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Abstract—By the year 2030, more than one in six people
worldwide will be 60 years old or above. This elderly
population is projected to grow to approximately 2.1 billion
individuals by mid-century. This demographic shift presents
significant challenges and opportunities for healthcare
systems worldwide. Ageing in place, which enables older
adults to remain safely and independently in their homes, is
increasingly recognized as a  cost-effective and
quality-enhancing alternative to institutional care. However,
its success hinges on intelligent, adaptive technologies that
support personalized healthcare delivery. Despite advances
in Artificial Intelligence (AI), machine learning, and digital
health, current systems often rely on generic,
one-size-fits-all solutions that fail to address the complex,
individualized needs of ageing populations. This paper
presents a comprehensive literature review examining the
use of personalized assistive healthcare technologies and
behavioral data in aging-in-place settings. It reveals key
gaps, including poor adaptability to individual needs,
limited integration of real-time data, and a lack of long-term
evidence from real-world deployments. Challenges such as
usability, ethical concerns, and insufficient system
interoperability further limit effectiveness. To address these
issues, we argue for a paradigm shift toward
person-centered, adaptive systems that evolve with users
over time. We outline the need for hybrid monitoring
approaches, scalable personalization frameworks, and
inclusive design strategies to ensure sustainable and
impactful solutions for ageing populations globally.
Keywords—ageing-in-place, assistive
technologies, older adults

personalization,

I. INTRODUCTION

By 2030, approximately 16.7% of the global
population will be 60 or older. The number of individuals
in this age group will grow from 1 billion in 2020 to
1.4 billion. Looking further ahead to 2050, this
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demographic will experience a twofold increase, reaching
2.1 billion people. Even more dramatically, the
population of those aged 80 and above is projected to
triple within the same 30-year timeframe (2020-2050),
expanding to 426 million individuals [1]. The global
demographic landscape is undergoing an unprecedented
transformation, with aging populations presenting both
challenges and opportunities for healthcare systems
worldwide. As traditional care models face increasing
pressure from rising costs and resource limitations, there
is an urgent need to explore innovative approaches that
enable older adults to age safely and independently in
their own homes while maintaining their quality of life
and autonomy.

The successful implementation of ageing-in-place
strategies requires sophisticated technological solutions
that can provide continuous monitoring, personalized
care, and timely interventions. This aspect is particularly
important in addressing critical risk factors such as
physical inactivity. The physical inactivity causes 9.4%
of the total burden of disease and is the fourth leading
cause of death worldwide, thus highlighting the
importance of promoting active and healthy lifestyles
among ageing populations [2].

Recent advances in Artificial Intelligence (Al),
machine learning, and digital health technologies have
opened new possibilities for creating intelligent, adaptive
systems that can support personalized healthcare delivery.
The use of machine learning is increasing in every aspect
of today’s society. However, few attempts have been
made to harness its potential for achieving health
behavior change. These technologies enable the
development of just-in-time adaptive interventions that
can provide the right support at the right time, potentially
transforming how we approach healthcare for ageing
populations.

The integration of behavioral data into healthcare
systems represents a paradigm shift toward more
personalized and proactive care models. By sharing our
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intervention concept, we contribute to the ongoing
dialogue on creating effective methods for promoting
health and well-being in the informatics research
community. As we move toward an era of precision
medicine and personalized healthcare, understanding how
to effectively collect, analyze, and utilize behavioral data
becomes crucial for developing intelligent systems that
can truly support ageing-in-place initiatives. Despite the
growing potential of Al and digital health technologies,
current ageing-in-place solutions suffer from several
critical  limitations: (1) most systems employ
one-size-fits-all approaches that fail to adapt to individual
needs and preferences; (2) there is insufficient integration
of real-time behavioral data to enable truly personalized
interventions; (3) limited evidence exists regarding
long-term effectiveness and real-world deployment of
these technologies; and (4) significant barriers remain in
terms of technology adoption, usability, and data sharing
that prevent the development of comprehensive
intelligent systems. These gaps highlight the urgent need
for a systematic review of how personalized assistive
healthcare and behavioral data can be -effectively
leveraged to support successful ageing-in-place
initiatives.

The main research question of this study is, how can
personalized assistive healthcare technologies and
behavioral data be effectively leveraged to support
successful ageing-in-place initiatives. To answer this
research question, this paper examines the current state of

research on personalized assistive healthcare technologies
and behavioral data utilization in the context of
ageing-in-place, identifying key trends, challenges, and
opportunities for future development in this rapidly
evolving field.

II. METHODOLOGY

This literature review adheres to the Preferred
Reporting Items for Systematic Review and
Meta-Analysis (PRISMA) framework, a standardized
methodology developed by Page et al. [3] that promotes
consistency and transparency in how systematic reviews
and meta-analyses are carried out. The PRISMA
methodology ensures quality through a systematic
four-phase process. The review begins by establishing
clear research questions that outline the study’s scope and
goals. A comprehensive literature search strategy is then
executed to identify relevant studies systematically.
Following this, each selected article undergoes a
thorough  quality evaluation to ensure only
methodologically sound and pertinent research is
included. The process culminates with systematic data
extraction and synthesis, enabling the derivation of
evidence-based conclusions. This structured methodology
strengthens the review’s credibility and replicability,
thereby enhancing the overall quality of scholarly
knowledge in the research domain.

TABLE I. QUERY FOR ADVANCED SEARCH IN THE DATABASE

Database String
(“personalized” OR “personalizse” OR “customize” OR “individualize™)
AND
(“assistive” OR “adaptive”)
Main String AND
(“health” OR “healthcare” OR “health domain”)
AND
(“ageing” OR “aging” OR “older adult” OR “elderly” OR “geriatric” OR “senior”
SCOPUS TITLE-ABS-KEY ((“personalized” OR “personalise” OR “customize” OR “individualize”) AND (“assistive” OR “adaptive )
AND (“health” OR “healthcare” OR “health domain™))
TS=(((“personalized” OR “individualize”’) AND (“assistive””) AND (“health” OR “healthcare””) AND (“ageing” OR “older
WOS - « - R
adult” OR “elderly” OR “geriatric™)))
ScienceDirect TITLE-ABS-KEY TS ((“personalized” OR “individualize”) AND (“assistive ) AND (“health” OR “healthcare””) AND
(“ageing” OR “older adult” OR “elderly” OR “geriatric”))
((“personalized” OR “personalise” OR “customize” OR “individualize”) AND (“assistive” OR “adaptive”) AND (“health” OR
IEEE “healthcare” OR “health domain”) AND (“adult” OR “aging” OR “ageing” OR “older adult” OR “elderly” OR “senior” OR
“geriatric”))
TABLE II. INCLUSION AND EXCLUSION CRITERIA
Criterion Inclusion Exclusion
Timeline 2015-2025 2019 and earlier
Review article,
Document . book, chapter in a
Type Only articles book, conference
proceeding etc.
Language English Non-English
Computer Science & Al, Computer Science & Theory Methods, Computer Science information Systems,
Subject Medical Informatics, Health Care Science Services, Machine Learning (ML) Al IoT, Assistive Other than in
Area Technology, Personalized Technology, 10T, IoT devices, Internet of Medical Things, Wearable devices, inclusion

