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Abstract

Background. Artificial intelligence (Al) and machine learning (ML) systems are increasingly proposed for
elderly care settings such as nursing homes, assisted living, and home-based care. Existing reporting
guidelines for Al studies have primarily been developed for medical and diagnostic applications, and
their adequacy for elderly care contexts remains unclear. This rapid scoping review aimed to
characterize current reporting and evaluation practices of Al and ML studies intended for elderly care
settings.

Methods. PubMed and IEEE Xplore were searched on 2026-02-18 for peer-reviewed studies published
from 2020 onwards reporting empirical Al or ML systems intended to support tasks in elderly care
contexts. Purely diagnostic or prognostic medical Al studies were excluded. A random sample of 200
retrieved records was screened by two reviewers as part of a rapid scoping review approach. Data were
extracted using a standardized form assessing reporting of contextual characteristics, data and
population information, evaluation practices, bias, uncertainty, limitations, and deployment-related
aspects. Results were synthesized descriptively.

Results. A total of 69 studies were included. Most focused on early-stage model development and
internal technical validation, while external validation and evaluation in real-world care settings were
uncommon. Use cases were dominated by monitoring and safety-oriented applications across home-
based and institutional care settings. Reporting completeness varied substantially across domains.
While intended system roles and data sources were commonly reported, reporting of missing data
handling, external validation, uncertainty quantification, calibration, and subgroup analyses was limited.
Intended users, decision-makers, and deployment contexts were frequently only partially specified.

Discussion.Current reporting practices for Al and ML systems in elderly care may focus more on
technical model development rather than system-level considerations given the complexity of care
environments. The identified gaps suggest that existing medical Al reporting guidelines may not fully
address the contextual and operational requirements of elderly care applications.

Background

Artificial intelligence (Al) and machine learning (ML) systems are increasingly proposed for use in elderly
care settings, including nursing homes, assisted living facilities, community- and home-based care.
These systems often aim to support care planning, monitoring, safety management, or resource
allocation rather than classical medical diagnosis or prognosis [1-3]. In these settings, ethical and
socio-technical factors related to context, users, and deployment may be at least as relevant for the safe
and effective use of Al systems as conventional performance metrics [4-5].

Existing reporting guidelines for Al-based studies have primarily been developed in the context of
medical research and clinical decision-making [6—10]. While these guidelines provide robust standards
for diagnostic and prognostic models, it remains unclear to what extent they adequately cover Al
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systems deployed in elderly care contexts, where decision-makers, care pathways, accountability
structures, and deployment environments differ substantially from traditional medical settings, as
reflected in empirical analyses of community-based elderly care systems [1-3, 5].

When studies fail to report key information, use heterogeneous definitions of key concepts or lack
standardized evaluation, readers struggle to judge the quality of published models and their applicability
to their own use cases, reviews or validation studies and avoidable ‘reporting waste’ is generated [11]. A
systematic mapping of current reporting and evaluation practices is therefore required to identify
whether existing reporting standards sufficiently address these contexts, and where systematic gaps
remain.

Methods

We conducted a rapid scoping review with a structured assessment of reporting practices to map the
evolving landscape of Al and ML systems in elderly care settings. This approach is consistent with
established principles for rapid reviews [12-14] and is appropriate for exploratory, policy- or funding-
informed reviews.

Objectives

The objective of this rapid scoping review is to map how Al and ML studies intended for elderly care
settings report key aspects related to transparency, evaluation, bias, uncertainty, and deployment
context, and to identify systematic reporting gaps that may not be covered by existing medical Al
reporting guidelines.

Specifically, the review aims to answer:

1. How are Al/ML systems intended for elderly care settings described with respect to care context,
intended users, and decision-making role?

2. How are data sources, populations, and evaluation strategies reported?

3. To what extent do studies report considerations related to bias, subgroup performance, uncertainty,
and contextual limitations?

4. Which observed reporting gaps appear insufficiently addressed by existing medical Al reporting
guidelines?

Protocol and registration

Protocol and registration
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This protocol has been developed a priori and is registered in an open-access repository hosted by the
Open Science Framework (OSF) [15].

