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The population of older persons continues to grow rapidly on a global basis, placing increasing pressure on health and social care systems. Rising demand for services, increasing prevalence of chronic and multiple long-term conditions, workforce shortages, escalating care costs, and the need to support independent living are driving the need for more personalised, preventive, and coordinated approaches to care. A key consideration is how to provide affordable, accessible, and timely health and social care through the appropriate use of emerging technologies and innovative services.
The CHS Care project therefore endeavours to go beyond the current state of the art for older person care by developing a new platform that allows seamless access for stakeholders and integrates the latest wearables and sensors within an easy-to-use Software as a Service (SaaS) system to provide ongoing health and social care support within the place of stay. The platform is designed to address key challenges identified within the current landscape, including fragmented health and social care systems, increasing workforce pressures, limited interoperability between technologies, the need for earlier identification of risk and deterioration, and the challenge of providing coordinated and person-centred support for older adults living with chronic conditions. Central to the project is the objective of improving the quality of life, independence, health outcomes, and care experience of older persons, with technology acting as an enabler rather than an end in itself. It incorporates digital twins, edge processing, and cutting-edge explainable AI-driven approaches with human-centred design principles to tackle use cases related to dementia, frailty, and other chronic conditions. By prioritising safety, interpretability, transparency, usability, and accessibility, and by developing tailored explanation and control interfaces for both older adults and caregivers, the project aims to deliver actionable insights and personalised recommendations that empower individuals in health management endeavours and foster enriched interactions with healthcare professionals, thereby setting new standards in the field of home-based health monitoring and care. In doing so, CHS-Care seeks to support proactive, data-informed, and integrated models of care that improve outcomes, independence, wellbeing, and quality of life for older persons while helping health and social care services use resources more effectively.
[bookmark: _Toc241485638]2. Introduction 
[bookmark: _Toc241485639]2.1 Background and rationale
The number of older persons is increasing in many parts of the world and particularly in Europe where it is estimated that by 2050, approximately 30% (130 million out of 342 million) of the population will comprise the older persons with an age of 65 and over (Eurostat Statistics Explained). This rising population has significant impacts on the economy, the healthcare sector, and especially older adults whose care must be managed either by themselves or through caregivers.
The CHS-Care project therefore aims to address in a more holistic and connected way the challenges posed by the growing older population, focusing on more efficient and improved health and social care delivery that results in improved outcomes. CHS-Care focuses on developing a patient centred, open and integrated platform and leverages digital health tech, wearables, sensors, AI and AI explainability. The platform empowers caregivers and healthcare professionals, to deliver more connected care and aims to reduce the number of hospital visits. At the same time, it improves the support to older persons by empowering them to take a proactive view of their health. This patient-centric, AI-driven platform targets seamless collaboration among stakeholders, improving data analysis, optimizing workflows, and ultimately enhancing patient care while supporting healthcare professionals.
1.2 Methodology and review approach
The CHS-Care consortium comprising of three countries Belgium, Portugal and the UK,  performed a detailed desktop research looking at the key approaches to older person care, firstly from a general historical perspective,  then looking at the last five years and lastly also looking ahead to the next five to ten years when the CHS-Care platform could be introduced to the market and have some impact. The key parts of the review covered the following aspects, how is care provided to older persons? What role does digital technology play? And what are the common challenges that are being faced in the countries represented and more widely? In addition, the review covers the emerging trends in technology and care, and role of continuous remote monitoring.
The additional review topics in state of the art cover aspects of the technologies being developed as part of CHS-Care and this covers integrated platforms, IoT devices integrations (wearables and sensors), early detection for chronic conditions including frailty and dementia. Lastly the review covers the technological aspects of digital twins/edge computing, and explainable AI approaches.
[bookmark: _Toc241485640]3. Technological and Market Overview of Older Adult Care
[bookmark: _Toc241485641]3.1 Market review
The problem of how older persons are cared for, especially those with chronic conditions (dementia, frailty etc), in an efficient and cost-effective way is increasing year by year as the number of the elderly in the population rises and the birth rate remains low. This situation places a tremendous strain on families and governments as there are a limited number of carers, a finite number of care/nursing homes and limited finances. Currently individuals who required care at older age have several options:
· Home based or domiciliary care- where an individual lives in their own home and professional carers or family members provide support with daily living 
· Community & semi-independent living- Village type models where individuals with similar needs live have some independence and have specialized on call care staff (The Hogeweyk, in the Netherlands).
· Residential care- which are dedicated facilities that provide support with activities that manage an individual's basic physical needs and maintain independence. 
· Nursing Homes - which provides registered nurses on site for providing medical support.
Currently where an individual decides to stay is based on their health and financial situation.  Certain countries such as Nordic ones rely on heavily subsided public care based on tax funded systems. Whereas in other countries such as the UK, care is based on an individual's circumstances (assets, pension and savings). Sometimes older persons are required to sell homes or use up savings first before being considered for state funded options.  
In addition, the shortage of nurses in Europe is a pressing issue characterized by an insufficient number of qualified nursing professionals. Leveraging technology is crucial to support healthcare professionals, encompassing the development of user-friendly platforms, innovative applications, and integrated systems. The technology aims to promote seamless and efficient work.  Various platform systems are available, but each of them addresses only a distinct aspect of the integrated care challenge and are not patient centric. 
Market analysis by each country is briefly represented below:
Belgium
Already in 2018, there are more than 2 million people in Belgium aged 65 years or more, and the ageing population is expected to further increase in future, at least until 2070. The proportion of the population aged 67 years and over, is estimated to increase from 16.5% in 2018 to 22.9% in 2070 (Geukens 2020). According to (Nguyen 2019) 37.3% of the people aged 65+ are pre-frailty and 22.8% frail and the number of people with dementia has risen to 220 000 (stopAlzheimer.be). For people aged over 65 the number is almost 10%, for people over 85 this is already 26% and for people over 90 more than 35%. Following the growth of the elderly population, also the number of people with dementia will experience exponential growth. Overall, in Flanders about 31.4% of the people aged 65-74 and 54.1% of people aged 75+ are suffering from chronic conditions (StadsMon).
Portugal 
The elderly care market is growing, driven by an aging global population and more chronic diseases. Services vary from institutional care to home care and technology. Portugal, with its elderly population growing by 20.6% over the last decade to 23.4% of its population, has the third-oldest population in Europe, based on data from the Instituto Nacional de Estatística (INE). According to Eurostat, it's expected to be the oldest by 2050 and has a fast-aging rate. Home care is rising due to a preference for personalized care, with private providers leading this growth. While Portugal is one of the countries with the highest average life expectancy in Europe, it also has the lowest average number of healthy seniors. According to studies, 55,000 additional beds in nursing homes will be needed to respond to this demographic evolution, highlighting the attractiveness of these assets to private investors, among others. The Healthcare IoT market in Portugal is set to reach $0.85 billion in 2024 and grow annually by 11.42%, aiming for $1.31 billion by 2028. 
United Kingdom
According to the December 2021 update of the Health Forecast Review (HFR), the UK is projected to witness a doubling of the population aged over 85 to 2.6 million in the next 25 years. Based on a report by Mordor Intelligence, the overall remote monitoring market for the UK in 2024, has been estimated as 2.4 billion Euros, and is expected to grow by compound annual growth rate (CAGR) of 8.5% and rise to a value of 3.6 billion Euros by 2029. The anticipated market growth during the 2024 to 2029 is likely to be influenced by factors such as the escalating burden of chronic diseases, a growing geriatric population, and strategic initiatives by major market players. Given the association between increasing age with adverse medical conditions such as frailty and chronic diseases such as dementia, therefore the expanding geriatric demographic is expected to positively impact the market. The surge in this population is also likely to drive demand for patient monitoring devices due to increased disease prevalence and increased dependency on healthcare services. 
[bookmark: _Toc241485642]3.2 Key Challenges
There are many challenges related to older person care and these can be separated into two categories, how to deal with an ageing population's easy access to satisfy health and social care needs and how to utilise existing and new technologies particularly artificial intelligence that keeps user centricity and empathy at its core.
The challenges with accessing the appropriate care by older persons is common to many countries regardless of global location. These can generally be broken down into the following:
· Accessibility issues: Convenience of easily making appointments at the right time, and location is accessible to receive required services.
· Lack of professional healthcare support- Appropriately trained individuals are available at required time, who understand the older person's needs and can take suitable action to meet requirements.
· Technological challenges: Integrated healthcare systems and connected devices as a service are affordable and can be easily utilised independently by older persons within their home (private or within a nursing/care home) or supported by carers or healthcare workers to collect necessary data on an ad hoc or continuous basis. Also, a system that allows data analytics to be performed by explainable AI and can constantly reproduce trustworthy and reliable outputs as required such as care plans and actions to alerts.
[bookmark: _Toc241485643]3.3 Emerging methods, tools and technological advances
The project aims to ensure that the CHS-Care platform meets the challenges of older person care by integrating existing IoT sensors and wearables, within the older persons care environment by capitalizing on current research without developing new hardware. This initiative addresses the growing need for systems that support the well-being and autonomy of the elderly, leveraging IoT wearables, AI, and sensor technologies rapid advancements. These technologies are pivotal for remote, reliable elderly care, confronting age-related challenges and facilitating ambient assisted living environments. Recent developments show a trend towards combining AI with wearable and ambient sensor technologies to improve health monitoring systems' autonomy and precision. Robotics and AI are being integrated within the Internet of Robotic Things framework to offer comprehensive care solutions, enhancing the physical and emotional well-being of the elderly. Innovations also involve using deep learning for fall detection and computer vision for action recognition, making surveillance less intrusive and more effective. Despite challenges like privacy concerns and the complexity of interpreting sensor data, advancements are geared towards adaptive, responsive systems that enhance elderly independence and safety. A review by Escobar-Linero et al., 2023 highlights the increasing sophistication of wearable health devices, particularly smartwatches with advanced sensors for monitoring physical activity and cardiac information. Future trends point towards wearables with integrated sophisticated processing algorithms, indicating a shift towards more capable and less intrusive elderly care technologies.