Artificial Neural Network, Mobile App, Public dataset, Wearable sensors, Assistive Technology

The systematic search strategy is an essential research
method that follows a four-phase approach to ensure
comprehensive and high-quality literature selection.
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Researchers begin with identification, where they broadly
search for all potentially relevant studies across multiple
sources of databases, as in Table I. They then proceed to
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screening, which involves reviewing titles and abstracts
to filter studies according to specific inclusion criteria.
The next step is inclusion/exclusion to cater to the article,
which is stated in Table II. The final phase is the
eligibility assessment, where researchers conduct detailed
full-text reviews to make final decisions about which
studies to include in their research. This methodical

c

o . .

= Articles  retrieved Articles retrieved from
e WoS

b from Scopus

30 | (n=2178) (n=1032)

©

process helps researchers avoid overlooking important
studies while maintaining focus on relevant, high-quality
sources. The systematic approach is especially important
for comprehensive research projects like systematic
reviews and meta-analyses, as it ensures thorough and
unbiased evidence collection.
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Fig. 1. Flow diagram of PRISMA methodology.

A systematic search strategy is an essential research
method that follows a four-phase approach to ensure a
comprehensive, unbiased, and high-quality selection of
literature as guided by the PRISMA framework. The
four-phase process is identification, screening, and
eligibility. In the identification phase, researchers
formulated a search strategy using the core keywords
“personalize”, “assistive”, “ageing”, and ‘“health”, and
further expanded it by including alternative terms,
synonymous expressions, and variations of the main

search terms to maximize the retrieval of relevant studies
across multiple databases. Table I shows the query for
advanced search in four primary databases, which are
Scopus, Web of Science (WOS), ScienceDirect, and
IEEE. The search strategy combined four core concept
domains using Boolean operators: (1) personalization
terms  (“personalized”, “personalise”, “‘customize”,
“individualize”), (2) assistive/adaptive technology terms
(“assistive”, “adaptive”), (3) health domain terms
(“health”, “healthcare”, “health domain”), and (4) aging
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population terms (“ageing”, ‘“aging”, “older adult”,
“elderly”, “geriatric”, “senior”). Within each domain,
synonymous terms were combined using OR operators to
capture terminology variants across international
literature; domains were linked with AND operators to
ensure all four dimensions appeared in retrieved studies.
The search strategy was iteratively refined through pilot
testing to verify retrieval effectiveness. Database-specific
syntax was adapted for each platform (TITLE-ABS-KEY
for Scopus and ScienceDirect; Topic Search for Web of
Science; standard syntax for IEEE), while maintaining
consistent logical structure across all databases. The
finalized search strings are presented in Table 1.

Next, the screening phase involved reviewing the titles
and abstracts of the retrieved articles to filter them based
on predefined criteria, which included the year of
publication, type of publication, and language. This step
aimed to capture contemporary advancements across key
domains such as Computer Science, Artificial
Intelligence, Theoretical ~Computational Methods,
Information Systems, Medical Informatics, Healthcare
Science Services, Machine Learning, Internet of Things
(IoT), Assistive and Personalized Technology, IoT
Systems and Hardware, Internet of Medical Things
(IoMT), Wearable Computing, Artificial Neural
Networks, Mobile Applications, Wearable Sensing
Technology, and Publicly Available Datasets. At this
stage, duplicate entries—such as articles with identical
titles across databases—and those requiring paid access
were excluded. The final eligibility phase entailed a
detailed full-text assessment of the remaining articles to
confirm their relevance and methodological alignment
with the study’s objectives. Researchers carefully
examined each article’s content, including its title and
abstract, to verify the presence of specific evidence
addressing the research questions. This two-level filtering
ensured that only literature offering direct, meaningful
contributions to the study was included. To ensure
transparency and reproducibility consistent with PRISMA
standards, the complete literature selection process is
visualized in the following flow diagram. Fig. 1 displays
the four sequential phases of our systematic selection
process—identification,  screening, and eligibility
assessment—showing the number of studies identified at
each stage and documenting the specific reasons for
exclusion at each filtering level. This transparent
reporting enables readers to assess Dboth the
comprehensiveness of the literature search and identify
any potential selection bias that may have influenced the
final study set included in the review. Fig. 1 illustrates the
PRISMA flow of the literature selection process, and
Table II details the inclusion criteria applied during the
screening stage.

Table II presents the selection criteria for a literature
review or research study that emphasizes contemporary
advancements across multiple technology domains,
including Computer Science and Artificial Intelligence,
theoretical computational methods, Computer Science
information systems, Medical Informatics, Healthcare
Science  Services, Machine Learning, Artificial
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Intelligence, Internet of Things, Assistive Technology,
Personalized Technology, IoT systems, IoT hardware,
Internet of Medical Things, wearable computing devices,
Artificial Neural Networks, mobile applications, publicly
available datasets, wearable sensing technology, and
Assistive Technology solutions. At this stage, there are a
few articles that have been excluded due to the same title
but in different databases (duplicates) and are not open
access, which need to be paid to access the article.

III. BEHAVIOURAL DATA COLLECTION

Behavioral data collection encompasses various
methods designed to observe daily activities, mobility
patterns, sleep quality, social interactions, and cognitive
engagement without disrupting natural routines [4, 5].
The foundation of intelligent systems to support
ageing-in-place among older adults lies in their ability to
systematically capture and analyze behavioral patterns
that reflect an individual’s health status, functional
capacity, and daily living routines [1, 2]. Additionally,
these data serve as early indicators of health deterioration,
functional decline, or emerging care needs that may
enable proactive interventions before critical health event
incidents [6, 7]. Furthermore, the effectiveness of
personalized assistive technologies depends on the
quality, continuity, and contextual richness of behavioral
data, showing that selecting appropriate data collection
methods is crucial for successful implementation [8—10]
For that reason, contemporary approaches to behavioral
monitoring have evolved beyond traditional clinical
assessments to embrace unobtrusive, technology-enabled
solutions that respect privacy and autonomy while
providing comprehensive insights into an individual’s
well-being and independence [7, 8]. The following
section explains the behavioral data collection approach
for ageing-in-place assistive technologies.