Eligibility criteria

The relevant inclusion and exclusion criteria for screening are listed in Table 1.

Table 1

Inclusion and Exclusion Criteria

Population

Intervention

Setting

Outcome

Study Type

Year

Language

Inclusion Criteria

Older adults receiving care or
individuals or institutions providing care
to older adults

Al or ML-based systems intended to
support use cases in elderly care, such
as care planning, monitoring, safety or
risk management, operational or
organizational decision-making,
escalation or allocation of care
resources.

nursing homes, assisted living facilities,
home care, or mixed social-medical care
settings.

Any outcome related to care processes,
safety monitoring, functional status,
behavioral or contextual risk, care
escalation or resource allocation.

Peer reviewed journal papers or full
conference papers

Published between 2020-present
Papers published in English

Exclusion criteria

Studies where “elderly” status is the
only distinguishing feature and care
context is standard hospital or
outpatient medical care.

Al systems used exclusively for medical
diagnosis, disease prognosis, prediction
of clinical endpoints (e.g. mortality,
disease progression), where existing
medical Al reporting guidelines provide
sufficient coverage.

Exclusive focus on hospital-based
inpatient care, outpatient specialist
clinics, acute medical care without care-
setting—specific considerations.

Outcomes limited to diagnostic
accuracy, prognostic discrimination,
purely clinical endpoints traditionally
evaluated in medical Al studies.

Non-peer reviewed studies, reviews,
surveys or meta-analyses

Published prior to 2020

Any language other than English

To ensure relevance to current reporting practice, only studies published from 2020 onwards were
considered for inclusion. Earlier studies were excluded, as the aim of this review is to assess

contemporary reporting standards rather than historical practices. Since the main focus of this review is
the reporting of the Al system itself, studies where the primary object of development or evaluation was
not the ML or Al model or system itself but a broader intervention in which Al was only one component
(e.g., social robots used for companionship, where Al functionality was incidental to the evaluation) are
excluded.

Information sources
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The search was conducted in PubMed and IEEE Xplore on 2026-02-18. PubMed was selected to capture
biomedical and health-focused research on Al systems in elderly care, while IEEE Xplore was included to
ensure coverage of engineering- and computer-science—oriented research, particularly studies focusing
on sensing, monitoring, and system-level Al applications in real-world care contexts.

Search

A deliberately broad search strategy was used, combining terms related to elderly care settings and
Al/ML. Search strings were refined iteratively during screening to improve specificity. The final search
strings are reported in the supplementary material.

Selection of sources of evidence

From all retrieved records, a random sample of 200 titles and abstracts (ca. 20%) was selected for
screening by two reviewers. Both reviewers independently screened this sample using the predefined
eligibility criteria. All records coded as “include” or “unsure” by at least one reviewer underwent full-text
screening by one reviewer. We performed data extraction for every study determined relevant during full-
text screening.

Data charting process

Data were extracted using a standardized charting form developed for this review. The form was pilot-
tested on a small number of studies and the answer format was standardized for better comparability,
but no items were added or removed. Data extraction was performed by one reviewer.

Data items

Following established methodological reviews of ML prediction models, we focused on whether key
information is reported, not on its correctness or quality [16]. Extracted items and general topics were
developed to characterize reporting practices and extract general recurring topics in reporting based on
similar reviews in the space of Al or ML for medical applications [16—18]. The extracted items are
reported in Supplementary Table 1. tems A to P were coded as “yes” (fully reported), “partial” (partially
reported) and “no” (not reported).

In addition to predefined extraction items, reviewers recorded recurring reporting issues or gaps not
captured by the initial categories using free-text notes. These inductively identified themes are
summarized narratively.

Critical appraisal of individual sources of evidence
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Consistent with rapid scoping review methodology, no formal critical appraisal or risk-of-bias
assessment was conducted. The review focuses on mapping reporting practices rather than evaluating
methodological quality.

