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Background: Falls are among the most frequent and costly adverse events in
hospitals, and conventional one-to-one sitters are resource-intensive with
uncertain effectiveness. Electronic sitters offer a scalable alternative, but their
characteristics, outcomes, and implementation determinants remain poorly
mapped. This scoping review synthesizes the literature on electronic sitters for
preventing falls and fall-related injuries among hospitalized patients.

Methods: This scoping review followed established methodological and
reporting guidelines. Five databases (CINAHL, Emcare, MEDLINE, Scopus, and
Web of Science) and manual searches were conducted to identify studies
published between January 2016 and July 2026, using the Population—
Concept-Context framework to determine eligibilty. Of 1,806 records
identified, 25 studies met the inclusion criteria and were analyzed thematically.
Results: Electronic sitter technology platforms included Ocuvera, AvaSure
systems, SMART Al Patient Sitter, Verso Vision, Oxehealth, Artisight-enabled
virtual patient observation, Virtual Nurse, Epic Monitor systems, Uniden baby
monitors, and continuous or remote video monitoring systems. Most systems
used standard cameras with continuous, centralized, human-led observation;
a minority incorporated Al-assisted detection. Monitoring ratios ranged from
6:1 to 15:1, with 11:1-15:1 reported most frequently, and one system’s
maximum technical capacity reaching 16:1. Among 22 studies reporting falls,
significant reductions ranged from 25.1% to 79%, whereas injurious-fall
reductions were significant in only four of ten studies. Al-augmented systems
achieved 97.4%-98.4% detection sensitivity, and sitter hours declined by 10%—
91%, with projected savings up to USS$3.2 million. Facilitators included
multidisciplinary governance, structured training, and eligibility algorithms
integrated into electronic health records, while barriers included limited
device supply, staff resistance, and technological limitations.

Conclusion: Electronic sitters represent a promising adjunct to conventional fall-
prevention practice, offering potential—though inconsistently demonstrated—
resource benefits rather than a clear cost-effectiveness advantage. Deployment
must address existing implementation challenges and proceed safely
and ethically.

KEYWORDS
electronic sitters, fall prevention, hospitalized patients, patient safety, telesitters, video
monitoring, virtual sitters
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1 Background

Inpatient falls are among the most frequent, harmful, and
preventable patient safety events in acute care (1, 2). Globally,
falls are the second leading cause of fatal unintentional injury,
causing an estimated 684,000 deaths annually (3). Without
intervention, fall-related injuries are projected to double by 2030
(4). In hospitals, falls occur at a rate of 3-5 per 1,000 patient-
days (5, 6),
psychogeriatric units (17-67 falls per 1,000 occupied bed-days)
(6). Beyond immediate injury, inpatient falls lead to substantial

and these figures are markedly higher in

secondary consequences, including elevated mortality risk
among older adult fallers compared with non-fallers (5).
Hospitalization costs approximately double for patients who fall
(7), and remote patient monitoring (RPM) literature consistently
identifies falls as a major driver of downstream healthcare
utilization (8). Conventional monitoring, reliant on intermittent
nursing assessments, creates surveillance gaps, especially during
understaffed periods or at night when falls and clinical
deterioration often go undetected until after the event (7, 9). In-
person constant observation (bedside sitters) for the highest-risk
patients has been documented; however, the evidence
supporting traditional sitters is weak. A systematic review by
Greeley et al. (10) found only very-low-certainty evidence that
one-to-one sitters reduce falls, despite substantial staffing and
financial costs. The preventability of falls has spurred interest in
electronic = sitters—also known as e-sitters, virtual sitters,
continuous or remote video monitoring systems (CVM/RVM),
virtual observation, or remote patient monitoring (8, 9, 11-18)—
as scalable, technology-enabled strategies to provide continuous
surveillance for high-risk patients.

Electronic sitting usually means replacing a traditional 1:1 in-
person sitter with one remote observer who watches multiple
patients by video or sensor-based systems. Trained technicians
monitor many patients concurrently via live, non-recording camera
feeds, with real-time two-way audio and structured escalation
protocols (15, 19). The literature does not support one universal
ratio. Ratios vary by patient acuity, technology, and staffing model,
but the most commonly reported remote safety observation range
is 8:1-12:1 patients per observer, with some artificial intelligence
(Al)-augmented programs reporting up to 16:1 (11, 15, 19, 20).
Electronic sitters encompass a spectrum of technologies within the
rapidly expanding Internet of Medical Things (IoMT), valued at
US$230.69 billion globally in 2024 (21). The dominant model is
human-staffed CVM/RVM, deployed through platforms such as
AvaSure/AvaSys TeleSitter (11, 22, 23), Ocuvera Automated Video
Monitoring System (AVMS) (24, 25), and Epic Monitor (13). In
this model, a centralized monitor technician observes live feeds
and intervenes verbally before unsafe patient movement. A rapidly
growing category includes AI- and computer-vision-augmented
systems that algorithmically detect bed-exit risk and issue
predictive alerts without continuous human observation. Examples
include SMART AI Patient Sitter (26), Verso Vision (27),
Oxehealth (28), and Artisight (29). Deep learning architectures in
these systems achieve up to 93% accuracy in fall detection
evaluations (5). Mateus et al. (30) argue that responsible AI-driven
monitoring requires explicit ethical frameworks addressing consent,

data security, and autonomy. Consumer-grade portable cameras
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are also used in resource-limited settings to extend monitoring
without centralized infrastructure (31).

Empirical evidence increasingly supports electronic sitters’
potential to reduce inpatient falls and sitter costs. Greeley et al.
(10) reported moderate-certainty evidence that video monitoring
reduced sitter utilization while either reducing or not affecting fall
rates. System-wide implementations of electronic sitters
demonstrated scalability, including deployments across 15 rural
critical-access hospitals and 13-hospital integrated networks (24, 25,
32). Significant reductions in sitter hours and cost savings have
been documented alongside fall reductions in programs using both
human-staffed and Al-augmented platforms (11, 23, 29, 33). Al-
augmented video review also shows promise for secondary
prevention, and Bayen et al. (34) found that algorithmic review of
fall events in a dementia managed-care setting enabled the
identification of cognitive-behavioral and environmental precursors
in high-risk multi-fallers, supporting targeted intervention.
International implementations in Malaysia (26), Italy (27), Australia
(31), and the United Kingdom (UK) (28) broaden the evidence
base. The broader RPM literature mirrors these findings: Tan et al.
(8), in a systematic review of 29 RPM interventions, found
consistent positive trends in patient safety and resource utilization,
though with less consistent impact on quality-of-life outcomes.

However, the promise of electronic sitters must be balanced
against documented challenges. Staff acceptance varies from
strong endorsement to a preference for in-person sitters (12,
35-37), with adoption differing substantially between units within
the same program (38). Device supply often falls short of eligible
patient demand, concentrating fall risk among unmonitored
patients rather than eliminating it (15, 18, 24). Privacy, dignity,
and informed consent present ethical and governance challenges:
camera-based monitoring in hospitals raises legitimate concerns
about patient rights, particularly for cognitively impaired patients
(39). Remote monitoring programs in the context of
telerehabilitation (40), COVID-19 home monitoring (16, 41), and
early-discharge programs with remote surveillance (42) reinforce
both scalability and implementation complexity.

Video-based observation has an established role in clinical
performance and safety assessment in high-risk environments such
as emergency departments and operating rooms (43). Al-based
platforms, such as Software as a Medical Device (SaMD), should
meet clinical performance, transparency, and surveillance
requirements for electronic sitter technology (44-46). Successful
electronic sitter interventions depend critically on organizational
than
leadership, multidisciplinary governance, structured training, and
electronic health record (EHR)-embedded eligibility algorithms are

consistent enablers (15, 29, 47, 48), while formal change-

infrastructure rather camera choice. Clinical nursing

management frameworks—Plan-Do-Study-Act (PDSA) cycles (13),
the Awareness, Desire, Knowledge, Ability, and Reinforcement
(ADKAR) model (15), and the Concerns-Based Adoption Model
(38)—have structured adoption in successful programs.

In light of the critical role of electronic patient surveillance and
prevention of falls and related injuries, and given the heterogeneity
of technologies, settings, populations, and study designs, a scoping
review was the most appropriate methodology to map the existing
literature about the use of electronic sitters for preventing falls and
fall-related injuries among hospitalized patients.
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2 Methods

This scoping review adhered to the methodological framework
for scoping reviews, initially proposed by Arksey and O’Malley
(49) and subsequently refined by Levac et al. (50). This
framework consists of five essential stages: identifying the
research question, identifying relevant studies, selecting studies,
charting the data, and collating, summarizing, and reporting the
results. Arksey and O’Malley (49) also suggested an optional
sixth stage, stakeholder consultation, which was not undertaken
for this review. Therefore, the findings presented reflect solely
the published literature and do not incorporate contextualization
from stakeholder perspectives. The review’s reporting followed
the Preferred Reporting Items for Systematic Reviews and Meta-
Analyses Extension for Scoping Reviews (PRISMA-ScR) (51).