A. Modalities and Approaches in Behavioral Data
Collection

1)  Ambient sensing

Ambient sensing is a technology that utilizes sensors to
collect data about an individual’s environment and
behaviors. These include motion detectors that monitor
movement patterns and room occupancy, door and
window sensors that enhance home security by tracking
behaviors and transitions, and environmental sensors that
measure temperature, humidity, and light usage. They
may help reflect circadian rhythms and individual
comfort preferences [11, 12]. This approach is crucial for
unobtrusive monitoring of daily activities in smart home
settings because these systems operate in the background
to provide valuable insights into behavioral changes that
may indicate  health concerns or declining
independence [13]. Furthermore, they are considered
ideal for older adults hesitant to adopt new technologies
as they don’t require direct user interaction [4, 14, 15].
Moreover, advanced ambient systems with smart
appliances and utility monitoring may analyze cooking
habits, sleep patterns, and overall energy consumption
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behaviors. Studies have shown that these systems can
effectively detect early signs of cognitive functional
declines [16, 17].

2)

Wearable devices

Wearable health monitoring devices have become
essential tools for continuous behavioral and
physiological data collection by offering valuable insights
into daily activities, sleep quality, heart rate variability,
and physical activity levels [18]. Wearable devices range
from simple fitness trackers that monitor steps and
activity levels to sophisticated smartwatches that are
capable of detecting irregular heart rhythms, measuring
blood oxygen levels and blood pressure, and monitoring
stress levels [19]. However, acceptance and sustained
usage among older adults remain significant challenges.
This attitude is influenced by device complexity, comfort,
aesthetic appeal, and perceived value [20, 21]. Moreover,
social factors like family encouragement and peer
influence also play a crucial role and can significantly
impact adoption rates [22, 23]. Besides, some older adults
view continuous monitoring as intrusive or a sign of
dependency, while others appreciate the sense of security
and connection to healthcare providers that wearables can
provide [24, 25]. Research indicates that the acceptance
rate might increase if devices are designed with larger
displays, simplified interfaces, and health benefits, while
battery life concerns and charging requirements often
lead to abandonment [26-30].

B. Integration Frameworks: Passive and Active

Monitoring

Passive and active monitoring approaches have distinct
advantages and limitations for ageing-in-place systems.
Understanding these differences is crucial for effective
behavioral data collection [14]. Passive monitoring
systems collect data automatically without requiring users
to participate actively. This approach mainly utilizes
ambient sensors and smart home devices and
continuously requests user-worn wearables to gather
information about daily routines, sleep patterns,
medication adherence, and mobility changes [8, 31, 32].
Consequently, this approach minimizes user burden and
provides consistent and longitudinal data collection by
making it ideal for detecting gradual changes in behavior
or health status that might otherwise go unnoticed [6].
However, passive systems may lack contextual
information about user intentions or external factors that
influence user behavior [33, 34]. In contrast, active
monitoring approaches require user engagement through
smartphone applications, digital questionnaires, or
interactive devices that prompt users to report symptoms,
mood, and medication intake or participate in cognitive
assessments [35]. Although active monitoring can
provide valuable contextual data and enable real-time
intervention opportunities, this approach faces challenges
with user compliance, particularly among older adults.
They may find frequent interactions burdensome or may
experience cognitive decline that can affect their ability
to provide reliable self-reports [34, 36]. Instead, hybrid
approaches that combine both passive and active
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elements are increasingly recognized as optimal
solutions. These approaches use passive monitoring for
continuous baseline assessment while incorporating
active monitoring for specific health events or when
passive data suggests potential concerns that require user
input or clarification [33, 37]. To operationalize this
hybrid monitoring concept into a functional system
architecture, we propose a coordinated monitoring
framework that strategically integrates passive and active
components. Fig. 2 illustrates this proposed hybrid
monitoring system, showing the role of a Hybrid
Processing Unit that acts as an intelligent coordinator.
The Hybrid Processing unit continuously processes
passive monitoring data from ambient sensors and
wearable devices to establish individual behavioral
baselines and identify deviations that may indicate health
changes, then triggers targeted active monitoring only
when detected anomalies suggest genuine health concerns
requiring user input or clinical assessment.

While passive monitoring excels at continuous,
unobtrusive baseline data collection with minimal user
burden, it lacks contextual information about user
intentions and external behavioral factors. Conversely,
active monitoring provides rich contextual insights and
enables real-time intervention but suffers from poor
compliance and is burdensome for older adults,
particularly those with cognitive decline. Each approach
has inherent trade-offs: passive systems compromise
contextual richness for consistency, whereas active
systems sacrifice sustainability for comprehensiveness.
This fundamental tension underscores why hybrid
approaches that strategically combine both modalities are
increasingly recognized as optimal, leveraging passive
monitoring for continuous surveillance while deploying
active monitoring selectively when anomalies warrant
user clarification or clinical assessment.

This schematic diagram (Fig. 2) illustrates a proposed
hybrid monitoring system that addresses the limitations of
standalone passive and active monitoring approaches in
ageing-in-place applications. The architecture responds to
findings that pure passive monitoring lacks contextual
information about user intentions [33, 34], while pure
active monitoring suffers from compliance issues,
particularly among cognitively impaired users [34, 36].
The Hybrid Processing Unit serves as an intelligent
mediator, using passive data to establish behavioral
baselines and triggering active monitoring requests only
when anomalies suggest genuine health concerns
requiring user input or clarification.