Synthesis of results

Results are summarized using descriptive statistics and structured narrative synthesis. Reporting gaps
are mapped across thematic domains (e.g. context, evaluation, bias, uncertainty). Findings are
discussed in relation to the scope of existing medical Al reporting guidelines to identify areas of
redundancy and areas of insufficient coverage. Findings are mapped at a conceptual level against
TRIPOD + Al [8] to illustrate overlaps and gaps.

Results

Screening

Abstract screening was intentionally permissive to ensure high sensitivity. Every abstract was given a
decision code (include, unsure, exclude). If the decision was “exclude”, we additionally recorded the key
criterion that led to the exclusion (one of population, intervention, setting, outcome, study type).

200 abstracts were screened by two reviewers, followed by full-text screening and extraction by one
reviewer. All studies marked by at least one reviewer as “include” or “unsure” were extracted. During full-
text review, inclusion criteria were applied strictly to ensure alignment with Al systems that influence
care processes (e.g., care planning, monitoring, safety management, or resource allocation). Studies
were excluded when the primary object of development or evaluation was not the ML or Al model or
system itself but a broader intervention in which Al was only one component (e.g., social robots used for
companionship, where Al functionality was incidental to the evaluation). Figure 1 shows a flowchart of
the systematic screening process.

For agreement analyses, ‘unsure’ decisions were treated as inclusion decisions, reflecting the permissive
screening strategy used for full-text selection. Interrater agreement was 83.5% with substantial
agreement (Cohen’s k = 0.64; 95% CI=[0.53-0.75]).

Characteristics of Included Studies

A total of 69 studies were included. Most studies focused on early-stage model development combined
with internal technical evaluation. Typical study designs involved the development of classification or
monitoring models followed by evaluation on retrospective datasets, laboratory-generated data, or held-
out subsets of the same dataset. External validation using independent datasets or evaluation across
multiple care environments was comparatively uncommon. Only a minority of studies reported
implementation-oriented evaluations involving real-world deployment, longitudinal use, or interaction
with routine care workflows. Several studies combined multiple stages, such as prototype development
followed by pilot testing in simulated or semi-realistic care environments.
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The dominant output types were alerts, classifications, and monitoring signals intended to identify falls,
abnormal behavior, mobility impairment, health deterioration, or other safety-related events. Some
studies generated risk scores or predictive estimates intended to support care planning or escalation
decisions, while fewer studies produced explicit recommendations or autonomous system actions. Most
applications functioned as assistive or decision-support tools rather than fully autonomous systems.

Use cases were dominated by monitoring and safety-oriented applications. Fall detection, activity
recognition, gait or mobility monitoring, abnormal-behavior detection, bed-exit detection, and alert
generation appeared frequently across studies. Additional use cases included health-status monitoring,
prediction of care needs or adverse outcomes, caregiver burden prediction, assistive prompting, social
engagement systems, robotic or virtual companion systems, and organizational tasks such as service-
quality monitoring or inspection prioritization.

Intended settings included home-based care, smart-home or ambient-assisted-living environments,
nursing homes, long-term care facilities, assisted living, rehabilitation settings, and community-care
contexts. Some use cases appeared across multiple settings, particularly fall detection and activity
monitoring, while organizational applications were more commonly described in institutional care
settings.

The intended users and decision-makers of Al systems were heterogeneous and often only partially
specified. Systems were variously described as supporting older adults, professional caregivers, nurses,
physicians, therapists, family members, or institutional staff. In several studies, the distinction between
the primary system user and the individual expected to act on model outputs was not clearly defined.
Some systems intended to support professional care decisions were evaluated without involvement of
the corresponding professional user groups, and several studies used datasets derived from healthy
volunteers, convenience samples, or simulated environments rather than the target populations
described in the intended use case.

Reporting completeness

Figure 2 shows the extracted reporting items for each included study. Intended role of the Al system was
consistently described across all studies (100%), key contextual aspects such as the intended decision-

maker were frequently only partially specified (52%) or not reported at all (19%), indicating limited clarity
regarding how systems are embedded in real-world care processes.

