Supplementary Materials
Using Thematic Analysis for a Meticulous Examination Across Three Periods
We conducted a thematic analysis, a qualitative method used to identify, analyze, and report patterns or themes within data, of author keywords across three distinct time periods: 2014–2016, 2017–2020, and 2021–2023, to capture the evolving research focus in AI, IoT, and EI applications for older adults in LTC [1]. As shown in Figure S1, the analysis maps the keywords based on two key dimensions: relevance (centrality), which measures how central a theme is to the overall research field, and development (density), which reflects how well-developed and internally coherent a theme is. The four quadrants in the figure represent different types of themes: Motor themes (high centrality, high density) are both highly relevant and well-developed; Niche themes (low centrality, high density) are specialized but less central; Basic themes (high centrality, low density) are foundational but underdeveloped; and Emerging or declining themes (low centrality, low density) are either nascent or losing prominence. This classification highlights shifting research priorities and emerging themes over time.
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Figure S1. Thematic evolution across three time periods (2014–2023).
· Phase I (2014–2016): During this early period, the primary research focus centered around "older adults", "dementia", "nursing home", and "caregiver" as the dominant motor themes. Thematic clusters like "ambient-assisted living" and "fall detection" appeared as emerging or declining themes, indicating early interest in smart home technology and fall prevention. Meanwhile, "humans (male, female)" remained niche themes, reflecting more demographic-based research during this period.
· Phase II (2017–2020): The focus remained similar, with "older adults", "dementia", "nursing home", and "caregiver" continuing as core motor themes. However, new technologies such as "internet of things" and "machine learning" began to gain traction, shifting into the emerging or declining themes quadrant. The growing interest in these technologies signals a shift towards incorporating more advanced tech solutions, including smart home systems, ambient-assisted living, and fall detection.
· Phase III (2021–2023): The most recent period demonstrates a significant shift in research priorities. "older adults", "dementia", "long-term care", and the impact of Covid-19 have become highly central motor themes, reflecting the pandemic's profound effect on elder care research. Additionally, there is a notable increase in interest in digital and mobile health technologies, as keywords such as "mHealth", "digital health", and "smartphone" emerge as new key areas. Technologies like internet of things, artificial intelligence, deep learning, and rehabilitation also gained relevance, indicating a trend towards integrating more sophisticated AI-driven healthcare solutions.
Overall, the thematic analysis shows notable shifts in research priorities. "older adults", "dementia", and "nursing home" have consistently been central motor themes, but in the latest period (2021–2023), these themes expanded to include "long-term care" and "covid-19", reflecting the pandemic's significant impact on elder care research. New themes like "mHealth", "digital health", and "smartphone" emerged prominently in this period, highlighting the increasing focus on mobile and digital health solutions. Meanwhile, advanced technologies such as "artificial intelligence" and "deep learning" also gained relevance, indicating a growing trend towards more sophisticated AI applications in elder care. In contrast, themes like "fall detection" and "ambient-assisted living" remained less central, indicating their sustained but limited focus within the research landscape.


Top 16 Frequent Keywords From Bibliometric Analysis and Their Google Trends Search Interest
Through the bibliometric analysis of research from 2014 to 2023, we identified the top 16 most frequently occurring keywords in the context of AI, IoT, and EI applications for older adults in LTC. These keywords were categorized into two main groups: "older adults (OA)" and "ambient-assisted living (AAL)", based on the co-occurrence network and thematic analysis. We further utilized these keywords in Google Trends to supplement academic insights with public interest to assess societal relevance. Each keyword was expanded with four synonyms to ensure a comprehensive search scope. The related information, including category, keyword frequency, and corresponding synonyms, is detailed in Table S1.
Table S1. Category, frequency, and synonyms for Google Trends search of top 16 keywords.
	#
	Category
	Original keywords
	Frequency
	Supplementary keywords for Google Trends searching:

	[bookmark: _Hlk176453581]1
	OA
	Older adults
	733
	Seniors, Elderly population, Aging adults, Older individuals

	2
	AAL
	Ambient-assisted living
	404
	Smart living environments, Technology-assisted living, Intelligent care systems, Assisted home environments

	3
	OA
	Dementia
	372
	Cognitive decline, Memory loss conditions, Neurodegenerative diseases, Alzheimer's disease

	4
	AAL
	Internet of things
	353
	IoT devices, Connected devices, Smart devices network, Internet-connected systems

	5
	AAL
	Machine learning
	287
	ML algorithms, Predictive models, Data-driven learning, AI learning systems

	6
	AAL
	Smart home
	190
	Intelligent home systems, Connected home technology, Home automation, Smart residential systems

	7
	OA
	Nursing home
	182
	Elderly care facility, Residential care home, Long-term care facility, Senior living center

	8
	OA
	Caregiver
	174
	Care provider, Elderly support person, Home care assistant, Health care aide

	9
	AAL
	Fall detection
	152
	Fall prevention systems, Fall monitoring, Accidental fall detection, Fall alert systems

	10
	AAL
	Older adults care
	140
	Elderly care services, Senior care support, Aging population care, Care services for seniors

	11
	OA
	Long-term care
	136
	Extended care services, Chronic care management, Ongoing health support, Continuous care services

	12
	OA
	Quality of life
	134
	Life satisfaction, Well-being, Daily living quality, Personal health status

	13
	AAL
	Assisted living
	126
	Supported living services, Assisted care facilities, Residential assisted care, Personal care homes

	14
	OA
	Home care
	116
	In-home care services, Domiciliary care, At-home care support, Home-based care

	15
	AAL
	Artificial intelligence
	111
	AI technology, Machine intelligence, Cognitive computing, Automated decision-making

	16
	OA
	Aging
	108
	Getting older, Age-related changes, Senior aging process, Aging population dynamics

	Abbreviation: OA = Older adults; AAL = Ambient-assisted living


The "older adults" emerged as the most frequently used keyword, with 733 occurrences, followed by terms such as "ambient-assisted living" (n=404), "dementia" (n=372), and "internet of things" (n=353). These terms reflect the core focus areas in academic research, with a strong emphasis on addressing the healthcare needs of aging populations and exploring technological solutions to enhance care. Keywords such as "machine learning" (n=287), "artificial intelligence" (n=111), and "fall detection" (n=152) also highlight the growing interest in integrating advanced technologies into eldercare. The consistent rise in the occurrence of these keywords over the years, as depicted in the graph, indicates a sustained and increasing research focus on leveraging innovative technologies to improve the quality of life and care for older adults.
Figure S2 shows the annual keyword occurrences for the top 16 keywords from 2014 to 2023, revealing notable shifts in frequency over the years. For example, "machine learning" first appeared in 2015 with 10 occurrences and steadily grew to 67 occurrences by 2023. Similarly, "internet of things" began with just one occurrence in 2014, but experienced rapid growth, reaching 49 occurrences in 2023. Keywords like "dementia" saw a significant rise from 19 occurrences in 2014 to a peak of 68 occurrences in 2020, before settling at 46 occurrences in 2023. Additionally, terms such as "caregiver" and "long-term care" showed moderate but consistent increases, particularly between 2016 and 2023, reflecting the growing academic interest in caregiving and extended care. On the other hand, while "ambient-assisted living" peaked at 59 occurrences in 2017, it gradually declined to 27 occurrences in 2023, suggesting a potential shift in focus toward other technological applications like IoT and AI.

Figure S2. Annual increment of the top 16 common keywords.
Next, we utilized the top 16 frequently occurring keywords identified from the bibliometric analysis, searching each in Google Trends alongside four additional synonyms to broaden the scope. The search was conducted globally, covering the period from January 1, 2014 to December 31, 2023. Google Trends provides search results on a scale of 0 to 100, where 100 represents the peak popularity of a keyword during the specified time, while 0 indicates insufficient data for that period [2]. To present the results visually, we plotted the search interest for each keyword. The larger dots in the figures represent the weighted average of the search interest, incorporating the keyword and its associated synonyms. The results are divided into two figures, grouped by category (OA and AAL), to illustrate the trends across different research areas and their corresponding public interest.
Figure S3 illustrates the trends in public interest for keywords related to OA category from 2014 to 2023 based on Google Trends data. The figure highlights the growing search interest in terms such as "older adults", which consistently shows the highest search volume, peaking around 2023. Other related terms like "seniors", "elderly population", and "aging adults" follow a steady upward trend, although with lower search interest compared to "older adults". Similarly, terms like "caregiver", " long-term care", and "quality of life" show a gradual increase in search interest, reflecting public concerns and inquiries into eldercare. Overall, the public interest in topics related to older adults and LTC has seen moderate growth, as represented by the weighted average trends (red dots) for each keyword group, particularly in the latter half of the observed period.
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Figure S3. Visualization of Google Trends (OA category) from 2014 to 2023.
Figure S4 displays the search interest trends for keywords related to AAL category from 2014 to 2023, based on Google Trends data. The figure shows that terms like "machine learning" and "artificial intelligence" saw significant increases in search interest, particularly from 2020 to 2023, reflecting growing public awareness and interest in the application of advanced technologies in assisted living. In contrast, the term "ambient-assisted living" experienced a decline in search interest during this period. Meanwhile, terms like "fall detection" maintained relatively low levels of search interest throughout the observed period. Overall, the weighted average trend (green dots) highlights an upward trajectory for technology-related topics within the AAL category, signaling increased public engagement with emerging technological solutions for eldercare.
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Figure S4. Visualization of Google Trends (AAL category) from 2014 to 2023.
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Figure S5. Thematic map of research themes.
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Figure S6. Distribution of yearly publications and average TGC per article each year.
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	#
	Category
	Keywords