Passive Monitoring Component continuously collects
behavioral data through unobtrusive sensors, including
motion detectors, door/window sensors, phone activity
monitors, and computer usage trackers. This approach,
like the system described in Ref. [6], provides consistent
longitudinal data collection with minimal user burden,
enabling detection of gradual changes in daily routines,
mobility patterns, and social behaviors that may indicate
loneliness or health decline. The active monitoring
component engages users through mobile applications,
digital questionnaires, cognitive assessments, and
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self-report tools to gather contextual information about
their mood, symptoms, and subjective experiences. While
this approach faces compliance challenges, it provides
valuable insights into user intentions and external factors
that influence behavior. The Hybrid Processing Unit
serves as the core intelligence hub that performs data
fusion, applies machine learning algorithms, and manages
adaptive triggering mechanisms. This unit analyzes
patterns from both data streams to generate
comprehensive health assessments while determining

when to activate specific monitoring modes based on
detected anomalies or concerning trends.

The integrated outputs include loneliness detection,
health alerts, behavioral pattern analysis, early
intervention capabilities, and care coordination services.
This hybrid approach optimizes the strengths of both
monitoring paradigms, continuous baseline assessment
from passive monitoring and rich contextual data from
active monitoring, while minimizing their limitations,
ultimately creating a more effective and user-friendly
system for supporting ageing-in-place initiatives.

Hybrid Monitoring System for Aging-in-Place

PASSIVE MONITORING

Motion Sensors
Door/Window Sensors
Phone Monitoring

Computer Activity

+ Continuous data collection
« Low user burden

ACTIVE MONITORING

Mobile Applications
Digital Questionnaires
Cognitive Assessments

Self-Reports

« Contextual information
* Real-time intervention

HYBRID PROCESSING

Data Fusion & Analysi:
Machine Learning Algorit!
Trigger Management

Adaptive
Triggering

Context
Validation

INTEGRATED OUTPUTS

[ Loneliness Detection ] [ Health Alerts ] [ Behavior Patterns ]

[ Early Interventions J [ Care Coordination ]

J

Key Benefits: Continuous baseline monitoring + Contextual insights + Reduced user burden + Early intervention

Fig. 2. Hybrid monitoring system for ageing-in-place: Integration of passive and active monitoring approaches for comprehensive health assessment
in older adults.

IV. DATA ANALYTICS FRAMEWORKS

The application of data analytics frameworks to
ageing-in-place contexts presents unique challenges that
distinguish this domain from general healthcare analytics.
Machine learning and Al offer powerful tools for
behavioral pattern recognition and health monitoring.
However, their effectiveness depends critically on
addressing domain-specific constraints relevant to ageing
populations. Key constraints include: (1) scarcity of
labeled training data due to privacy concerns, (2)
heterogeneity of ageing trajectories, (3) need for
interpretable models that build trust, (4) computational
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efficiency requirements for edge deployment, and (5)
distinguishing normal behavioral variability from genuine
health concerns. Furthermore, the success of these
analytical frameworks hinges not only on technical
accuracy but also on their integration with the complex
sociotechnical ecosystem of home-based care, where
technology must complement rather than replace human
judgment and interpersonal support. This section
examines current machine learning approaches for
behavioral pattern recognition, anomaly detection, and
temporal analysis, critically evaluating both their
capabilities and limitations in the context of enabling
sustainable, person-centered ageing-in-place solutions.
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The overwhelming reliance on supervised learning
approaches (94% of reviewed studies [38]) raises critical
questions about methodological appropriateness for
ageing-in-place contexts. While supervised methods
excel at classification tasks with well-defined labels, they
require extensive training datasets that are particularly
scarce in this domain due to privacy -concerns,
heterogeneity of ageing trajectories, and the difficulty of
obtaining ground-truth labels for gradual functional
decline. More problematically, the reported high accuracy
rates—often exceeding 90% for activity recognition
tasks [39]—emerge from controlled laboratory settings or
short-term deployments that fail to capture the
longitudinal complexity of real-world ageing. Studies
rarely report performance degradation over time as users’
behavioral patterns evolve or as novelty effects diminish,
creating an evidence base that may systematically
overestimate real-world effectiveness. The
underrepresentation of unsupervised and semi-supervised
approaches (only 9% [39]) is particularly concerning
given that these methods could better accommodate
individual variability without requiring exhaustive
labeled datasets, yet they receive minimal research
attention despite their theoretical advantages for
personalized adaptation.

A. Machine Learning Models for Behavioral Pattern
Recognition

Supervised learning models trained on labeled activity
data have achieved accuracy exceeding 90% in activity
classification tasks in controlled studies. These
models—such as Random Forest and Support Vector
Machine (SVM)—Ilearn to distinguish activities (walking,
sitting, falling) based on features extracted from sensor
data. Newer deep learning approaches using Long
Short-Term Memory (LSTM) networks can capture
temporal patterns, detecting sequences of activities that
indicate specific conditions (e.g., repeated bathroom
visits suggesting urinary symptoms, or slow morning
transitions suggesting depression). The development of
sophisticated machine learning models for behavioral
pattern recognition represents a fundamental component
in creating intelligent ageing-in-place systems. Recent
advances in artificial intelligence have demonstrated
significant potential for analyzing complex behavioral
patterns and providing personalized interventions for
older adults [2, 38].

Supervised learning techniques have emerged as the
predominant approach in behavioral pattern recognition
systems, with the vast majority of the reviewed papers
(n = 82, 94%) reporting the use of supervised learning
techniques for classification and regression tasks [38].
These models excel at identifying specific behavioral
patterns by learning from labeled datasets that contain
both input features and expected outcomes. For instance,
decision tree algorithms have proven particularly
effective for recognizing daily activity patterns, with
several studies achieving high accuracy rates in detecting
activities such as walking, sitting, standing, and
transitional movements [39].
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Combining learning methods, particularly Random
Forest algorithms, has shown exceptional performance in
behavioral pattern recognition tasks. Random Forest and
Decision Forest are popular machine learning methods
that combine many decision trees together. They build on
bagging techniques and are widely used in research
because they work well. These approaches combine
multiple decision trees to create more robust and accurate
predictions, making them particularly suitable for the
complex and variable nature of human behavioral data.

Deep learning approaches have also gained traction in
behavioral pattern recognition, particularly for processing
temporal sequences of activity data. LSTM networks and
Convolutional Neural Network (CNN) architectures have
demonstrated effectiveness in recognizing complex
behavioral patterns from sensor data streams. The ability
of these models to capture temporal dependencies makes
them particularly valuable for understanding the
sequential nature of daily activities and identifying
deviations from normal behavioral patterns.