2.1 Stage 1: identifying the research
question

This review was primarily designed to address the overarching
research question: What is known from the existing literature
regarding the utilization of electronic sitters for the prevention
of falls and fall-related injuries among hospitalized patients?

To facilitate a comprehensive exploration of this multifaceted
topic, the review was further guided by six complementary
research sub-questions:

1. What types of electronic sitter technologies have been used
to prevent falls and related injuries among hospitalized
patients?

2. How have electronic sitter interventions been implemented
to prevent falls and related injuries among hospitalized
patients?

3. What outcomes have been reported following the use of
electronic sitters among hospitalized patients?

4. How effective are electronic sitters in reducing patient falls
and fall-related injuries among hospitalized patients?

5. What are the reported barriers associated with the use of
electronic sitters in hospital settings?

6. What factors facilitate the implementation of electronic
sitters in hospital settings?

Consistent with the methodological guidance provided by Levac
et al. (50), the primary and sub-research questions, along with
the Population—Concept—Context (PCC) criteria, underwent
iterative refinement by the review team as their familiarity with
the emergent literature deepened. This iterative approach is a
defining characteristic of the Levac et al. (50) framework,
ensuring that the review question remains responsive and
optimally aligned with the evolving evidence base.

2.2 Stage 2: identifying relevant studies

A systematic search was conducted across the Cumulative Index
to Nursing and Allied Health Literature (CINAHL), Emcare,
Medical and Retrieval

Literature ~Analysis System  Online

Frontiers in Digital Health

10.3389/fdgth.2026.1969777

(MEDLINE), Scopus, and Web of Science. Manual searches
supplemented this using Google and Google Scholar. Inclusion
PCC framework. The
Population domain included hospitalized, inpatient, and acute-

criteria were delineated using the
care patients of all ages requiring observation for fall prevention.
The Concept domain referred to electronic sitter technologies and
related interventions, such as electronic sitters, e-sitters, esitters,
virtual sitters, telesitters, tele-sitters, remote patient monitoring
systems, video monitoring, continuous video monitoring, virtual
observation systems, and remote observation technologies. The
Context domain included hospitals, hospital settings, inpatient
units, acute care settings, medical wards, and surgical wards.

The search strategy combined the following terms using
Boolean operators: hospitalized patients, electronic sitters, hospital
settings, and falls. Searches were explicitly limited to studies
published in English from 2016 to 2026. Furthermore, database
searches were conducted from May 2026 to July 2026, with a
final update search completed in July 2026. Subject headings were
exploded where applicable (denoted by “exp” in MEDLINE and
“+” symbol in CINAHL) to retrieve narrower
terms. For example, exploding broad headings for falls, hospitals,

Emcare and by the

and telemedicine captured their narrower terms. This approach
ensured comprehensive coverage and improved reproducibility. In
Scopus and Web of Science, which lack hierarchical controlled
vocabularies, the same concepts were searched as free-text terms
in the title, abstract, and keyword fields (TITLE-ABS-KEY in
Scopus and Topic search in Web of Science). Consequently,
records describing electronic sitter technologies using terminology
not captured by the free-text terms (e.g., proprietary product
names) may not have been retrieved in these two databases,
which is acknowledged as a limitation.

Google and Google Scholar were used to identify gray literature
and unindexed records, including preprints, conference abstracts,
and quality-improvement reports. Neither platform supports
controlled vocabularies or term expansion, and Google Scholar
limits query length. Therefore, simplified keyword combinations
of the main concepts (e.g., “virtual sitter” or “telesitter” combined
with “fall” and “hospital”) were employed. Because results are
ranked by relevance and cannot be exported comprehensively, the
first 100 results from each Google Scholar search and the first 10
pages from each Google search were screened. This approach is
commonly used to make gray literature searching feasible, as
suggested by Haddaway et al. (52). The search strategy was
customized to each database, and the following is an example of
a MEDLINE Ovid search string:

Search 1 (Population)

1. exp Inpatients/ or exp Hospitalization/ or “hospitali?ed

patient*”.mp. or inpatient*.mp. or “acute care

patient*”.mp. or patient*.mp. or “admitted patient*”.mp.

Search 2 (Concept)

2. (“electronic sitter*” or e-sitter* or esitter* or “virtual
sitter*” or telesitter* or tele-sitter* or “remote patient
monitoring” or “video monitoring” or “continuous video

observation” or “video

monitoring” or “virtual

observation” or “remote observation”).mp.
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Search 3 (Context)

3. exp Hospitals/ or exp Hospital Units/ or exp Emergency
Service, Hospital/ or exp Intensive Care Units/ or
hospital*.mp. or “hospital setting*”.mp. or “inpatient

*2

unit*”.mp. or “acute care setting*”.mp. or ward*.mp. or

“medical ward*”.mp. or “surgical ward*”.mp. or

“emergency department*”.mp. or “intensive care unit*”.mp.
Search 4 (Outcome)

4. exp Accidental Falls/ or exp Fall Prevention/ or exp Patient
Safety/ or “patient fall*”.mp. or “inpatient fall*”.mp. or
“hospital fall*”.mp. or “fall prevention”.mp. or “fall
reduction”.mp. or “fall-related injur*’.mp. or “injury
prevention”.mp. or “patient safety”.mp.

Search 5 (Combination of search blocks)

5. 1 AND 2 AND 3 AND 4

2.3 Stage 3: study selection

Study selection was conducted in two distinct phases,
managed manually using a shared reference-management library
(EndNote, Version 21) and a spreadsheet. In the initial phase,
titles and abstracts were independently screened by two
reviewers against the eligibility criteria below. Studies were
included if they (a) involved hospitalized patients; (b) evaluated
an electronic sitter technology for patient monitoring; (c) were
conducted in any hospital setting; (d) reported at least one fall
or fall-related injury outcome; (e) were primary studies of any
design, quality improvement projects, or program evaluations
reporting original data, including gray literature such as
doctoral projects and conference proceedings; and (f) were
published in English between January 2016 and July 2026.
Studies were excluded if they (a) were conducted outside
hospital settings; (b) evaluated monitoring without electronic
or remote patient observation; (c) reported neither a fall or
fall-related injury outcome nor any other implementation
outcome related to electronic sitters used for fall prevention;
(d) were editorials, commentaries, letters, study protocols, or
reviews, or were conference abstracts without an available full
text; (e) were published in a language other than English; or
(f) were published outside the January 2016-July 2026
study period.

In the second phase, full texts of all potentially eligible records
independently assessed by two
disagreements regarding eligibility were

were reviewers, and all

resolved through
structured discussion between the two reviewers to consensus;
no third reviewer was involved in adjudication. Reasons for
exclusion at the full-text stage were meticulously recorded. The
entirety of the study selection process is transparently reported
using a PRISMA-ScR flow diagram, which systematically
documents the number of records identified, duplicates
removed, records screened, records excluded at the title/abstract

stage, full texts assessed, full texts excluded with specific reasons,
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and the final number of studies ultimately included in the
review. Study selection was directed by the review question, and
the methodological rigor of eligible studies was appraised using
the Mixed Methods Appraisal Tool (MMAT), version 2018 (53).
The MMAT was selected because it accommodates a broad
spectrum of research designs, namely qualitative studies,
randomized controlled trials, non-randomized quantitative
studies, quantitative descriptive studies, and mixed-methods
studies (53). Each study was initially assigned to one of the
five MMAT design categories and subsequently scrutinized
against the criteria specific to that category, with each
criterion rated as “Yes,” “No,” or “Can’t tell.” No study was
excluded on the basis of its appraisal outcome; rather, the
MMAT ratings shaped the interpretation of the findings by
highlighting the methodological strengths and weaknesses of
the evidence base for electronic sitters for preventing falls and
fall-related injuries among hospitalized patients. Of 1,806
identified, 25 studies met

underwent thematic analysis (Figure 1).

records inclusion criteria and

2.4 Stage 4: charting the data

The review team collaboratively developed a standardized data
charting form to systematically extract and organize pertinent
information from the included studies. This form underwent
independent pilot testing by two reviewers on a purposive sample
of five included studies before finalization. Feedback garnered
from the pilot phase informed iterative refinements to the form,
thereby ensuring that all relevant variables were comprehensively
captured and that the form was clear, unambiguous, and feasible
to use. This iterative refinement is a distinguishing characteristic
of the Levac et al. (50) approach, setting it apart from more rigid

systematic review protocols. The finalized charting form
systematically captured the following wvariables: author(s),
publication year, country of origin, study title, setting

characteristics, population, sample size, study design (Table 1),
taxonomy of electronic sitter technologies and interventions
(Table 2), outcomes of electronic sitter interventions (Table 3),
facilitators (Table 4), and barriers (Table 5).