	1
	Terms about older adults
	("older adult*" OR "elderly" OR "older person*" OR "senior*" OR "aged")

	2
	Terms linked to artificial intelligence (AI), the internet of things (IoT), or edge intelligence (EI)
	("artificial intelligence" OR "machine learning" OR "support vector machine" OR "neural networks" OR "vector machine" OR "machine learning" OR "deep learning" OR "ensemble learning" OR "deep network" OR "convolutional network" OR "neural network" OR "bayesian network" OR "classification tree" OR "regression tree" OR "probability tree" OR "nearest neighbor" OR "nearest neighbor" OR "fuzzy logit" OR "fuzzy logic" OR "fuzzy logistic" OR "native bayes" OR "genetic algorithm*" OR "multilayer perception" OR "random forest" OR "lasso*" OR "kernel*" OR "elastic net*" OR "fuzzy" OR “classification algorithm” OR “artificial neural network” OR "automated" OR "algorithm" OR "wearable*" OR "sensor*" OR "internet of things" OR "robot*" OR "digital human*" OR "virtual agent*" OR "conversation* agent" OR "chatbot" OR "app" OR "edge intelligence" OR "edge computing" OR "edge AI" OR "distributed AI" OR "fog computing" OR "cloudlet" OR "edge analytics" OR "edge processing" OR "intelligent edge" OR "edge cloud" OR "real-time analytics" OR "low-latency processing" OR "decentralized AI" OR "edge device*")

	3
	Terms associated with long-term care (LTC)
	("nursing home" OR "care home" OR "residential home" OR "extended care" OR "longterm care" OR "long-term care" OR "assisted living" OR "residential care" OR "caregiver" OR "social care" OR "home care" OR "home-based care" OR "respite care")




Table S3. Final search strategy used in each database.
	Database
	Search Strategy

	Web of Science
	TS=("older adult*" OR "elderly" OR "older person*" OR "senior*" OR "aged") AND TS=("artificial intelligence" OR "machine learning" OR "support vector machine" OR "neural networks" OR "vector machine" OR "machine learning" OR "deep learning" OR "ensemble learning" OR "deep network" OR "convolutional network" OR "neural network" OR "bayesian network" OR "classification tree" OR "regression tree" OR "probability tree" OR "nearest neighbor" OR "nearest neighbor" OR "fuzzy logit" OR "fuzzy logic" OR "fuzzy logistic" OR "native bayes" OR "genetic algorithm*" OR "multilayer perception" OR "random forest" OR "lasso*" OR "kernel*" OR "elastic net*" OR "fuzzy" OR “classification algorithm” OR “artificial neural network” OR "automated" OR "algorithm" OR "wearable*" OR "sensor*" OR "internet of things" OR "robot*" OR "digital human*" OR "virtual agent*" OR "conversation* agent" OR "chatbot" OR "app" OR "edge intelligence" OR "edge computing" OR "edge AI" OR "distributed AI" OR "fog computing" OR "cloudlet" OR "edge analytics" OR "edge processing" OR "intelligent edge" OR "edge cloud" OR "real-time analytics" OR "low-latency processing" OR "decentralized AI" OR "edge device*") AND TS=("nursing home" OR "care home" OR "residential home" OR "extended care" OR "longterm care" OR "long-term care" OR "assisted living" OR "residential care" OR "caregiver" OR "social care" OR "home care" OR "home-based care" OR "respite care") Timespan: 2014–2023; Language: English; Document Types: Article

	PubMed
	(("older adult*" OR "elderly" OR "older person*" OR "senior*" OR "aged") AND ("artificial intelligence" OR "machine learning" OR "support vector machine" OR "neural networks" OR "vector machine" OR "machine learning" OR "deep learning" OR "ensemble learning" OR "deep network" OR "convolutional network" OR "neural network" OR "bayesian network" OR "classification tree" OR "regression tree" OR "probability tree" OR "nearest neighbor" OR "nearest neighbor" OR "fuzzy logit" OR "fuzzy logic" OR "fuzzy logistic" OR "native bayes" OR "genetic algorithm*" OR "multilayer perception" OR "random forest" OR "lasso*" OR "kernel*" OR "elastic net*" OR "fuzzy" OR “classification algorithm” OR “artificial neural network” OR "automated" OR "algorithm" OR "wearable*" OR "sensor*" OR "internet of things" OR "robot*" OR "digital human*" OR "virtual agent*" OR "conversation* agent" OR "chatbot" OR "app" OR "edge intelligence" OR "edge computing" OR "edge AI" OR "distributed AI" OR "fog computing" OR "cloudlet" OR "edge analytics" OR "edge processing" OR "intelligent edge" OR "edge cloud" OR "real-time analytics" OR "low-latency processing" OR "decentralized AI" OR "edge device*") AND ("nursing home" OR "care home" OR "residential home" OR "extended care" OR "longterm care" OR "long-term care" OR "assisted living" OR "residential care" OR "caregiver" OR "social care" OR "home care" OR "home-based care" OR "respite care")) Filters: Publication dates: 2014–2023; Language: English; Article types: Journal articles only

	Scopus
	TITLE-ABS-KEY(("older adult*" OR "elderly" OR "older person*" OR "senior*" OR "aged") AND ("artificial intelligence" OR "machine learning" OR "support vector machine" OR "neural networks" OR "vector machine" OR "machine learning" OR "deep learning" OR "ensemble learning" OR "deep network" OR "convolutional network" OR "neural network" OR "bayesian network" OR "classification tree" OR "regression tree" OR "probability tree" OR "nearest neighbor" OR "nearest neighbor" OR "fuzzy logit" OR "fuzzy logic" OR "fuzzy logistic" OR "native bayes" OR "genetic algorithm*" OR "multilayer perception" OR "random forest" OR "lasso*" OR "kernel*" OR "elastic net*" OR "fuzzy" OR “classification algorithm” OR “artificial neural network” OR "automated" OR "algorithm" OR "wearable*" OR "sensor*" OR "internet of things" OR "robot*" OR "digital human*" OR "virtual agent*" OR "conversation* agent" OR "chatbot" OR "app" OR "edge intelligence" OR "edge computing" OR "edge AI" OR "distributed AI" OR "fog computing" OR "cloudlet" OR "edge analytics" OR "edge processing" OR "intelligent edge" OR "edge cloud" OR "real-time analytics" OR "low-latency processing" OR "decentralized AI" OR "edge device*") AND ("nursing home" OR "care home" OR "residential home" OR "extended care" OR "longterm care" OR "long-term care" OR "assisted living" OR "residential care" OR "caregiver" OR "social care" OR "home care" OR "home-based care" OR "respite care")) Date range: 2014–2023; Language: English; Document Type: Article





[bookmark: _Hlk144763674]Table S4. Assessment tables for the enhanced mixed methods appraisal tool (MMAT).
	Category of study designs
	Methodological quality criteria
	Responses

	
	
	Yes
	No
	Can’t tell
	Comments

	Screening questions
(for all types)
	S1.
	Are there clear research questions?
	
	
	
	

	
	S2.
	Do the collected data allow to address the research questions?
	
	
	
	

	
	Further appraisal may not be feasible or appropriate when the answer is ‘No’ or ‘Can’t tell’ to one or both screening questions.

	1. Qualitative
	1.1.
	Is the qualitative approach appropriate to answer the research question?
	
	
	
	

	
	1.2.
	Are the qualitative data collection methods adequate to address the research question?
	
	
	
	

	
	1.3.
	Are the findings adequately derived from the data?
	
	
	
	

	
	1.4.
	Is the interpretation of results sufficiently substantiated by data?
	
	
	
	

	
	1.5.
	Is there coherence between qualitative data sources, collection, analysis and interpretation?
	
	
	
	

	2. Quantitative randomized controlled trials
	2.1.
	Is randomization appropriately performed?
	
	
	
	

	
	2.2.
	Are the groups comparable at baseline?
	
	
	
	

	
	2.3.
	Are there complete outcome data?
	
	
	
	

	
	2.4.
	Are outcome assessors blinded to the intervention provided?
	
	
	
	

	
	2.5.
	Did the participants adhere to the assigned intervention?
	
	
	
	

	3. Quantitative non-randomized
	3.1.
	Are the participants representative of the target population?
	
	
	
	

	
	3.2.
	Are measurements appropriate regarding both the outcome and intervention (or exposure)?
	
	
	
	

	
	3.3.
	Are there complete outcome data?
	
	
	
	

	
	3.4.
	Are the confounders accounted for in the design and analysis?
	
	
	
	

	
	3.5.
	During the study period, is the intervention administered (or exposure occurred) as intended?
	
	
	
	

	4. Quantitative descriptive
	4.1.
	Is the sampling strategy relevant to address the research question?
	
	
	
	

	
	4.2.
	Is the sample representative of the target population?
	
	
	
	

	
	4.3.
	Are the measurements appropriate?
	
	
	
	

	
	4.4.
	Is the risk of nonresponse bias low?
	
	
	
	

	
	4.5.
	Is the statistical analysis appropriate to answer the research question?
	
	
	
	

	5. Mixed methods
	5.1.
	Is there an adequate rationale for using a mixed methods design to address the research question?
	
	
	
	

	
	5.2.
	Are the different components of the study effectively integrated to answer the research question?
	
	
	
	

	
	5.3.
	Are the outputs of the integration of qualitative and quantitative components adequately interpreted?
	
	
	
	

	
	5.4.
	Are divergences and inconsistencies between quantitative and qualitative results adequately addressed?
	
	
	
	

	
	5.5.
	Do the different components of the study adhere to the quality criteria of each tradition of the methods involved?
	
	
	
	





Table S5. Most productive institutions (sorted by the number of publications).
	[bookmark: _Hlk81775668]#
	Institutions
	N
	Location

	1
	University of Toronto
	246
	Toronto, ON, Canada

	2
	University of California
	169
	Various Locations, USA

	3
	University of Michigan
	136
	Ann Arbor, MI, USA

	4
	University of Washington
	120
	Seattle, WA, USA

	5
	Griffith University
	106
	Brisbane, QLD, Australia

	6
	University of Pittsburgh
	102
	Pittsburgh, PA, USA

	7
	University of Waterloo
	99
	Waterloo, ON, Canada

	8
	Duke University
	98
	Durham, NC, USA

	9
	Harvard Medical School
	89
	Boston, MA, USA

	10
	University Health Network
	79
	Toronto, ON, Canada

	11
	McMaster University
	65
	Hamilton, ON, Canada

	12
	King’s College London
	58
	London, UK

	13
	University of Ottawa
	51
	Ottawa, ON, Canada

	14
	The University of Tokyo
	47
	Bunkyo City, Tokyo, Japan

	15
	University of British Columbia
	47
	Vancouver, BC, Canada

	16
	University of Oxford
	47
	Oxford, UK

	17
	Northwestern University
	43
	Evanston, IL, USA

	18
	University of Pennsylvania
	43
	Philadelphia, PA, USA

	19
	Public Health England Colindale
	42
	London, UK

	20
	The University of Manchester
	41
	Manchester, UK

	Abbreviation: N = Number of publications



Table S6. The keywords correlation between bibliometric analysis and Google Trends.
	#
	Keywords
	Scaled value
	