Reporting of data and population characteristics was generally adequate for data sources but limited for
population detail and missing data handling. While most studies clearly described their data sources
(91%), descriptions of the target population beyond age were often incomplete (55% partial), and
reporting of missing data handling was largely absent (74%).

Reporting of evaluation practices was heterogeneous and often incomplete. While internal validation
was reported in the majority of studies (64%), external validation was rare (16% present or partially
present), and only a minority of studies reported complete evaluation in real-world care contexts (20%).
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Description of the separation between training and evaluation data was also inconsistent, with a
substantial proportion of studies providing only implicit or insufficient information for replication, or did
not separate training and evaluation data at all.

Reporting of bias, uncertainty, and limitations was limited and heterogeneous. Subgroup analyses were
infrequently reported (23%), and discussions of bias or fairness were present in a minority of studies
(19%). Uncertainty quantification (9%) and calibration (9%) were rarely addressed, while contextual or
deployment-related limitations were more commonly discussed (65%), though often without systematic
treatment and at strongly varying levels of detail. Existing reporting standards were only mentioned and
applied in one study (TRIPOD + Al). A descriptive summary for each reporting item is available in Table 2.
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Table 2
Summary of reporting items.

Label Number and proportion reported

Context and framing yes partial no
A Care setting 57 (83%) 12 0 (0%)
(17%)
B Intended decision-maker 20 (29%) 36 13
(52%) (19%)
C Intended role of the Al system 69 0 (0%) 0 (0%)
(100%)

Data and population

D Description of study population (beyond age) 31 (45%) ?8 ) 0 (0%)
55%
E Data source 63 (91%) 6 (9%) 0 (0%)
F Reporting of missing data handling 10 (14%) 8 (12%) 51
(74%)
Evaluation
G Internal validation reported 44 (64%) 15 10
(22%) (14%)
H External validation reported 4 (6%) 7 (10%) 58
(84%)
Evaluation in real-world care context reported 14 (20%) 37 18
(54%) (26%)
J Separation of training and evaluation data described 42 (61%) 11 16
(16%) (23%)

Bias, uncertainty, and limitations

K Subgroup analyses reported 16 (23%) 15 38
(22%) (55%)

L Any discussion of bias or fairness 13 (19%) 33 23
(48%) (33%)

M Any uncertainty quantification reported 6 (9%) 15 48
(22%) (70%)

N Any calibration reported 6 (9%) 5(7%) 58
(84%)
0 Contextual or deployment-related limitations 45 (65%) 22 2 (3%)

discussed (32%)
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Label Number and proportion reported

Context and framing yes partial no
P Any reporting guideline mentioned 1(1%) 0 (0%) ?8 )
99%

Additional emerging reporting issues

Across studies, several additional reporting issues emerged that point to systemic limitations in how
predictive models are currently described. While most studies clearly stated the intended prediction task,
they often lacked sufficient detail on the clinical or operational context in which the model is expected to
be used, including the decision threshold, timing of predictions, and how outputs would translate into
concrete actions. This creates a gap between model development and its potential role in real-world
workflows.

Another notable pattern was the implicit rather than explicit specification of key assumptions. Many
studies appeared to rely on unstated assumptions regarding the stability of data distributions, the
consistency of care processes, or the transferability of model performance across settings. These
assumptions were rarely articulated or justified, limiting the ability to critically assess the conditions
under which reported results are expected to hold.

In addition, studies often lacked a clear delineation between technical model performance and system-
level validity. While performance metrics were reported, they were not consistently contextualized in
terms of how they relate to decision-making, workflow integration, or potential consequences in practice.
This made it difficult to determine whether reported results reflect meaningful improvements in real-
world settings or only performance under constrained study conditions.

Finally, reporting frequently did not support a clear assessment of model readiness for deployment.
Although limitations were sometimes mentioned, they were rarely linked to specific risks, failure modes,
or requirements for further validation. As a result, it remained unclear what additional evidence would be
needed to move from development to safe and effective use in practice.