For the full set of 25 included studies, one reviewer (AH)
extracted data, and the second reviewer (GM) independently
verified them against the source publications; discrepancies were
resolved through discussion and correction against the original
source. During data charting, any information that was missing
or not reported in the included studies was recorded as “not
reported” or “not available,” rather than being inferred or
omitted from the charting tables.

2.5 Stage 5: collating, summarizing, and
reporting results

In accordance with the fifth stage of the methodological
framework proposed by Arksey and O’Malley (49), as enhanced
by Levac et al. (50), a two-pronged approach was employed,
combining a quantitative descriptive summary with a qualitative,
“descriptive-analytical” synthesis, in which data were deductively
coded against categories derived directly from this review’s

frontiersin.org
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FIGURE 1
PRISMA flow diagram

research questions. First, a quantitative descriptive summary was
generated. Second, a qualitative synthesis of the extracted data
was undertaken to characterize the scope of the evidence. AH
led the synthesis process, and both AH and GM collaboratively
reviewed the synthesized thematic categories. The process was
collaborative throughout, with discrepancies resolved through

Frontiers in Digital Health 05

iterative discussion between the two reviewers. The synthesis
describes the characteristics of the included studies, the taxonomy
of electronic sitter technologies and interventions, the outcomes of
electronic sitter interventions, and the facilitators of and barriers
to their implementation, giving an overarching perspective on the
literature landscape in line with the aim of this study.
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TABLE 1 Characteristics of included studies.

Author and
year

Country

Setting

Population

10.3389/fdgth.2026.1969777

Sample size

Study design

(54), 2019

245-bed community
hospital

Allen et al. (47), USA 2 medical-surgical units, Nursing staff; high-fall-risk | #n =51, 37, and 30 nurses (3 survey waves); = Quasi-experimental pre-
2023 acute care hospital inpatients patients (NS) post
Baez and Karl (35), | USA Medically complex unit, High-fall-risk inpatients; n =37 staff (25 nurses, 11 PCTs, 1 QI project; pre-post
2022 specialty/rehabilitation nursing/PCT staff unidentified staff); patients (NS)

hospital
Charles (13), 2023 USA 25-bed medical-surgical High-fall-risk adult n =64 patients (22 pre-, 42 post- QI project (PDSA

unit, community hospital | patients intervention) cycles); pre-post
Cook et al. (22), USA Level 1 trauma center ED | Adult ED patients at fall >80,000 patients screened (KINDER 1) QI project; pre-post
2020 risk
Cournan et al. (19), | USA 115-bed rehabilitation Fall-risk inpatients (brain 15 monitored beds (of 115); 3,641 Sequential cohort (pre-
2018 hospital injury unit) monitored vs. 5,788 non-monitored post)

patient-days
Danial et al. (26), Malaysia Acute stroke unit, public Hospitalized stroke n =30 patients Prospective single-arm
2025 hospital patients pilot
Davis and Carter- USA 30-bed orthopedic unit, High-fall-risk orthopedic n =34 patients; 30 staff QI project; pre-post
Templeton (55), community medical center | inpatients; staff
2021
Ergai et al. (36), USA 41 units, 4-hospital health | High-fall-risk inpatients; n =106 nurses; patients (NS) Quasi-experimental pre-
2024 system nursing staff post
Gervasi et al. (27), Ttaly Medicine and oncology Adult inpatients n =362 patients Retrospective
2025 wards, general hospital observational cohort
Hebb et al. (12), USA Medical-surgical units, Nurses, PCTs, nursing n =55 staff (31 nurses) Cross-sectional
2021 academic hospital assistants descriptive survey
Hogan Quigley etal. | USA 244-bed Magnet hospital, Adult inpatients at fall risk | n=93 patients QI project; pre-post
(18), 2022 hospital-wide (COVID-19)
Jones et al. (24), USA 15 small rural/critical High-fall-risk inpatients n =372 analyzed (221 baseline, 151 One-group pretest-
2021 access hospitals intervention) posttest, multi-site
Kalafus et al. (11), USA 137-bed long-term acute LTACH patients (altered n =448 patients Prospective cohort with
2025 care hospital mental status, high acuity) historical comparator
Kramer et al. (25), USA 17 sites, mixed hospital Fall-risk inpatients n = 2,473 monitored patients (17 sites) Case study; pooled pre-
2020 types post
Purvis et al. (38), USA 8 adult inpatient units, Adults requiring constant n =167 patients QI project (Concerns-
2018 academic medical center observation Based Adoption Model)
Sacks and Wong USA 4 campuses, academic Inpatients requiring 27 VCO cameras; mean 15.96-25.58 QI project (ADKAR
(15), 2025 health system constant observation patients/month model); pre-post
Sand-Jecklin et al. USA 4 medical-surgical units, High-fall-risk inpatients n=1,508 monitoring cases Quasi-experimental pre-
(33), 2016 academic medical center post
Sand-Jecklin et al. USA 4 medical-surgical units, Nursing staff, monitor n =130 staff; 7 technicians; 52 patients/ Mixed-methods,
(37), 2019 academic medical center technicians, patients/ families descriptive process
families evaluation

Sosa et al. (56), 2024 | USA 550-bed academic tertiary | High-fall-risk adult n=9,034 patients Retrospective,

care hospital inpatients historically controlled

cohort

Spano-Szekely et al. | USA Medical-surgical units, Adult fall-risk inpatients NS (hospital-wide; FY2014 vs. FY2016— EBP improvement

2017)

(PDSA); pre-post
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TABLE 1 Continued

Author and
year

Country

Setting
Tyransky et al. (29), | USA 53-bed rehabilitation/brain
nurses

2025 injury unit

Votruba et al. (23), USA 3 adult inpatient units,

2016 350-bed hospital (algorithm-selected)
Woltsche et al. (31), | Australia 3 wards across 2 tertiary
2022 hospitals nursing staff

Wright and Singh UK
(28), 2022

2 dementia inpatient wards

Zimbro et al. (32), USA
2024 (2 RPM, 11 non-RPM)

13-hospital health system
for fall risk

Population

Rehabilitation inpatients,

Adult inpatients

High-fall-risk inpatients;

Dementia inpatients; staff

Adult inpatients assessed

10.3389/fdgth.2026.1969777

Sample size Study design

Average of 44 nursing staff (range 24-63) | QI project (PDSA);
completed 7 anonymous surveys; patients

(NS)

single-center pre-post
n =828 patients Prospective descriptive
pre-post

494 monitoring episodes (nights); 31 Cohort study;
night-shift staff surveyed prospective pre-post
~11 patients per ward nightly; 12 staff Cohort study; pre-post

surveyed

174,511 pre- and 180,475 post- Quasi-experimental,
intervention visits (RPM: 22,343 and

21,504; non-RPM: 152,168 and 158,917)

controlled pre-post

Al artificial intelligence; ED, emergency department; EHR, electronic health record; JHFRAT, Johns Hopkins Fall Risk Assessment Tool; LTACH, long-term acute care hospital; NS, not

specified; PCT, patient care technician; PDSA, Plan-Do-Study-Act; QI, quality improvement; RPM, remote patient monitoring.

3 Results
3.1 Study characteristics

Twenty-five studies met the inclusion criteria. Most were
conducted in the United States of America (USA) (n =21, 84%),
with one each from Malaysia (26), Italy (27), Australia (31), and
the UK (28). Settings were most often medical-surgical units
(n=6) (12, 13, 33, 37, 47, 54), rehabilitation or brain-injury
units (n=3) (19, 29, 35), multiple units in one institution
(n=3) (18, 23, 38), or multiple hospitals (n=5) (15, 24, 25, 32,
36). Other settings included an emergency department (22) and
a dementia care unit (28). Samples ranged from 30 patients to
over 174,000 visits. Nine studies included staff (12, 28, 29, 31,
35-37, 47, 55). Quality-improvement or evidence-based practice
projects predominated (n=9) (13, 15, 18, 22, 29, 35, 38, 54, 55),
followed by cohort (n=6) (11, 19, 27, 28, 31, 56) and quasi-
experimental (n=4) (32, 33, 36, 47) designs; single studies used
a multi-site pretest-posttest design (24), a technical case study
(25), a descriptive pre-post evaluation (23), a single-arm pilot
(26), a staff survey (12), and mixed methods (37). Only two had
concurrent comparison groups (27, 32) (Table 1).