	Correlation

	
	
	Types
	2014
	2015
	2016
	2017
	2018
	2019
	2020
	2021
	2022
	2023
	
	tau
	P-value

	1
	Older adults
	BBA
	30.7
	48.2
	35.1
	43.9
	49.1
	73.7
	84.2
	79.8
	98.2
	100.0
	
	0.87
	***
	0.0001

	
	
	GT
	27.9
	28.3
	29.5
	32.6
	34.0
	39.0
	47.2
	43.1
	44.6
	47.2
	
	
	
	

	2
	Ambient-assisted living
	BBA
	28.1
	36.8
	36.0
	51.8
	33.3
	42.1
	33.3
	38.6
	30.7
	23.7
	
	0.18
	
	0.4725

	
	
	GT
	60.0
	48.2
	36.3
	35.5
	29.8
	22.8
	21.8
	18.5
	15.9
	16.4
	
	
	
	

	3
	Dementia
	BBA
	16.7
	20.2
	20.2
	22.8
	22.8
	34.2
	59.6
	35.1
	54.4
	40.4
	
	0.75
	**
	0.0029

	
	
	GT
	33.4
	35.3
	39.0
	44.2
	45.7
	50.1
	49.7
	49.3
	51.5
	59.1
	
	
	
	

	4
	Internet of things
	BBA
	0.9
	6.1
	13.2
	33.3
	26.3
	39.5
	46.5
	46.5
	54.4
	43.0
	
	-0.22
	
	0.3692

	
	
	GT
	32.6
	49.7
	49.5
	47.8
	42.2
	38.4
	38.6
	36.9
	43.7
	38.9
	
	
	
	

	5
	Machine learning
	BBA
	0.0
	8.8
	7.9
	13.2
	13.2
	23.7
	40.4
	39.5
	46.5
	58.8
	
	0.81
	**
	0.0012

	
	
	GT
	11.2
	16.3
	24.9
	44.4
	56.1
	63.0
	60.7
	54.0
	81.2
	82.5
	
	
	
	

	6
	Smart home
	BBA
	9.6
	13.2
	13.2
	17.5
	18.4
	21.9
	24.6
	16.7
	16.7
	14.9
	
	0.75
	**
	0.0029

	
	
	GT
	21.9
	26.0
	33.3
	44.0
	53.2
	55.6
	59.0
	54.1
	55.2
	52.3
	
	
	
	

	7
	Nursing home
	BBA
	9.6
	10.5
	12.3
	8.8
	10.5
	14.0
	21.1
	24.6
	25.4
	22.8
	
	-0.04
	
	0.8575

	
	
	GT
	50.6
	51.1
	52.8
	54.9
	55.1
	57.1
	62.4
	53.6
	47.5
	45.5
	
	
	
	

	8
	Caregiver
	BBA
	5.3
	8.8
	7.9
	5.3
	12.3
	11.4
	20.2
	19.3
	30.7
	31.6
	
	0.72
	**
	0.0041

	
	
	GT
	28.4
	29.3
	33.1
	34.5
	36.7
	40.7
	43.4
	48.8
	47.3
	51.8
	
	
	
	

	9
	Fall detection
	BBA
	7.9
	12.3
	11.4
	8.8
	11.4
	9.6
	15.8
	21.9
	14.9
	19.3
	
	0.40
	
	0.1060

	
	
	GT
	3.0
	3.6
	3.8
	4.3
	6.7
	19.5
	19.9
	17.3
	22.3
	21.5
	
	
	
	

	10
	Older adults care
	BBA
	4.4
	4.4
	10.5
	11.4
	12.3
	7.0
	15.8
	17.5
	20.2
	19.3
	
	0.72
	**
	0.0041

	
	
	GT
	29.0
	29.7
	33.5
	37.2
	33.3
	36.0
	39.2
	38.3
	41.6
	43.4
	
	
	
	

	11
	Long-term care
	BBA
	2.6
	5.3
	5.3
	8.8
	11.4
	15.8
	16.7
	14.9
	16.7
	21.9
	
	0.89
	***
	0.0004

	
	
	GT
	26.3
	28.1
	30.9
	32.4
	32.7
	34.2
	47.1
	51.7
	58.9
	61.1
	
	
	
	

	12
	Quality of life
	BBA
	8.8
	7.9
	7.0
	6.1
	6.1
	18.4
	15.8
	14.9
	12.3
	20.2
	
	0.31
	
	0.2087

	
	
	GT
	33.0
	32.9
	34.9
	35.2
	35.6
	35.7
	38.9
	40.4
	56.3
	54.1
	
	
	
	

	13
	Assisted living
	BBA
	6.1
	14.9
	16.7
	7.0
	9.6
	11.4
	15.8
	13.2
	6.1
	9.6
	
	0.30
	
	0.2411

	
	
	GT
	29.8
	31.0
	33.3
	35.5
	37.1
	44.8
	47.7
	34.0
	31.3
	33.0
	
	
	
	

	14
	Home care
	BBA
	6.1
	11.4
	5.3
	4.4
	10.5
	7.9
	10.5
	12.3
	17.5
	15.8
	
	0.13
	
	0.5900

	
	
	GT
	53.2
	55.4
	59.1
	62.9
	64.9
	71.0
	73.5
	71.4
	63.5
	64.8
	
	
	
	

	15
	Artificial intelligence
	BBA
	0.0
	1.8
	0.0
	1.8
	1.8
	7.0
	15.8
	22.8
	15.8
	30.7
	
	0.61
	*
	0.0173

	
	
	GT
	12.1
	14.9
	17.6
	26.5
	32.8
	34.7
	32.5
	31.9
	42.9
	63.8
	
	
	
	

	16
	Aging
	BBA
	2.6
	8.8
	7.9
	4.4
	10.5
	5.3
	13.2
	7.9
	18.4
	15.8
	
	0.27
	
	0.2812

	
	
	GT
	52.5
	54.2
	55.3
	58.1
	57.6
	62.9
	57.5
	55.0
	58.1
	60.8
	
	
	
	

	Abbreviation: BBA = Bibliometric analysis, GT = Google Trends





Table S7. Quality assessment outcomes from 64 content analysis studies.
	#
	Articles
	Category of
study designs
	S1
	S2
	Ⅰ
	Ⅱ
	Ⅲ
	Ⅳ
	Ⅴ
	Explanation

	1
	Joranson N et al., 2015 [3]
	Quantitative randomized controlled trials
	Yes
	Yes
	Yes
	Yes
	Yes
	No1
	Yes
	1. Blinding the assessors or participants was not possible due to the nature of the intervention, as acknowledged by the authors.

	2
	Moyle W et al., 2017 [4]
	Quantitative randomized controlled trials
	Yes
	Yes
	Yes
	Yes
	No1
	Yes
	Yes
	1. Some participants were lost to follow-up due to death, refusal, or unavailability, and the data for these participants were handled using imputation methods

	3
	Pino M et al., 2015 [5]
	Mixed methods
	Yes
	Yes
	Yes
	Yes
	Yes
	Can't Tell1
	Yes
	1. The paper does not explicitly mention whether inconsistencies were found between the two types of data or how they were addressed, so this point remains unclear.

	4
	Moyle W et al., 2018 [6]
	Qualitative
	Yes
	Yes
	Yes
	Yes
	Yes
	Yes
	Yes
	

	5
	Liang A et al., 2017 [7]
	Quantitative randomized controlled trials
	Yes
	Yes
	Yes
	Yes
	No1
	Yes
	Yes
	1. Some participants dropped out due to health deterioration, resulting in incomplete data for certain measures such as hair cortisol

	6
	Joranson N et al., 2016 [8] 
	Quantitative randomized controlled trials
	Yes
	Yes
	Yes
	Yes
	No1
	No2
	Yes
	1. Some participants were lost to follow-up due to mortality and other reasons. Although the analysis accounted for missing data using multiple imputation, the outcome data is not fully complete.
2. Blinding of assessors was not possible in this type of intervention study, which the authors acknowledge as a limitation

	7
	Thodberg K et al., 2016 [9]
	Quantitative randomized controlled trials
	Yes
	Yes
	Yes
	Yes
	Yes
	Can't Tell1
	Yes
	1. The description of blinding in outcome assessment is not explicitly mentioned.

	8
	Moyle W et al., 2014 [10]
	Mixed methods
	Yes
	Yes
	Yes
	Yes
	Yes
	Can't Tell1
	Yes
	1. There is no explicit mention of addressing potential inconsistencies between the qualitative and quantitative components.

	9
	Moyle W et al., 2015 [11]
	Quantitative randomized controlled trials
	Yes
	Yes
	Yes
	Yes
	Yes
	Yes
	Yes
	

	10
	Robinson H et al., 2015 [12]
	Quantitative non-randomized
	Can't Tell1
	Yes
	Yes
	Yes
	Yes
	No2
	Yes
	1. Limited information on how participants were selected or their general representativeness.
2. There is no detailed mention of adjustments for potential confounding variables.

	11
	Gustafsson C et al., 2015 [13]
	Mixed methods
	Yes
	Yes
	Yes
	Yes
	Yes
	Can't Tell1
	Yes
	1. No clear mention of how inconsistencies between qualitative and quantitative data were managed.

	12
	Yamada Y et al., 2014 [14]
	Quantitative descriptive
	Yes
	Can't Tell1
	Yes
	Yes
	Yes
	Can't Tell2
	Yes
	1. The study does not specify if the nursing homes were randomly selected, which limits the generalizability.
2. There is no explicit mention of response rates or how nonresponses were handled.

