan et al., 2024). These factors are particularly important in fall prevention because excessive alerts may increase workload and contribute to alert fatigue, while unclear responsibilities for responding to AI-generated information may reduce the practical value of continuous monitoring (Peng et al., 2016).
Human factors also influence whether AI supports or undermines person-centred care. Technologies designed primarily around technical capability may fail to accommodate the preferences, routines and abilities of older adults. In contrast, involving users and healthcare professionals in design and implementation can help ensure that monitoring methods are acceptable and that generated information is relevant to clinical practice. This principle is consistent with Human-Centred Artificial Intelligence, which emphasises systems that enhance human capabilities while maintaining meaningful human control (Schmager et al., 2025). In fall prevention, this means using AI to support professional judgement and older adults' independence rather than allowing automated systems to determine care without appropriate human involvement.
Overall, human factors partly determine whether technical capability translates into meaningful clinical benefit. Trust, usability and perceived usefulness are important, while workforce preparation and workflow integration affect implementation. However, relatively few studies examine these factors specifically within AI-based fall prevention over extended periods. Real-world evaluation involving older adults, carers and healthcare professionals is therefore required to establish long-term acceptability and sustainability.
[bookmark: _Toc241078361]2.8 Theoretical Framework: Technology Acceptance Model and Human-Centred Artificial Intelligence
A theoretical framework is necessary for understanding why technically effective AI-based fall-prevention technologies may or may not be adopted successfully by older adults and healthcare professionals. This review draws primarily on the Technology Acceptance Model (TAM) and principles of Human-Centred Artificial Intelligence (HCAI). These approaches are complementary: TAM provides a framework for understanding technology acceptance and behavioural intention, while HCAI broadens the analysis by considering human autonomy, trust, safety and meaningful human control. Together, they support evaluation of the relationship between technological effectiveness, ethical considerations and human factors.
The Technology Acceptance Model, originally developed by Davis (1989), proposes that perceived usefulness and perceived ease of use are fundamental determinants of an individual's intention to adopt technology. Perceived usefulness refers to the extent to which a person believes that a technology will improve performance or outcomes, whereas perceived ease of use concerns the extent to which the technology can be used without unnecessary difficulty (Davis, 1989). Although TAM was not originally developed for healthcare, subsequent research has demonstrated its relevance to health technology adoption (Lai, 2017; AlQudah et al., 2021). For AI-based fall prevention, an older adult may be more willing to use a wearable or monitoring system when its purpose and benefits are understandable and when using it does not create substantial inconvenience.
However, TAM alone may be insufficient to explain the complexity of AI adoption among older adults. Acceptance can also be influenced by trust, privacy concerns, social support, digital confidence, health status and previous experience with technology (Peek et al., 2014; Hou et al., 2024). Similarly, healthcare professionals may recognise the potential usefulness of an AI system but remain reluctant to use it if its recommendations are difficult to interpret or poorly integrated into existing workflows (Hassan et al., 2024). Therefore, perceived usefulness and ease of use need to be considered alongside the broader ethical, organisational and interpersonal context in which AI-based fall-prevention technologies operate.
HCAI complements TAM by placing human needs, values and oversight at the centre of AI design and implementation. Rather than viewing increased automation as the primary objective, HCAI emphasises the development of systems that enhance human capabilities while maintaining appropriate human control, transparency and accountability (Schmager et al., 2025). This approach is particularly relevant to fall prevention because AI-generated risk classifications may influence decisions concerning mobility, supervision and care. Excessive reliance on automated recommendations could potentially restrict an older person's independence, whereas appropriate professional interpretation can enable AI information to support rather than replace person-centred decision-making.
Combining TAM and HCAI therefore provides a useful framework for this systematic review. Effectiveness considers whether AI can accurately identify risk and contribute to meaningful fall-prevention outcomes; ethical considerations address autonomy, privacy, fairness, transparency and accountability; and human factors examine usability, trust, acceptance and integration into care. These dimensions are interconnected. A highly accurate system may have limited practical value if users do not trust it, while a convenient and acceptable technology cannot be justified if its predictions are unreliable or its data practices are unethical.
[bookmark: _Toc241078362]2.9 Conceptual Framework
The conceptual framework for this systematic review integrates the three principal dimensions identified within the literature: effectiveness, ethical considerations and human factors. These dimensions are treated as interdependent rather than separate components because the successful implementation of AI-based fall-prevention technologies depends not only on their technical ability to identify fall risk but also on whether they are ethically acceptable, usable and appropriately integrated into care. This reflects the overall focus of the review and provides a structure for interpreting the evidence across different AI technologies and healthcare settings.
The effectiveness dimension considers predictive accuracy, fall-risk identification, fall detection, monitoring capability and, where reported, changes in actual falls or fall-related outcomes. However, the literature demonstrates that technical accuracy should be distinguished from clinical effectiveness. A system capable of accurately classifying fall risk will have limited preventive value unless the information generated leads to timely and appropriate intervention (O'Connor et al., 2022; Chen et al., 2022; González-Castro et al., 2024).
The ethical dimension incorporates privacy, autonomy, informed consent, data security, fairness, transparency and accountability (Morley et al., 2020; Li et al., 2023). These factors are particularly important where continuous monitoring occurs within an older person's home or care environment. The human-factor dimension includes usability, trust, perceived usefulness, digital literacy, staff readiness and integration with existing care practices (Asan and Choudhury, 2021; Hassan et al., 2024). TAM and HCAI provide the theoretical foundation linking these dimensions by demonstrating that adoption depends on perceived usefulness and usability while also requiring human oversight, trust and person-centred implementation.
Accordingly, the conceptual framework proposes that successful AI-based fall prevention occurs through the interaction of technical effectiveness, ethical acceptability and human-centred implementation. Weakness in any one dimension may reduce the overall value of an intervention. This integrated framework guides the synthesis of evidence in the systematic review and supports identification of the remaining gaps within the literature.
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Despite rapid development of AI-based technologies for fall prevention, important gaps remain within the evidence base. A central limitation is the difference between technical performance and demonstrated clinical effectiveness. Many studies evaluate accuracy, sensitivity, specificity, discrimination or fall-detection capability, while fewer establish whether implementation results in sustained reductions in actual falls, injuries, hospital admissions or loss of independence (O'Connor et al., 2022; Chen et al., 2022; González-Castro et al., 2024). Consequently, the ability of an algorithm to identify a person at increased risk should not be interpreted automatically as evidence that it prevents falls.
A second gap concerns the heterogeneity of existing research. Studies differ considerably in population characteristics, sample sizes, technologies, sensor placement, algorithms, settings and outcome measures, making direct comparison difficult (Usmani et al., 2021; Chen et al., 2022). Some technologies are also evaluated under controlled conditions or using selected populations, raising questions about generalisability to older adults with multimorbidity, frailty, cognitive impairment or differing levels of digital literacy. Greater prospective and long-term evaluation in community, residential and routine clinical settings is therefore required.
The literature also reveals an imbalance between technological evaluation and consideration of ethical and human factors. Privacy, informed consent, algorithmic bias, transparency and accountability are widely recognised concerns, yet these issues are frequently discussed separately from assessments of effectiveness (Morley et al., 2020; Li et al., 2023). Similarly, trust, usability, acceptability, staff readiness and workflow integration can determine whether AI is used successfully but are not consistently evaluated alongside technological outcomes (Asan and Choudhury, 2021; Hassan et al., 2024). Evidence concerning long-term acceptability and the experiences of older adults using these technologies in their own homes or other independent-living environments also remains comparatively limited.
Finally, although international research provides valuable evidence about AI-based fall prevention, findings cannot automatically be transferred to UK health and social care because implementation is influenced by service organisation, professional practice, governance and population characteristics. This does not justify excluding international studies; rather, it highlights the need to critically consider their transferability to UK and NHS contexts.
The identified gap is therefore not simply an absence of research on AI and falls. Instead, there is a need for an integrated synthesis that examines effectiveness alongside ethical considerations and human factors while distinguishing technical performance from meaningful outcomes for older adults. This systematic review addresses that gap by critically evaluating these dimensions together and using the resulting evidence to inform recommendations for safe, ethical and person-centred implementation, with particular consideration of UK health and social care.
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This chapter critically reviewed and synthesised the literature concerning AI-based approaches to fall prevention among older adults. Falls remain a significant public health concern because of their association with injury, reduced mobility, loss of independence and increased healthcare utilisation. AI technologies, including wearable sensors, machine-learning algorithms, computer vision and ambient monitoring systems, provide opportunities to enhance conventional fall-prevention strategies through continuous monitoring, risk prediction and earlier identification of changes in mobility.
The literature demonstrates promising technical performance, particularly in fall-risk prediction and detection. However, evidence that these technologies consistently reduce actual falls, fall-related injuries or longer-term adverse outcomes remains less established. Methodological heterogeneity, limited external validation and differences in populations, technologies and outcome measures further restrict direct comparison between studies.
The review also demonstrates that effectiveness cannot be considered independently of ethical considerations and human factors. Privacy, informed consent, autonomy, algorithmic bias, transparency and accountability require careful consideration, particularly when continuous monitoring is used. Similarly, trust, usability, perceived usefulness, digital literacy, staff readiness and integration into existing care pathways can determine whether technically effective systems achieve meaningful benefits in practice. TAM and HCAI therefore provide complementary theoretical perspectives for understanding technology acceptance while maintaining person-centred care and appropriate human oversight.
Overall, the literature identifies a need for more prospective, longitudinal and real-world research that evaluates clinical outcomes alongside technological performance, ethical acceptability and user experience. The identified evidence gaps provide the rationale for the systematic review methodology presented in Chapter 3, which systematically identifies, appraises and synthesises evidence concerning the effectiveness, ethical implications and human factors associated with AI-based fall prevention among older
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[bookmark: _Toc241078366][bookmark: introduction-1]3.1 Introduction
Research methodology provides the systematic framework through which a study is designed, conducted and evaluated in order to answer the research questions transparently and rigorously (Saunders et al., 2023). Selection of an appropriate methodology is fundamental to achieving the research objectives while supporting the reliability and validity of the findings (Adeoye, 2024, p.30). As this dissertation critically evaluates AI-based approaches to fall prevention among older adults, together with associated ethical issues and human factors, a systematic literature review using secondary research was adopted. This approach was appropriate because evidence on AI-based fall prevention is distributed across different technologies, study designs, populations and care settings. A systematic literature review enables this heterogeneous evidence to be identified, critically appraised and synthesised using a transparent and reproducible process, allowing comparisons to be made across effectiveness, ethical considerations and human factors (Page et al., 2021; Marzi et al., 2025).  This design was appropriate because systematic reviews use explicit and reproducible procedures to identify, appraise and synthesise findings across multiple studies, allowing heterogeneous evidence on effectiveness, ethics and human factors to be compared systematically while reducing reliance on individual studies (Page et al., 2021). International studies were eligible, with the implications of the evidence subsequently considered for UK health and social care. Thematic analysis following Braun and Clarke (2021) was employed to synthesise qualitative and quantitative findings.
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The research philosophy is the belief and the assumptions that act as a guide for knowledge which can be generated and interpreted throughout the process of the research (Žukauskas et al., 2018). Among the principal paradigms of the research philosophy, positivism is all about the measurement of objective reality and the facts of measurement, whereas interpretivism focuses on the recognition of the knowledge that is constructed socially and the existence of so many interpretations of the same phenomenon (Žukauskas et al., 2018). Therefore, the consideration of the study not only on the AI interventions of fall prevention, but also on ethics and human factors, an interpretivism research philosophy can be the most appropriate. The philosophical stance of interpretivism can enable the critical interpretation of the diverse findings and their synthesis rather than measuring them statistically.
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The research approach is all about how the evidence can be interpreted to grow knowledge (Taherdoost, 2022, p.55). Two approaches are presented which are principally adopted in the research, namely deductive and inductive. Deductive research is tested with primary evidence, though it begins with established hypotheses, whereas inductive research identifies conclusions through interpretations from secondary findings (Leavy, 2022, p.viii). As this dissertation seeks evidence which already exists, an inductive research approach was adopted rather than any predetermined test hypotheses. The inductive approach is very suitable for systematic literature reviews as it is based on the identification of the themes, patterns and relationships among multiple studies (Nadkarni and Prügl, 2021, p.271).
[bookmark: _Toc241078369][bookmark: research-design]3.4 Research Design
This study adopted a secondary research design in the form of a systematic literature review . Secondary research involves collecting, appraising and synthesising existing evidence rather than generating new primary data through surveys or interviews (Cheong et al., 2023, p.02). This design was appropriate because the study aims to examine existing international evidence concerning AI-based fall prevention among older adults and to critically evaluate effectiveness, ethical implications and human factors across different technologies, populations and settings.
In comparison with the traditional literature reviews, a systematic literature review employ explicit, reproducible and transparent measures for the identification, selection, appraisal and synthesis of the evidence (De León Pérez et al., 2024). This rigour of methodology minimises the bias of the research and brings an enhancement in the validity and reliability of the findings. As there is a rapid development of AI technologies in the healthcare sector, the existing studies may report varying effectiveness and some inconsistencies in ethics. An SLR therefore provides a proper methodology for the integration of the diverse evidence into a coherent understanding (Marzi et al., 2025, p.94). Furthermore, this particular research design is very accurate as per the ethics application, which specifies the reliance on the secondary data with a systematic literature review.
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The research strategy adopted in this dissertation is an SLR that was conducted in accordance with the PRISMA 2020. “Preferred Reporting Items for Systematic Reviews” or PRISMA is an international framework for the conduction and the reporting of the SLRs, thereby establishing certain procedures of transparency for identification, screening, selection, and synthesis of the evidence published (Azarian et al., 2023). Adherence to the PRISMA procedures enhances the transparency of methodology, facilitates reproducibility, and thereby reduces the likelihood of selection bias throughout the dissertation process (Holst et al., 2025).
Unlike the traditional narrative literature reviews, which are mainly dependent on the selection of the literature, SLRs employ predefined criteria of eligibility, comprehensive searches on the database, structured procedures of screening and formal methods of quality appraisal (Azarian et al., 2023). These criteria ensure that the resulting data is comprehensive and robust in terms of methodology. This framework has the requirement of documentation as well, through a flowchart. The illustration of the flowchart is the visual representation of the processes used, the number of studies screened, excluded, included and finally placed in the research (Azarian et al., 2023).
This research strategy enables the usage of qualitative, quantitative and mixed methods research, which are already published in a single review. This approach is very valuable because the AI-based technologies of fall prevention have been investigated herein.
The appraisal of AI evidence also requires attention to reporting and validation issues that are specific to data-driven technologies. Recent guidance emphasises transparent description of datasets, model development, external validation, human-AI interaction and real-world clinical evaluation. Relevant frameworks include CONSORT-AI and SPIRIT-AI for AI-related trials and protocols (Liu et al., 2020; Cruz Rivera et al., 2020), DECIDE-AI for early-stage clinical evaluation (Vasey et al., 2022), TRIPOD+AI for prediction models (Collins et al., 2024) and STARD-AI for diagnostic-accuracy studies (Sounderajah et al., 2025). These frameworks were not used as substitute quality-appraisal tools, but they informed critical consideration of transparency, generalisability and clinical applicability (Collins et al., 2024; Sounderajah et al., 2025; Shaheen et al., 2023).”