Data analysis and human centred AI Models
Explainability is crucial to support a better understanding, and to address key challenges related to the lack of trust and barriers to adoption of AI. Recent work focuses not only on explainability, but also on interactive, mixed initiative approaches that enable users to improve the accuracy of models by providing feedback. Examples include enabling non-technical end-users to annotate the data and to suggest corrections. Despite the rich set of explanation methods that have been proposed in research, recent work suggests non-technical end-users often have difficulty interpreting the results of the explanations. Most of the existing efforts are focused on algorithm developers rather than non-technical end-users, i.e., users such as caregivers and healthcare professionals who have a lot of knowledge on the person but have little or no knowledge of AI. While natural language explanations are efficient and easy-to-use for non-experts, the majority of XAI systems relies on complex visual representations of AI models and their features. Existing methods are also static and provide only limited explanations of a single decision. Moreover, explanations by themselves are of little use unless they empower to act, such as asking a follow-up question or steering the model with feedback. Recent work on explanatory interactive learning is of particular interest. The key idea of explanatory interactive learning is to explain the model prediction to the user as a basis for users to correct the reasoning in the explanations. Other approaches have been proposed that enable users to inspect model parameters, such as features, and their weights or rules used to make decisions and enable users to modify these parameters. Of particular interest here are model-agnostic explanations that decouple the explanation from the model, also researched under the umbrella of justification of models. While such model-agnostic explanations have been researched by Teso and Kersting (2019), the approach is limited to LIME explanations that are used in an active learning context. 
Finally, whereas several XAI applications for healthcare have already been elaborated, not many are focused on geriatric care and very few systems have gone through multiple detailed long-term case studies. While these systems demonstrate the usefulness of their features in one or two isolated medical case studies, the results are harder to generalize. Therefore, these XAI efforts rarely make broader generalizations about their techniques.
[bookmark: _Toc241485644]4. Remote and Continuous Monitoring Platforms
Remote and continuous monitoring platforms have emerged as an important component of modern health and social care systems, enabling the collection of health and wellbeing information outside traditional care settings. Through the use of connected devices, sensors, communication technologies, and data analytics, these platforms support ongoing observation of an individual's condition, allowing care providers to identify changes in health status, detect potential risks, and intervene proactively. Such approaches are particularly relevant in the context of older person care, where maintaining independence, supporting ageing in place, and enabling timely interventions are key objectives.
The adoption of remote monitoring technologies has accelerated in response to increasing demand for community-based care, growing prevalence of chronic conditions, and pressures on healthcare resources. Remote monitoring can support a range of applications including vital sign monitoring, activity tracking, medication adherence, symptom reporting, and the management of long-term conditions. More recent developments have incorporated artificial intelligence, advanced analytics, and integration with digital health platforms to enhance decision support and care coordination.
Despite growing adoption and technological maturity, remote monitoring remains characterised by a fragmented landscape of platforms, devices, and information systems. Understanding the architectures, capabilities, and limitations of current solutions is therefore important in assessing the role that remote and continuous monitoring can play in supporting integrated health and social care for older persons
[bookmark: _Toc241485645]4.1 Current Platforms and Architectures
Remote and continuous monitoring platforms are designed to support the collection, transmission, analysis, and presentation of health and wellbeing information outside traditional care settings. These platforms typically combine connected medical devices, wearable technologies, environmental sensors, mobile applications, cloud-based services, and clinical dashboards to enable ongoing monitoring of an individual's condition. By supporting the continuous collection of data and the generation of alerts, these systems can facilitate earlier identification of deterioration, support proactive interventions, and enable care to be delivered closer to home.
A typical remote monitoring architecture comprises four layers. The first layer focuses on data acquisition, where information is collected from devices such as blood pressure monitors, pulse oximeters, weighing scales, activity trackers, smartwatches, environmental sensors, and patient-reported outcome measures. The second layer enables secure communication and data transmission through smartphones, home hubs, or internet-connected gateways (edge devices). The third layer consists of data storage and analytics services, often cloud-based, where monitoring data are aggregated, analysed, and used to generate alerts, risk scores, and decision-support information. The final layer presents information through dashboards and care management applications used by healthcare professionals, social care providers, carers, and service users.
Recent developments have expanded these architectures beyond simple threshold-based alerting systems. Many platforms now incorporate artificial intelligence, predictive analytics, and decision-support capabilities to support risk assessment, prioritisation of interventions, and proactive care management. Integration with electronic patient records and care management systems is also increasingly important to enable information sharing between stakeholders and support more coordinated models of care.
A growing number of commercial platforms exist across Europe and beyond. Examples include Doccla, Docobo, and Current Health in the UK, Medixine in Finland, Siemens Healthineers and Philips across Europe, as well as Televic Healthcare, BeWell Innovations, NexusHealth, and Corilus in Belgium. These solutions support a variety of use cases including virtual wards, chronic disease management, post-discharge monitoring, remote consultations, and independent living support. However, their focus, functionality, integration capabilities, and target user groups vary considerably.
Many established platforms benefit from strong relationships with healthcare providers and integration into existing clinical workflows. As a result, replacing deployed solutions can be challenging due to data migration requirements, staff training needs, integration costs, and user familiarity with existing systems. Consequently, the remote monitoring landscape remains characterised by a diverse range of solutions with varying degrees of maturity, interoperability, and support for integrated health and social care.
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Despite growing adoption and demonstrated benefits, remote and continuous monitoring platforms face several limitations that constrain their effectiveness and large-scale deployment. Existing solutions often focus on specific clinical conditions or care pathways and typically support a limited range of devices, sensing modalities, and monitored parameters. As a result, they may not provide a sufficiently holistic view of an individual's health, wellbeing, functional status, and care needs, particularly for older persons living with multiple long-term conditions.
A further challenge relates to the fragmented nature of health and social care information systems. Remote monitoring platforms are frequently required to exchange information with multiple electronic patient record systems, care management platforms, and third-party applications, many of which use different data standards and interfaces. This can create interoperability barriers and limit effective information sharing across organisations and care settings. Consequently, there is growing interest in approaches that can integrate information from diverse sources to support a more comprehensive and coordinated view of an individual's health and care status
Data quality, completeness, and reliability also remain important considerations. Monitoring solutions depend on the accurate collection and interpretation of information from multiple sources, including wearable devices, environmental sensors, mobile applications, and patient-reported information. Variations in device accuracy, user adherence, missing data, and inconsistent reporting can affect the reliability of generated insights and decision-support outputs.
The increasing volume of monitoring data presents additional challenges. While remote monitoring enables continuous collection of information, the primary objective is not simply to gather more data but to identify and capture information that is relevant, meaningful, and actionable. Healthcare professionals and care providers require systems that can transform diverse data streams into clear insights that support timely and evidence-based decision making without creating additional workload or contributing to alert fatigue.
Privacy, security, and governance requirements also remain significant considerations, particularly where sensitive personal and health information is collected across multiple devices, locations, and organisations. Ensuring secure data exchange, regulatory compliance, and appropriate management of consent continues to be an important requirement for large-scale deployment.
Overall, while remote and continuous monitoring platforms have become an important component of modern health and social care delivery, further work is required to improve interoperability, integration, scalability, data quality, and the generation of clinically meaningful insights that support coordinated and person-centred care
[bookmark: _Toc241485647]5. Wearable Devices and IoT sensors
Wearable devices and Internet of Things (IoT) sensors play an increasingly important role in supporting older person care through the continuous collection of health, behavioural, and environmental data. Advances in sensing technologies, miniaturisation, wireless communications, and artificial intelligence have enabled the development of a wide range of monitoring solutions capable of supporting independent living, early detection of health deterioration, and proactive interventions. These technologies can capture information relating to physiological parameters, activity patterns, mobility, behaviour, social interaction, and environmental conditions, providing valuable insights for older persons, carers, healthcare professionals, and social care providers.
A diverse range of sensing approaches are now available, including wearable devices, environmental sensors, cameras, smartphones, and audio-based technologies. Collectively, these technologies contribute to remote and continuous monitoring by enabling the collection of objective and patient-generated information in real-world settings. However, challenges remain regarding accuracy, reliability, user acceptance, privacy, interoperability, and the effective translation of monitoring data into meaningful and actionable insights. The following sections review the current state of the art across these technology domains and their application within older person care
[bookmark: _Toc241485648]5.1 Wearables (bracelets, smartwatches, portable ECG devices, PERS)
Wearables are central to personal health monitoring, enabling continuous, non-invasive collection of physiological (HR, SpO₂, ECG, temperature) and activity data. Consumer smartwatches (Apple Watch, Samsung Galaxy Watch, Pixel Watch) now bundle fall detection, regulator-approved ECG, SpO₂, and arrhythmia alerts, converging with medical devices. In parallel, PERS devices (necklace/bracelet with SOS and fall detection) target very elderly users through simplicity and long battery life, often with integrated cellular connectivity.
Table 1 – Relevant Wearables Devices
	Wearable Device
	Main Features