	13
	Moyle W et al., 2019 [15]
	Mixed methods
	Yes
	Yes
	Yes
	Yes
	Yes
	Can't Tell1
	Yes
	1. There is no specific mention of handling inconsistencies between qualitative and quantitative results.

	14
	Moyle W et al., 2019 [16]
	Qualitative
	Yes
	Yes
	Yes
	Yes
	Yes
	Yes
	Yes
	

	15
	Moyle W et al., 2016 [17]
	Mixed methods
	Yes
	Yes
	Yes
	Yes
	Yes
	Can't Tell1
	Yes
	1. The paper does not explicitly mention how inconsistencies between qualitative and quantitative findings are handled.

	16
	Koceski S et al., 2016 [18]
	Quantitative descriptive
	Yes
	Yes
	Yes
	No1
	Yes
	Can't Tell2
	Yes
	1. The study included only 35 participants from a single nursing home, which may not fully represent the broader elderly population or all caregiving environments.
2. The study does not provide detailed information on participant dropout rates or the extent to which all participants completed the questionnaires.

	17
	Mitoku K et al., 2016 [19]
	Quantitative descriptive
	Yes
	Yes
	Yes
	No1
	Yes
	Can't Tell2
	Yes
	1. The study is limited to LTC recipients in a rural area of Japan, which may not fully represent the broader elderly population or urban settings.
2. The study does not provide detailed information on participant dropout rates or potential biases from nonresponse.

	18
	Thodberg K et al., 2016 [20]
	Quantitative randomized controlled trials
	Yes
	Yes
	Yes
	Can't Tell1
	No2
	Can't Tell3
	Yes
	1. The baseline characteristics are not fully described in terms of comparability between groups beyond a few demographic details.
2. 23 participants dropped out during the experimental period, but it’s unclear how this dropout affected the final analysis.
3. It is not specified whether outcome assessors were blinded to the intervention.

	19
	Bemelmans R et al., 2015 [21]
	Quantitative non-randomized
	Yes
	Yes
	Yes
	Yes
	No1
	No2
	Yes
	1. Some participants (20) dropped out during the study, resulting in incomplete data.
2. The study does not mention adjusting for confounding variables, such as the stage of dementia or variability in care staff involvement.

	20
	Claes V et al., 2015 [22]
	Quantitative descriptive
	Yes
	Yes
	Yes
	No1
	Yes
	Can't Tell2
	Yes
	1. The sample consists of members from specific patient and consumer organizations, which may not fully represent the broader population of older adults.
2. The study does not provide detailed information on the response rate or potential nonresponse bias.

	21
	Broadbent E et al., 2016 [23] 
	Quantitative non-randomized
	Yes
	Yes
	Yes
	Yes
	No1
	No2
	Yes
	1. Some participants did not complete the follow-up, leading to missing data.
2. The study does not mention adjusting for potential confounders such as variations in cognitive ability or pre-existing conditions among residents.

	22
	Rantanen T et al., 2018 [24] 
	Quantitative descriptive
	Yes
	Yes
	Yes
	No1
	Yes
	No2
	Yes
	1. The response rate was relatively low (18.2%), and the sample may be biased towards those with more favorable attitudes towards care robots.
2. The response rate was low, and it is possible that non-respondents had different attitudes, which could introduce bias.

	23
	Tang V et al., 2019 [25]
	Quantitative descriptive
	Yes
	Yes
	Yes
	No1
	Yes
	Can't Tell2
	Yes
	1. The sample is limited to one nursing home in Taiwan, which may not be fully representative of nursing homes in different regions or contexts.
2. The study does not provide detailed information on whether there were nonrespondents or how the data collection process might have been affected by participation rates.

	24
	Rantanen T et al., 2018 [26]
	Quantitative descriptive
	Yes
	Yes
	Yes
	Yes
	Yes
	No1
	Yes
	1. The study reports a response rate of 18.2%, which raises concerns about nonresponse bias, although two municipalities achieved higher response rates.

	25
	Moyle W et al., 2018 [27]
	Quantitative randomized controlled trials
	Yes
	Yes
	Yes
	Yes
	No1
	Yes
	Yes
	1. A significant number of participants were excluded due to not meeting the wear-time criteria for the accelerometers, which may impact the completeness of the data.

	26
	Shiomi M et al., 2015 [28]
	Quantitative descriptive
	Yes
	Yes
	Yes
	Yes
	Yes
	Can't Tell1
	Yes
	1. While the study reports the number of participants, it is unclear whether all approached individuals participated or if there was any selection bias.

	27
	Diraco G et al., 2017 [29]
	Quantitative descriptive
	Yes
	Yes
	Yes
	Can't Tell1
	Yes
	Can't Tell2
	Yes
	1. The document mentions two age groups but does not specify whether they fully represent the elderly population, which is the intended focus of the sensor.
2. The study does not provide information on whether any participants dropped out or failed to complete the tasks, leaving uncertainty about the presence of nonresponse bias.

	28
	Korchut A et al., 2017 [30]
	Qualitative
	Yes
	Yes
	Yes
	Yes
	Yes
	Yes
	Yes
	

	29
	Berridge C, 2016 [31]
	Qualitative
	Yes
	Yes
	Yes
	Yes
	Yes
	Yes
	Yes
	

	30
	Berridge C, 2017 [32]
	Qualitative
	Yes
	Yes
	Yes
	Yes
	Yes
	Yes
	Yes
	

	31
	Machado A et al., 2017 [33] 
	Quantitative descriptive
	Yes
	Yes
	Can't Tell1
	Can't Tell2
	Yes
	Can't Tell3
	Yes
	1. The document does not provide detailed information about the sampling strategy or how participants or environments were selected.
2. There is no information on whether the sample used in the case study (simulated smart homes) represents the broader target population of ambient-assisted living environment.
3. The document does not mention nonresponse bias or provide details on how missing data (if any) was handled.

	32
	Erebak S et al., 2019 [34]
	Quantitative non-randomized
	Yes
	Yes
	Can't Tell1
	Yes
	Can't Tell2
	Yes
	Yes
	1. The study includes caregivers from a specific elder care facility, but the document does not mention how well the sample represents the broader population of caregivers working in elder care.
2. The study does not explicitly mention whether potential confounders, such as caregivers' prior experience with technology or robots, were accounted for in the design or analysis.

	33
	Jones C et al., 2018 [35]
	Quantitative descriptive
	Yes
	Yes
	Yes
	Yes
	Yes
	Yes
	Yes
	

	34
	Al-Khafajiy M et al., 2019 [36]
	Quantitative descriptive
	Yes
	Yes
	Can't Tell1
	Can't Tell2
	Yes
	Can't Tell3
	Yes
	1. The document focuses more on system performance and technology rather than describing how participants or environments were sampled.
2. The study does not provide specific details on the demographic representativeness of the elderly participants using the system.
3. The document does not mention how missing data or nonresponse was handled, leaving this unclear.

	35
	Rafferty J et al., 2017 [37]
	Quantitative descriptive
	Yes
	Yes
	Can't Tell1
	Can't Tell2
	Yes
	Can't Tell3
	Yes
	1. The document does not provide detailed information on the participant or environmental sampling strategy used to test the system in the smart home setting.
2. The study does not specify if the participants or testing environments used in the three scenarios are representative of the broader population of individuals who might use smart home technology.
3. There is no mention of nonresponse or dropout rates in the evaluation scenarios, making it unclear if nonresponse bias is a concern.

	36
	Lloret J et al., 2015 [38] 
	Quantitative descriptive
	Yes
	Yes
	Can't Tell1
	Can't Tell2
	Yes
	Can't Tell3
	Yes
	1. The study primarily focuses on system architecture and performance metrics, with limited information on the sampling strategy for real-world testing.
2. The study is more focused on technological validation, and does not provide specific details about participants or end users involved in testing.
3. The document does not discuss nonresponse or dropout, leaving this unclear.

	37
	Decerle J et al., 2019 [39]
	Quantitative descriptive
	Yes
	Yes
	Can't Tell1
	Can't Tell2
	Yes
	Can't Tell3
	Yes
	1. The study relies on computational instances rather than real-world sampling, which is typical for algorithmic research, but the document does not clarify if the test instances reflect actual home health care conditions.
2. Since the study is based on computational simulations, it is not clear how representative the test instances are of real-world home health care scenarios.
3. There is no discussion of nonresponse bias, as the study uses computational simulations, so this question is not directly applicable.

	38
	Pfadenhauer M et al., 2015 [40]
	Qualitative
	Yes
	Yes
	Yes
	Yes
	Yes
	Yes
	Yes
	

	39
	Cavallo F et al., 2014 [41]
	Mixed methods
	Yes
	Yes
	Yes
	Yes
	Yes
	Can't Tell1
	Yes
	1. The document does not explicitly discuss any inconsistencies between the qualitative and quantitative components of the study.

	40
	Nikoloudakis Y et al., 2016 [42]
	Quantitative descriptive
	Yes
	Yes
	Can't Tell1
	Can't Tell2
	Yes
	Can't Tell3
	Yes
	1. The study focuses on system performance rather than participant sampling, and there is limited information on the sampling of test environments or users.
2. The research describes testing conditions but does not provide detailed information on whether the environments or participants are fully representative of the intended real-world user base.
3. The study does not mention any nonresponse or dropout rates, but since it relies on system performance metrics, the concept of nonresponse may not apply directly.

	41
	Atee M et al., 2017 [43]
	Quantitative descriptive
	Yes
	Yes
	Yes
	Can't Tell1
	Yes
	Yes
	Yes
	1. The study sample includes mostly Caucasian females, which may not fully represent the broader population of dementia patients in diverse settings.

	42
	Pigini L et al., 2017 [44]
	Mixed methods
	Yes
	Yes
	Yes
	Yes
	Yes
	Can't Tell1
	Yes
	1. The document does not specifically discuss inconsistencies between qualitative and quantitative data, making it unclear whether any were encountered or addressed.

	43
	Jones C et al., 2018 [45]
	Quantitative randomized controlled trials
	Yes
	Yes
	Yes
	Yes
	Yes
	Can't Tell1
	Yes
	1. The document does not explicitly state whether the outcome assessors were blinded, though video observations were used, which suggests possible blinding.