3.2 Taxonomy of electronic sitter
technologies and interventions
Electronic sitter technologies and interventions were
classified across seven dimensions: vendor platforms, sensing
modality, observation model (continuous vs. event-triggered),
fall detection (human vs. Al-assisted), monitoring location
(centralized vs. unit-based), observer type (dedicated vs.
bedside staff), and monitoring ratio and escalation (Table 2).
By technology or vendor platform, AvaSure systems (n=3) (11,
22, 23) and the Ocuvera automated video monitoring system
(n=3) (24, 25, 47) were most frequent. Six further platforms

were each evaluated once: the SMART AI Patient Sitter (26),
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Verso Vision (27), Oxehealth (28), Artisight-enabled virtual
patient observation with a Virtual Nurse (29), Epic Monitor
(13), and repurposed Uniden baby monitors (31). Thirteen
studies did not name the platform for CVM/RVM (12, 15, 18,
19, 32, 33, 35-38, 54-56).

For sensing modality, standard camera or video technology
predominated (n=20) (11-13, 15, 18, 19, 22, 23, 27, 29, 31-33,
35-38, 54-56). Depth sensors were used in three studies of one
platform (24, 25, 47), whereas multimodal optical-thermal
imaging (26) and non-displaying infrared computer vision (28)
each appeared once. For observation delivery, continuous
human observation of a live feed was dominant (n=16) (11-13,
15, 18, 19, 22, 23, 32, 33, 36-38, 54-56). Event-triggered review,
in which automated alerts prompted human review, occurred in
eight studies (24-29, 31, 47), and one study used intermittent,
non-automated review by existing unit staff (35). For fall
detection, most studies relied solely on human visual judgment
(n=17) (11-13, 15, 18, 19, 22, 23, 32, 33, 35-38, 54-56). Seven
studies used Al-assisted detection (24-29, 47), and one used
rule-based motion- and without
algorithms (31). Danial et al. (26) used a residual network

sound-triggered alerts
(ResNet)-based convolutional neural network to detect bed exits
and falls and a You Only Look Once (YOLO)-based model to
recognize staff (Table 2).

By location, monitoring was most often centralized in a
dedicated room or off-site center serving multiple units (n = 16)
(11-13, 15, 18, 19, 22, 23, 26, 29, 32, 33, 36-38, 56). Unit- or
ward-based monitoring (n=4) (28, 35, 47, 55) and decentralized
models, with alerts sent to staff mobile devices or devices
carried on rounds (n=4) (24, 25, 27, 31), were less common.
For staffing, a dedicated observer role, such as a video monitor
technician or telesitter, was created in 14 studies (11-13, 15, 18,
19, 22, 23, 29, 32, 33, 36, 37, 55), whereas existing bedside staff
responded in eight (24-28, 31, 35, 47), and three combined both
(38, 54, 56). Patient-to-observer ratios ranged from 6:1 to 15:1,
with 11:1 to 15:1 reported most frequently (n=11) (11, 12, 19,
22, 23, 32, 33, 36, 37, 54, 56); one study reported a dashboard
capacity of 16:1 (29), and four reported ratios of 10:1 or lower
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TABLE 2 Technology taxonomy of electronic sitter interventions.

Studies Studies

Technology taxonomy

(n)

Descriptions of features

Country

Technology or vendor

Ocuvera AVMS (n=3) Kinect depth cameras predict bed exits; de-identified USA (24, 25, 47)
silhouettes protect privacy.
AvaSure Systems (AvaSys (n=3) Non-recording cameras with two-way audio; tiered USA (11, 22, 23)
TeleSitter; AvaSure Guardian) escalation to second responder.
SMART AI Patient Sitter (n=1) Al optical sensor detects bed exits and falls; blurred Malaysia (26)
images protect privacy.
Verso Vision (n=1) AT computer vision with smartphone alerts for bed exits | Italy 27)
and falls.
Oxehealth (n=1) Contact-free infrared sensor tracks vital signs; no UK (28)
continuous video feed.
Artisight-enabled VPO + Virtual (n=1) Al-augmented in-room cameras with fall-risk indicators | USA (29)
Nurse and Virtual Nurse.
Epic Monitor (Virtual Sitter) (n=1) EHR-integrated cameras with two-way audio; one sitter | USA (13)
observes up to 10 patients.
Uniden Baby Monitors (n=1) Low-cost baby monitors with motion/sound alerts; Australia (31)
overnight use only.
Technology or Vendor for CVM/ (n=13) Live-feed cameras with two-way audio; technicians USA (12, 15, 18, 19, 32, 33, 35-38,
RVM (NS) monitor 6-15 patients. 54-56)
Sensing modality
Depth sensor (n=3) Kinect depth cameras generate de-identified silhouettes | USA (24, 25, 47)
for bed-exit prediction.
Multimodal (optical + thermal) (n=1) Fisheye and thermal cameras detect bed exits, falls, staff | Malaysia (26)
presence.
Infrared/other sensor (non- (n=1) Infrared video sensor tracks vital signs without UK (28)
displaying computer vision) continuous display.
Standard camera/video (n=20) Live cameras with two-way audio (12, 29, 33, 36, 37, 55); | USA, Italy, Australia (11-13, 15, 18, 19, 22, 23, 27,
infrared night vision (23, 38), Al-processed (27). 29, 31-33, 35-38, 54-56)

Continuous human observation vs. event-triggered review

Continuous human observation (n=16) Technicians continuously watch live video and intervene | USA (11-13, 15, 18, 19, 22, 23, 32,
via two-way audio. 33, 36-38, 54-56)

Event-triggered/intermittent review (n=1) Unit nurses checked video intermittently; no automated | USA (35)

(non-automated) trigger.

Automated alert followed by (n=28) Sensor-triggered alerts, including AI and motion/sound | USA, Malaysia, Italy, (24-29, 31, 47)

human review

systems, prompt staff review.

Australia, UK

Al-assisted vs. automated detection

Al-assisted (n=7) Machine-learning or neural-network detection of bed USA, Malaysia, Italy, (24-29, 47)
exits and falls. UK
Automated/rule-based (non-Al) (n=1) Motion/sound-triggered alerts; no AI detection. Australia (31)
Human-only monitoring (n=17) Detection relies entirely on human observation. USA (11-13, 15, 18, 19, 22, 23, 32,
33, 35-38, 54-56)
Centralized vs unit-based monitoring
Centralized monitoring (n=16) Monitoring consolidated in one room or off-site center. | USA, Malaysia (11-13, 15, 18, 19, 22, 23, 26,
29, 32, 33, 36-38, 56)
Unit/ward-based monitoring (n=4) Alerts go directly to single-unit staff; no central hub. USA, UK (28, 35, 47, 55)
Decentralized monitoring (n=4) Alerts pushed to staff mobile devices; no fixed location. | USA, Italy, Australia (24, 25, 27, 31)

Frontiers in Digital Health

08

(Continued)

frontiersin.org


https://doi.org/10.3389/fdgth.2026.1969777
https://www.frontiersin.org/journals/digital-health
https://www.frontiersin.org/

Harerimana and Mchunu

TABLE 2 Continued

Studies
(n)

Technology taxonomy

Descriptions of features

10.3389/fdgth.2026.1969777

Country Studies

Dedicated observer vs existing bedside staff

Dedicated observer/monitoring (n=14) Dedicated monitoring role separate from bedside USA (11-13, 15, 18, 19, 22, 23, 29,
staff nursing. 32, 33, 36, 37, 55)
Existing bedside nurses/clinical (n=28) Bedside nurses or ward staff handle alerts. USA, Malaysia, Italy, (24-28, 31, 35, 47)
staff Australia, UK
Both dedicated and existing staff (n=3) Dedicated monitors and bedside staff work side by side. | USA (38, 54, 56)
Monitoring ratio and escalation
<10:1 patient-to-observer (n=4) - Ratios from 6:1 (38) to 10:1 (13, 15, 18). USA (13, 15, 18, 38)
- Verbal redirection, then phone alert to bedside nurse.
11:1-15:1 patient-to-observer (n=11) - Ratios of roughly 8-12:1 (12), 12:1 (11, 22, 36), 10— USA (11, 12, 19, 22, 23, 32, 33, 36,
12:1 (33), 6-12:1 (37), and 15:1 (19, 56). 37, 54, 56)
- Tiered escalation; mean response times were 3.49 s
(range, 0.10-28.77 s) (11).
16:1 dashboard capacity (n=1) - Dashboard capacity 16:1 (29); actual average 9.6:1. USA (29)
- Escalation to primary RN after >3 failed redirections.
Device-capacity based, no fixed (n=1) - Screens show up to four patients; nurses Australia (31)
staff ratio carry devices.
- Direct, immediate nurse attendance.
Automated alert direct to existing (n=6) - Al-automated systems. Median staff response time to | USA, Malaysia, Italy, (24-28, 47)

staff (no observer ratio) alerts was 21 s (26)

UK

- Predictive systems gave a median 28-28.5-s warning

before unattended bed exit (24, 25)

(13, 15, 18, 38). In six studies, automated alerts went directly to
existing staff without a human observer (24-28, 47). Escalation
was typically tiered, progressing from verbal redirection via two-
way audio to notifying the bedside nurse and, if unresolved,
triggering an alarm or emergency response (11, 12, 19, 22, 23,
32, 33, 36, 37, 54, 56); the mean technician response time was
3.49s (range, 0.10-28.77s) (11). Among automated systems
(24-28, 47), median staff response time to alerts was 21 s (26),
and predictive systems gave a median warning of 28-28.5s
before an unattended bed exit (24, 25).