	Apple Watch Series (Apple)
	Support the collection of physiological, activity, mobility, and wellbeing data through integrated sensors. Common capabilities include heart rate monitoring, activity tracking, sleep monitoring, fall detection, and emergency assistance functions.

	Fitbit / Garmin
	Focus on monitoring physical activity, exercise, sleep quality, and selected physiological parameters to support health and wellbeing management.

	PERS (Philips Lifeline, Tunstall)
	Provide safety and independent living support through emergency alerting, fall detection, location tracking, and communication with carers or monitoring services.



Consumer smartwatches now outpace traditional personal alarms among some senior cohorts by combining fall detection, GPS and emergency calling in one device, but demand daily charging and tech literacy. Dedicated PERS remain unmatched for simplicity and battery life, at the cost of narrower health data. For CHS-Care, wearables with open APIs/SDKs (Fitbit, Garmin) are preferred; closed platforms may need bespoke integration.
Privacy is critical — legal audits have flagged GDPR gaps at major vendors (Xiaomi, Samsung, Apple, Fitbit). CHS-Care will require explicit consent and privacy-by-design (raw data stored locally on the gateway, only necessary encrypted data sent to the cloud). Looking to 2027, expect cuffless BP, non-invasive glucose, more clinically certified algorithms, smart textiles and adhesive patches — with elderly adoption still the decisive factor.
[bookmark: _Toc241485649]5.2 Cameras and Environmental Sensors (smart cameras, radar, PIR)
Video and motion sensors are increasingly used for elderly telecare, especially fall detection. Smart cameras combined with computer vision (local or cloud) can recognise presence, posture, and activity, and trigger alerts. Examples range from cloud-based systems like the Kami Vision Fall Detect Camera (~99.5% claimed fall accuracy, real-time audio, optional 24/7 monitoring) to privacy-by-design devices like AltumView Sentinare, which extract only skeleton coordinates on-device and discard video frames.
Non-visual alternatives — mmWave radar (e.g., Vayyar Care) and PIR sensors — detect presence, posture and falls without images or audio, working in the dark or through steam and achieving >90% fall accuracy in field tests. This makes them attractive for privacy-sensitive settings (bedrooms, bathrooms, care homes).
Table 2 – Vision-Based Monitoring Solutions
	Monitoring System
	Features

	Kami Fall Detect Camera (2025)
	Vision-based monitoring system incorporating a 1080p RGB camera, night vision capability, 360° field of view, two-way audio communication, and AI-based fall detection. Designed to support remote supervision through automated event detection and real-time alerts to carers and monitoring services.