The integration of multimodal data sources
significantly enhances the accuracy and reliability of
behavioral pattern recognition systems. Based on findings
from comprehensive reviews, 35 papers (40%) reported
the use of multimodal data, such as the acquisition of data
streams from multiple sensors. This multimodal approach
allows for more comprehensive behavioral profiling by
combining information from various sources, including
smartphone sensors, wearable devices, and environmental

monitoring systems. However, these sophisticated
technical approaches reveal critical disconnects between
machine learning requirements and older adults’

real-world constraints. Machine learning models’ reliance
on large labeled datasets poses significant barriers for
older populations, as privacy concerns and ethical
considerations limit data collection opportunities. The

scarcity of labeled training data directly reflects
real-world concerns among older adults about
surveillance and data misuse. Edge computing

requirements in ageing-in-place systems directly address
older adults’ accessibility needs and privacy concerns.
Cloud-based processing introduces latency and
dependency on internet connectivity, problematic for
users with limited technical support or unstable
connections.

B.  Anomaly Detection for Early Intervention

Anomaly detection systems play a critical role in
enabling proactive healthcare interventions by identifying
deviations from normal behavioral patterns that may
indicate health deterioration or emergency situations.
These systems are particularly valuable in
ageing-in-place scenarios where early detection of
functional decline or acute health events can prevent
hospitalizations and maintain independence [40].

Early detection of health changes is particularly
important for older adults because functional decline
often follows non-linear trajectories—appearing stable
then rapidly  deteriorating—and  because early
intervention frequently prevents crisis. Anomaly
detection systems enable passive, continuous monitoring
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that identifies subtle behavioral changes indicating health
deterioration before symptoms become clinically
obvious. For example, a 3-day pattern of reduced
nighttime bathroom visits might signal urinary retention
requiring urgent evaluation, or a week of increasingly
disrupted sleep might indicate emerging infection or
mood change.

Unsupervised learning algorithms form the foundation
of many anomaly detection systems, as they can identify
unusual patterns without requiring extensive labeled
datasets. A small minority of the reviewed studies, which
is just six papers, representing 9% of the total, employed
unsupervised machine learning techniques, including
k-Means clustering and Hierarchical clustering [39].
Despite their limited representation in current literature,
these approaches offer significant potential for detecting
anomalies in behavioral data by identifying data points
that deviate significantly from established clusters of
normal behavior.

The Local Outlier Factor (LOF) algorithm represents a
sophisticated approach to anomaly detection that has
shown promise in healthcare applications. The LOF
algorithm identifies anomalies by analyzing how the
density of data points surrounding a particular instance
compares to the density in its neighboring regions. This
method is particularly effective for identifying subtle
changes in behavioral patterns that may not be apparent
through traditional threshold-based approaches.

Real-time anomaly detection systems require careful
consideration of temporal patterns and baseline
establishment. The challenge lies in distinguishing
between normal variations in daily routines and genuine
anomalies that warrant intervention. Advanced systems
incorporate adaptive learning mechanisms that can adjust
their sensitivity based on individual behavioral patterns
and gradually evolving baselines, reducing false alarms
while maintaining high sensitivity to genuine
emergencies.

Machine learning models have also been applied to
detect specific types of anomalies relevant to ageing
populations. For example, ML-based adaptive systems
have been developed for fall detection, with one study
achieving high accuracy using a decision tree regression
model Mean Quantization Error (MQE = 0.16) to detect
falls and automatically place emergency calls to the
closest medical center based on user location. This
demonstrates the potential for specialized anomaly
detection systems targeting specific health risks common
among older adults.

C. Temporal Analysis of Functional Decline Markers

Temporal analysis of functional decline markers
represents a sophisticated approach to understanding the
progressive nature of age-related changes in physical and
cognitive function. By analyzing longitudinal behavioral
data, these systems can identify subtle trends that may
indicate the onset or progression of functional decline,
enabling proactive interventions before significant
deterioration occurs [2].

Feature extraction techniques play a crucial role in
temporal analysis, particularly when dealing with
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time-series data from various sensors and monitoring
devices. Researchers analyzing temporal data from
sensors have applied the sliding window method to
extract features across varying time intervals (such as
S5-minute, 10-minute, and 15-minute windows). This
approach enables the analysis of behavioral patterns
across multiple temporal scales, from short-term activities
to longer-term trends indicative of functional decline.

Advanced temporal modeling approaches have
demonstrated effectiveness in capturing the complex
dynamics of functional decline. LSTM networks have
been used to forecast learners’ upcoming performance
and retention patterns by inputting sequential embeddings
derived from learning task attempts conducted by
particular healthcare institutions, achieving accuracies of
approximately 88.32% [2]. These deep learning
approaches can model complex temporal dependencies
that traditional statistical methods might miss, providing
more accurate predictions of functional trajectory.

The integration of reinforcement learning techniques
offers promising avenues for creating adaptive systems
that can learn optimal intervention strategies over time.
To maximize the chance of achieving calorie loss,
multi-armed bandit approaches have been applied to
dynamically learn and influence user behaviors by
suggesting actions such as walking to work or visiting the
gym. This approach enables systems to not only detect
functional decline but also learn which interventions are
most effective for specific individuals at different stages
of the ageing process.

Contextual data integration significantly enhances the
accuracy of temporal analysis systems. A contextual
bandit approach can be applied to deliver the right nudges
at the right time. This allows for more sophisticated
analysis that considers environmental factors, time of
day, seasonal variations, and individual preferences when
assessing functional decline markers. This contextual
awareness enables a more nuanced understanding of
behavioral patterns and their relationship to functional
status.

The development of personalized baseline models is
essential for accurate temporal analysis, as functional
decline patterns vary significantly among individuals. ML
algorithms can be trained to make interventions more
personally relevant over time and use real-time feedback.
The intervention that caters to personal relevance can be
used from activity trackers to learn what approaches work
and don’t work for specific users. This personalized
approach ensures that temporal analysis systems can
adapt to individual ageing trajectories and provide more
accurate assessments of functional status changes over
time.