[bookmark: _Toc241078371][bookmark: pico-framework]3.6 PICO Framework
The PICO (Population, Intervention, Comparison and Outcome) framework was used to clarify the review question and guide the search strategy. PICO supports transparent identification of the population of interest, the AI-based interventions being examined, relevant comparators where available and the outcomes used to judge effectiveness. In this review, the framework was applied flexibly because many eligible studies were observational, prediction-model or diagnostic-classification studies and therefore did not include a conventional intervention-control comparison (Richardson et al., 1995; Booth et al., 2016).
	PICO Component
	Description
	Keywords / Review Application

	Population (P)
	Older adults, generally aged 65 years and above, in hospital, care-home, community or home settings. International studies were eligible.
	older adults; elderly; ageing; older people; geriatric

	Intervention (I)
	AI-based approaches to fall-risk prediction, assessment, monitoring, detection or prevention, including ML, deep learning, wearable sensors, computer vision, smart monitoring and EHR-based models.
	artificial intelligence; machine learning; deep learning; wearable sensors; computer vision; fall prediction; fall detection

	Comparison (C)
	Usual assessment, alternative models/technologies, fallers versus non-fallers, high-risk versus low-risk groups, or no formal comparator where the study design did not include one.
	usual care; clinical assessment; alternative model; faller/non-faller

	Outcome (O)
	Prediction/classification performance, fall detection, falls, fall-related injuries, health outcomes, ethical issues, usability, acceptability and implementation-related human factors.
	fall risk; falls; injury; sensitivity; specificity; accuracy; ethics; privacy; usability; acceptability



                   Table 1: PICO Framework for the Systematic Literature Review
As shown in Table 1, the PICO framework was used to define the main components of the review and ensure that the search strategy remained aligned with the research question and objectives. The population focused on older adults, while the intervention included a range of AI-based approaches to fall-risk prediction, assessment, monitoring, detection and prevention. International studies were eligible because the available UK evidence alone was insufficient to provide the required evidence base. However, the relevance and transferability of the findings to UK health and social care were considered when developing the discussion and recommendations.
[bookmark: _Toc241078372][bookmark: data-sources]3.7 Data Sources
	Database 
	Purpose 
	Justification 

	PubMed
	Peer-reviewed literature of bio medics
	It is a comprehensive database which covers healthcare, public health studies and medical research. 

	MEDLINE
	Medical studies and clinical studies
	This is a database which provides good quality evidence which relates to the interventions of healthcare and the technologies of digitisation.

	Google Scholar 
	Literature of multidisciplinary
	This database is much wider and broader, and it has peer-reviewed studies and is good for citation tracking. 