	AltumView Sentinare v2
	Edge-AI monitoring system that processes activity data locally and transmits anonymised stick-figure representations rather than video images. Supports detection of falls, including slow falls, activity monitoring, and occupancy awareness within a typical monitoring range of approximately 6 metres while minimising privacy concerns and avoiding pet-related false detections.

	Vayyar Care (mmWave radar)
	Contactless monitoring solution based on 4D millimetre-wave (mmWave) radar technology. Operates without capturing images or audio and supports the detection of falls, presence, movement, posture, and activity patterns. Functions reliably in challenging environments such as darkness, steam, or low-visibility conditions, with coverage of approximately 16 m².



There is a trade-off between richness and privacy: cameras give the most context but are intrusive; radar/PIR are minimally intrusive but lack visual confirmation. An emerging hybrid pattern uses non-visual sensors continuously and activates a camera only on critical events for remote verification. CHS-Care will favour devices with documented SDKs/local interfaces to avoid vendor cloud lock-in, feeding unified event data alongside wearable and smartphone sources.
Expected advances by 2027: more on-device AI, hybrid RGB-D and radar-camera fusion to cut false positives, cheaper/more discreet mmWave sensors (potentially embedded in lighting or routers), and better interoperability via standards like Matter. Vision analytics will also extract mobility patterns (bedtime vs active time) useful for predicting functional decline.
[bookmark: _Toc241485650]5.3 Smartphones (passive data collection, cognitive apps)
The smartphone plays a dual role in CHS-Care: multimodal sensor (accelerometer, gyroscope, GPS, microphone, camera) and data aggregation hub. Apple's HealthKit and Google's Health Connect standardise local aggregation with privacy-first, permissioned access. Beyond physiological data, smartphones enable digital phenotyping — passive analysis of usage, location and movement can flag social isolation, disorientation or early cognitive decline, and validated app-based tests (e.g., 2024 PLOS Digital Health spatial-orientation study) can distinguish subjective cognitive decline from healthy controls.
Two integration paths: (1) a dedicated app collecting sensor + paired-device data and sending it to the backend, or (2) the phone as a local gateway (BLE for wearables, Wi-Fi/ZigBee for IoT) with preprocessing before upload.
Table 3 – Smartphone-based solutions
	Mobile Platform
	Sensor & Health Capabilities

	 Apple iOS (iPhone)
	Integrates data from built-in sensors including accelerometers, gyroscopes, GPS, microphones, and cameras, and can aggregate health information through Apple Health and connected devices such as Apple Watch. Common applications include activity and mobility monitoring, wellbeing assessment, symptom tracking, fall detection, and delivery of digital health interventions.

	Google Android
	Supports health and wellbeing monitoring through integrated smartphone sensors and ecosystem services such as Health Connect and Google Fit, as well as connected wearables including devices such as the Pixel Watch. Typical applications include activity monitoring, mobility assessment, location-aware services, symptom reporting, fall detection, and support for digital health and care applications.



Best practice favours passive monitoring to maximise adherence among older adults, mitigating battery/UX impact through sparse sampling and system-level optimised frameworks (e.g., Google Activity Recognition). GDPR alignment is inherent to both platforms' consent models, and Apple explicitly prohibits HealthKit data for advertising or resale.
By 2027 expect new sensors (non-invasive glucose, BP), unified APIs (Health Connect likely dominant on Android), and more on-device ML (TensorFlow Lite) enabling local risk scoring with only results sent to the cloud — reinforcing privacy-by-design.
[bookmark: _Toc241485651]5.4 Microphones and Audio (voice analysis, sound event detection)
Audio analysis in remote health monitoring covers two areas: (a) voice as a cognitive/emotional biomarker, and (b) acoustic event detection for safety. AI on speech recordings can extract prosody, response time, lexical choice and vocal stability to distinguish Alzheimer's patients from healthy elderly with >85–90% accuracy in reviews. Commercial platforms (AcceXible, Winterlight Labs) run short, guided speech tasks to produce a cognitive risk score; a 2024 UT Southwestern study reported higher sensitivity than MMSE for MCI detection in Spanish. In CHS-Care, this is planned as an optional monthly voice check via the app, with European Portuguese model calibration required.
For acoustic events, home voice assistants (Alexa Together, Google Nest) already offer inactivity alerts and detection of glass-break or smoke alarms. Dedicated acoustic sensors listen passively for help words or fall-signature sounds; the main challenge is minimising false positives from TV or conversation.
Table 4 – Audio-Based Solutions
	Audio Solution
	Description

	Home Voice Assistant (Amazon Alexa, Google Nest)
	Provide voice-based interaction through far-field microphones and speech recognition technologies. Typical applications include requesting assistance, accessing information, controlling connected devices, wellbeing check-ins, inactivity monitoring, and the detection of selected environmental sounds and alerts.

	Voice Analysis Applications  (AcceXible, Winterlight)
	Analyse speech and language characteristics captured through short conversational or assessment-based interactions. These solutions can extract acoustic and linguistic features that may support the identification of changes in cognitive, emotional, or behavioural status and provide decision-support information for clinicians and carers.

	Acoustic Event Sensor (IoT)
	Use microphones and audio processing technologies to detect and classify sounds within the home environment. Typical applications include identifying calls for help, potential fall-related events, alarms, and other critical domestic sounds, with alerts generated locally or transmitted to connected monitoring systems