Discussion

This rapid scoping review identified consistent and systematic limitations in the reporting of Al and ML
studies in elderly care settings. While most studies provided basic descriptions of model purpose and
data sources, reporting was frequently incomplete with respect to contextual embedding, evaluation
strategies, and aspects related to model reliability and real-world applicability. These findings suggest
that current reporting practices are primarily oriented toward technical model development rather than
comprehensive evaluation of Al systems within the complex socio-technical environments of elderly
care.
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A key observation across domains was a progressive decline in reporting completeness from technical
description to real-world relevance. Core elements such as the intended role of the Al system and data
sources were generally described with acceptable detail, whereas information required to understand
how systems operate in practice, such as the intended decision-maker, population characteristics, or
deployment context, was often incomplete or rudimentary. In elderly care applications, inadequate
population reporting may be particularly problematic because behavioral, physiological, and functional
characteristics often differ substantially between healthy convenience samples and real-world care
populations. As a result, incomplete population characterization may obscure major limitations in
applicability and external validity.

This pattern became more pronounced in the evaluation domain, where internal validation was
commonly reported, but external validation and evaluation in real-world care settings were rarely
described in sufficient detail for replication. Similarly, reporting of uncertainty, calibration, and subgroup
performance was largely absent. Taken together, these findings indicate that many studies do not
provide sufficient information to assess whether reported performance is robust, generalizable, or
meaningful in real-world use.

Beyond individual reporting items, the review identified broader structural issues in how Al systems are
described. In particular, studies often lacked a coherent linkage between data, model development, and
evaluation, making it difficult to assess whether reported results are consistent with the underlying data-
generating process or intended use. In addition, key assumptions, especially the stability of data
distributions or transferability across care settings, were frequently implicit rather than explicitly stated
or justified. This limits the ability to critically appraise the conditions under which model performance
can be expected to hold and contributes to uncertainty regarding real-world applicability.

Current reporting guidelines such as TRIPOD and TRIPOD + Al overlap with several of the reporting
domains identified in this review, particularly in relation to the description of data sources, study
populations, model development, validation procedures, and model performance evaluation. Many of the
reporting deficiencies observed in the included studies therefore concern areas that are already
addressed within existing guidance. Supplementary Table 2 provides a conceptual comparison between
the reporting gaps identified in this review and the extent to which these issues are addressed within
TRIPOD + Al. For example, the limited reporting of missing data handling (14%), incomplete description
of the separation between training and evaluation data (61% fully reported), and the rarity of external
validation (6% fully reported) directly correspond to established TRIPOD domains related to participant
selection, predictor and outcome handling, model development procedures, and model validation.
Similarly, the infrequent reporting of calibration (9%), subgroup analyses (23%), and uncertainty
quantification (9%) reflects persistent gaps in the reporting of model performance and reliability that are
explicitly emphasized in recent Al-focused extensions such as TRIPOD + Al. The finding that only one
study mentioned any reporting guideline further suggests that incomplete adherence to existing
standards remains a major issue in this literature.
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At the same time, several recurring themes identified in this review appear only partially captured by
current reporting frameworks. Many studies insufficiently specified the intended decision-maker, the
operational role of the system within care workflows, or how model outputs were expected to translate
into concrete actions in practice. In addition, studies frequently relied on implicit assumptions regarding
transferability across care settings, stability of data distributions, or integration into existing
organizational processes without explicitly discussing these assumptions or their implications. While
TRIPOD + Al substantially extends traditional prediction-model reporting toward Al-specific
methodological issues, its primary focus remains the transparent reporting of prediction model
development and validation within clinical contexts. By contrast, many Al applications in elderly care
function as socio-technical systems embedded in heterogeneous care environments involving
caregivers, institutional staff, family members, and older adults themselves. The observed gaps related
to workflow integration, deployment assumptions, accountability structures, and system-level evaluation
therefore suggest potential areas where current medical Al reporting guidelines may only partially
address the requirements of real-world elderly care applications.