	WHO Publications 
	International documents of policy
	This database is a global guidance in healthy ageing and health. 

	NHS England 
	National reports of healthcare
	The evidence of UK-centred fall prevention and AI interventions is supplied in this research. 

	NICE Guidelines
	Clinical guidance
	The evidence-based recommendations are very relevant to fall prevention and healthcare.



                                                   Table 2: Data Sources
As shown in Table 2, a range of academic databases and authoritative organisational sources were selected to provide broad and relevant coverage of the available evidence. PubMed and MEDLINE were used to identify peer-reviewed health and clinical research relating to older adults, falls and AI-based interventions, while Google Scholar supported the identification of additional multidisciplinary literature. Authoritative sources including NHS England, the National Institute for Health and Care Excellence (NICE) and the World Health Organization (WHO) were used to provide relevant policy, practice and public-health context. Using multiple sources reduced reliance on a single database and supported the identification of evidence relevant to effectiveness, ethical implications and human factors.
[bookmark: _Toc241078373][bookmark: search-strategy]3.8 Search Strategy
A structured search strategy was developed to identify studies relevant to the research objectives. PRISMA 2020 principles were followed and predefined keywords and Boolean operators were used to improve transparency and reproducibility. The principal concepts were ‘Artificial Intelligence’, ‘Fall Prevention’ and ‘Older Adults’. Related terms such as ‘machine learning’, ‘fall risk’, ‘fall prediction’, ‘fall detection’, ‘wearable sensor’, ‘elderly’ and ‘ageing’ were combined using AND and OR. ‘UK’ or ‘United Kingdom’ was not used as a mandatory search restriction because the final review was designed to include relevant international evidence. UK-focused evidence was prioritised where available and the transferability of international findings to UK health and social care was considered during synthesis and recommendations (Atkinson and Cipriani, 2018, p.76).
(“Artificial Intelligence” OR “Machine Learning” OR “Deep Learning”) AND (“Fall Prevention” OR “Fall Risk” OR “Fall Prediction” OR “Fall Detection”) AND (“Older Adults” OR “Elderly” OR “Ageing”).
Thus, the employment of the search strategy across all the databases has increased the likelihood of the identification of the relevant studies, thereby bringing a reduction in publication bias.
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	Criterion
	Inclusion Criteria

	Type of Publication
	Peer-reviewed journal articles which are empirical in nature. 

	Period of Publication 
	Studies published from 2016 to 2025 were eligible, providing a ten-year review period.

	Language of Publication
	English is the preferred language for this research. 

	Population of Publication
	Older adults, generally aged 65 years and above. Studies with relevant older-adult subgroups were considered where findings were applicable to the review question.

	Interventions Used
	AI-based prevention of falls among older adults, prediction of falls and other technologies for fall detection. 

	Study Designs Adopted
	All three study designs were undertaken, namely, qualitative, quantitative and mixed methods. 

	Setting 
	Hospital, community, care-home, rehabilitation or home settings.

	Outcomes of Research 
	AI performance for fall-risk prediction, assessment, monitoring or detection; falls/fall-related outcomes where reported; ethical issues; usability, acceptability and implementation-related human factors.

	Geographical Scope
	International studies were eligible. UK studies were prioritised where available, and international findings were assessed for relevance to UK health and social care.



                  Table 3: Inclusion Criteria Applied During the Research Process
                                                         
Table 3 demonstrates that the inclusion criteria were designed to identify contemporary and directly relevant evidence while maintaining sufficient breadth to capture developments in AI-based fall prevention. The criteria focused on older adults and included international studies conducted across hospital, community, care-home, rehabilitation and home settings. The ten-year publication period was selected to capture recent developments in AI-enabled healthcare, while the broader geographical approach enabled an adequate evidence base to be included. The applicability of international findings to UK health and social care was then considered during the synthesis and recommendations.
Therefore, from the above table, it can be said that clear inclusion criteria were applied in the research. Establishment of the predefined criteria is very essential within the systematic reviews because it helps in minimising the subjective decision-making and also helps in the reduction of the bias of selection (Atkinson and Cipriani, 2018, p.76). This particular inclusion criterion was developed from the objectives of the research and the approved application of the ethics, which ensures that only the studies which are highly capable of addressing the effectiveness of the AI-based fall prevention interventions were selected.
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	Criterion
	Exclusion Criteria

	Period of Publication 
	Studies published before 2016 were excluded.

	Language of Publication
	The research published in other languages, particularly the non-English studies, was excluded from the research as well. 

	Type of Publication
	The editorials, abstracts of the conferences, chapters in books, and non-peer-reviewed literature were excluded from the study. 

	Population of Publication
	Any other people taken into consideration other than the elderly ones, like the children, adolescents and the younger adults. 

	Interventions Used
	Studies which are not related to AI and the prevention of falls among elderly people. 

	Duplicate Records
	The duplicate records of the same research, if identified in all of the databases selected, are not selected. 

	Availability
	Unavailability of the full text, and only the abstract is showing. 



               Table 4: Exclusion Criteria Applied During Research Process 
As presented in Table 4, the exclusion criteria were applied to remove evidence that did not directly address the research question or meet the methodological scope of the review. Studies outside the specified publication period, those not focused on older adults or AI-related fall prevention, and sources that did not provide sufficiently relevant evidence were excluded. Applying these criteria consistently helped to reduce irrelevant material and ensured that the final evidence base remained focused on the effectiveness, ethical implications and human factors associated with AI-based fall-prevention approaches.
As per the table created above, the exclusion criteria were thus set up to remove any kind of studies which are not related to the research objectives. Application of the explicit criteria of exclusion improves the quality of the synthesis of the evidence, thereby ensuring that all irrelevant, outdated, and methodologically irrelevant studies do not get included in the research and do not influence the findings (Atkinson and Cipriani, 2018, p.75).
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PRISMA   Stage
	PRISMA Stage
	Description

	Identification
	The records were identified through the searching of the databases and the screening of the references. 

	Removal of Duplicates
	All of the articles which were duplicated were removed. 

	Screening of Titles
	The irrelevant studies were excluded after the review of the titles. 

	Screening of Abstracts
	The abstracts of the studies selected in these phases were assessed as per the inclusion criteria.  

	Assessment of Full-Text
	The eligible articles selected were fully reviewed and interpreted. 

	Final Inclusion 
	Therefore, all of the studies which met all of the criteria were included in this research.