Audio balances utility and intrusiveness: voice is a rich health signal and a natural interface for elderly users, but an open mic risks capturing private conversation. CHS-Care will use explicit opt-in only, prioritise short periodic recordings over continuous listening, run processing locally/at the edge where feasible, extract features and delete raw audio, and integrate mature APIs (e.g., AcceXible) rather than build from scratch — subject to clinical validation.
Advances in speech analysis and vocal biomarker research are expected to improve as larger and more diverse multilingual datasets become available, enabling the development of more robust and inclusive models across different languages and populations. Smart-home devices and edge-based technologies are also increasingly supporting local audio processing, enabling the detection of events such as distress calls, abnormal vocal patterns, and other clinically relevant acoustic indicators without the need to continuously transmit raw audio to the cloud.
However, the use of audio technologies in health and social care continues to raise important privacy, security, ethical, and regulatory considerations. Future deployments will need to comply with evolving European regulatory frameworks, including the proposed ePrivacy Regulation governing electronic communications and connected devices, and the EU AI Act (Regulation (EU) 2024/1689), which introduces transparency requirements for emotion recognition systems and classifies certain emotion recognition applications as high-risk AI systems. As a result, future solutions will need to balance innovation with transparency, accountability, privacy protection, and user trust.
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Despite significant advances in wearable devices and IoT sensing technologies, several challenges continue to limit their effectiveness and adoption in older person care. A key challenge relates to access to and ownership of monitoring data. Many devices operate within proprietary ecosystems where data is stored and managed through vendor-specific platforms, creating dependencies on third-party services and making integration with broader health and social care systems more difficult. Direct access to raw and processed monitoring data is often restricted, limiting interoperability and the ability to combine information from multiple sources.
Additional challenges include interoperability between devices from different manufacturers, variations in sensor accuracy and reliability, and the need to integrate data collected using different sensing technologies and communication standards. Ensuring that devices are suitable for older persons is also critical. Technologies must be usable by individuals with differing levels of physical ability, cognitive function, vision, hearing, and digital literacy. User comfort, acceptability, battery life, maintenance requirements, and long-term adherence all influence the effectiveness of monitoring solutions in real-world environments.
Finally, while wearable and environmental sensors can generate large volumes of continuous data, determining which parameters provide the greatest value for health and social care decision-making remains an important challenge. The objective is not simply to collect more information, but to collect the right information in a reliable manner and transform it into meaningful, actionable insights that support older persons, carers, and healthcare professionals.
[bookmark: _Toc241485653]6.1 Generative AI Screening Technologies
[bookmark: _Toc241485654]6.1 Introduction
Collecting reliable information about an individual’s health status is a central component of healthcare. Advances in AI and Natural Language Processing (NLP) have created new opportunities for collecting health information through natural language interaction, conversationally. Conversational agents are increasingly explored as ways to gather Patient Reported Outcome Measures (PROMs), a structured assessment framework with carefully designed questions and responses to support health monitoring and care planning. These assessments differ from traditional assessments in that PROMs do not require clinician involvement. Delivering such assessments with a conversational approach could further improve accessibility and engagement, enabling individuals to report health information in a natural and intuitive way.
In a conversational self-assessment system, users report their lived experiences through a conversation rather than static forms. These systems can bring the patient to the centre of the care process, allowing them to describe their situation in their own words. Conversational systems may also capture contextual information which is often lost in fixed questionnaires. However, transforming structured assessments into a conversation introduces several challenges. The system must determine how to map the conversation input to the structured clinical assessment, it should provide explanations for this mapping that align and support caregiver’s reasoning and should maintain clinical validity throughout the assessment, so outcomes remain viable. The following sections review key research directions and discuss the main challenges related to conversational self-assessments.
[bookmark: _Toc241485655]6.2 Research Clusters
[bookmark: _heading=h.y1nbl1xoiagt]6.2.1 Conversational Health Agents for Patient Self-Report and Assessment
Conversational agents are increasingly being explored as tools for collecting information through natural language interactions. These techniques have been explored in a whole array of domains, including education and healthcare. In healthcare, these systems are designed to enable users to report symptoms, behaviours, and well-being through a dialogue, replacing or supplementing traditional questionnaires or consultations. In digital health research, these tools have been studied in several tasks such as symptom reporting, follow-up monitoring, mental health support. These systems aim to make health data collection a more rounded activity, encouraging users to provide richer detail and capturing contextual information that would otherwise be lost while easing the burden of traditional assessments.
For older adults in particular, conversational interfaces offer advantages to conventional digital platforms. Speech-based interaction lowers the barriers to adoption and allows users to express concerns and questions in a more natural manner. Most existing systems target boosted interaction quality and user engagement, while relatively little attention has been given to translating conversational responses into structured clinical assessments. It is worth noting that studies in this area tend towards voluntary participation and indicate large drops in participation over time. Bridging the gap between conversational data and standardised assessment frameworks remains a key challenge.
[bookmark: _heading=h.aw1x2uxbhb4u]6.2.2 Adaptive Questioning/Next-Question Policies
An area of study are the so-called adaptive questioning methods. In a traditional questionnaire, the same questions are presented in the same order to everyone, regardless of their relevance to the individual being. A system which employs adaptive questioning aims to alter the question order by dynamically selecting the next question with the highest discriminating ability, i.e. the most informative, and skipping irrelevant ones. This method can reduce the overall burden by reducing the overall length of the assessment.
In health assessment research, this has been explored through Computerised Adaptive testing (CAT)-like methods, which dynamically select the most informative questions from an item bank based on the respondent’s answers. This type of system requires mechanisms that allow the system to determine which question should be asked at each stage of the interaction. This typically relies on a representation of the user's current state, user model. This model can capture information gathered during the interaction and boosted with additional background information. This model allows the system to estimate focal points and skippable sections. Therefore, these systems combine mechanisms for tracking users with question-selection strategies to maximise information gain and minimise interaction effort, a complex balance.
[bookmark: _heading=h.zdwc468zabts]6.2.3 Structured Extraction from Free Text
Transforming conversational responses into structured assessment data that can be used by clinicians requires methods capable of extracting clinically relevant information from free text. The process involves mapping free-form utterances from conversation to predefined, validated assessment items. In healthcare contexts, structured extraction has been widely studied from clinical notes rather than conversational inputs. A working process of this sort would allow conversational input to serve as an alternative channel for structured assessment tools.
Extracting structured information from conversation input is possible, but ensuring reliability remains a key challenge. Inherently, conversational input introduces uncertainty due to variability in language, completeness and contextual ambiguity. Recent developments have brought forth techniques to improve the mapping ability of the model and quantify its uncertainty. Model-inherent bias mitigation, ensemble-based estimations, probabilistic predictions and self-verbalising methods can improve prediction performance and provide indicators of prediction reliability. These can be coupled with model-independent techniques like rule-based validation to boost indications prediction reliability. By exposing uncertainty signals the system can flag uncertain interpretations, support human oversight, and maintain the validity of structured health assessments derived from conversational input.
[bookmark: _heading=h.jcmxtrqanvb9]6.2.4 PROMs and Questionnaire-to-Conversation
Patient Reported Outcome Measures have come into favour as they collect information directly from patients, in their own words. PROMs such as PROMIS, EQ-5D, or InterRAI’s CUSR typically consist of fixed questions with Likert-scaled responses enabling consistent scoring and interpretation across clinical settings. Instruments like these create a foundation for monitoring health and supporting decision making, and importantly, don’t necessarily need to be administered by a clinician.
Recent developments in LLMs have increased interest into conversational administration of questionnaire-based assessments. Approaches tend to build on the pre-defined set of questions from a PROM assessment. The interaction is made conversational through natural language communication with a bot which can adapt to the user, ask follow-ups and engage the user. The conversational format may reduce cognitive burden and support natural interactions, however, designing clinically valid conversations from pre-defined items, while keeping them shorter than traditional form-based assessments, remains underexplored.