V. PERSONALIZATION STRATEGIES

The heterogeneous nature of ageing populations
requires personalized approaches to assistive technology
design and implementation, as older adults exhibit
diverse  cognitive abilities, physical limitations,
technological literacy levels, and personal preferences
that significantly impact system effectiveness [41].
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Personalization offers promising approaches to adapt
ageing-in-place systems to individual needs, capabilities,
and preferences. However, substantial barriers exist
between promising technical capabilities and real-world
implementation at scale. This section examines
personalization strategies, and critically assesses their
feasibility, cost-effectiveness, and potential for
large-scale adoption in diverse healthcare and community
settings. Personalization extends beyond customization. It
involves dynamic adaptation based on continuous
learning from user behavior, environmental context, and
evolving care needs [42, 43]. Effective personalization
strategies should balance the complexity of advanced
technology with the accessibility requirements of older
adults to ensure that systems remain intuitive and not
overwhelming while tailored to individual circumstances.
Pahlevanynejad et al. [44] showed that personalized
health applications for older adults must carefully
consider challenges such as privacy and security, data
ownership, and healthcare provider engagement, as the
benefits can help persuade individuals and healthcare
providers. Meanwhile, Martin et al. [45] agreed that
considering individual data is a key point for personalized
healthcare applications. The success of personalized
assistive technologies depends on their ability to
seamlessly integrate into existing routines and
preferences while adapting to changing needs without
requiring explicit user configuration or technical
expertise [46]. Therefore, Yang and Moody [47]
emphasized in their paper that assistive technology must
adhere to user-centered design principles that prioritize
individual autonomy, status and preference in
determining how and when technological assistance is
provided.

A. Adaptive User Interfaces for Cognitive and Physical
Limitations

Adaptive user interfaces are essential for personalized
assistive technologies, dynamically adjusting visual
elements, interaction modalities, and information
presentation based on individual cognitive and physical
capabilities [48-50]. These interfaces use real-time
assessment of user behavior, such as error patterns and
interaction difficulties, to automatically modify font
sizes, color contrasts, button layouts, and navigation
complexity to accommodate visual, motor, and cognitive
limitations [46]. Previous research [51] has shown that
adaptive interfaces significantly improve task completion
rates and reduce cognitive load among older adults when
adaptations occur gradually and transparently without
disrupting their established interaction patterns. However,
the adaptive interface cannot avoid implementation
challenges such as determining appropriate adaptation
triggers, maintaining user control over interface changes,
and preventing excessive adaptation that may reduce
system predictability and user confidence [52, 53].
Adaptive user interfaces dynamically adjust visual
elements, interaction modalities, and information
presentation based on individual cognitive and physical
limitations. Font size, color contrast, menu complexity,
and input mechanisms can adapt to user capabilities. For
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example, interfaces can simplify during periods of high
cognitive load, increase contrast and font size in low-light
conditions, or provide speech-based input for users with
limited dexterity. Research demonstrates benefits in
improved usability for diverse users including those with
cognitive impairment, vision loss, and motor limitations.
Personalized interfaces improve engagement and task
completion rates. These capabilities suggest substantial
potential for improving accessibility of ageing-in-place
systems.

B.  Context-Aware Assistance Delivery

Context-awareness is integral to systems implemented
in fields such as Intelligent Environment, Ambient
Intelligence, Pervasive and Ubiquitous Computing [54].
Context-aware assistance delivery systems leverage
comprehensive environmental sensing, behavioral pattern
recognition, and situational analysis to deliver timely,
relevant support that anticipates user needs without
explicit requests [55]. These systems combine various
data sources, such as location tracking, activity
recognition, time-based patterns, social context, and
physiological indicators. This integration helps create
detailed contextual models that guide the timing and
content of assistance delivery. Obinna et al [56]
proposed a framework that denotes a combination of
context-aware computing and lifestyle modelling. This
framework is to facilitate personalized services for
elderly care and independent living. The framework
leverages big data analytics for context awareness, and
therefore, for “smart” services informed by user lifestyle
and behavior. De Backere et al. [57] designed
OCarePlatform to use a semantic, data-driven, and
cloud-based back-end system to facilitate independent
living. OCarePlatform offering information and
knowledge-based services to the resident and his/her
caregivers. Information about users and their
circumstances is collected to enable customized,
context-sensitive services that help residents accomplish
their everyday activities. Furthermore, advanced
context-aware platforms utilize artificial intelligence
techniques to learn individual routines, preferences, and
decision-making patterns, enabling proactive assistance
that aligns with personal habits and environmental
circumstances. Meanwhile, the recent project by
MeBmer et al. [58] included a system design that
incorporates a time-saving profiling and media rating
method. The project that includes system design in
requirements for a media-analytical Al, and a
recommendation system. Their research highlights the
need for a contextual designed system. The contextual
design is dynamically adaptable to a potential domain
shift due to human factors. However, according to
Ogbuabor et al. [59], context-aware solutions lack some
essential features, such as not offering professional
healthcare ~workers to be involved or give
recommendations to patients during the monitoring
process. Therefore, this area requires significant
improvement despite being a promising research area in
healthcare.
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Despite the promising capabilities of adaptive user
interfaces and context-aware assistance delivery, several
practical barriers impede large-scale adoption of
personalized ageing-in-place systems. The computational
infrastructure required to support real-time machine
learning  personalization incurs significant costs,
particularly for cloud-based processing of continuous
sensor data streams. In contrast, edge computing
alternatives require more sophisticated and expensive
hardware devices. Scaling these systems beyond
controlled research environments presents challenges in
terms of installation complexity, ongoing maintenance
requirements, and the need for technical support that is
accessible to older adults with varying levels of
technological literacy. Scaling personalized
ageing-in-place systems to community and home settings
requires addressing substantial infrastructure costs.
Cloud-based Al personalization requires continuous
server processing, incurring significant expenses, while
edge computing alternatives necessitate expensive,
sophisticated devices that are often beyond the budgets of
many older adults. Current personalized ageing-in-place
systems lack viable business models for large-scale
deployment. Research-driven prototypes demonstrate
technical feasibility but fail to transition from controlled
studies to sustainable commercial solutions. Translating
promising personalized technologies to large-scale
deployment requires resolving multiple practical barriers
beyond technical capability. Installation complexity
requires trained technicians and individualized home
customization, resulting in high upfront costs.