                   Table 5: PRISMA Guided Selection Process of the Study  
Table 5 summarises the structured study-selection process used to move from the initial search results to the final included evidence. Records were progressively screened for relevance and eligibility, with duplicates and studies that did not meet the predefined criteria removed at the appropriate stages. This PRISMA-guided process strengthened transparency by showing how the final 12 studies were identified and ensured that the evidence presented in Chapter 4 could be traced back to the eligibility and screening procedures described in this methodology.
Thus, the selection process of the studies followed the PRISMA 2020 framework for ensuring transparency and coherence. After the completion of the electronic database search, all of the records identified were exported to a folder, and the irrelevant and duplicate records were identified and discarded. The remaining articles in the folder then went on to a three-stage process of screening. Initially, all of the titles were screened, and all of the titles which were unrelated were discarded. The next phase was about the screening of the abstracts. The eligibility criteria for the selection of these articles were the inclusion criteria predefined above. Finally, all the full texts of the relevant studies were reviewed in full, and their suitability for inclusion in the systematic review was assessed.
[bookmark: _Toc241078377][bookmark: data-extraction]3.12 Data Extraction
After the study selection process was completed, the data were extracted from each of the selected studies using a data extraction form that will be portrayed in Chapter Four. Data extraction is known to be an important stage of the SLR because it assists in the collection of relevant data consistently by averting the risks of selective reporting and researcher bias (Schmidt et al., 2023). A standardised template of extraction enhanced the transparency of the extraction process and provided a comparison of the studies across all of the studies selected. The extraction process was all about recording the author names, methodology, details of interventions, outcomes, ethics, human factors, and limitations of each of the resources selected. This helped in the identification of the similarities, dissimilarities and the recurring features of all the included studies.
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Methodological quality assessment was undertaken for the final 12 studies included in Chapter 4 so that the synthesis was based on evidence whose strengths and limitations had been considered (Shaheen et al., 2023). Appraisal was matched to study design: qualitative evidence was assessed using the Critical Appraisal Skills Programme (CASP) approach, while quantitative and prediction-model studies were considered using appropriate structured quality criteria, including clarity of aims, appropriateness of design, sample and setting, measurement validity, analysis, bias, validation and usefulness of findings. Particular attention was given to limitations relevant to AI evidence, such as small or restricted samples, retrospective classification, simulated falls, limited external validation and lack of direct measurement of reductions in falls or injuries. The appraisal therefore informed the weight given to each study during synthesis rather than treating a high accuracy figure alone as evidence of clinical effectiveness. The final included evidence comprised Gregg et al. (2023), Sotirakis et al. (2024), Archer et al. (2024), Lotfi et al. (2018), Peach et al. (2017), Rehman et al. (2020), Noh et al. (2021), Ikeda et al. (2022), Qiu et al. (2018), Greene et al. (2019), Heo et al. (2023) and Yu et al. (2020). The detailed quality appraisal of the 12 included studies is provided in Appendix 3.
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Following extraction and quality appraisal, the findings were synthesised thematically and narratively. The analysis compared studies addressing similar aspects of the review, including fall-risk prediction and assessment, fall detection and monitoring, ethical considerations, and human factors/implementation. Numerical results such as sensitivity, specificity, accuracy, area under the curve and sample size were compared where reported, while differences in study design, population, setting, technology, validation, strengths and limitations were considered when interpreting those figures. This approach enabled Chapter 4 to present cases, similarities and differences across the 12 studies rather than describing each article in isolation (Braun and Clarke, 2021, p.58).
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Establishing the reliability and validity is very essential as it ensures the trustworthiness of any kind of systematic literature review (Shaheen et al., 2023, p.08). In this research, the reliability was enhanced by the adoption of the transparent methodology, which was reproducible in nature, and this includes the search strategies, which are predefined, explicit criteria of eligibility, data extraction processes, and recognised tools of quality appraisal. These measures helped in the reduction of subjective decision-making and helped in the improvement of the consistency in the process of review.
Validity of the research was strengthened by keeping the review limited to peer-reviewed publications only, which are published in reputable databases, and also by following the PRISMA 2020 framework. Furthermore, the inclusivity of the selection of the research articles, which contained qualitative, quantitative and mixed methods approaches, formed a methodological triangulation and thus formed a comprehensive understanding of the fall prevention techniques.
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This study was about a systematic literature review, and therefore there was no need for recruitment of any kind of human respondents or any type of primary data collection. Nevertheless, the principles of ethics remained ingrained in the entire research process. The academic integrity, as per the approved ethics application, was maintained through proper use of Harvard referencing, acknowledgement of the authors and avoidance of any kind of plagiarism. The selection bias and the interpretation bias of the articles were also minimised by the predetermined criteria and the quality appraisal tools. Thus, these measures helped ensure that the research was responsibly conducted and was in full compliance with the ethical standards of the university.
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This chapter justified the methodology used for the systematic literature review. An interpretivist philosophy and inductive approach supported the synthesis of heterogeneous quantitative, qualitative and technology-focused evidence. The PICO framework, international eligibility criteria, structured search strategy, PRISMA-guided selection, data extraction and methodological quality appraisal were aligned with the final 12 studies presented in Chapter 4. The methodology was designed to compare effectiveness, ethical implications and human factors and to provide a transparent basis for considering how international evidence may inform UK health and social care recommendations.
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This chapter presents the results of the systematic literature review on artificial intelligence (AI) in fall prevention among older adults. Twelve studies met the final eligibility criteria and were included in the evidence synthesis. Across these studies, AI-based approaches included machine-learning prediction, electronic health record (EHR) risk models, wearable and inertial sensors, gait analysis, computer vision and deep-learning methods (Gregg et al., 2023; Noh et al., 2021; Archer et al., 2024; Lotfi et al., 2018; Yu et al., 2020). The findings are presented in relation to the three objectives of the review: evidence and effectiveness of AI-based approaches, ethical considerations, and human factors influencing implementation, usability and acceptability.
[bookmark: _Toc241078385]4.2 Study Selection
Twelve studies were retained in the final evidence synthesis. Five of the 12 studies (41.7%) were directly UK-based or UK-developed: Gregg et al. (2023), Sotirakis et al. (2024), Archer et al. (2024), Lotfi et al. (2018) and Peach et al. (2017). Rehman et al. (2020) provided additional UK/European collaborative evidence. The remaining studies contributed international evidence on machine learning, wearable sensing, large-scale risk prediction and deep-learning approaches. The final evidence base therefore combined UK and international studies.
Overall, UK-related evidence represented an important part of the final study set, while the inclusion of international studies broadened the evidence available for evaluating effectiveness, ethical considerations and human factors. This international evidence is later considered in relation to its relevance for UK health and social care recommendations.
[bookmark: _Toc241078386]4.3 Characteristics of the Included Studies
In relation to the first objective, the 12 studies consistently showed that AI could support fall-risk identification, prediction, monitoring or detection, although the strength and clinical relevance of this evidence varied. Prediction and classification were examined through gait and movement data, EHRs and national claims data, while monitoring and detection studies used wearable sensors, computer vision and deep-learning approaches. However, the studies provided stronger evidence for identifying or detecting fall-related risk than for demonstrating that AI implementation directly reduced falls, fall-related injuries or associated health outcomes. These findings establish the main effectiveness argument before differences in study characteristics are considered.
Differences in study characteristics helped explain why the reported results were not directly comparable. Gregg et al. (2023) included 60 community-dwelling older women, Noh et al. (2021) included 746 older adults and Qiu et al. (2018) included 196 older women. In contrast, Ikeda et al. (2022) examined 61,883 community-dwelling older adults, Greene et al. (2019) included 8,521 participants across 14,611 assessments, and Archer et al. (2024) developed and externally validated the eFalls model using large routinely collected UK healthcare datasets. Technologies also differed: Gregg et al. (2023), Noh et al. (2021) and Qiu et al. (2018) used machine-learning approaches involving gait or mobility characteristics; Rehman et al. (2020), Greene et al. (2019) and Sotirakis et al. (2024) used wearable or movement-derived data; Heo et al. (2023) used national claims data; Archer et al. (2024) used EHR data; Yu et al. (2020) used deep learning with inertial-sensor data; and Lotfi et al. (2018) used computer vision with a multilayer perceptron neural network.
The studies with more restricted or controlled evidence included Gregg et al. (2023), which involved only 60 older women; Qiu et al. (2018), which was restricted to older women and used retrospective fall status; and Yu et al. (2020), which used the SisFall dataset of 38 participants, only 15 of whom were older adults. Lotfi et al. (2018) also reported very high technical detection performance in an experimental computer-vision context. By comparison, Archer et al. (2024), Ikeda et al. (2022), Greene et al. (2019) and Heo et al. (2023) used substantially larger clinical or population-level datasets. Therefore, sample size, representativeness, follow-up and external or real-world validation were considered alongside accuracy. High technical percentages from small or controlled datasets were not treated as equivalent to stronger evidence of generalisability or clinical preventive effectiveness.
[bookmark: _Toc241078387]4.4 AI-Supported Fall-Risk Prediction and Assessment
A strong similarity across the prediction studies was the finding that AI could identify patterns associated with fall risk. Gait and movement characteristics were repeatedly identified as informative in Gregg et al. (2023), Noh et al. (2021), Qiu et al. (2018), Rehman et al. (2020) and Sotirakis et al. (2024). Nevertheless, substantial within-group variation was evident in predictive performance. Using logistic regression, Gregg et al. (2023) reported 90% sensitivity, 87% specificity, and an AUC of 0.92. Similar to this, Qiu et al. (2018) reported 89.4% accuracy, 92.7% sensitivity, and 84.9% specificity when employing a Support Vector Machine for classification. Noh et al. (2021), on the other hand, observed significantly lower accuracy of roughly 67–70%, sensitivity of 43–53%, and specificity of roughly 77–84%. As a result, while all three investigations confirmed the value of gait-related data, their findings did not show consistent predictive efficacy. Sensitivity varied from roughly 43–53% in Noh et al. (2021) to 92.7% in Qiu et al. (2018).