	44
	Lehoux P et al., 2018 [46]
	Qualitative
	Yes
	Yes
	Yes
	Yes
	Yes
	Yes
	Yes
	

	45
	Mulero R et al., 2018 [47]
	Quantitative descriptive
	Yes
	Yes
	Yes
	Yes
	Yes
	Can't Tell1
	Yes
	1. The document does not provide detailed information on nonresponse rates or how missing data from the elderly population was handled.

	46
	Darragh M et al., 2017 [48]
	Qualitative
	Yes
	Yes
	Yes
	Yes
	Yes
	Yes
	Yes
	

	47
	D'Onofrio G et al., 2019 [49] 
	Qualitative
	Yes
	Yes
	Yes
	Yes
	Yes
	Yes
	Yes
	

	48
	Khosla R et al., 2021 [50]
	Mixed methods
	Yes
	Yes
	Yes
	Yes
	Yes
	Can't Tell1
	Yes
	1. The document does not explicitly discuss whether there were any inconsistencies between the qualitative observations and the quantitative survey results.

	49
	Cortellessa G et al., 2018 [51]
	Quantitative descriptive
	Yes
	Yes
	Yes
	Yes
	Yes
	Can't Tell1
	Yes
	1. The study does not provide detailed information on response rates or potential nonresponse bias.

	50
	Wright J, 2019 [52]
	Qualitative
	Yes
	Yes
	Yes
	Yes
	Yes
	Yes
	Yes
	

	51
	Lukasik S et al., 2020 [53]
	Quantitative descriptive
	Yes
	Yes
	Yes
	Yes
	Yes
	Can't Tell1
	Yes
	1. The document does not provide detailed information about the nonresponse rate, so it's unclear whether nonresponse bias is a concern.

	52
	Pouyet V et al., 2015 [54]
	Quantitative non-randomized
	Yes
	Yes
	Yes
	Yes
	Yes
	Can't Tell1
	Yes
	1. While the study considers cognitive status, it is unclear whether other potential confounders, such as physical health or appetite, were controlled for during analysis.

	53
	Wittich W et al., 2018 [55]
	Qualitative
	Yes
	Yes
	Yes
	Yes
	Yes
	Yes
	Yes
	

	54
	Yamada Y et al., 2015 [56]
	Quantitative non-randomized
	Yes
	Yes
	Yes
	Yes
	Yes
	Yes
	Yes
	

	55
	Daniele K et al., 2019 [57]
	Qualitative
	Yes
	Yes
	Yes
	Yes
	Yes
	Yes
	Yes
	

	56
	Yu R et al., 2014 [58]
	Quantitative descriptive
	Yes
	Yes
	Yes
	Yes
	Yes
	Can't Tell1
	Yes
	1. There is no specific mention of nonresponse rates or how nonresponse might have been addressed.

	57
	Chetty G et al., 2015 [59]
	Quantitative descriptive
	Yes
	Yes
	Yes
	Yes
	Yes
	Can't Tell1
	Yes
	1. The study uses a pre-collected dataset, and there is no information about nonresponse bias or how it might affect the results.

	58
	Arends J et al., 2018 [60]
	Quantitative non-randomized
	Yes
	Yes
	Yes
	Yes
	Yes
	Can't Tell1
	Yes
	1. There is limited information on how confounders, such as participant movement disorders or medication changes, were addressed in the analysis.

	59
	Lazarou I et al., 2016 [61]
	Quantitative non-randomized
	Yes
	Yes
	Yes
	Yes
	Can't Tell1
	Can't Tell2
	Yes
	1. While there is extensive data collected, it is not clear whether all data points for all participants were complete throughout the study.
2. The document doesn't explicitly mention adjusting for confounders, such as variations in disease severity or other health conditions that could influence the outcomes.

	60
	Meritam P et al., 2018 [62]
	Quantitative non-randomized
	Yes
	Yes
	Yes
	Yes
	Yes
	Can't Tell1
	Yes
	1. The study does not explicitly discuss controlling for confounding factors that could affect device performance, such as patient activity levels or other seizure types.

	61
	Schwenk M et al., 2014 [63] 
	Quantitative non-randomized
	Yes
	Yes
	Yes
	Yes
	No1
	Can't Tell2
	Yes
	1. The study had a 25.2% dropout rate, and not all participants completed the fall documentation.
2. While previous falls are considered, it is unclear whether other potential confounders (e.g., comorbidities) were fully controlled for in the analysis.

	62
	Martinikorena I et al., 2016 [64]
	Quantitative descriptive
	Yes
	Yes
	Yes
	Yes
	Yes
	Can't Tell1
	Yes
	1. The study does not mention if all eligible participants agreed to participate or how nonresponders might differ from responders.

	63
	Ho A, 2020 [65]
	Qualitative
	Yes
	Yes
	Yes
	Yes
	Yes
	Yes
	Yes
	

	64
	Lattanzio F et al., 2014 [66]
	Qualitative
	Yes
	Yes
	Yes
	Yes
	Yes
	Yes
	Yes
	

	Abbreviation: LTC = long-term care





Table S8 Content analysis of top 1% impactful papers.
	#
	Articles
	C/R (CA)
	S/M-center
	N
	Age
	%F
	ITP
	Assistive robot
	Objective
	Findings
	Limitations

	1
	Joranson N et al., 2015 [3]
	Norway
	Multi
	60
	62–95
	67
	Dementia
	PARO
	· Examine the effects of robot-assisted activity on agitation and depression in persons with dementia.
· Evaluate the use of PARO in nursing homes.
· Assess the long-term impacts of such interventions.
	· PARO reduces agitation and depression among dementia patients. 
· The effects are long-term, lasting even three months postintervention.
· The psychosocial environment in nursing homes contributes to positive outcomes.
	· Activity in the control group was not monitored.
· Blinding was not possible due to the nature of the intervention.
· Cluster design might have introduced environmental influences.

	2
	Moyle W et al., 2017 [4]
	Australia
	Multi
	415
	60+
	76
	Dementia
	PARO
	· Test the effects of PARO against plush toy and usual care on dementia symptoms.
	· PARO led to greater engagement than plush toy.
	· Short duration might have influenced results.

	3
	Pino M et al., 2015 [5]
	France
	Single
	25
	58–86
	68
	MCI, Mild cognitive impairment, dementia
	RobuLAB 10
	· Investigate SAR acceptance among older adults.
· Examine how opinions differ between healthy elderly, individuals with MCI, and informal caregivers.
	· SAR can support cognitive and social needs.
· SAR's appearance and usability affect acceptance.
· Customization enhances acceptance.
	· Small sample size limits generalizability.
· Lack of direct interaction between participants and SAR.

	4
	Moyle W et al., 2018 [6]
	Australia
	Multi
	20
	20–75
	50
	Dementia
	PARO
	· Explore care staff perceptions of PARO and a look-alike non-robotic animal in dementia care.
· Examine benefits and limitations of PARO compared to the plush toy.
	· PARO improved mood, engagement, and reduced agitation in residents.
· Plush Toy did not engage residents meaningfully.
· PARO was more beneficial in reducing BPSD.
	· Small sample size limits generalizability.
· Care staff interviewed were all animal lovers, which may bias results.

	5
	Liang A et al., 2017 [7]
	New Zealand
	Multi
	30 CRs + 30 CGs
	67–98 (CR); 30–86 (CG)
	64 (CR); 96 (CG)
	Dementia
	PARO
	· Investigate the affective, social, behavioral, and physiological effects of PARO in both day care and home settings.
	· PARO shows promise in enhancing affective and social outcomes for certain individuals with dementia in community settings.
· No significant physiological effects found.
	· Small sample size.
· Short duration of the study may limit generalizability.

	6
	Joranson N et al., 2016 [8]
	Norway
	Multi
	53
	62–95
	67
	Severe dementia
	PARO
	· Investigate the effect of PARO-assisted group activities on quality of life in older people with dementia.
· Examine how dementia severity relates to intervention outcomes.
	· Group activities with PARO had a positive impact on quality of life for participants with severe dementia. 
· PARO seemed especially effective in reducing tension and improving well-being.
	· Small sample size limits generalizability.
· Difficulty in blinding participants and assessors.

	7
	Thodberg K et al., 2016 [9]
	Denmark
	Multi
	100
	79–90
	69
	Dementia
	PARO
	· Compare behavioral responses of nursing home residents to visits from a person with a dog, robot seal, or toy cat.
· Explore whether interaction differs based on animal type and cognitive function.
	· Dogs and robot seals prompt more interaction than toy cats.
· Residents with higher cognitive impairment engaged more with animals.
· Robot seals lost effectiveness over time compared to dogs.
	· The novelty effect of the robot seal diminished over time.
· The study used only large dogs, and results may differ with smaller breeds.

	8
	Moyle W et al., 2014 [10]
	Australia
	Single
	5
	70–89
	80
	Dementia
	Giraff (TPR)
	· Assess the feasibility of using the Giraff telepresence robot for communication.
· Evaluate emotional response and engagement in residents with dementia.
· Address social isolation in dementia care through technology.
	· 
· Giraff robot was feasible for dementia care.
· Positive emotional engagement noted.
· Families were able to reduce social isolation through the robot.
	· Internet connectivity issues.
· Small sample size.
· Limited duration of the study.

	9
	Moyle W et al., 2015 [11]
	Australia
	Multi
	380
	60+
	N/A
	Dementia
	PARO
	· Assess the impact of the PARO robot on agitation and mood.
· Evaluate engagement and psychotropic drug use.
· Compare with Plush-Toy and Usual Care.
	· Not found (protocol paper).
	· Intervention only conducted in afternoons.
· No comparison with live animals.
· Limited to 15 weeks of observation.

	10
	Robinson H et al., 2015 [12]
	New Zealand
	Single
	21
	71–95
	67
	Not specified
	PARO
	· Investigate the effects of interacting with the PARO robot on blood pressure.
· Measure heart rate changes.
	· PARO has positive effects on cardiovascular measures.
· Benefits similar to those from live animals.
	· Small sample size.
· No control group.
· Researcher presence may have impacted results.