Importantly, the results highlight that the challenge is not limited to missing individual reporting items,
but rather reflects the absence of a coherent evaluative framework that links model development,
validation, and real-world use. Many studies report technical performance metrics without clearly
situating them within the broader system in which the model is intended to operate. As a result, it
remains unclear whether these models are ready for deployment, what risks they may entail, and what
additional evidence would be required to support safe and effective use. This gap between technical
evaluation and real-world applicability represents a key translational challenge for Al in elderly care.

Taken together, these findings suggest that further systematic work is needed to determine which
aspects of elderly-care Al are already adequately addressed by existing reporting frameworks and which
may require additional methodological guidance. In particular, future work should more systematically
evaluate how existing frameworks address context, system-level evaluation, epistemic uncertainty, and
structured assessment of whether Al systems are fit for purpose in specific care settings. The results of
this review provide an empirical basis for such developments and highlight priority areas for future
methodological work.

Limitations

This rapid scoping review has several limitations. Screening was conducted by a single reviewer, and the
search was restricted to two databases (PubMed and IEEE) as well as English-language publications.
These choices were made to enable timely completion but may have reduced the comprehensiveness of
the evidence base. The results should therefore be interpreted as indicative rather than exhaustive.

During screening, we applied strict inclusion criteria, excluding studies in which elderly care contexts
were only one of multiple potential application domains, as well as studies in which the Al or ML
component was not the primary object of investigation. While this approach may have reduced the
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breadth of included studies, it increased the specificity of the sample with respect to the research
objective. Including such studies may have introduced additional heterogeneity in reporting practices,
potentially complicating interpretation.

In addition, this review focused on the completeness of reporting rather than the methodological quality
or risk of bias of included studies. The presence of complete reporting does not imply the absence of
systematic bias, and conversely, incomplete reporting does not necessarily indicate poor methodological
quality. As such, the findings should be understood as reflecting reporting practices rather than the
validity of the underlying models. Likewise, this review was not designed to determine whether the
identified reporting issues are specific to Al in elderly care or instead reflect broader reporting practices
across Al literature.

Conclusion

This rapid scoping review identified consistent gaps in the reporting of Al and ML studies in elderly care
settings, particularly with respect to contextual embedding, evaluation beyond internal validation, and the
assessment of uncertainty, bias, and real-world applicability. While core elements of model description
are typically reported, the information required to assess whether systems are reliable, generalizable,
and fit for use in practice is often incomplete. Although these reporting deficiencies may not be unique
to elderly-care Al, their implications may be particularly consequential in elderly-care settings due to the
strong dependence of system validity on contextual, demographic, and workflow-related factors.

These findings suggest that current reporting practices may focus more on technical model
development rather than system-level considerations given the complexity of care environments.
Existing reporting guidelines for Al and ML in medicine appear to have had limited uptake in the elderly
care literature, and several recurring reporting issues identified in this review may not be fully captured
by their current scope. Addressing this gap will require systematic evaluation of how frameworks can
explicitly integrate context, evaluation, and epistemic considerations, and how they can support a
structured assessment of model readiness for deployment.

Future work should focus on systematic framework mapping, taxonomy development, stakeholder-
informed guideline refinement, and empirical evaluation in real-world care settings.
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ML  Machine Learning
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Figure 2

Extracted reporting items for the primary studies. Legend: v' = yes; K = partial; blank = no. Reporting
items: A=Care setting; B=Intended decision-maker; C=Intended role of the Al system; D=Description of
study population (beyond age); E=Data source; F=Reporting of missing data handling; G=Internal
validation reported; H=External validation reported; I=Evaluation in real-world care context reported;
J=Separation of training and evaluation data described; K=Subgroup analyses reported; L=Any
discussion of bias or fairness; M=Any uncertainty quantification reported; N=Any calibration reported;
O=Contextual or deployment-related limitations discussed; P=Any reporting guideline mentioned.

Supplementary Files

Page 23/24



This is a list of supplementary files associated with this preprint. Click to download.

e SchroppBochtlerSupplementaryMaterialReportingofAlandMLStudiesinElderlyCareSettings.docx

Page 24/24


https://assets-eu.researchsquare.com/files/rs-9780627/v1/c83133010b82458c02896b01.docx