The effectiveness evidence showed that higher reported predictive accuracy did not necessarily correspond to stronger evidence that falls would be prevented in routine care. Gregg et al. (2023) reported 90% sensitivity and 87% specificity, while Qiu et al. (2018) reported 92.7% sensitivity and 84.9% specificity; however, both studies were based on restricted populations, and Gregg et al. (2023) included only 60 women. Noh et al. (2021) reported more modest predictive performance in a larger sample. Archer et al. (2024) provided a different UK example: the eFalls model used routinely collected primary-care data to estimate the risk of emergency department attendance or hospitalisation associated with a fall or fracture. Its c-statistic was approximately 0.72 during internal-external cross-validation and 0.82 (95% CI 0.80-0.83) during external validation. These findings indicate that predictive performance must be interpreted alongside the population and context in which the model was evaluated, particularly when considering whether it could support real-world fall prevention.
Similarly, Heo et al. (2023) showed that population-level risk classification and machine-learning prediction may be supported by routinely gathered national health-claims data. Unlike wearable techniques, this shared use of current healthcare data may provide risk assessment without forcing older persons to utilise extra equipment. Another significant difference was revealed by longitudinal studies. While Sotirakis et al. (2024) examined potential fallers among individuals with Parkinson’s disease over a period of up to five years, Ikeda et al. (2022) tracked 61,883 community-dwelling older people across three years. Compared with previous studies which classified participants based on earlier autumn history, the data had better temporal evidence. Overall, the prediction evidence was consistent in demonstrating that AI can identify combinations of clinical, functional, gait and movement characteristics associated with falls. However, the predictive performance was significantly different for populations, algorithm, data source, follow-up and validation methods.
[bookmark: _Toc241078388]4.5 Fall Detection and Continuous Monitoring
The detection and monitoring studies share similarities but also significant differences. A common feature was the use of objective movement information. Lotfi et al. (2018) investigated visual movement and body shape, Yu et al. (2020) analysed accelerometer and gyroscope information, Greene et al. (2019), Rehman et al. (2020) and Sotirakis et al. (2024) used wearable-derived gait or mobility data. However, the technologies were developed to fulfil different roles. Lotfi et al. (2018) addressed falls as they occur, and Yu et al. (2020) considered pre-impact recognition, while Greene et al. (2019), Rehman et al. (2020), and Sotirakis et al. (2024) focused on mobility evaluation and fall risk assessment. Lotfi et al. (2018) reported a fall detection rate of 99.60% and false alarm rate of 2.62% with computer vision and a multilayer perceptron neural network. Similarly, Yu et al. (2020) reported impressive technical performance with a hybrid ConvLSTM model, revealing sensitivities of 93.15%, 93.78% and 96.00% for non-fall, pre-impact fall and fall classification respectively. Specificity shifted from 94.49% to 98.69%.
These results were technically interesting, but largely from controlled data. This is in contrast to Greene et al. (2019), which examined a much larger real population. Of the 8,521 people in this sample, 25.8% reported a fall that happened in the previous year and 26.2% were classified as high risk. They indicate that 21.5 percent of people who claimed no previous falls were still considered high risk, indicating that digital assessments can reveal vulnerabilities that fall history alone cannot reveal (Greene et al., 2019). Rehman et al. (2020) also showed some inconsistencies in the analysis of wearable sensors. Some models achieved accuracy close to 98% and sensitivity close to 99%, but performance varies from the dataset to the neurological population. This variability indicates that performance cannot be represented in a single accuracy value. Therefore, controlled experimental studies generally showed better technical performance, whereas larger real-world studies gave more evidence for feasibility and generalisability. Lotfi et al. (2018) found a 99.60% detection rate of the wearable sensor. For example, Greene et al. (2019) cannot be ranked against the results of the previous research simply because they examined different outcomes in different situations.
[bookmark: _Toc241078389]4.6 Ethical Considerations
In relation to the second objective, the principal ethical issues identified across the evidence were privacy, surveillance, consent, autonomy, transparency and the potential consequences of incorrect risk classification. Privacy and surveillance concerns were most evident where technologies continuously collected personal or movement data. Lotfi et al. (2018), for example, used computer vision to analyse visual information about body movement, creating a potential tension between continuous monitoring and personal privacy. Wearable approaches used by Greene et al. (2019), Rehman et al. (2020), Sotirakis et al. (2024) and Yu et al. (2020) avoided continuous visual observation but still depended on the collection of personal movement data. EHR-based prediction, such as Archer et al. (2024), reduced the direct technological burden on older adults but raised issues concerning appropriate access, governance and secondary use of routinely collected health information. These findings show that the ethical concern changes according to the form of AI and the type of personal data required.
Autonomy and the right of older adults to define their own priorities were particularly evident in Peach et al. (2017). In this qualitative UK study of 20 older-person/relative dyads, some participants with mild dementia or mild cognitive impairment resisted being defined primarily as a ‘faller’, while independence, identity and quality of life influenced how they evaluated fall-prevention strategies. This creates an ethical tension between algorithmic risk classification and person-centred decision-making: a system may identify an individual as high risk, but the individual may understand or prioritise that risk differently. Across the 12 studies, detailed technical performance was therefore much more common than direct investigation of consent, autonomy, privacy, transparency or the lived consequences of AI-supported risk classification (Morley et al., 2020; Li et al., 2023).”
[bookmark: _Toc241078390]4.7 Human Factors and Implementation
In relation to the third objective, three human-factor issues were evident: whether older adults recognise and accept the fall risk identified by professionals or AI systems; the usability and burden associated with different technologies; and the influence of relatives and healthcare professionals on implementation. Direct evidence on these issues was limited. Peach et al. (2017) provided the strongest evidence of older adults’ perspectives and identified attitudes towards falls, attitudes towards prevention, barriers and facilitators to prevention, and the role of relatives as important influences on engagement.
Acceptability may be reduced when professional or algorithmic definitions of fall risk do not correspond with an older person’s own perception of risk. Peach et al. (2017) showed that older adults did not always recognise themselves primarily through a fall-risk label. This contrasts with Gregg et al. (2023) and Qiu et al. (2018), where effectiveness was expressed mainly through sensitivity, specificity and classification performance. Although these measures indicate how well a model categorises risk, they do not demonstrate whether an older adult understands, trusts or accepts the resulting recommendation. Usability burden also differed by technology. Wearable approaches in Greene et al. (2019), Rehman et al. (2020), Sotirakis et al. (2024) and Yu et al. (2020) depended on sensors being worn or used correctly and on continued movement-data collection. Computer-vision approaches such as Lotfi et al. (2018) could operate more passively but may be less acceptable because of surveillance concerns. By contrast, Archer et al. (2024) used routinely collected EHR data and therefore required little direct interaction from the older person. The studies consequently indicate substantial differences in likely user burden, acceptability and implementation requirements.
Evidence on actual user experience remained limited across the final study set. Few studies directly measured usability, trust, adherence, digital literacy, acceptability or the experiences of older adults using AI-based fall-prevention systems. This limits conclusions about implementation because technical performance alone cannot establish whether a technology will be used consistently, understood by older adults or integrated effectively into routine health and social care. The evidence therefore supports the need for person-centred implementation and for greater involvement of older adults, relatives and frontline professionals when AI-based fall-prevention approaches are designed and evaluated (Peng et al., 2016; Hassan et al., 2024).”
[bookmark: _Toc241078391]4.8 Overall Synthesis of Results
Across the 12 studies, the clearest finding related to the first objective was that AI techniques could provide useful information about fall risk or fall-related events. Machine-learning models, wearable sensors, gait analysis, EHRs, computer vision and deep-learning approaches supported risk identification, prediction, monitoring or detection. However, effectiveness varied substantially. Prediction sensitivity ranged from approximately 43-53% in Noh et al. (2021) to 92.7% in Qiu et al. (2018), while Lotfi et al. (2018) reported a 99.60% experimental fall-detection rate. These figures reflected different populations, technologies and outcomes and therefore were not directly interchangeable. Larger real-world studies generally provided stronger evidence of applicability, even when their reported performance was less striking than that of smaller controlled studies.
The synthesis also distinguished technical effectiveness from clinical preventive effectiveness. Noh et al. (2021), Gregg et al.(2023) and Qiu et al.(2018) primarily examined classification or prediction; Lotfi et al.(2018) and Yu et al.(2020) investigated fall-related event detection; and Archer et al. (2024) assessed prediction of fall- or fracture-related emergency attendance or hospitalisation. Taken together, the studies provide stronger evidence that AI can identify, classify, predict, monitor or detect fall-related risk than evidence that implementation itself directly reduces falls, fractures or injuries. In relation to the second and third objectives, ethical and human-factor evidence was substantially less developed than technical evidence. Privacy, surveillance, autonomy and data governance varied according to the technology used, while acceptability, usability, trust and older adults’ experiences were rarely measured directly. Peach et al. (2017) was particularly important in showing that independence, identity, quality of life and personal perceptions of fall risk can influence engagement with prevention.
Overall, the results indicate promising but heterogeneous evidence for AI-based fall prevention. The strongest studies had large populations, longitudinal follow-up, clinically relevant data and validation beyond the initial dataset, while major limitations included restricted populations, simulated falls, inconsistent outcomes, and little evidence that falls and injuries actually decreased. These findings will be the basis of Chapter 5 where their larger significance and relevance for older adults and UK health and social care will be thoroughly investigated.