	11
	Gustafsson C et al., 2015 [13]
	Sweden
	Single
	4
	82–90
	50
	Dementia with BPSD
	JustoCat
	· Explore reactions of individuals with dementia to a robotic cat.
· Measure the impact of a robotic cat on agitation and quality of life.
· Gather feedback from relatives and caregivers on usability.
	· Robotic cat can reduce BPSD and improve quality of life.
· Increased communication and emotional interaction.
· JustoCat was seen as a reliable tool for interaction and care.
	· Small sample size.
· Limited number of measurements.
· Possible influence of the Hawthorne effect.

	12
	Yamada Y et al., 2014 [14]
	Czech Republic
	Multi
	4,007
	83 (maen)
	73
	Cognitive impairment, frailty, depression
	N/A
	· Examine prevalence of sensory impairment in nursing homes.
· Assess associations with clinical problems (cognitive impairment, depression, falls, etc.).
· Explore the impact of dual sensory impairments.
	· Dual sensory impairments significantly worsen health outcomes.
· Sensory impairment correlates with frailty, cognitive decline, and depression.
	· Cross-sectional design limits causality conclusions.
· Facility participation was voluntary, limiting representativeness.
· Reliance on interRAI instrument without additional clinical verification.

	13
	Moyle W et al., 2019 [15]
	Australia
	Multi
	138
	60+
	N/A
	Dementia
	PARO
	· Evaluate PARO's effect on dementia symptoms.
· Analyze individual responses to PARO in a LTC setting.
· Inform clinical practice and future research.
	· One approach does not fit all for managing BPSD.
· Regular reassessment and tailoring interventions is crucial.
· Ethical considerations in use of PARO due to attachment issues.
	· Small sample size for qualitative reflections.
· Limited to one geographic area.
· Lack of detailed long-term follow-up.

	14
	Moyle W et al., 2019 [16]
	Australia
	Multi
	20
	20–65
	75
	Dementia
	PARO
	· Examine family perceptions of PARO and Plush Toy in dementia care.
· Evaluate impact on BPSD and mood.
· Explore engagement with robotic vs non-robotic interventions.
	· PARO provided comfort and improved social engagement.
· Family members preferred interactive robots over static toys.
· High cost of PARO limits its use in care facilities.
	· Small sample size.
· Limited to family members who had prior experience with pets.
· The Plush Toy's lack of movement was a major limitation.

	15
	Moyle W et al., 2016 [17]
	Australia
	Single
	5
	68–98
	100
	Dementia
	CuDDler
	· Explore the feasibility of CuDDler for dementia care.
· Assess engagement and emotional responses.
· Evaluate the impact on agitation.
	· CuDDler could help reduce agitation in some participants.
· The design needs improvement.
· Participant 'J' benefited from CuDDler due to visual agnosia.
	· Small sample size.
· Technical issues with CuDDler robot.
· Limited to one nursing home setting.

	16
	Koceski S et al., 2016 [18]
	Macedonia
	Single
	30 CRs + 5 CGs
	65–78 (CR)
	43 (CR)
	No severe disabilities
	Self-designed (TPR)
	· Investigate the use and acceptance of a telepresence robot by elderly and professional caregivers.
· Measure the perceived usefulness and ease of use of the system.
	· Caregivers found the system more useful for medical tasks, while elderly participants preferred social functions like video conferencing.
· Perceived ease of use was generally positive across groups.
	· Short duration of the study.
· Limited sample size.

	17
	Mitoku K et al., 2016 [19] 
	Japan
	Single
	1,754
	65+
	66
	Cognitive impairment, sensory impairments (vision, hearing)
	N/A
	· Investigate the association between sensory impairments and cognitive impairment.
· Assess the relationship between sensory impairments and mortality.
	· 70% of elders had either vision or hearing impairment.
· Dual sensory impairment was the greatest risk factor for cognitive impairment and increased mortality.
	· Limited to LTC recipients in a rural area of Japan.
· No objective test for sensory impairments.

	18
	Thodberg K et al., 2016 [20]
	Denmark
	Multi
	124
	79–90
	69
	Cognitive impairment, dementia
	PARO
	· Study the effects of biweekly dog visits on sleep patterns and psychiatric well-being in elderly people.
· Compare the effects of dog visits, robot seal visits, and soft toy cat visits.
	· Dog visits increased sleep duration temporarily.
· No long-term mental or physical health improvements observed.
	· Short visit duration (10 minutes).
· Results may not generalize beyond nursing home settings.

	19
	Bemelmans R et al., 2015 [21]
	The Netherlands
	Multi
	91
	N/A
	80
	Dementia
	PARO
	· Evaluate the outcomes of PARO interventions in psychogeriatric care.
· Assess short-term effects on psychological functioning and daily care facilitation.
	· PARO increased quality of care and life for elderly with dementia.
· Therapeutic interventions more effective than care support interventions.
	· Limited effect for care support interventions.
· Subjectivity in measurements (IPPA).

	20
	Claes V et al., 2015 [22]
	Belgium
	Multi
	245
	72.45 (maen)
	68
	N/A
	N/A
	· Explore the attitudes and perceptions of older adults towards contactless monitoring.
· Identify socio-demographic factors influencing technology acceptance.
· Analyze the functional and financial concerns raised by older adults.
	· Willingness to share information with professional caregivers.
· Concerns about privacy with informal caregivers.
· Preference for government-funded systems.
	· Small sample size limits generalizability.
· Pre-implementation phase only.
Missing data for some questionnaire items.

	21
	Broadbent E et al., 2016 [23]
	New Zealand
	Multi
	52
	66–97
	77
	Not specified
	Cafero (TPR), Guide (TPR)
	· Assess benefits and problems of healthcare robots in aged care.
· Compare quality of life outcomes in intervention and control groups.
· Investigate staff and resident perceptions of the robots.
	· Robots did not significantly impact quality of life.
· Job satisfaction increased only in the control group.
· Residents used robots sparingly, and staff perceived robots as having limited benefits.
	· Low engagement from residents.
· Short duration of the trial.
· Limited operational role for the robots.

	22
	Rantanen T et al., 2018 [24] 
	Finland
	Multi
	200
	43 (average)
	94
	N/A
	N/A
	· Examine attitudes of Finnish home care personnel towards the introduction of care robots.
· Identify social psychological factors influencing care robot adoption.
· Investigate perceived usefulness of care robots in home care tasks.
	· Care robots are welcomed for reminder and safety tasks.
· Fear of dehumanization and concerns about care robots replacing human care.
· Perceived control and workplace norms play significant roles in robot adoption.
	· Low response rate (18.2%).
· Survey limited to Finnish home care personnel.
· Potential non-response bias.

	23
	Tang V et al., 2019 [25]
	Hong Kong
	Single
	N/A
	N/A
	N/A
	N/A
	N/A
	· Develop an I-GCMS.
· Monitor real-time biometric data of the elderly.
· Support decision-making in care plan modification.
	· IoMT facilitates proactive healthcare delivery.
· Real-time monitoring and alerts improve operational efficiency.
· Case-based reasoning aids in care plan customization.
	· Reluctance of elderly to wear IoT devices.
· Risk of system blackout.
· Dependency on expert knowledge for care plan adaptation.

	24
	Rantanen T et al., 2018 [26]
	Finland
	Multi
	200
	43 (average)
	94
	N/A
	N/A
	· Examine adoption of care robots in home care settings.
· Analyze Finnish home care personnel’s attitudes towards robots.
· Compare negative and positive attitudes using specific scales.
	· Negative attitudes towards robots affect willingness to adopt care robots.
· Positive attitudes regarding robots' usefulness in safety and independent living enhance readiness.
· Combining societal, psychological, and practical care perspectives is essential.
	· The study is limited to a Finnish sample.
· Small response rate (18.2%) reduces generalizability.
· Cultural context might limit the scale's applicability.

	25
	Moyle W et al., 2018 [27]
	Australia
	Multi
	415
	60+
	78
	Dementia
	PARO
	· Explore the effects of PARO on motor activity and sleep patterns.
· Use wearable triaxial accelerometer for measurement.
	· PARO could assist in managing motor activity in dementia patients.
· Limited evidence for improving sleep patterns.
	· Poor tolerance of wearable devices by participants.
· Significant amount of missing data due to device issues.

	26
	Shiomi M et al., 2015 [28]
	Japan
	Single
	28
	74 (average)
	50
	Not specified
	Autonomous wheelchair robot
	· Investigate intention to use autonomous wheelchair robot.
· Compare social behaviors with human caregivers.
	· Social behaviors in robots increase intention to use.
· Comfort and enjoyment were higher with social behaviors.
	· Small sample size.
· Limited to a single facility in Japan.

	27
	Diraco G et al., 2017 [29]
	Italy
	N/A
	30
	N/A
	N/A
	N/A
	N/A
	· Develop a radar smart sensor for elderly monitoring.
· Detect cardiorespiratory signals and body movements.
· Evaluate the system's fall detection performance.
	· UWB radar successfully detects both falls and vital signs.
· Unsupervised learning improves detection performance.
· The sensor is effective in AAL applications.
	· Variability in accuracy with movement.
· Tested only on healthy subjects.

	28
	Korchut A et al., 2017 [30]
	Poland
	Multi
	264
	55–90
	66
	MCI, Alzheimer’s Disease
	N/A
	· Identify user needs for robotic assistance.
· Classify findings related to robotic requirements.
· Provide a basis for future technology development.
	· Robots can meet the needs of patients with cognitive impairments.
· Surveyed groups highlight emergency response and task reminders as critical.
· Future studies needed for long-term interaction analysis.
	· Focus on specific regions (Poland, Spain).
· Short study period.
Limited sample size for broad generalization.

	29
	Berridge C, 2016 [31]
	United States
	Multi
	41
	65–103
	N/A
	Multiple chronic conditions
	N/A
	· Examine the relationship between privacy and passive monitoring in independent living.
· Identify privacy concerns raised by sensor-based systems.
· Provide recommendations for privacy management and technology design.
	· Privacy concerns affect adoption of monitoring technology.
· Social relationships play a role in managing perceived privacy intrusions.
· Technological design must accommodate privacy management needs.
	· Limited to one metropolitan area.
· Could not include residents who never adopted the system due to privacy concerns.
· Lack of systematic understanding of data collection and access among participants.