[bookmark: _heading=h.4a4akew9edzf]6.2.5 Explainability for AI-derived Health-Assessments
As AI-powered systems are increasingly used to support clinical decision-making. The outputs of an AI system may influence how caregivers interpret and act on a patient’s situation. Ensuring the outputs can be understood and trusted becomes essential. Explainable Artificial Intelligence (XAI) aims to create explainability techniques that make AI behaviour and reasoning more transparent by a manifold of techniques. Through these human-operators could be able to understand, verify and contest automated decisions.
Traditional XAI has focused on improving transparency by gearing the explanations towards AI specialists. In healthcare applications, explanations must be tailored to the needs of the caregivers, who will likely not have the same technical expertise. Techniques such as feature importance to highlight influential variables, example-based explanations that show similar cases, or presenting intermediate reasoning steps linking input to output have surfaced from this field. Many of these approaches are focused on explaining behaviour on a technical level and may not directly support the needs of the caregiver. Designing explanations that clearly link conversational evidence to AI-derived mappings, health indicators or actions is an open challenge.
[bookmark: _heading=h.q2uiw5g3sv6r]6.2.6 Alignment for Healthcare Dialogue
Alignment for healthcare dialogue means ensuring that conversational systems behave in ways that are appropriate for both the user and the healthcare assessment context.
Conversational self-assessments have the distinct advantage that they can adapt their communication style across users in real time to the capabilities, knowledge and preferences of the user. Nevertheless, these systems must ensure that questions are phrased clearly, asked at an appropriate pace, and structured in a way that support accurate responses.
At the same time, conversational systems, especially ones that can adapt questions must ensure that dialogue remains aligned with the requirements of the healthcare assessments. Conversational interactions must minimise ambiguity and remain clinically valid if assessments are to be used as part of a structured assessment for production of meaningful health indicators. Maintaining the alignment between conversational interactions and structured assessment frameworks is essential and remains underexplored.
[bookmark: _Toc241485656]6.3 Key Challenges
[bookmark: _heading=h.3xbm89s6nmcc]6.3.1 Mapping Conversational Input to Structured Clinical Assessments
The central challenge in conversational self-assessment systems is the reliable translation of conversations into structured clinical assessment items. Conversational interfaces enable users to describe lived experiences in natural language, which is varied, context dependent and ambiguous. Clinical assessment frameworks are rigid and rely on predefined questions and response scales. Systems must therefore determine whether the conversation provides enough information to interpret the user’s situation. This will often require generating follow-up questions to clarify ambiguous responses or request additional details. Ensuring the validity of the system’s interpretation remains difficult. Validation strategies exist which can theoretically improve performance. How to best map conversational input to structured assessment frameworks while reducing the burden of such assessments, this being the overall goal, remains a challenge.
[bookmark: _heading=h.vq50q1idmg5v]6.3.2 Providing explanations that Support Clinical Reasoning
Structured assessments are a support tool for caregivers, which allow them to make decisions which will affect the health profile of their patients. Providing explanations that support their reasoning is therefore a key challenge for AI-derived structured assessments. Explanations play an important role in supporting trust and clinical reasoning by allowing professionals to understand, verify and possibly contest the system’s interpretation without overbearing the user. Techniques exist, but approaches focus on technical transparency rather than practical interpretability. Developing explanation mechanisms that balance transparency with usability and align with the reasoning of the caregivers remains an important challenge.
[bookmark: _heading=h.aj5irn22dcao]6.3.3 Maintaining Clinical Validity in Conversational Assessments
A key challenge in transforming questionnaires into naturally unique conversations is preserving the validity of the original clinical instrument. Traditional questionnaires present a carefully curated set of items with deliberate wording and response scales, which do not fit well in conversations or adaptability. Dynamically adjusted questions delivered through a conversation cannot be reviewed to the level of the frameworks they build from. Designing questions in conversation that remain faithful to the intent of the original assessment items therefore remains a key challenge.
[bookmark: _heading=h.m7oexnwr6zph]6.3.4 Additional Considerations: Engagement, Bias, and Heterogeneity
The successful deployment of conversational self-assessments must address broader practical considerations such as engagement, bias, and heterogeneity. On the face of it, conversational interfaces can encourage participation by providing a more natural and accessible interaction, however, sustaining participation over time remains difficult. Systems must therefore be designed to encourage continued participation. Over time, the issue of Digital Ageism has come to light, whereby older adults are excluded from digital advancements. Exclusion of older adults as a large demographic has led to algorithms and design bias, limiting their access to digital opportunities. This project should seek to address this imbalance by incorporating older adults into the system design. Conversational assessments will operate across heterogeneous populations. There will be variations in language, norms and communication styles. Ensuring that a conversation assessment is robust across different contexts remains an important area of ongoing research.
[bookmark: _Toc241485657]7. Digital Twins and Edge Computing 
The CHS-Care Platform leverages the synergies between cloud computing, data analytics, AI, and sensor technologies to pave the way for a more proactive, personalized, and efficient approach to health and social care management. For the CHS-Care platform to be effective for data analytics by AI it requires vast amounts of health data, which can then be used to create continuously up to date and real time digital or virtual versions of the older person (digital twin). 
[bookmark: _Toc241485658]7.1 Digital Twins
Initially digital twin technology was used in the space industry during the 1960’s as part of simulating the Apollo spacecraft, but the term was only devised much later in 2002 (Nature 2026). Due to the emergence and connection of various technologies, IoT and AI, digital twins have been applied to many sectors including industrial, and manufacturing. This capability enabled engineers to run “what if” simulations to optimise operations, predict failures and refine processes before any actual change is implemented. This also minimises downtime and by focusing efforts on identified maintenance issues early and these apply to aerospace and automotive sectors. Other applications include digital twins of cities and even the planet to simulate impacts of various scenarios on climate. NVIDIA already have an “Earth 2” simulation platform that can be used to predict global weather and climate change. 
The healthcare sector is also considering utilising this technology to improve patient care, and this has been done on an individual organ level, such as a virtual heart. This can help key stakeholders such as clinicians and patients for improved decision making and supporting clinical trials. For example, the virtual organ can be used to see how it reacts to different therapies or interventions. The eventual aim is that digital twins’ technology could be useful to track the health of individuals and act early. However, there are challenges associated with this task, one is associated with fragmented data sources with lack of standardisation of data and real time data heterogeneous data integration. An additional challenge is how to build trustworthy models that are accurate and reliable for making critical decisions. The other issues that require tackling are those related to ethical, data privacy, cybersecurity and governance concerns. 
In CHS-Care we will develop simple digital twins that allow proactive and early decision making for older persons. Digital twins provide the possibility of greater insights into which patients are most likely to benefit from preventive measures, early screenings, modifications of lifestyle, or specific healthcare interventions. This targeted approach to older persons improves the allocation of limited healthcare resources, reduces costs, and improves patient outcomes. In this work we will also consider the use of digital twin technology for implementing an integrated remote monitoring platform architecture for older persons.
[bookmark: _Toc241485659]7.2 Edge Processing
Edge processing can be easily defined as a distributed computing framework that allows data processing close to its source such as a sensor or wearable (IoT devices), local device, or edge server which then avoids sending large amounts of raw data to the cloud.  This has considerable advantages as analysing data proximity to where it is collected results in faster response (latency) and less data use to achieve objectives (bandwidth). Other advantages include improved reliability, as there is ability to process data even when there is no cloud connection. Also, due to less data being transferred to the cloud, this ensures improved privacy.
Edge processing has been made more accessible due to the miniaturisation of hardware, compute power, affordability and network connectivity.  One example of this in healthcare is where smart wearables analyse heart rates and other vital signs on the device which allows the possibility of immediate alerts to patients and clinicians. Various analysis methods are possible such as machine learning and deep learning using federated architectures (Edge computing) that support data privacy and real time decision making.
In healthcare the use of edge computing avoids reliance on a centralised cloud infrastructure by enabling data processing at the location where data is collected. It allows fast analysis, and accelerated decision making and shorter emergency response times, which are critical for older person care as they may be suffering from multiple chronic conditions. Additionally, this approach avoids data breaches and adherence to General Data Protection Regulations (GDPR and UK GDPR).
The types of edge processing devices in healthcare fall into the three types:
Table 5 – Edge Processing Devices and Examples
	Type
	Examples