[bookmark: _Toc241078392]4.9 Critical Discussion of the Findings
The findings are interpreted below against the research objectives, previous systematic reviews and the theoretical framework. This allows the numerical and thematic results to be considered in relation to clinical meaning, ethical acceptability and implementation rather than treating algorithmic performance as sufficient evidence of fall prevention.
[bookmark: _Toc241078393]4.9.1 Effectiveness and Clinical Preventive Value
In relation to the first objective, the findings demonstrate that AI-based approaches have considerable potential to support fall-risk assessment, prediction, monitoring and detection among older adults. However, the evidence also reveals substantial variation in effectiveness according to the technology used, population studied, sample size, outcome measured and method of validation. This heterogeneity is important because measures such as accuracy, sensitivity, specificity, area under the curve (AUC) and detection rate assess different aspects of performance and should not be interpreted as equivalent indicators of clinical effectiveness. Consequently, the findings provide stronger evidence for the ability of AI to identify fall risk or detect fall-related events than for its ability to reduce the occurrence of falls, fall-related injuries and associated adverse health outcomes.
This variation was particularly evident among the prediction and classification studies. Gregg et al. (2023) reported 90% sensitivity, 87% specificity and an AUC of 0.92, while Qiu et al. (2018) reported 89.4% accuracy, 92.7% sensitivity and 84.9% specificity. In contrast, Noh et al. (2021) reported more modest performance, with sensitivity of approximately 43–53%, specificity of approximately 77–84% and accuracy of approximately 67–70%. Although these differences might initially suggest that some models were considerably more effective than others, direct comparison would be misleading. Gregg et al. (2023) included only 60 older women, while Qiu et al. (2018) also focused on older women and used retrospective fall status. Noh et al. (2021), by contrast, used a larger population. Therefore, very high performance in a small or restricted sample does not necessarily indicate that the same performance would be reproduced among a heterogeneous population of older adults in routine practice. This highlights the importance of considering representativeness and external validity alongside numerical model performance.
Overall, the evidence addressing Objective 1 is therefore promising but not conclusive. The included studies and comparable systematic reviews consistently indicate that AI can enhance the identification, prediction and detection of fall-related risk (Usmani et al., 2021; Chen et al., 2022; O’Connor et al., 2022; González-Castro et al., 2024). Nevertheless, differences in populations, technologies, validation methods and outcomes limit direct comparison, while evidence for actual reductions in falls, injuries and associated health outcomes remains less developed. The central interpretation is that strong technical performance represents an important first stage of fall prevention rather than proof of prevention itself. Future evaluation should therefore move beyond algorithmic accuracy and establish whether AI-supported pathways produce sustained improvements in outcomes that matter to older adults, including fewer falls and injuries, maintained mobility, independence and quality of life.
[bookmark: _Toc241078394]4.9.2 Fall-Risk Prediction and Assessment
The findings relating to fall-risk prediction and assessment provide further evidence for Objective 1 by demonstrating that AI can identify complex patterns associated with an increased likelihood of falling. Across the included studies, gait characteristics, movement patterns, clinical information and routinely collected healthcare data were used to distinguish individuals with different levels of fall risk (Qiu et al., 2018; Greene et al., 2019; Rehman et al., 2020; Noh et al., 2021; Gregg et al., 2023; Archer et al., 2024). A consistent finding was that AI could process multiple variables simultaneously and identify patterns that may be difficult to recognise through conventional observation alone. Nevertheless, considerable variation in predictive performance indicates that the effectiveness of AI depends strongly on the population, data source, outcome definition and validation method used.
Comparison between the included studies illustrates this variation clearly. Gregg et al. (2023) reported 90% sensitivity, 87% specificity and an AUC of 0.92, while Qiu et al. (2018) reported 89.4% accuracy, 92.7% sensitivity and 84.9% specificity. In contrast, Noh et al. (2021) reported lower sensitivity of approximately 43–53%, specificity of approximately 77–84% and accuracy of approximately 67–70%. These differences should not simply be interpreted as evidence that one algorithm is superior to another because the studies were conducted using different samples and methodological approaches. Gregg et al. (2023) included only 60 older women, while Qiu et al. (2018) also focused on older women and classified participants according to retrospective fall status. Noh et al. (2021) used a larger population. Consequently, the apparently stronger performance reported in smaller or more restricted samples may partly reflect greater sample homogeneity rather than greater real-world effectiveness.
Overall, AI-based fall-risk prediction and assessment represent one of the strongest areas of evidence identified in the review. The findings broadly agree with previous systematic reviews that machine learning and sensor-based approaches can identify clinically relevant patterns associated with fall risk (Usmani et al., 2021; Chen et al., 2022; González-Castro et al., 2024). However, differences in study populations, data sources, outcome definitions and validation approaches explain much of the variation between studies and limit direct comparison. The principal implication is therefore not that AI should replace established falls assessment, but that appropriately validated AI could complement comprehensive assessment by identifying risk earlier and supporting more timely, individualised intervention. This interpretation provides an important transition from technical effectiveness to the ethical implications of how AI-generated risk information is used in the care of older adults.
[bookmark: _Toc241078395]4.9.3 Fall Detection and Continuous Monitoring
Alongside fall-risk prediction, the findings demonstrate that AI-based technologies have substantial potential for the continuous monitoring and detection of fall-related events. Wearable and inertial sensors, computer-vision systems and deep-learning approaches were able to recognise patterns of movement and distinguish falls or fall-related events from normal activities (Lotfi et al., 2018; Greene et al., 2019; Rehman et al., 2020; Yu et al., 2020). These technologies may offer advantages over conventional approaches because monitoring can occur between formal clinical assessments and may enable changes in mobility or fall-related events to be identified more rapidly. However, the results also demonstrate that strong technical detection performance should not automatically be interpreted as evidence of successful fall prevention.
This distinction is particularly evident in Lotfi et al. (2018), who reported a 99.60% fall-detection rate using a computer-vision approach. Although this represents very high technical performance, the study was conducted within an experimental context. Similarly, Yu et al. (2020) demonstrated the potential of deep learning using inertial-sensor data, but the dataset contained only 38 participants, of whom 15 were older adults. In contrast, Greene et al. (2019) and Rehman et al. (2020) examined wearable and gait-based information in broader contexts relevant to mobility and fall-risk assessment. These methodological differences indicate that apparently high detection performance may partly reflect controlled conditions, selected participants or clearly defined movements that are easier for an algorithm to distinguish than unpredictable real-world falls.
This interpretation is supported by previous systematic reviews. Usmani et al. (2021) identified substantial progress in machine-learning approaches to fall detection and prevention but also reported considerable differences in datasets, sensor technologies, algorithms and evaluation methods. Chen et al. (2022) similarly concluded that wearable sensor technologies show potential for fall-risk assessment while identifying methodological heterogeneity and a lack of consensus regarding sensor placement, sampling and modelling approaches. O’Connor et al. (2022) found that AI could contribute to different stages of falls management but highlighted the importance of integrating technology with clinical care. Therefore, the present review is consistent with previous reviews in identifying promising technical capability, but it also reinforces the difference between accurately detecting an event and preventing that event from occurring (Usmani et al., 2021; Chen et al., 2022; O’Connor et al., 2022).
[bookmark: _Toc241078396]4.9.4 Ethical Implications
In relation to the second objective, the findings indicate that the ethical implications of AI-based fall prevention are substantial but considerably less developed within the included studies than measures of technical performance. While prediction accuracy, sensitivity, specificity and detection rates were frequently reported, direct examination of privacy, informed consent, autonomy, surveillance, transparency, fairness and accountability was much less common. This imbalance is significant because the effectiveness of an AI system cannot be separated from the way in which data are collected, decisions are made and older adults are affected by its use. Wider reviews of healthcare AI similarly identify privacy, consent, fairness, transparency and accountability as major ethical concerns requiring consideration throughout the development and implementation of AI technologies (Morley et al., 2020; World Health Organization, 2021; Li et al., 2023).
One of the clearest ethical issues identified by the present review concerns privacy and surveillance. Different AI technologies require different forms of personal data, creating different levels of intrusion. Computer-vision systems such as that examined by Lotfi et al. (2018) can provide passive monitoring and strong technical fall-detection capability, but continuous visual monitoring may create privacy concerns, particularly when technologies are used within an older person's home or other private spaces. Wearable approaches, including those investigated by Greene et al. (2019), Rehman et al. (2020) and Yu et al. (2020), collect detailed movement information and may appear less intrusive than cameras, although they still generate personal data requiring appropriate protection. EHR-based approaches such as Archer et al. (2024) introduce a different ethical issue because they use routinely collected health information rather than direct environmental monitoring. Consequently, privacy risk is not identical across AI technologies, and ethical assessment needs to reflect the type of information collected, where it is collected, who can access it and how it is subsequently used.
Overall, the findings addressing Objective 2 demonstrate that ethical considerations are integral to effectiveness rather than separate from it. Privacy, informed consent, autonomy, fairness, transparency and accountability can influence whether older adults and professionals are willing to accept and trust AI-based fall-prevention technologies (Morley et al., 2020; World Health Organization, 2021; Li et al., 2023). The present review also identifies an important difference between the existing evidence domains: technical performance has been investigated considerably more extensively than the ethical consequences of applying these technologies to older adults. Future research should therefore evaluate ethical outcomes alongside accuracy and clinical outcomes, particularly in real-world home, community, residential and healthcare settings. Responsible implementation requires AI to enhance safety without unnecessarily compromising privacy, dignity, autonomy or independence. These ethical considerations are closely connected to usability, trust and acceptance, providing the basis for the discussion of human factors and implementation in Section 5.6.
[bookmark: _Toc241078397]4.9.5 Human Factors, Usability and Implementation
In relation to the third objective, the findings demonstrate that human factors are central to whether AI-based fall-prevention technologies can move from promising technical systems to interventions that are successfully adopted in everyday practice. Across the included studies, technologies differed substantially in the level of interaction required from older adults and healthcare professionals. Wearable approaches depended on devices being worn correctly and consistently, computer-vision systems could operate more passively but introduced surveillance concerns, while EHR-based prediction required comparatively little direct interaction from the older person (Lotfi et al., 2018; Greene et al., 2019; Rehman et al., 2020; Yu et al., 2020; Archer et al., 2024). Therefore, usability, acceptability, trust and integration into existing care pathways are important components of effectiveness rather than secondary considerations.
A major finding was the limited direct investigation of older adults’ experiences within the 12 included studies. Most studies concentrated on technical measures such as accuracy, sensitivity, specificity or predictive performance, while relatively few directly investigated usability, trust, adherence, digital literacy or long-term acceptance. Peach et al. (2017) was particularly important because it demonstrated that older adults’ engagement with fall-prevention strategies is influenced by attitudes towards falls, perceptions of personal risk, independence and quality of life. This contrasts with technically focused studies such as Gregg et al. (2023), Noh et al. (2021) and Qiu et al. (2018), where effectiveness was primarily evaluated through model performance. The difference illustrates an important limitation in the evidence: an algorithm can accurately classify fall risk without establishing whether the older person understands, accepts or acts upon that classification.
The Technology Acceptance Model (TAM) provides a useful theoretical explanation for these findings. TAM proposes that perceived usefulness and perceived ease of use influence an individual's intention to accept and use technology (Davis, 1989). In the context of AI-based fall prevention, perceived usefulness may relate to whether an older adult believes that a wearable or monitoring system will improve safety, provide reassurance or help maintain independence. Perceived ease of use may relate to comfort, simplicity, charging requirements, correct positioning of sensors or the effort required to interact with a device. Therefore, even an accurate technology may have limited practical effectiveness if the user perceives it as burdensome or sees little personal benefit. This interpretation is consistent with Moore et al. (2021), whose systematic review found that ease of use, device purpose, motivation and perceived added value influenced whether wearable devices became integrated into older adults’ everyday lives.
Healthcare professionals are equally important to implementation. AI-generated predictions or alerts have limited clinical value if professionals do not understand, trust or act upon them. Hassan et al. (2024), in a scoping review of 50 publications, identified multiple barriers and facilitators affecting AI adoption in healthcare and found trust to be an important influence on adoption. Their review demonstrates that successful AI implementation depends not only on the technology itself but also on clinicians, patients, organisations and the wider implementation environment. This supports the present findings by showing that technically successful AI does not necessarily become successfully embedded in routine healthcare practice.