	30
	Berridge C, 2017 [32]
	United States
	Single
	41
	65–103
	N/A
	Chronic conditions, mobility issues, and general aging-related conditions
	N/A
	· Understand the concerns and perspectives of users, former users, and non-users of passive monitoring systems in low-income independent living.
	· Older adults actively resisted passive monitoring systems.
	· Lack of interviews with non-adopters.

	31
	Machado A et al., 2017 [33]
	Brazil
	N/A
	N/A
	N/A
	N/A
	N/A
	N/A
	· Present a situation-aware system for AAL.
· Enable the prediction of dangerous situations and automatic responses. 
· Improve traditional systems by combining reactive, proactive, and extensible approaches.
	· Combining reactive and proactive actions enhances safety in AAL environments.
· Probabilistic reasoning helped in predicting potential risks.
	· Limited to a simulated environment.
· Real-world validation is needed.

	32
	Erebak S et al., 2019 [34]
	Turkey
	Single
	102
	19–40
	42
	N/A
	N/A
	· Investigate caregivers' trust in anthropomorphic robots in elder care settings.
· Examine how trust relates to their intention to work with robots.
· Explore preferences for automation levels in robots among caregivers.
	· Anthropomorphism does not necessarily lead to increased trust in robots.
· Trust in robots is a significant factor in determining intention to collaborate with them.
	· Study used images of robots, not real interaction.
· Generalizability may be limited due to sample from a single location.

	33
	Jones C et al., 2018 [35]
	Australia
	Multi
	131
	84 (mean)
	73
	Dementia
	PARO
	· Develop the EPWDS.
· Establish content validity using the Delphi technique.
· Evaluate the psychometric properties of the EPWDS.
	· EPWDS is a reliable and valid tool for assessing engagement in people with dementia.
· Positive associations between EPWDS and environmental stimulation.
	· Results are based on theoretical validation by experts.
· Further testing in clinical settings is needed to confirm external validity.

	34
	Al-Khafajiy M et al., 2019 [36]
	United Kingdom
	N/A
	N/A
	N/A
	N/A
	N/A
	N/A
	· Develop a smart healthcare monitoring system for elderly people using wearable sensors.
· Enable real-time monitoring to aid early intervention practices.
· Improve clinical decision support by providing accurate, low-latency health data.
	· Real-time monitoring systems for elderly health can significantly improve early intervention and reduce hospitalizations.
· The proposed system is scalable, reliable, and cost-effective.
	· Only simulation-based results were obtained.
· No real-world testing has been performed.

	35
	Rafferty J et al., 2017 [37]
	United Kingdom
	N/A
	N/A
	N/A
	N/A
	N/A
	N/A
	· Improve assistive smart homes using intention recognition.
· Evaluate the system in real-world and simulated environments.
· Enhance scalability, reusability, and privacy in smart home applications.
	· Intention recognition enhances the functionality of assistive smart homes.
· System offers privacy protection by minimizing data collection.
	· Sensor placement affected accuracy in real-world scenarios.
· Further testing required in diverse environments.

	36
	Lloret J et al., 2015 [38]
	Spain
	N/A
	N/A
	N/A
	N/A
	N/A
	N/A
	· Develop a smart communication architecture for AAL using AI.
· Implement a system for monitoring elderly people in real-time.
· Enhance scalability, low energy consumption, and ease of use.
	· AAL systems are capable of monitoring elderly behavior effectively using AI.
· System enhanced decision-making for caregivers and medical staff.
	· No real-world testing; results are based on simulations.
· Further integration with more sensors and devices required.

	37
	Decerle J et al., 2019 [39]
	France
	N/A
	N/A
	N/A
	N/A
	N/A
	N/A
	· Develop a memetic algorithm to optimize the home health care problem.
· Maximize the quality of service, minimize the total working time, and balance the workload among caregivers.
· Conduct comparative analysis using benchmark instances.
	· A memetic algorithm is effective for multi-objective home health care optimization.
· The method helps decision-makers choose optimal trade-off solutions.
	· Limited to computational results; no real-world implementation.
· Further research required for more diverse instances and real-life testing.

	38
	Pfadenhauer M et al., 2015 [40]
	Austria, Germany
	N/A
	N/A
	N/A
	N/A
	N/A
	N/A
	· Explore how social robots are deployed in dementia care.
· Examine the interaction between care workers and the robot PARO.
· Investigate the performative role of technology in dementia care.
	· PARO facilitated communication and engagement in dementia care.
· Care workers developed performative strategies to enhance interaction with PARO.
	· Limited to a single care facility in Germany.
· No longitudinal data on the long-term impact of PARO on patients.

	39
	Cavallo F et al., 2014 [41]
	Italy, Belgium
	N/A
	N/A
	N/A
	N/A
	N/A
	N/A
	· Explore the interdisciplinary nature of human-machine interaction in socially believable robots.
· Analyze the modeling of emotions, behaviors, and contexts in robotic and ICT systems.
· Investigate new mathematical models and cognitive architectures for context-aware systems.
	· Context-aware systems are critical for creating socially believable robots.
· Current systems need further cognitive and computational advancements to meet societal demands.
	· Limited real-world testing of theoretical models.
· More extensive interdisciplinary collaboration is needed.

	40
	Nikoloudakis Y et al., 2016 [42]
	Greece, Cyprus, Romania
	N/A
	N/A
	N/A
	N/A
	N/A
	N/A
	· Develop a decentralized, virtual fog layer system for emergency alerts in AAL.
· Enable location tracking and emergency communication for activity-challenged individuals.
· Minimize network latency and enhance system performance using fog computing.
	· Fog computing significantly reduces latency and enhances emergency system reliability.
· System supports fast response to emergencies in AAL environments.
	· No real-world testing; results are simulation-based.
· System relies on LoST protocol and geolocation services for performance.

	41
	Atee M et al., 2017 [43]
	Australia, Kosovo
	Multi
	40
	60–98
	70
	Dementia
	N/A
	· Evaluate the psychometric properties of the ePAT compared to the Abbey Pain Scale.
· Improve pain detection in people with moderate to severe dementia using facial recognition technology.
	· ePAT offers a valid and reliable method to assess pain in dementia patients.
· Facial recognition technology automates part of the pain assessment, reducing subjectivity.
	· Small sample size and non-random participant selection.
· Over-representation of Caucasian females.
· Unequal number of assessments per resident.

	42
	Pigini L et al., 2017 [44]
	Italy
	Single
	32
	53–81
	N/A
	Cardiac disorders
	N/A
	· Develop and test a personal health system integrating environmental and wearable sensors for telemonitoring elderly patients at home.
· Improve home healthcare while reducing costs and enhancing quality of life.
· Evaluate the reliability and user perception of the system.
	· The system can potentially improve home healthcare management for elderly patients.
· Clinicians found the system useful but suggested improvements for the clinical interface.
	· Small sample size and limited testing of sensor integration.
· Further technical refinements needed for larger-scale implementation.

	43
	Jones C et al., 2018 [45]
	Australia
	Multi
	138
	84 84 (mean)
	73
	Dementia
	PARO
	· Explore whether cognitive impairment and agitation predict outcomes in engagement, mood, and agitation after 10-week PARO intervention.
· Determine the effectiveness of PARO in managing agitation and improving behavioral outcomes.
	· PARO is more effective in residents with lower baseline agitation and higher cognitive function.
· Severe agitation reduces the effectiveness of the PARO intervention.
	· Only a small proportion of variance in outcomes was explained by cognitive impairment and agitation.
· The study did not account for individual variability in responses to PARO.

	44
	Lehoux P et al., 2018 [46]
	Canada
	N/A
	N/A
	N/A
	N/A
	N/A
	N/A
	· Explore public perceptions of assistive robots in independent living for older adults.
· Investigate the ethical implications of delegating care tasks to robots.
	· Robots can supplement but not replace human caregivers.
· Delegation of care tasks to robots is limited due to trust and emotional aspects of caregiving.
	· 
· Small sample size.
· Study focused on participants from a specific region (Quebec).
· Mostly educated participants.

	45
	Mulero R et al., 2018 [47]
	Italy
	Multi
	20
	N/A
	N/A
	MCI, frailty
	N/A
	· Develop IoT-based solutions for elderly care.
· Utilize unobtrusive data gathering and LOD-based management for smart cities.
	· IoT and LOD are effective for elderly monitoring.
· System scalability and reliability confirmed.
· Unobtrusive data gathering worked as intended.
	· Testing performed in simulated environments.
· Not fully prepared for real-world deployment.

	46
	Darragh M et al., 2017 [48]
	New Zealand
	Multi
	9
	54–78
	56
	MCI, Mild Dementia
	N/A
	· Design a homecare robot for functional support and therapeutic intervention in MCI.
· Gather requirements from patients, carers, and experts.
	· Robots can help with routines, provide reassurance, track health and well-being.
· Robots can improve outcomes for mildly cognitively impaired individuals.
	· Small sample size of patients.
· No real-world deployment yet.

	47
	D'Onofrio G et al., 2019 [49]
	Italy
	N/A
	17 CRs + 36 CGs
	63–92 (CR); 33–68 (CG)
	53 (CR and CG)
	MCI, normal aging
	N/A
	· Explore the needs of elderly users and caregivers regarding social robots.
· Identify priority areas for robot development.
· Investigate cross-cultural perceptions of robot usage.
	· Robots can address socialization and loneliness issues.
· Cross-cultural differences affect robot design preferences.
	· Small sample size.
· Cultural differences may limit generalization.

	48
	Khosla R et al., 2021 [50]
	Australia
	N/A
	5
	75–85
	N/A
	Dementia
	Betty
	· Study the engagement of older people with dementia with social robots.
· Understand robot experience in a home care setting.
· Evaluate the long-term adoption of social robots in dementia care.
	· Social robots can enhance engagement and independence in dementia care.
· Person-centered design and personalization are critical for long-term engagement.
· Emotional engagement and human-like attributes in robots are essential for success.
	· Limited to 5 participants, restricting broader generalization.
· No audio recording due to privacy concerns.
· Negative emotional responses not deeply analyzed.