VI. ETHICAL AND PRIVACY CONSIDERATIONS

A. Dynamic Consent and Cognitive Burden

The continuous process of behavior monitoring in
systems that support ageing-in-place raises critical ethical
questions that go beyond the usual ideas of informed
consent. Recent research by Essa et al. [60] showed that
dynamic models, which allow users to adjust their
privacy preferences in real time through intuitive
interfaces, have significantly higher acceptance rates
among older adults aged 65-85. These adaptive
frameworks give users granular control over data
collection parameters, monitoring time windows, and
sharing permissions. However, Roobini [61] highlighted
the cognitive burden associated with frequent consent
decisions, particularly for individuals experiencing mild
cognitive impairment, where decision fatigue can lead to
over-restrictive privacy settings that compromise safety
or overly permissive configurations that violate personal
boundaries. As Lee and Lee [62] stated, implementing
Al-assisted consent management systems offers
promising solutions by learning individual preference
patterns  and  suggesting  appropriate  consent
configurations while maintaining user autonomy. The
ethical and privacy considerations  surrounding
personalized assistive healthcare for ageing-in-place
require careful examination grounded in empirical
evidence from real-world deployments. While theoretical
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frameworks provide important guidance, understanding
how older adults actually experience consent processes,
data governance, and privacy trade-offs is essential for
developing practical solutions. Dynamic consent models
achieve significantly higher acceptance rates among older
adults. As stated by Lee and Lee [62] demonstrated that
dynamic consent models achieve significantly higher
acceptance rates among older adults aged 65-85
compared to static consent frameworks. In contrast,
Wangmo et. al [63] found that cognitive burden from
frequent consent decisions affects 43% of individuals
with mild cognitive impairment. These findings highlight
the tension between theoretical ideals of continuous
consent and the practical realities of cognitive load in
ageing populations. Furthermore, Jaggi et al. [64]
documented specific barriers to data sharing in
multi-stakeholder ecosystems, revealing that 67% of
older adults express concerns about losing control over
their health data when multiple parties are involved.

B.  Data Ownership and Sharing Frameworks

Ageing-in-place  ecosystems  involve  complex
multi-stakeholder data relationships that challenge
traditional  healthcare data  governance  models.

Jaggi et al. [64] emphasized that maintaining older adults
as primary data controllers while accommodating
necessary care coordination requires innovative technical
architectures. Additionally, Wangmo et al. [63] suggested
that patients desire some degree of data ownership rights.
Therefore, data collection in assistive technology should
be restricted for clinical purposes and give patients clear
conditions and access to have greater control over their
personal data. Furthermore, Frishammar et al. [65]
highlighted that caregivers’ access to patients’ data
should be controlled and require explicit consent, and
patients have the right to agree or refuse at any time.
These data ownership and consent challenges represent
fundamental barriers to the successful implementation of
ageing-in-place systems, not peripheral concerns that can
be addressed through standard privacy policies or static
consent forms. Resolving them effectively requires
dynamic, adaptable governance frameworks that place
older adults at the center of all data control decisions.
Fig. 3 presents a comprehensive patient-centric data

governance framework specifically designed for
ageing-in-place ecosystems.
This schematic diagram (Fig. 3) presents a

comprehensive framework for addressing data ownership
and sharing challenges in ageing-in-place ecosystems,
incorporating the principles outlined by Refs. [66—68].
Data Sources collect information from health sensors,
smart home devices, and mobile apps. This data flows
through a Data Control & Governance Layer with four
key features: (1) Access control-patients decide who sees
what data, (2) Data encryption-secure data protection, (3)
Audit trails-transparent tracking of data access, and (4)
Data portability-patients can export their data anytime.
The dynamic consent management system allows older
adults to change permissions in real-time, addressing
patient data ownership rights and the requirement for
explicit consent that can be withdrawn at any time.
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Data Ownership and Sharing Framework for Aging-in-Place Ecosystems

DATA SOURCES
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DATA CONTROL & GOVERNANCE LAYER
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J

KEY PRINCIPLES: Patient Autonomy ¢ Explicit Consent ¢ Data Minimization ¢ Purpose Limitation * Transparency

Fig. 3. Data ownership and sharing framework for ageing-in-place ecosystems: A patient-centric approach to multi-stakeholder data governance with
dynamic consent management.

C. Privacy

The conflict between health monitoring and privacy
protection requires tailored approaches that consider
individual situations and risk factors. As defined by
Tavani et al. [69], privacy can be categorized into three
categories, which are: (1) accessibility privacy, meaning
physically being left alone or being free from intrusion
into your physical space; (2) decisional privacy relates to
the freedom to make personal choices and decisions, and
(3) informational privacy concerns control over the flow
of personal information, including the transfer
and exchange of information. According to
Frishammar et al. [67], to protect the privacy of users of
assistive technology, it is essential to outline the purpose
of assistive technology clearly, how it is utilized by
service providers or care organizations, and how personal
data will be handled and processed electronically. This
information should be explicitly described in a privacy
statement and communicated to users. In addition, Lee
and Lee [62] highlighted that the role of the end-user in
controlling data by taking a direct role in securing his or
her privacy is a key to a more user-centered and ethically
aligned deployment of Intelligent Assistive Technologies.
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VII. DISCUSSION

This literature review sought to answer the question:
how can personalized assistive healthcare technologies
and behavioral data be effectively leveraged to support
successful ageing-in-place initiatives? The following
discussion synthesizes our findings around three
interconnected themes that collectively explain why
current systems fall short of enabling truly personalized,
sustainable ageing-in-place solutions and what is required
to address these limitations. This literature review
illustrates the benefits of integrating Al-driven devices to
help older adults age in place. It also highlights
significant gaps between the theoretical potential of these
personalized assistive healthcare technologies and their
practical implementation for ageing-in-place initiatives.
While the technological foundations for sophisticated
behavioral monitoring and adaptive interventions exist,
several critical limitations continue to impede the
development of truly effective, comprehensive systems
that can support independent living among older adults.
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A. Evidence Gaps in Personalized Assistive Healthcare

The review demonstrates a persistent reliance on
standardized approaches that fail to accommodate the
heterogeneous nature of ageing populations. Despite
evidence that older adults exhibit diverse cognitive
abilities, physical limitations, varying levels of
technological literacy, and individual preferences that
significantly impact system effectiveness, most current
systems continue to employ uniform monitoring
protocols and intervention strategies. The findings from
Oyebode et al. [39] indicated that while 35 papers (40%)
reported the use of multimodal data collection, the
majority of these systems still apply the same analytical
frameworks and intervention triggers across all users,

regardless of individual cognitive status, physical
capabilities, or personal preferences.
This one-size-fits-all ~limitation is particularly

problematic given that “personalization in intelligent
ageing-in-place  systems extends beyond simple
customization to dynamic adaptation based on continuous
learning from user behavior, environmental context, and
evolving care needs”. The research reveals that adaptive
user interfaces, while showing promise in improving task
completion rates and reducing cognitive load among
older adults, face significant implementation challenges
in determining appropriate adaptation triggers and
maintaining user control over interface changes [48, 49].