3.3 Outcomes of electronic sitter
interventions

Outcomes were mapped across 10 categories: fall incidence,
unassisted falls, falls with injury,
unattended bed exits, detection accuracy, cost reduction, staffing

moderate-severity falls,

and sitter hour reduction, technology acceptance and
satisfaction, and emergency admissions, length of stay, and
mortality (Table 3). Most studies reported more than one
definitions,  denominators,
analytic  approaches

considerably, and most evaluations used single-site, uncontrolled

outcome; however, outcome

observation  periods, and varied
pre-post or quality-improvement designs. Consistent with a
scoping review approach, findings are therefore synthesized
descriptively to characterize the extent and nature of the

evidence, rather than pooled to estimate effectiveness.
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3.3.1 Fall incidence

Falls were the most frequently reported outcome (n=22)
(11, 13, 15, 18, 19, 22-29, 31-33, 35, 36, 38, 54-56), and most
studies from the USA, Italy, Malaysia, the UK, and Australia
reported falls
significant reductions were observed across human-staffed, AI-

fewer after implementation. Statistically
augmented, and hybrid models, ranging from 25.1% (P =.02)
(11) to 79% [incidence rate ratio (IRR): 0.21, 95% confidence
interval (CI): 0.12-0.38, P<.0001] (27), with most between
28.5% and 48% (23, 28, 32, 33);
admission was also associated with lower adjusted odds of
falling [odds ratio (OR) 0.49, P<.001] (56). However, the

strength of the evidence was uneven. Reductions of 54%—100%

post-implementation

were supported only by descriptive comparison, statistical
process control, or post hoc power analysis (26, 29, 54, 55),
and the effect of video monitoring could not be isolated
within multicomponent bundles (22, 54). Two evaluations
found a non-significant 25% reduction (P=.18) (22) or
essentially no change in fall rates (36). Benefits also appeared
concentrated in high-risk patients (P <.001, compared with
P=.301 in low- to moderate-risk patients) (32) and on
particular wards (31), and residual falls clustered among
unmonitored patients (11, 15, 23, 26, 31, 33, 35, 54); in one
study, 68.3% of falls involved patients who did not meet 1:1
sitter criteria (11). Effectiveness therefore appeared bounded
by device coverage and responder capacity as much as by the
technology itself.
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TABLE 3 Outcomes of electronic sitter interventions.

Outcome measured Studies  Key findings on the effectiveness of virtual Country Studies

(n) sitting

Falls (n=22) - Significant reductions of 25%—48% (11, 23, 28, 32, 33)

Largest: 79% (27); 59% (29); adjusted OR 0.49 (56).

USA, Italy, Malaysia,
UK, Australia

(11, 13, 15, 18, 19, 22-29,
31-33, 35, 36, 38, 54-56)
- Weaker evidence: non-significant 25% (22); no change (36);

descriptive 100% (55); bundled 54% (54); post hoc 83% (26)

Unassisted falls (n=5) -

- 46%-54% reductions in multi-site analyses (24, 25); 862 falls

42% reduction in targeted unassisted falls (P=.007) (47). USA (15, 24, 25, 32, 47)

averted (32).

Falls with injury (n=10)

serious harm in UK (28).

Significant reductions of 39%—78% (22, 24, 25, 36); no

- Non-significant: 10.5% vs. 8.5% (11); 47.4% reduction (32).

USA, UK (11, 13, 22, 24, 25, 28, 32,

33, 36, 55)

Moderate-severity falls

Moderate-harm falls fell 82% (7.0-1.2 per year) (28). UK (28)

Unattended bed exits
(24).

+639% (25).

Mobile cameras: unattended bed exits fell 89% (P =.018) USA

- Fixed cameras: 649% increase (P =.043) (24); companion

(24, 25)

Detection accuracy (n=4) -

>70% (24, 25).

Depth sensor: 97.4-98.4% sensitivity; PPV 56%—59%, later

- Al optical sensor: 100% detection, 4.66% false alarms (26).

- Al vision caught all five falls, no false alarms (27).

USA, Malaysia, Italy (24-27)

Cost reduction (n=13) -

System-wide: $160,234-$3.2M (11); $2.09M/year (32).
- Single-unit: $210,912/year (38); $84,000/year (54).
- Payback within 12 months (19); >$800,000/year (56).

Australia, USA (11, 13, 15, 18, 19, 23,

31-33, 38, 54-56)

Staffing and sitter hour (n=16)

reduction

sitters (24-27, 47).

Sitter hours/FTEs fell 10% (23) to 90%—91% (11, 29).
Reductions: 6.76 FTEs (38); 72% (54).

- Offsets: technician shifts (33); full automation removes

(11-13, 15, 18, 23-27, 29,
33, 36, 38, 47, 54)

Italy, Malaysia, USA

Technology acceptance and (n=8) -

satisfaction (19, 35).

over time (47).

acceptance moderate (36).

Satisfaction ranged 47%-97% (12), (31); 81%-85% favorable

- 73%-100% found monitoring effective (37); usefulness rose

- Ease of use correlated with usefulness (r=0.77) (12);

Australia, USA (12, 19, 29, 31, 35-37, 47)

Emergency admissions, length (n=2)

of stay, and mortality -

A&E admissions fell 68%; paramedic visits fell 49% (28).
Fallers stayed longer: median 12 vs. 7 days (56).
- No mortality difference (12% vs. 12%) (56).

UK, USA (28, 56)

3.3.2 Unassisted falls

Unassisted falls were reported in five USA studies (15, 24,
25, 32, 47). Only one study, which targeted bed-origin falls
with an automated system, reported a statistically significant
reduction of 42% (1.71-1.0 per 1,000 patient-days, P =.007)
(47), whereas a larger multi-site evaluation found a non-
significant 54% reduction (P=.214) (24) and its companion
pooled analysis reported a consistent decrease of
approximately 46%-54% (25). The remaining evidence was
indirect: 90% of patients with unassisted falls met virtual-
observation eligibility criteria in one study (15), and an
estimate of 862 averted falls in another was extrapolated rather

than directly measured (32). Inconsistent terminology, with
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some studies reporting “unwitnessed” rather than “unassisted”
falls, further limited comparability.

3.3.3 Falls with injury

Ten studies from the USA and the UK reported falls with
injury (11, 13, 22, 24, 25, 28, 32, 33, 36, 55), mostly using
National Database of Nursing Quality Indicators (NDNQI) or
Agency for Healthcare Research and Quality (AHRQ)
definitions. Statistically significant reductions were confined to a
minority, ranging from 39.15% (P =.006) (36) to 66% (P <.05)
(22), alongside a shared 78% reduction (P=.025) across
automated-system deployments (24, 25). Two studies reported
zero injurious falls among video-monitored patients (13, 33),
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TABLE 4 Facilitators of implementation.