	Patient worn or local sensors
	Smartwatches, motions sensors, etc.

	Local/gateway devices
	Smartphones, home hubs, etc.

	Local edge
	Servers located in a location, where multiple patients can access



[bookmark: _Toc241485660]7.3 Key Challenges 
While digital twins and edge computing offer significant potential to support proactive, personalised, and data-driven health and social care, several challenges remain before these technologies can be deployed reliably at scale. Both approaches depend on the collection, integration, processing, and analysis of large volumes of data from multiple sources, often within complex and highly regulated healthcare environments. Ensuring accuracy, interoperability, scalability, privacy, security, and trustworthiness remains critical to their successful adoption. The following subsections summarise the key challenges associated with digital twins and edge computing in the context of older person care.
[bookmark: _heading=h.lf3iijem4d4f]7.3.1 Digital Twin Challenges
Although digital twins have significant potential to support personalised and proactive care, several barriers remain to their adoption within healthcare and older-person care. A key challenge is the integration of data from fragmented and heterogeneous sources, including electronic patient records, wearable devices, environmental sensors, and patient-reported information. Differences in data formats, standards, and levels of completeness can make it difficult to create an accurate and continuously updated representation of an individual's health and wellbeing. Additional challenges include ensuring the accuracy, reliability, and clinical validity of digital twin models when used to support decision-making. Trustworthiness, explainability, privacy, cybersecurity, and data governance also remain important considerations, particularly when sensitive personal and health information is aggregated from multiple systems. Furthermore, there remains limited evidence regarding the real-world effectiveness and scalability of digital twin technologies in supporting older-person care.
[bookmark: _heading=h.1felhlsm0589]7.3.2 Edge Computing challenges
Despite the advantages of localised processing and reduced dependence on cloud infrastructure, several challenges remain for the deployment of edge computing solutions in healthcare. These include ensuring data privacy and security during the storage, processing, and transfer of sensitive health information, particularly across multiple devices and networks. Scalability and interoperability also remain important concerns, as edge computing environments often involve a diverse range of sensors, wearables, gateway devices, communication protocols, and information systems. In addition, AI and machine learning models must be optimised for deployment on resource-constrained devices while maintaining acceptable levels of accuracy, reliability, and energy efficiency. Other challenges include supporting reliable operation in environments with intermittent connectivity, managing heterogeneous data streams, and ensuring that edge-based decision-support capabilities remain transparent, explainable, and trustworthy for end users and healthcare professionals
[bookmark: _Toc241485661]8. Human Centred AI and Explainable AI
[bookmark: _Toc241485662]8.1 Introduction
The amount of data healthcare systems rely on has been growing exponentially, and increasingly these systems use AI-powered tools to support analysis of large volumes of clinical information. The interest in AI tools stems from their ability to process complex datasets and identify patterns that may not be immediately visible, offering new opportunities in monitoring, early detection, and supporting decision-making. Despite these capabilities, the use of AI systems in healthcare settings introduces significant challenges and risks. Many AI models operate as opaque systems, whose internal reasoning is difficult to interpret and seldom accompanied by explanations. In healthcare settings, where professionals must justify decisions which may affect patient wellbeing, the inclusion of admittance of predictive models raises important concerns around accountability, reliability and safe integration into care practices.
Explainability of AI models have become a focus of research, as it is seen as a means of making AI predictions understandable and useful. Explainable AI aims to make the reasoning behind predictions visible, thereby allowing users to assess prediction validity. Many existing methods reveal technical details of model behaviour. In healthcare settings, users will likely not have the technical expertise required to interpret these explanations. These explanations must transition from model behaviour to real-world use-cases, supporting the reasoning and decision making of healthcare professionals.  Human-Centred Explainable AI (HCXAI) and interactivity have been proposed as approaches to enable meaningful use of AI systems in practical settings. The following sections review key research directions and discuss the main challenges related to Human-Centred Explainable AI for Healthcare Care Decision Support.
[bookmark: _Toc241485663]8.2 Research clusters
[bookmark: _heading=h.1j1lgbpt0zi2]8.2.1 Explainable AI in Healthcare
Artificial intelligence has the potential to significantly enhance healthcare decision support by its ability to analyse large amounts of complex data. AI models can identify patterns in health records that may be difficult for healthcare professionals to detect and may reveal emerging issues or changes in the patient’s condition. Despite their potential, these models operate as “black box” systems, where it is not clear how the model arrived at these predictions. In high stakes environments, like healthcare, this lack of transparency and interpretability can have unforeseen consequences. The unclear line on accountability, and the nature of these models creates uncertainty for healthcare professionals who must decide whether to trust and act on AI-generated recommendations.
The field of Explainable Artificial Intelligence (XAI) has emerged to close the gap between prediction and reasoning. XAI methods attempt to extract the reasoning from the black box models by, for example, revealing what pieces of information contributed to a prediction. The explanation techniques aim to improve the interpretability of AI models, allowing users to inspect, validate and use the interpretation produced. A wide range of explanation techniques have been developed, but most are intended for technical users. Explanations tend to focus on model behaviour, rather than on the needs of the lay-people using the models. Ultimately, XAI seeks to close the gap between model predictions and the reasoning of these, making AI predictions more understandable and trustworthy, necessary precursors to responsible use.
[bookmark: _heading=h.5fojf0dwos6w]8.2.2 Human-Centred Explainable AI
Human-Centred Explainable AI recognises the gap between technical transparency and real-world needs and builds on traditional explainability research by shifting the focus towards the needs of people interacting with AI systems. Many XAI techniques expose internal model workings, the “what” of the model, which often requires a level of technical understanding, which most users do not possess. HCXAI considers how explanations are perceived, interpreted and used by the individuals relying on the AI system, ensuring that explanations are accessible and meaningful, thereby transitioning explanations to the “so what” of the model. The shift in perspective recognises that effective use of AI must be accompanied by effective explanations that support the user’s goals.
In healthcare settings, HCXAI highlights that integrating such systems into current workflows must align with the reasoning processes of healthcare professionals. Explanations should allow healthcare professionals to understand why a prediction was made, how it relates to facts, and whether it should influence care decisions. This perspective argues that effective explanations not only improve transparency, but support acceptability, trust and usability of AI systems within healthcare. By considering the healthcare professionals’ context, knowledge and experience, AI systems, boosted by HCXAI principles can produce explanations that better fit healthcare setting realities.
[bookmark: _heading=h.69l51nax47ff]8.2.3 Interactive Explainability