Overall, the findings addressing Objective 3 demonstrate that human factors may determine whether technical capability becomes meaningful clinical benefit. Usability, perceived usefulness, trust, acceptance, staff readiness, workflow integration and organisational support all influence implementation (Moore et al., 2021; Hassan et al., 2024). The present review also identifies a significant gap: these factors were investigated much less extensively than technical performance within the 12 included studies. Future research should therefore evaluate AI-based fall-prevention technologies in real-world settings and directly involve older adults and healthcare professionals in assessing usability, trust, acceptability and sustained use. From a TAM and HCAI perspective, successful implementation requires more than an accurate algorithm; it requires technology that older adults perceive as beneficial, that professionals can integrate meaningfully into care, and that supports rather than undermines autonomy, independence and person-centred decision-making.
[bookmark: _Toc241078398]4.9.6 Implications for Older Adults and UK Health and Social Care
The combined findings on effectiveness, ethics and human factors demonstrate that the potential impact of AI-based fall prevention extends beyond technological performance. For older adults, the value of AI ultimately depends on whether earlier identification of risk leads to meaningful outcomes such as fewer falls and injuries, timely intervention, maintained mobility and greater independence. Although the included studies demonstrated promising capabilities in prediction, classification, monitoring and detection (Lotfi et al., 2018; Greene et al., 2019; Noh et al., 2021; Gregg et al., 2023; Archer et al., 2024), the evidence for sustained reductions in actual falls and fall-related injuries remained comparatively limited. Therefore, the findings suggest that AI should currently be understood primarily as a supporting component of fall prevention rather than a replacement for established clinical assessment and intervention.
An important comparison can therefore be made between the promising AI evidence identified in this review and current UK falls guidance. Systematic reviews have reported encouraging results for machine-learning and wearable approaches to fall-risk assessment (Usmani et al., 2021; Chen et al., 2022; González-Castro et al., 2024). However, NICE (2025) remains cautious about relying on falls-risk prediction tools and emphasises the complexity of predicting falls. This difference is significant. AI studies frequently evaluate whether algorithms can discriminate between groups or predict defined outcomes, whereas clinical guidance must consider whether such tools improve decision-making and outcomes across diverse populations and real-world services. The apparent difference between promising research performance and cautious clinical guidance therefore reflects different standards of evidence rather than necessarily contradictory conclusions.
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[bookmark: _Toc241078400]5.1 Introduction
This systematic review aimed to critically evaluate AI-based methods used in fall prevention among older adults by examining their effectiveness, ethical implications and human factors. The review synthesised evidence from 12 studies covering machine-learning prediction, wearable sensors, gait analysis, computer vision, deep learning and electronic health record-based approaches. The findings demonstrate considerable potential for AI to support fall-risk identification, prediction, monitoring and detection. However, the review also identified substantial variation in performance, limited evidence of direct reductions in falls and fall-related injuries, and important gaps concerning ethics, usability, acceptability and real-world implementation.
[bookmark: _Toc241078401]5.2 Conclusions in Relation to Effectiveness
The first objective was to identify, synthesise and evaluate evidence concerning AI-based interventions for fall prevention, including their effectiveness in reducing falls, fall-related injuries and associated health outcomes. The review found that AI technologies demonstrate promising performance for identifying and classifying fall risk. Several included studies reported strong predictive or detection performance, although results varied considerably according to the technology, population, data source and validation approach (Lotfi et al., 2018; Qiu et al., 2018; Greene et al., 2019; Noh et al., 2021; Gregg et al., 2023; Archer et al., 2024).
The most important conclusion is that technical effectiveness should be distinguished from clinical preventive effectiveness. High accuracy, sensitivity, specificity or AUC demonstrates the ability of a model to classify or predict an outcome but does not establish that implementing the model reduces falls or injuries. This distinction is consistent with previous systematic reviews, which report promising applications of AI and wearable technologies while identifying methodological heterogeneity and limitations in real-world evidence (Usmani et al., 2021; Chen et al., 2022; O’Connor et al., 2022; González-Castro et al., 2024).
Consequently, current evidence supports AI most strongly as a means of supporting risk identification, monitoring and decision-making. Evidence that AI implementation itself produces sustained reductions in falls, fractures, hospital admissions or disability remains less developed. Future evaluations should therefore include clinically meaningful outcomes alongside technical performance.
[bookmark: _Toc241078402]5.3 Conclusions in Relation to Ethical Considerations
The second objective examined ethical considerations surrounding AI-based fall prevention. The review concludes that ethical evaluation has not developed at the same rate as technical research. Privacy, informed consent, autonomy, transparency, accountability, surveillance and algorithmic fairness were considerably less prominent within the included evidence than measures of predictive or detection performance.
These issues are particularly relevant because AI-based fall prevention may involve continuous collection of sensitive information through wearable sensors, cameras or healthcare records. Different technologies create different ethical risks. Computer vision may raise concerns about surveillance in private environments, wearables generate continuous personal movement information, and EHR-based prediction involves the secondary analysis of routinely collected clinical information. Wider healthcare AI literature similarly identifies privacy, fairness, transparency, accountability and autonomy as fundamental considerations for responsible implementation (Morley et al., 2020; World Health Organization, 2021; Li et al., 2023).
The review therefore concludes that ethical acceptability should be considered an integral component of effectiveness. A highly accurate system that is intrusive, poorly understood, unfairly biased or unacceptable to older adults cannot be regarded as successfully implemented. This is particularly important when algorithmic classifications could influence mobility or supervision. AI-generated information should support shared decision-making rather than automatically restricting an individual's independence.
[bookmark: _Toc241078403]5.4 Conclusions in Relation to Human Factors
The third objective explored human factors affecting implementation, usability and acceptability. The review found that these factors may determine whether promising technological performance becomes meaningful clinical benefit. Older adults need to perceive technologies as useful, manageable and compatible with their everyday lives, while professionals need to understand and trust AI-generated information and be able to integrate it into established workflows (Davis, 1989; Moore et al., 2021; Hassan et al., 2024).
Peach et al. (2017) was particularly valuable in demonstrating that older adults' understanding of fall risk is connected with independence, identity and quality of life. This highlights a potential difference between algorithmic and individual perspectives: an AI model may classify an individual as high risk, while that person may consider continued independent mobility more important than minimising all possible risk.
TAM and HCAI provide complementary explanations for these findings. TAM demonstrates the importance of perceived usefulness and ease of use in technology acceptance (Davis, 1989; AlQudah et al., 2021), while HCAI emphasises human values, autonomy and meaningful human oversight (Schmager et al., 2025). Together, these frameworks indicate that successful implementation requires technology that is not only accurate but also usable, trusted and aligned with person-centred care.
[bookmark: _Toc241078404]5.5 Recommendations for UK and NHS Practice
Based on the evidence, AI-based fall-prevention technologies should initially be integrated as supportive tools within existing NHS falls pathways rather than replacements for comprehensive falls assessment. This is consistent with NICE (2025), which emphasises comprehensive assessment of individual fall-risk factors. AI-generated risk scores could, for example, prompt further professional assessment or identify changes requiring investigation, but decisions about intervention should remain grounded in clinical assessment and the older person's circumstances and preferences.
Before widespread NHS adoption, technologies should undergo robust validation using representative UK populations. Particular attention should be given to age, sex, ethnicity, frailty, disability, cognitive impairment, multimorbidity and socioeconomic differences. This would reduce the possibility that systems perform well for populations similar to their development datasets but less effectively for other groups.
Finally, older adults should be actively involved in technology selection, design and evaluation. Co-design can help identify practical barriers that may not be apparent from algorithmic testing, including discomfort, charging requirements, privacy concerns, difficulty interpreting information and fears that monitoring could reduce independence. This would support a transition from technology-centred development towards genuinely person-centred AI.
[bookmark: _Toc241078405]5.6 Recommendations for Future Research
Future research should move beyond demonstrating whether an AI algorithm can predict or detect fall risk and establish whether its implementation actually improves outcomes. Prospective studies should measure actual falls, recurrent falls, fall-related injuries, fractures, emergency attendance, hospital admissions, mobility, independence and quality of life. Longer follow-up periods are also required to establish whether benefits and user engagement are sustained.
Ethical and human-factor outcomes should also become routine components of evaluation. Studies should assess privacy, informed consent, trust, perceived surveillance, autonomy, fairness, usability, adherence, acceptability and effects on independence. Older adults and healthcare professionals should be involved throughout development and evaluation rather than only after technologies have been designed.
[bookmark: _Toc241078406]5.7 Recommendations for Policy and Governance
UK policy should support innovation while ensuring that AI-based fall-prevention technologies are introduced through proportionate clinical, ethical and regulatory governance. Governance should include clear accountability for AI-supported decisions, data protection, clinical-safety assessment, transparency about how systems are used and ongoing monitoring after implementation. Performance should not be assumed to remain constant following deployment because patient populations, clinical pathways and data can change over time.
Health inequalities should also be considered explicitly. AI models should be evaluated for differences in performance across demographic and clinical groups before and after deployment. Where substantial disparities are identified, implementation should be reconsidered or modified. This approach is necessary to ensure that innovation does not unintentionally reinforce existing inequalities.
Finally, AI governance should preserve meaningful human oversight. Responsibility for clinical decisions should not be transferred uncritically from professionals to algorithms. AI should provide additional information that assists professionals and older adults in making informed decisions, while professional judgement, shared decision-making and person-centred care remain central.
[bookmark: _Toc241078407]5.8 Overall Conclusion
This systematic review concludes that AI has significant potential to contribute to fall prevention among older adults, particularly through fall-risk identification, prediction, monitoring and detection. Across the 12 included studies, machine learning, wearable sensors, gait analysis, computer vision, deep learning and EHR-based approaches demonstrated the ability to identify patterns associated with falls. Nevertheless, substantial methodological heterogeneity and differences in study populations, technologies and validation approaches mean that the findings should be interpreted cautiously.
The central conclusion is that strong algorithmic performance is not equivalent to demonstrated fall prevention. Evidence is currently stronger for identifying or detecting risk than for showing sustained reductions in falls, fractures, injuries or hospital admissions. Future research therefore needs to demonstrate that AI-generated information results in appropriate interventions and improvements in outcomes that matter to older adults.
The review also concludes that effectiveness cannot be considered separately from ethics and human factors. Privacy, informed consent, autonomy, fairness, transparency and accountability are fundamental to responsible implementation, while usability, perceived usefulness, trust, staff readiness and workflow integration influence whether technologies are successfully adopted. TAM and HCAI demonstrate that technological effectiveness must therefore be combined with acceptance, human values and meaningful human oversight.
For UK health and social care, the findings support the integration of appropriately validated AI as an adjunct to established, evidence-based falls pathways, rather than as a replacement for comprehensive assessment or professional judgement. This is consistent with the continuing emphasis in NICE guidance on comprehensive assessment and individually tailored intervention (NICE, 2025). Appropriate regulatory and clinical-safety governance is also necessary where AI systems are introduced into healthcare practice.
In direct response to the research question, this systematic review concludes that AI-based fall-prevention methods demonstrate promising effectiveness primarily in fall-risk identification, prediction, monitoring and detection; however, evidence that these technologies directly reduce falls, fall-related injuries and associated adverse health outcomes remains limited. Their successful implementation is influenced by ethical considerations including privacy, informed consent, autonomy, fairness, transparency and accountability, as well as human factors including usability, perceived usefulness, trust, acceptability, professional readiness and integration into existing care pathways. Therefore, the effectiveness of AI-based fall prevention cannot be determined by algorithmic performance alone but must also be evaluated according to its clinical benefit, ethical acceptability and suitability for the older adults and healthcare professionals expected to use it.
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	Reports not retrieved (n = 8)
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• Insufficient methodological quality / did not meet eligibility criteria (n = 13)
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 of the 12 Included Studies