Facilitating factors Studies Key findings Country Studies
(n)
Leadership engagement and (n=13) - Multidisciplinary steering committees and unit-level USA (11, 13, 15, 18, 22, 29,
multidisciplinary governance nurse-manager champions coordinated rollout and 32, 33, 35, 36, 38, 47,
accelerated adoption. 54)
- Visible executive commitment, staff involvement and IT
support built buy-in and sustained investment.
Structured staff training and education (n=13) - Structured curricula and tiered superuser training Australia, Ttaly, (15, 18, 19, 23, 24, 26,
supported confident adoption (15, 18, 23, 29, 38, 47). Malaysia, USA 27, 29, 31, 33, 38, 47,
- Targeted retraining and eligibility guidance improved 55)
technician performance and appropriate use (23, 33, 55).
Formal change-management or (n=6) - PDSA cycles iteratively refined eligibility criteria and USA (13, 15, 29, 37, 38, 54)
improvement frameworks workflow (13, 29, 54).
- ADKAR (15), Concerns-Based Adoption (38) and Larrabee
(37) models guided rollout, engagement and evaluation.
Structured eligibility algorithms and (n=13) - EHR decision support and validated fall-risk criteria Italy, Malaysia, (11, 13, 15, 18, 19, 23,
EHR/clinical-decision-support automated and standardized patient selection (13, 15, 32). | USA 26, 27, 32, 33, 36, 54,
integration - Pre-launch workgroups co-developed algorithms (23, 33); 56)
waitlist and nurse-driven criteria prioritized highest-need
patients (11, 56).
Privacy-preserving design and (n=4) - Non-recording, live-feed-only design with pause capability | Italy, UK, USA (27, 28, 33, 35)
stakeholder trust-building addressed privacy concerns and built trust (33, 35).
- Purpose-built, contact-free monitoring maximized comfort
and acceptance among dementia and oncology patients
(27, 28).
Effective escalation protocols and (n=5) - Tiered escalation protocols with a second responder USA (19, 22, 23, 32, 55)
technician-to-bedside-staff flagged unattended high-risk patients (22, 23).
communication - Defined technician roles and escalation education
improved communication and system-wide scale-up (19,
32, 55).
Data-driven feedback loops and (n=28) - Fall data (38), staff feedback (15, 35) and prior-deployment | UK, USA (12, 15, 19, 23, 25, 28,
iterative refinement outcomes (28) built leadership support. 35, 38)
- Metrics and learning-curve data improved performance;
ease of use correlated with usefulness (12, 23, 25).

whereas other changes did not reach significance, including 10.5%
versus 8.5% (P=.39) (11) and a 47.4% reduction (P =.432) (32).

3.3.5 Unattended bed exits

Because injurious falls were rare events in mostly small, single-
site samples, studies were generally underpowered, and severity
breakdowns were inconsistently reported, with one UK study
using a facility-specific harm scale that recorded no serious
harm (28). The evidence therefore suggests a favorable direction
of effect on fall-related harm, but with limited certainty.

3.3.4 Moderate-severity falls

Only one UK study distinguished moderate-severity falls,
using a facility-specific rather than an NDNQI-based harm scale
(28). It reported an 82% reduction in moderate-harm falls, from
an annualized rate of 7.0-1.2 (28). Although this reduction was
substantial, reliance on a single study and a non-standard
classification means that the effect of electronic sitters on fall
severity remains largely unexamined.
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Unattended bed exits were examined in two USA analyses of
the same automated depth-sensor platform (24, 25), and
outcomes depended on deployment configuration. Exits fell by
89% at sites using mobile cameras that allowed staff to intervene
(P=.018) but increased paradoxically by 649% at fixed-camera
sites (P=.043) (24), with the companion analysis reporting
consistent figures (—89% and +639%) (25). The authors
attributed the increase to expanded surveillance capturing low-
risk patients safely leaving bed (24), indicating that process
measures captured by monitoring reflect

systems may

surveillance intensity rather than changes in patient risk.

3.3.6 Detection accuracy

Detection accuracy was reported only for Al-augmented
platforms (n=4) evaluated in the USA, Malaysia, and Italy
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TABLE 5 Barriers to implementation.

Studies Studies

(n)

(n=8) -

Barriers and Key findings

challenges

USA (11, 18, 19, 22, 24,

32, 33, 38)

Limited device or equipment Limited devices covered only 13% of beds (19) and 20%—25% of high-

supply relative to demand risk patients (22).
- Small camera pools (5-12 units) (18, 32, 38), forced inconsistent

rationing (24), waitlisting (11) and too few monitored rooms (33).

Staff resistance and preference Staff preferred in-person sitters (only 12.73% rated video equal) (12) Australia, USA (12, 13, 15, 31, 38)

for in-person alternatives and stayed skeptical after go-live (15).
- A culture shift (38) and initial eligibility uncertainty (13) were barriers;

portable-monitor uptake varied (34.8% vs. 85.4%-92.9%) (31).

Technology and equipment (n=7) - Software errors (11), camera-upgrade distortion (25) and single-page Australia, (11, 25, 26, 29, 31,

limitations paging (37) undermined reliability; audio-only felt impersonal. Malaysia, USA 36, 37)
- Off-the-shelf hardware and procurement constraints delayed rollout
(31, 36); Al needed 4-week calibration (29) and better motion
detection (26).
(n=8) - (11, 15, 23, 26, 31,

33, 35, 54)

Australia,

Malaysia, USA

Coverage gaps and under- Most falls involved unmonitored patients (11, 23, 33); 90% of

monitoring unassisted fallers were eligible but unmonitored (15).

- Without dedicated observers, only 50.9% of alerts were attended (26,

31); intermittent and cluster monitoring proved inconsistent (35, 54).

Cost and resource constraints (n=6) - Upfront implementation, staffing and hardware costs were substantial | USA (18, 19, 23, 33, 35,

(19, 35), about $14,561 per 15-patient unit (56).

56)

- Sitter or fall savings did not fully offset costs (23, 33); ignoring

equipment ROI understated true cost (18).

Environmental/setting-specific
disruptions

(47).

COVID-19 limited room access (36), forced rapid rollout (18), delayed

USA (18, 22, 32, 36, 47)

expansion (32); 36.7-37.8% of nurses deprioritized implementation

- Emergency department volume, acuity, layout and poor sightlines

made monitoring harder than on inpatient units (22).

(24-27). One achieved 97.4-98.4%
sensitivity, with positive predictive value improving from 56.4%—

depth-sensor  system
59.4% in early deployments to over 70% later and median alert
lead times of 28-28.5s (24, 25), indicating that algorithmic
performance matured with local use and refinement. An Al
optical-sensor system reported 100% detection, a 4.66% false-
alarm rate, 95.34% accuracy, and a 21-s median response time
(26), and an AI computer-vision system flagged all five falls
although this
qualitatively (27). Because these findings derive from few

without false-positive alerts, was reported
evaluations using heterogeneous metrics, the generalizability of

reported accuracy to other settings remains uncertain.

3.3.7 Cost reduction

Cost outcomes were reported in 13 studies from the USA and
Australia (11, 13, 15, 18, 19, 23, 31-33, 38, 54-56) and generally
indicated that savings from reduced 1:1 sitter use exceeded
the of
deployment. System-level projections were the largest, ranging

implementation costs. Savings scaled with level
from more than $800,000 annually (56) and nearly $1 million
after the first year (15) to $2.09 million annually (32) and up to
$3.2 million when fall-related costs were included (11). Single-
unit programs reported more modest savings, typically between

approximately $84,000 and $226,000 (18, 19, 38, 54), with
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payback within 12 months to two years (18, 19), and as little as
$12,097 in one program (13). Net benefit was not universal, as
savings were partly or fully offset by the cost of new monitoring
staff in some programs (23, 33), and one study reported
equipment costs without estimating savings (31). Cost estimates
relied heavily on projections and differing assumptions, and
inconsistently included equipment, staffing, and fall-related
costs, which limits comparability across studies.

3.3.8 Staffing and sitter hour reduction

Staffing outcomes were reported in 16 studies from the USA,
Italy, and Malaysia (11-13, 15, 18, 23-27, 29, 33, 36, 38, 47, 54).
Programs using dedicated observers reported reductions in 1:1
sitter hours or full-time equivalents (FTEs) ranging from 10%
(23) to 90%—91% (11, 29), including 4,879.5 net sitter hours
saved (18), a 6.76 FTE reduction (38), and 72% less sitter use
(54), while one study estimated that 42.7% of technicians could
be freed from 1:1 assignments (15). These gains were, however,
partly offset by the new observer workforce: sitter-shift savings
were offset by new technician shifts in one study (33), a 12:1
central program required 51.6 FTEs (36), and nurses were still
pulled from staffing 65.45% of the time in another (12). Fully
automated systems that routed alerts to existing nurses avoided
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dedicated sitter staffing altogether but did not quantify the
additional workload placed on bedside staff (24-27, 47).