	49
	Cortellessa G et al., 2018 [51]
	Italy
	N/A
	25
	37 (mean)
	48
	N/A
	ROBIN (TPR)
	· Develop a telepresence robot (ROBIN) for older adults.
· Assess its capabilities in supporting social inclusion and health monitoring.
	· ROBIN effectively supports social inclusion.
· Communication services and interaction modalities are key for user satisfaction.
	· Small sample size.
· No real-world deployment outside lab setting.

	50
	Wright J, 2019 [52]
	France
	Single
	80 CRs + 37 CGs
	89 (mean, CR); 44 (mean, CG)
	N/A
	Dementia, significant physical disabilities
	Pepper, Hug, Paro
	· Explore the use of robots in institutional eldercare in Japan.
· Investigate whether robots can substitute for human labor in caregiving.
· Examine the implications of using robots on human caregivers and the workforce.
	· Robots are unlikely to replace human caregivers in the foreseeable future.
· Robots reconfigured care and altered the roles of human caregivers, increasing the distance between caregivers and care recipients.
· Robots could help overcome linguistic and cultural barriers in caregiving.
	· Limited to a single care home.
· Observations focus more on caregivers than residents.
· Ethical concerns about consent from elderly residents with dementia were noted.

	51
	Lukasik S et al., 2020 [53]
	Poland
	Single
	N/A
	N/A
	N/A
	N/A
	N/A
	· Examine opinions of medical and nursing students on assistive robots.
· Understand their perspective on robots' roles in elderly care.
	· Both medical and nursing students viewed robots positively for elderly care.
· Students believed robots should provide assistance rather than companionship.
· Training older people in robot usage is necessary.
	· Students had no practical experience with robots.
· Small sample size.
· Limited to one institution.

	52
	Pouyet V et al., 2015 [54]
	France
	Multi
	104
	79–101
	81
	Dementia
	N/A
	· Investigate the relationship between food liking and food intake in older adults with differing cognitive status.
· Study the influence of flavour enhancement on food liking and food intake.
· Compare results between paired comparison and sequential monadic tests.
	· Flavour enhancement increases food intake regardless of cognitive status.
· Sequential monadic testing is as effective as paired comparison testing.
· Sensory variety affects food intake, especially in participants with higher cognitive status.
	· Sample limited to four nursing homes.
· Small sample size.
· Cognitive abilities may affect responses to food liking questions.

	53
	Wittich W et al., 2018 [55]
	Canada
	N/A
	N/A
	N/A
	N/A
	N/A
	N/A
	· Identify tools and strategies for sensory screening in older adults with dementia.
· Explore barriers and facilitators in implementing these strategies.
· Provide recommendations for LTC staff.
	· Flexible screening strategies are needed.
· Importance of interprofessional collaboration.
· Speech-based and personalized stimuli were effective for screening.
	· Small sample size (n=11).
· Limited to Canadian specialists.
· Focus on sensory healthcare specialists, excluding other stakeholders.

	54
	Yamada Y et al., 2015 [56]
	Czech Republic
	Multi
	1,524
	66–87
	75
	Dementia, cognitive impairment
	N/A
	· Investigate whether DSI is associated with the onset of behavioral symptoms in nursing homes.
· Examine the relationship between the severity of DSI and behavioral symptoms.
· Assess new behavioral symptoms in residents over a 12-month period.
	· DSI plays a significant role in the development of behavioral symptoms in nursing home residents.
· The severity of sensory impairment did not significantly change the association with behavioral symptoms.
· Attention to DSI is important for managing behavioral issues in care settings.
	· Small sample of nursing homes.
· Possible underreporting of symptoms.
· The exclusion of residents with very severe cognitive impairment may limit generalizability.

	55
	Daniele K et al., 2019 [57]
	Italy
	N/A
	50
	78 (mean)
	76
	Prefrail older adults
	Giraff (TPR)
	· Understand how prefrail older people perceive ICT.
· Explore preferences for robot functionalities in supporting independent living.
	· Older adults are open to using robots for support with daily activities.
· Preconceptions about technology do not prevent actual use.
· The role of robots in assisting with health and safety was particularly valued.
	· Small sample size.
· Participants were mostly socially active, limiting generalizability.
· All participants were from an urban setting in Italy.

	56
	Yu R et al., 2014 [58]
	Hong Kong
	Single
	2,000
	72 (mean)
	0
	Osteoporosis, Sarcopenia
	N/A
	· Examine the effects of sarcopenia on incident fractures.
· Evaluate the incremental value of sarcopenia for predicting fracture risk.
· Assess the combined effects of osteoporosis and sarcopenia on fracture risk.
	· Sarcopenia is an independent predictor of fracture risk.
· Provides incremental predictive value.
· Sarco-osteoporosis subgroup had the highest risk.
	· Cohort more educated and physically active than general population.
· Findings not generalizable to frail or institutionalized individuals.

	57
	Chetty G et al., 2015 [59]
	Australia
	N/A
	30
	19–48
	N/A
	N/A
	N/A
	· Develop a scheme for human activity recognition using smartphone inertial sensors.
· Evaluate various machine learning techniques.
· Enhance activity recognition for eHealth applications.
	· Random forests and ensemble methods are effective for activity recognition.
· Dimensionality reduction enhances performance.
· Suitable for real-time health monitoring applications.
	· High-dimensionality affects real-time implementation.
· Further testing needed on hardware-constrained devices.

	58
	Arends J et al., 2018 [60]
	The Netherlands
	Multi
	28
	15–67
	64
	Epilepsy
	N/A
	· Develop and evaluate a multimodal seizure detection system.
· Compare detection performance to standard bed sensors.
· Evaluate usability by caregivers.
	· Multimodal sensors provide reliable seizure detection.
· Better sensitivity than standard bed sensors.
· Suitable for long-term monitoring.
	· Excluded patients with movement disorders.
· Did not use EEG as gold standard.
· Signal quality issues in some cases.

	59
	Lazarou I et al., 2016 [61]
	Greece
	Multi
	4
	69–80
	50
	Cognitive impairment, dementia
	N/A
	· Develop a remote monitoring system for elders with cognitive impairment.
· Design personalized interventions. 
· Improve quality of life and cognitive functions.
	· System supports clinicians in adaptive interventions.
· Sleep and daily living monitoring provide valuable insights.
· Enhances quality of life for participants.
	· Small sample size.
· Cost of deployment not optimized for scale.
· Limited to specific cognitive impairments.

	60
	Meritam P et al., 2018 [62]
	Denmark
	Multi
	71
	7–72
	45
	Epilepsy
	N/A
	· Evaluate the applicability of a wearable seizure detection device.
· Assess usability and user satisfaction in the home environment.
· Compare sensitivity and false alarm rates with previous studies.
	· Device was effective for detecting seizures in home settings.
· False alarm rate acceptable to most users.
· Device resulted in fewer seizure-related injuries in 40% of cases.
	· Small sample size.
· Study relied on patient/caregiver self-reporting.
· Some users experienced device-related side effects.

	61
	Schwenk M et al., 2014 [63]
	United States, Germany
	Single
	77
	82 (mean)
	23
	Dementia
	N/A
	· Explore the validity of sensor-derived physical activity parameters for predicting future falls in people with dementia.
· Compare sensor-based fall risk assessment with conventional fall risk measures.
	· Sensor-derived physical activity parameters are independent predictors of fall risk in dementia patients.
· Telemonitoring technology offers the potential to improve fall prediction.
· Results should be confirmed in a larger study.
	· Small sample size.
· 24-hour monitoring period may not capture day-to-day variability.
· Longer-term follow-up needed.

	62
	Martinikorena I et al., 2016 [64]
	Spain
	Single
	24
	93 (mean)
	75
	Frailty, Sarcopenia
	N/A
	· Assess the relationship between muscle quality and gait performance.
· Evaluate gait variability and its association with muscle power.
· Investigate muscle quality and strength in relation to functional outcomes.
	· Muscle power and quality are key predictors of gait performance in frail elderly.
· Gait variability linked to increased fall risk.
· Important for designing interventions to improve stability.
	· Small sample size.
· Lack of long-term follow-up.
· No analysis of cognitive function impact on gait.

	63
	Ho A, 2020 [65]
	Canada
	N/A
	N/A
	N/A
	N/A
	N/A
	N/A
	· Explore the readiness of AI health monitoring for elder care.
· Discuss the ethical implications of AI health monitoring.
· Examine the balance between safety, privacy, and relational care.
	· AI health monitoring has potential but requires ethical considerations. 
· Stakeholder engagement is crucial for successful implementation.
· More empirical research needed on practical applications.
	· Lack of empirical data on AI's long-term impact in elder care.
· Limited discussion on economic feasibility.
· Ethical frameworks need further development.

	64
	Lattanzio F et al., 2014 [66]
	Italy
	N/A
	N/A
	N/A
	N/A
	N/A
	N/A
	· Highlight the role of advanced technology in promoting health and wellbeing among the elderly.
· Analyze recent technological developments in Italy and Europe.
· Discuss the intersection of geriatric research and technology innovation.
	· Italy is a leader in developing healthcare technologies for the elderly.
· Telemedicine and robotics are key areas of innovation.
· Collaboration between various sectors enhances care outcomes for the elderly.
	· Lack of long-term studies on the efficacy of these technologies.
· Limited data on cost-effectiveness.
· Gaps in empirical research on user experience.

	Abbreviations: AAL = Ambient-assisted living; BPSD = Behavioral and psychological symptoms of dementia; C/R (CA) = Country/Region (corresponding author); DSI = Dual sensory impairment; ePAT = electronic Pain assessment tool; %F = Female percentage; I-GCMS = IoMT-based geriatric care management system; ICT = Information and communication technology; IPPA = Individually prioritized problems assessment; IoMT = Internet of medical things; IoT = Internet of things; ITP = Illness type of participants; LoST = Location-to-service translation; LTC = Long-term care; LOD = Linked open data; MCI = Mild cognitive impairment; N = Number of total participants; N/A = Not applicable or not available; PWDS = Engagement of a person with dementia scale; SAR = Socially assistive robots; S/M-center = Single/Multi-center; TPR = Telepresence robot; UWB = Ultra-wideband
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