	Study
	Design
	Q1
	Q2
	Q3
	Q4
	Q5
	Q6
	Q7
	Q8
	Q9
	Q10
	Overall

	Gregg et al. (2023)
	Quantitative ML/gait
	✓
	✓
	✗
	✓
	✓
	✗
	✓
	✓
	✗
	✓
	Moderate

	Sotirakis et al. (2024)
	Longitudinal prediction
	✓
	✓
	✓
	✓
	✓
	✓
	✓
	✓
	✗
	✓
	High

	Archer et al. (2024)
	Prediction model + external validation
	✓
	✓
	✓
	✓
	✓
	✓
	✓
	✓
	✓
	✓
	High

	Lotfi et al. (2018)
	Experimental computer vision
	✓
	✓
	✗
	✓
	✓
	✗
	✓
	✓
	✗
	✓
	Moderate

	Peach et al. (2017)
	Qualitative
	✓
	✓
	✓
	✓
	✓
	✗
	✓
	✓
	✓
	✓
	High

	Rehman et al. (2020)
	Multicentre wearable/ML
	✓
	✓
	✓
	✓
	✓
	✗
	✓
	✓
	✗
	✓
	Moderate–High

	Noh et al. (2021)
	ML gait classification
	✓
	✓
	✓
	✓
	✓
	✗
	✓
	✓
	✗
	✓
	Moderate

	Ikeda et al. (2022)
	3-year longitudinal ML
	✓
	✓
	✓
	✓
	✓
	✓
	✓
	✓
	✓
	✓
	High

	Qiu et al. (2018)
	Wearable/retrospective classification
	✓
	✓
	✗
	✓
	✓
	✗
	✓
	✓
	✗
	✓
	Moderate

	Greene et al. (2019)
	Large-scale digital/wearable assessment
	✓
	✓
	✓
	✓
	✓
	✓
	✓
	✓
	✓
	✓
	High

	Heo et al. (2023)
	Nationwide claims ML
	✓
	✓
	✓
	✓
	✓
	✓
	✓
	✓
	✗
	✓
	High

	Yu et al. (2020)
	Experimental deep learning
	✓
	✓
	✗
	✓
	✓
	✗
	✓
	✓
	✗
	✓
	Moderate
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Article
	Author
	Title
	Year
	Published Journal
	Volume
	Issue
	Location
	Type of study
	Aim of study
	Methods
	Sample size
	Results/Outcome

	1
	Gregg et al.
	A machine learning approach to identify important variables for distinguishing between fallers and non-fallers in older women
	2023
	PLOS ONE
	18
	10
	United Kingdom
	Cross-sectional machine-learning study
	Identify functional and physical variables that best distinguish older female fallers from non-fallers.
	281 balance, gait, clinical, strength and body-composition variables; Random Forest, LOVO PLSCA and logistic regression with ROC analysis.
	60 community-dwelling women aged >=65 years (21 fallers; 39 non-fallers).
	Logistic regression: sensitivity 90%, specificity 87%, AUC 0.92; leave-one-out cross-validation accuracy 63%. Gait and strength were especially informative.

	2
	Sotirakis et al.
	Predicting future fallers in Parkinson's disease using kinematic data over a period of 5 years
	2024
	npj Digital Medicine
	7
	1
	United Kingdom
	Longitudinal machine-learning study
	Determine whether brief wearable-sensor kinematic assessments can predict future fallers in Parkinson's disease over long-term follow-up.
	Body-worn movement sensors captured gait and postural kinematics; machine-learning classifiers predicted future faller status over follow-up.
	People with Parkinson's disease followed longitudinally for up to 5 years.
	Wearable-sensor kinematic features predicted future faller status, supporting prospective falls-risk assessment over long-term follow-up.

	3
	Archer et al.
	Development and external validation of the eFalls tool: a multivariable prediction model for the risk of ED attendance or hospitalisation with a fall or fracture in older adults
	2024
	Age and Ageing
	53
	3
	Wales and England, UK
	Prediction-model development and external validation study
	Develop and externally validate an EHR model predicting 1-year risk of emergency attendance or hospitalisation with a fall or fracture.
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