3.3.9 Technology acceptance and satisfaction

Eight studies from the USA and Australia assessed staff

perceptions (12, 19, 29, 31, 35-37, 47), mostly through
researcher-developed  surveys, with few wusing validated
technology-acceptance instruments (12, 36, 47). Reported

perceived value or satisfaction varied widely, from 47.27% (12)
to 97% (31), although most studies reported favorable views,
with 81% of staff reacting favorably (19), 85% rating monitoring
as valuable (35), and 73%—100% believing video monitoring was
effective (37). Acceptance was moderately positive using the
Remote Visual Monitoring Acceptance Tool (RVMAT), with a
mean of 3.38/5 (36) and increased with exposure, as perceived
usefulness rose significantly across survey waves [t(10)=4.74,
P <.05] (47); perceived ease of use was also strongly correlated
with usefulness (r=0.77) (12). Acceptance was not unequivocal,
however, as staff in one study preferred in-person sitters over
(P=.0003) (12).
perspectives were rarely captured, with only one study reporting

video monitoring Patient and family

patient-experience outcomes (29).

3.3.10 Emergency admissions, length of stay, and
mortality

Two studies from the UK and the USA reported healthcare
utilization and clinical outcomes beyond falls (28, 56). In a UK
dementia inpatient setting, accident and emergency admissions fell
significantly by 68% (P<.02), whereas the 49% reduction in
paramedic visits was not statistically significant (P<.2) (28). In a
USA study, patients who fell had a longer length of stay than those
who did not (median 12 vs. 7 days, P <.001) but similar mortality
(12% wvs. 12%, P>.9) (56), indirectly linking fall prevention to
hospital utilization. No study reported hospital readmission.

3.4 Facilitators of electronic sitter
implementation

Facilitators spanned seven overlapping domains, and most
studies reported more than one (Table 4). Leadership and
multidisciplinary governance were the most frequently cited
(n=13), operating
committees, executive sponsorship, unit champions, and explicit

through  cross-departmental steering
leadership communication and commitment (11, 13, 15, 18, 22,
29, 32, 33, 35, 36, 38, 47, 54). Equally common was structured
education (1 =13), which ranged from brief orientation to 8-h,
3-day, or multi-week programs, often with tiered superuser
models; alarm-fatigue training, data-informed retraining, and
written documentation supported performance, whereas low
training burden was itself a facilitator for portable and
computer-vision systems (15, 18, 19, 23, 24, 26, 27, 29, 31, 33,
38, 47, 55). Implementation was further anchored in a named
improvement framework in six studies, including ADKAR, the
Concerns-Based Adoption Model, the Larrabee Model, and a
Kaizen event with external coaching (13, 15, 29, 37, 38, 54), and
PDSA cycles were most common (13, 29, 54).
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At the operational level, 13 studies cited structured eligibility
algorithms or EHR decision support, including Morse-triggered
alerts, eligibility reports, decision trees, embedded fall-risk
device wait-lists,

instruments, and explicit initiation and

typically by
interdisciplinary groups and refined iteratively (11, 13, 15, 18,
19, 23, 26, 27, 32, 33, 36, 54, 56). Acceptance was supported by
privacy-preserving design in four studies, including non-

discontinuation criteria, co-developed

recording cameras, pause/block safeguards, and contact-free
sensing suited to people with dementia and well accepted by
medical and oncology patients (27, 28, 33, 35). To ensure timely
bedside response, five studies credited clear escalation and
communication  protocols, including designated second
responders, fallback alarms or in-person observers when devices
were fully used, defined technician roles, and escalation training
(19, 22, 23, 32, 55). Finally, eight studies fed data back into
programs, using fall data to address staff concerns, staff and
family feedback to sustain investment and guide vendor
selection, performance metrics to refine Al systems, and prior
deployment outcomes (755 nights without adverse events) to

support expansion (12, 15, 19, 23, 25, 28, 35, 38).

3.5 Barriers to electronic sitter
implementation

Barriers spanned six overlapping domains, and most studies
reported more than one (Table 5). The most consistently
quantified was insufficient device supply (n=8), necessitating
waitlisting and reassignment and sometimes diverting fixed
cameras to lower-risk patients (11, 18, 19, 22, 24, 32, 33, 38).
Only 2 of 36 devices served the emergency department, covering
20%-25% of high-risk patients (22); 15 of 115 beds (13%) could
be monitored at once (19); and only 10 (18) or 12 (32) cameras
supported hospital- or system-wide rollouts. Beyond supply, five
studies reported staff resistance or preference for in-person
sitters, including the need for a “culture shift,” persistent
skepticism, and uncertainty about eligibility (12, 13, 15, 31, 38).
Only 12.73% of staff considered video monitoring as effective as
a sitter (12). Portable-monitor uptake was 34.8% on one ward
versus 85.4%—-92.9% on two others, with lower alert response on
the low-uptake ward (31). Coverage gaps and under-monitoring
were reported in eight studies, with falls clustering among
eligible patients who were awaiting a device, not yet connected,
15, 23, 26, 31, 33, 35, 54).
Technology limitations further constrained use in seven studies,

or outside camera view (11,

including impersonal audio, camera image distortion, single-
page paging, consumer-grade hardware constraints, wireless and
procurement delays, four-week AI calibration, and difficulty
detecting rapid movements (11, 25, 26, 29, 31, 36, 37), and
software errors caused 33 of 447 discontinuations (7.4%) (11).

Cost was a further barrier in six studies, including upfront
implementation and staffing costs, savings that did not fully
offset new staffing costs, and analyses omitting equipment costs
(18, 19, 23, 33, 35, 56), and hardware costs were approximately
$14,561 (2020 USD) per 15-patient unit (56).

Five studies reported disruption from COVID-19, which
limited room access, forced accelerated rollouts, and halted data
collection, or from emergency department layout and volume

frontiersin.org


https://doi.org/10.3389/fdgth.2026.1969777
https://www.frontiersin.org/journals/digital-health
https://www.frontiersin.org/

Harerimana and Mchunu

(18, 22, 32, 36, 47). During pandemic surges, 36.7—-37.8% of nurses
reported that implementation was not a priority (47).

4 Discussion

Across 25 studies, electronic sitters showed potential for
scalable reductions in falls and costs, but the benefit was
conditional. Human-staffed continuous video monitoring
predominated (11-13, 15, 18, 19, 22, 23, 32, 33, 3638, 54-56),
with Al-supported systems in a minority (24-29, 47), at ratios
of 6:1-15:1 (11, 12, 19, 22, 23, 32, 33, 36, 37, 54, 56) and a
maximum capacity of 16:1 in one system (29). Al-augmented
systems detected bed exits with 97.4-98.4% sensitivity and 28—
28.5 s lead times (24, 25), consistent with the 93% deep-learning
accuracy reported by Taramasco et al. (5), and Hruby et al. (4)
confirmed that unobtrusive camera- and depth-sensor systems
monitor falls without disruption. Electronic sitter programs
differed less in sensors than in how work was organized around
them: who watches, how alerts escalate, who responds, and how
the program is integrated into the existing staffing and fall-
prevention workflows (18). A sociotechnical systems approach to
patient journey and safety highlights the need for multiple
perspectives, people, tasks,
designed jointly (57). In health technology implementation,

with technology, and context

realist Context—-Mechanism—Outcome (CMO) thinking explains

vary
encompasses the conditions in which a technology is introduced,

why and how outcomes across  settings. Context

including organizational ~arrangements, professional norms,

available resources, workflow characteristics, and the wider
institutional environment (58—61). Technologies provide resources
and opportunities that, in particular contexts, shape users’
reasoning and responses. These resource-reasoning interactions,
rather than technical features alone, constitute mechanisms (59).
These help different

trajectories, adoption, adaptation,

abandonment, and workarounds, with potential implications for

interactions explain implementation

including nonadoption,
patient safety and clinical efficiency (58, 61, 62). Technology-
related working conditions may also affect staff well-being, and
poor usability of digital health tools is associated with burnout (63).

Electronic sitters reached a broader range of settings and
populations at risk of falls, including emergency departments
(22), dementia wards (28), and rehabilitation units (19, 29, 35).
Fall-risk instruments are commonly used to assess patients,
including the Morse Fall Scale (13, 56), the Johns Hopkins Fall
Risk Assessment Tool (32, 55), and the Hendrich II (33).
Additional eligibility drivers included confusion, agitation, and
COVID-19 isolation status (11, 15, 18, 35, 47). In this review,
significant fall reductions ranged from 25.1% (11) to 79% (27),
yet the largest effects rested on weak designs: an 83.33%
reduction from post hoc power analysis (26) and six-week
elimination that was descriptive (55). Only four studies showed
significant injury reductions (22, 24, 25, 36).