Traditional explanation methods present explanations as fixed outputs that accompany a prediction, offering a snapshot of the system’s reasoning. While useful, a single view may not provide the level of detail users want to fully understand the prediction. Including fine-grained details on a single screen can also have detrimental effects due to cognitive overload. Interactive explanations aim to frame the explanation as a conversation, a give and take. An interactive system allows the user to get additional information, request clarifications and examine results at will, allowing users to explore the model’s reasoning to their preferred level of detail. Interactive approaches treat explanations as dynamic processes, where users can navigate instead of having fixed descriptions of model behaviour.
Interactive systems allow users to engage with layers of information, enabling greater depth of targeted explanations. Rather than passively receiving information, users actively investigate the model’s reasoning focusing on the most relevant aspects to their task. The active review process helps users build a deeper understanding of system behaviour and whether predictions follow from facts. For such interactions to be effective, the explanations provided must be aligned with the user’s needs. By virtue of active engagement and exploration, systems adopting interactive explanations can support meaningful engagement and interpretation of AI predictions. 
[bookmark: _Toc241485664]8.3 Key Challenges
[bookmark: _heading=h.t0ol4opypr90]8.3.1 Aligning Explanations with Domain Reasoning
Many developed XAI methods aim to explain the functioning of the model by exposing the architecture, but healthcare professionals need explanations that align with their reasoning. Additionally, these methods generally assume a level of technical expertise, which won’t necessarily be shared in the healthcare domain. The popularised SHAP algorithm reveals how individual features contributed to a prediction, which is immensely useful, but does not correspond to how healthcare professionals interpret outcomes (patient evidence + care context). In practice, a healthcare professional must determine whether a prediction corresponds to the facts, not which values are the most influential. The main challenges are in connecting the predictions to meaningful evidence and existing medical knowledge, and presenting these reasoning chains in ways healthcare professionals can validate.
[bookmark: _heading=h.xfp3f9fz5853]8.3.2 Balancing Detail
Healthcare professionals work under time pressure and complex workflows. The explanations that boost the utility of AI systems must integrate into these workflows and cannot interrupt their main goal. The importance of rapid interpretation of supporting explanations is pivotal. Excessive superfluous information can lead to cognitive overload leading to impaired performance, increased errors, and mental fatigue. Limited explanations hinder the user’s ability to verify, trust and act on the prediction. Explanations must therefore balance clarity and depth, presenting enough detail to justify predictions while being concise enough to support rapid interpretation. Striking the, as short as possible, as long as necessary, balance is critical and a key challenge to ensure explanations are usable within real healthcare settings.
[bookmark: _heading=h.kt0pfurwcu2q]8.3.3. Trust Calibration
Explainability is commonly linked to trust. In healthcare settings it is imperative, as users must rely on the system’s outputs when making decisions that may affect people’s wellbeing. An issue encountered is over-trust and overreliance, where confidence is placed blindly on AI systems. In the complex setting of healthcare predictions may be uncertain or wrong, explanations should convey the uncertainty associated with the predictions and make clear that AI outputs are probabilistic, not definite conclusions. The limitations of the model should be visible to help the healthcare professional recognise situations where additional verification is required. Explanations should support critical evaluation and encourage informed judgement, not blind acceptance. Designing explanations that clearly communicate uncertainty, limitations and support informed judgement remains a key challenge for AI systems in healthcare.
[bookmark: _Toc241485665]9. Conclusions 
This state of the art review shows that the field of older person care is undergoing rapid transformation driven by advances in remote monitoring, wearable technologies, Internet of Things (IoT) sensors, artificial intelligence, digital health platforms, and human-centred decision support systems. Continuous monitoring solutions based on wearables, and environmental sensors, are becoming increasingly capable of supporting independent living, early risk detection, and proactive care interventions. At the same time, developments in large language models, explainable AI, digital twins, and edge computing are offering new opportunities to improve personalisation, scalability, and responsiveness of care services.
Despite this progress, several challenges continue to limit large-scale adoption and impact. These include clinical validation of AI-enabled solutions, digital inclusion, user acceptance among older adults, and the need for transparent and trustworthy decision support. The review also identified a number of important gaps in the current state of the art, including limited real-world evidence for explainable AI in healthcare and geriatric decision support, restricted monitoring capabilities across existing remote sensing platforms, challenges in collecting clinically meaningful information through conversational and self-assessment approaches, fragmented and heterogeneous data sources that hinder integration and digital twin development, and ongoing interoperability, scalability, privacy, and security concerns. These gaps highlight the continuing need for solutions that can operate reliably across diverse care settings while remaining accessible, trustworthy, and aligned with the needs of end users.
The review further highlights the importance of designing technologies that are not only technically effective but also aligned with the needs, preferences, and capabilities of older people, informal carers, healthcare professionals, and service providers. Particular challenges remain in achieving seamless integration across heterogeneous data sources, ensuring long-term engagement and usability, supporting evidence-based clinical decision making, and providing meaningful explanations that enable users to understand and trust AI-generated insights. Additional limitations identified within the reviewed literature include a lack of large-scale longitudinal validation studies, limited evidence from routine clinical and community care environments, uncertainty regarding the reliability and clinical utility of AI-generated explanations, and the absence of widely adopted standards for integrating data generated by multiple devices, platforms, and care systems. 
Overall, the evidence indicates a clear shift towards integrated, preventive, and person-centred models of care that combine continuous sensing, intelligent analytics, and human oversight. While no single technology currently addresses the full spectrum of challenges associated with healthy and independent ageing, the convergence of these technologies provides significant potential to improve quality of life, support ageing in place, reduce pressure on health and social care systems, and enable more proactive and personalised care pathways.
A common theme emerging across the technologies reviewed is that the primary objective is not the deployment of technology for its own sake, but its effective use in supporting better outcomes for older persons. Technologies such as remote monitoring, wearable sensors, digital twins, conversational interfaces, and AI-enabled decision support are enablers that can assist healthcare professionals, social care providers, informal carers, and older persons themselves in making more informed and timely decisions. Their value ultimately depends on their ability to collect the right information, from the right sources, and deliver meaningful insights to the right stakeholders at the right time.
The findings presented in this review provide a baseline for understanding current capabilities, limitations, and future directions within the rapidly evolving landscape of technology-enabled older person care, while also highlighting areas where further research, validation, integration, and innovation are needed to address the identified gaps and support the delivery of effective, coordinated, and person-centred care.
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