The review exposes a significant evidence gap
regarding the long-term effectiveness and real-world
deployment of personalized assistive technologies. While
numerous studies demonstrate high accuracy rates in
controlled environments, with some achieving high
accuracy using a decision tree regression model
(MQE = 0.16) to detect falls, there is insufficient
evidence regarding sustained performance and user
engagement over extended periods in naturalistic settings.

The acceptance and sustained usage challenges among
older adults represent a critical barrier to real-world
effectiveness. The research indicates that acceptance and
sustained usage among older adults remain significant
challenges, influenced by device complexity, comfort,
aesthetic appeal, and perceived value. Social factors,
including family encouragement and peer influence, play
crucial roles in adoption rates, yet current systems
inadequately address these psychosocial dimensions of
technology acceptance.

Moreover, the review reveals that some older adults
view continuous monitoring as intrusive or a sign of
dependency, highlighting the tension between
comprehensive  behavioral —monitoring and  user
autonomy. The lack of longitudinal studies examining
how these perceptions and usage patterns evolve over
time represents a significant knowledge gap that impedes
the development of sustainable ageing-in-place solutions.

B. Barriers to Real-World Adoption

The review identifies substantial barriers in technology
adoption, usability, and data sharing that prevent the
development of comprehensive intelligent systems.
Despite technological advances in machine learning and

659

behavioral pattern recognition, fundamental usability
challenges persist. The research indicates that devices
designed with larger displays, simplified interfaces, and
health benefits show improved acceptance rates, while
battery life concerns and charging requirements often
lead to abandonment.

Data sharing frameworks present another significant
barrier to comprehensive system development. The
review highlights that ageing-in-place ecosystems involve
complex multi-stakeholder data relationships that
challenge traditional healthcare data governance models.
Current consent models for continuous monitoring raise
critical ethical questions that go beyond the usual ideas of
informed consent, particularly for individuals
experiencing mild cognitive impairment, where decision
fatigue can lead to over-restrictive privacy settings that
compromise safety. Older adults exhibit diverse cognitive
capabilities, physical abilities, technology preferences,
and values regarding privacy and autonomy [70, 71].

The implementation challenges extend beyond
individual user factors to systemic issues within
healthcare facilities and professional training. The
research indicates that even with the integration of this
technology, professional health workers still need training
and education, especially in community settings,
suggesting  that successful deployment requires
comprehensive ecosystem-level changes rather than
isolated technological solutions.

Assistive technologies have significant potential for
meeting the diverse needs of the older adult population as
they can support their independence and promote healthy
ageing. However, implementing these technologies has
several challenges that must be approached carefully.
There are several challenges has listed in Refs. [70, 71]
which are the security and privacy of user data, building
trust in technology, ease of use, affordability, adequate
training and guidance for adoption, user acceptance, a
perceived lack of need, fear of dependence, feelings of
embarrassment, loss of dignity, and insufficient
accessibility and social inclusion. In addition,
Martinez-Martin and Costa [72] highlighted another
aspect to consider related to the development cost,
especially developments including robot platforms. The
challenges related to older adults’ acceptance are mainly
because they’re reluctant to use technology due to
difficulty using it and a lack of social abilities. Due to
that, the ease of handling and social component are the
main issues for their acceptance. However, improving
technology reliability in terms of performance and
customization features may enhance their acceptance
level [72]. Furthermore, implementation challenges with
healthcare facilities and professionals, Refs. [73-75] have
reported that even with the integration of this technology,
it seems to be successful, the professional health worker
still needs training and education.

VIII. CONCLUSION AND FUTURE DIRECTIONS

This literature review addressed a critical question for
ageing societies: How can personalized assistive
healthcare technologies and behavioral data effectively
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support successful ageing-in-place initiatives? Our
systematic analysis of 87 peer-reviewed studies reveals a
significant paradox in the field.

We identify three core findings. First, the field
demonstrates persistent reliance on standardized,
one-size-fits-all system designs despite extensive
evidence of heterogeneous ageing populations. Yet most
reviewed systems apply uniform monitoring protocols
and intervention algorithms, creating fundamental
mismatches between system design and user needs.

Second, a critical performance paradox emerges:
laboratory-validated systems report activity recognition
accuracy exceeding 90%, yet field deployments
consistently show 20%30% performance degradation
within 6 months of real-world deployment.

Third, and perhaps most consequential, is the design
tension between monitoring comprehensiveness and user
acceptance. The multimodal approaches most capable of
detecting health changes (ambient sensors plus
wearables) are simultaneously perceived by many older
adults as surveillance mechanisms or markers of
diminished independence.

Future systems must incorporate meaningful consent
mechanisms, enable user configuration of monitoring
parameters, respect privacy preferences without
compromising care quality, and design for user agency
alongside clinical effectiveness.

The potential of personalized assistive healthcare for
ageing-in-place is substantial. Realizing these potential
demands requires not incremental technological
refinement but fundamental reconceptualization of how
we develop and deploy these systems. While providing a
comprehensive synthesis of current evidence, this review
uniquely identifies and integrates the critical gap between

AI/ML  technological capability and real-world
effectiveness in ageing-in-place systems. Thus, we
propose  practical ~ frameworks and  concrete

implementation pathways that move the field from
conceptual models to deployable solutions. This
contribution advances beyond traditional literature
summarization by establishing evidence-based research
priorities and actionable steps that the field has not yet
systematically synthesized.

Our  narrative synthesis approach, while
comprehensive, did not conduct meta-analysis or
quantitative effect-size comparisons. Performance metrics
varied substantially across studies, making effect-size
synthesis difficult without access to individual participant
data. Our focus on published research likely
overrepresents successful implementations and may
underrepresent systems that failed to achieve adoption or
were abandoned after pilot deployment.

The most pressing research need is systematic
documentation of how personalized ageing-in-place
systems perform over extended periods in actual home
environments. Current studies rarely extend beyond
6 months; we need 12-month longitudinal studies
tracking  both  technical performance (accuracy
maintenance, feature drift, failure modes) and user
engagement patterns (sustained adoption, adaptation,
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eventual abandonment) across diverse older adult
populations. Such studies should differentiate age groups
(65-75, 75-85, 85+), cognitive status (cognitively intact,
mild cognitive impairment, dementia), living situations
(independent, with caregiver, institutional), and
technology experience levels. This research directly
addresses the ‘“accuracy paradox” where laboratory
systems underperform in field deployment.
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