Evidence is promising in falls prevention and reduction but
inconsistent, a pattern also seen in mental health surveillance
sensing, where Griffiths et al. (64) and
Kristoffersson and Linden (65) found weak evidence. Video

and wearable

review can nonetheless support secondary prevention, as Bayen
et al. (34) showed in dementia care. Three mechanisms may
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explain the inconsistency. Monitoring alters vigilance and
documentation (the Hawthorne effect) (66), as the paradoxical
rise in recorded unattended bed exits suggests (24, 25). Effects
depend on context (67), with device coverage and responder
capacity determining whether alerts become interventions (11, 15,
23, 26, 31, 33, 35, 54). And because sitters are complex
interventions (68), bundled components (22, 54) cannot be
separated in uncontrolled pre-post designs. Given annual fall
costs of $19.8 billion in the USA (69), even conditional benefits
warrant rigorous evaluation. Economic gains were large but
largely projected: sitter-hour reductions reached 90%-91% (11,
29) and savings ranged from $88,000 over six weeks (55) to $3.2
million over 20 months (11), consistent with remote-monitoring
evidence (8). Acceptance was uneven: 73%—100% of staff believed
monitoring prevented falls (37), and 97% rated a portable system
positively (31), yet only 12.73% considered video as effective as a
bedside sitter (12). Acceptance therefore cannot be assumed.
Hesitancy has several plausible explanations. Technology
acceptance models link adoption to usefulness, ease of use,
social influence, and facilitating conditions (70, 71). In this
review, leadership champions supplied social influence (11, 13,
15, 18, 22, 29, 32, 33, 35, 36, 38, 47, 54), whereas device scarcity
(11, 18, 19, 22, 24, 32, 33, 38) and software or hardware faults
(11, 25, 26, 29, 31, 36, 37) eroded facilitating conditions.
Because such models treat adoption as individual judgment, a
preference for in-person sitters (12, 13, 15, 31, 38) may also
reflect relational presence that remote observation replicates only
partially (72) and role displacement (73). Camera surveillance
strains dignity and autonomy, especially in dementia (74); non-
recording design built trust (27, 28, 33, 35), and Mateus et al.
(30) that Al ethical
frameworks covering consent, data security, and autonomy.

argue surveillance requires explicit

Uptake depended on implementation context. Software errors
caused 7.4% of discontinuations in one program (11), Al
calibration took four weeks of local adaptation (29), and camera-
generation hardware transitions introduced image distortion (25).
Diffusion of innovations theory predicts adoption from trialability
and observability (75); phased rollouts alongside existing sitters
supported staff confidence (35, 47), whereas scarce devices limited
observability. Furthermore, the diffusion or non-diffusion of
innovations can be understood in terms of three interacting
domains: perceived innovation attributes; adopter characteristics
and interpersonal influences (particularly those of opinion
leaders); and the wider social and political context, including
issue salience, stakeholder framing, and introduction timing (75).
The nonadoption, abandonment, scale-up, spread, and
sustainability (NASSS) framework attributes abandonment to
misalignment across domains (58), as pandemic disruption
showed (18, 32, 36, 47), and normalization process theory
requires reflexive monitoring (76), which few programs reported
(12, 15, 19, 23, 25, 28, 35, 38). Frameworks such as PDSA (13,
29, 54), ADKAR (15), and the Concerns-Based Adoption Model
(38) operationalize these constructs (75, 77), and Lewis et al. (48)
identified nursing leadership and governance as foundational. As
Piotrowicz et al. (40) noted, technology is a delivery mechanism,
not the intervention. Practical strategies follow: sharing local
outcome data with staff, securing device supply, and providing
tiered training addressing alarm fatigue (15, 18, 19, 23, 24, 26, 27,
29, 31, 33, 38, 47, 55) and automation bias (78, 79).
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To should
supplement, not replace, bedside nursing, selectively substituting

safeguard relational care, electronic sitting
one-to-one observation only when clinically appropriate. Bedside
nurses should help develop eligibility criteria, reassessment
procedures, and escalation pathways (80). To foster patient and
family confidence, privacy governance must be explicit, providing
clear information on monitoring and safeguards during personal
care (80). These governance arrangements should be co-
developed with patients and families to address concerns
regarding privacy, dignity, and therapeutic relationships (64).
Implementation barriers could be systematically assessed using
the updated Consolidated Framework for Implementation
Research (CFIR) (77) and linked to potential strategies via
structured, context-sensitive selection methods such as CFIR-
ERIC (Expert Recommendations for Implementing Changes
Compilation) matching (81). Prospectively specifying chosen
strategies and relevant clinical and implementation outcomes
would facilitate their evaluation in future hybrid effectiveness—
implementation studies (82).

5 Limitations and recommendations

Several limitations warrant consideration when interpreting
the findings of this review. The search was confined to English-
language publications, so relevant evidence in other languages
may be missing. Most included studies were conducted in the
United States, limiting transferability to other health-system and
resource contexts, particularly in low- and middle-income
settings. Consistent with its evidence-mapping purpose, this
review did not exclude studies based on MMAT appraisal; the
findings should be read as a map of the available evidence
rather than definitive estimates. Heterogeneity in intervention
designs, eligibility criteria, and outcome definitions limits
comparability and prevents quantitative pooling. Outcomes were
inconsistently defined, including total falls, unassisted falls, fall-
related injuries, unattended bed exits, and detection accuracy,
preventing firm conclusions about effectiveness.

Most studies used uncontrolled pre-post designs, and only two
(27, 32) included a concurrent comparison group; improvements
cannot be separated from regression to the mean, secular trends,
surveillance effects, or co-interventions—several studies combined
video monitoring with a wider fall-prevention bundle, such as
mobility assessment, medication review, and hourly rounding in
Spano-Szekely et al. (54)—making the independent contribution
of monitoring difficult to isolate. Vendor involvement was
notable, with a financial relationship between authors or sponsors
and the technology vendor in at least five studies: Allen et al.
(47), Jones et al. (24) and the companion Kramer et al. (25),
Danial et al. (26), Tyransky et al. (29), and Votruba et al. (23),
which may affect interpretation of their findings. This review also
gives limited attention to patient and family perspectives,
informed consent, equity of access, and alarm burden on staff.

Future research should use randomized controlled or stepped-
wedge designs with adequately powered samples and standardized
definitions of falls, fall-related injuries, and sitter utilization to
enable meta-analysis. Economic evaluations, hybrid effectiveness—
implementation studies, and research in resource-constrained
settings are also needed. Implementers should embed ethical
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frameworks addressing consent, privacy, and data governance, and
report fidelity, coverage gaps, and adverse events transparently.
This review did not systematically examine commercial influence
on the evidence. Funding sources, vendor participation, conflicts
of interest, equipment provision, and author affiliations were not
consistently assessed across included studies. Future studies should
report and appraise these sources transparently.

6 Conclusion

This scoping review synthesized 25 primary studies examining
electronic sitters—including human-staffed continuous video
monitoring, Al-augmented virtual observation, and consumer-
grade portable devices—to prevent falls and fall-related injuries
among hospitalized patients. The evidence indicates that these
technologies substantially extend observation capacity, enabling a
single trained technician to monitor between six and fifteen high-
risk patients concurrently in typical use, clustering around ten to
twelve, with one system’s maximum technical capacity reported
reported
statistically significant reductions in fall rates ranging from 25.1%

at sixteen patients. Well-implemented programs
to 79%, reductions in sitter hours of 90%—91% in some studies,
and institutional savings of up to US$3.2 million over 20 months
when avoided fall-related costs were included. Nevertheless, these
findings warrant cautious interpretation, as estimates were
heterogeneous, net savings were not universal, injury-related
outcomes were inconsistently evaluated (only four of ten studies
reported significant reductions), and predominantly uncontrolled
pre-post designs, with only two studies using concurrent
comparison groups, preclude robust causal inference.

A consistent finding across the included studies is that the
monitoring technology, on its own, does not constitute the
intervention. Observed benefits were contingent upon the
organizational and clinical infrastructure surrounding deployment
—multidisciplinary governance, structured staff training, eligibility
algorithms embedded within the electronic health record,
disciplined escalation protocols, and privacy-preserving design
capable of securing the trust of patients, families, and nursing
staff. 'Where device supply, staff engagement, or monitoring
coverage was inadequate, surveillance documented risk without
averting it. Electronic sitters are therefore best conceptualized as
complex sociotechnical interventions, requiring implementation
rigor comparable to other clinical programs and evaluation of
greater methodological quality. For health systems confronting
workforce shortages and the escalating clinical and economic
burden of inpatient falls, adoption decisions about these
technologies should depend on local needs, infrastructure, patient
population, ethical safeguards, and prospective evaluation, rather
than on an assumption that electronic sitters are broadly effective
or suitable across all settings.
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