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Abstract. Background: Falls among older adults are a major global health concern associated with
disability, hospitalization, mortality, and reduced independence. Recent advances in artificial
intelligence (Al), wearable Internet of Things (loT), and machine learning have shifted fall
prevention from reactive detection toward proactive risk prediction. Objective: This scoping review
mapped current evidence on Al-powered wearable IoT devices for predicting falls in older adults,
focusing on sensor technologies, Al models, predictive performance, and implementation challenges.
Methods: Following PRISMA-ScR guidelines, literature searches were conducted in PubMed,
Scopus, IEEE Xplore, Web of Science, and Cochrane Library databases for studies published between
2008 and 2026. Eligible studies involved older adults, wearable IoT sensors, and Al or machine
learning models for fall-risk prediction or pre-impact fall detection. Results: Of 1,100 identified
records, 170 full-text articles were screened, and 13 studies met the final eligibility criteria. IMUs,
accelerometers, gyroscopes, plantar-pressure sensors, and surface electromyography (SEMG) were
the most frequently used sensors. Random Forest, XGBoost, Support Vector Machine (SVM), and
Long Short-Term Memory (LSTM) were the dominant analytical approaches. Several laboratory-
based systems achieved accuracies above 95%; however, most studies relied on simulated falls in
younger individuals rather than on real-world data from older adults. Conclusion: Al-powered
wearable IoT systems show strong potential for proactive fall-risk prediction in older adults.
However, translational barriers remain, including limited ecological validation, small sample sizes,
and the persistent simulation gap. Future research should prioritize real-world wvalidation,
explainable Al, and the integration of multimodal sensing.

Keywords: Older Adults; Wearable Sensors; Fall Prediction; Artificial Intelligence; Internet of
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1. Introduction

Falls among older adults have emerged as a critical global public health crisis,
significantly impacting the structural and functional independence of the aging population.
According to the World Health Organization (WHO), falls are the second leading cause of
unintentional injury-related deaths worldwide, resulting in an estimated 684,000 fatalities
annually (Chen et al., 2025). A rapidly aging global population further compounds this issue;
by 2050, approximately 16 % of the world's population will be over 65. In this age group, nearly
one-third of community-dwelling individuals experience at least one fall each year, with the
incidence rate increasing to over 50% for those aged 80 and above. Beyond direct medical
costs, these incidents impose significant indirect economic burdens, most notably through
productivity loss and the substantial, often uncompensated, strain placed on informal
caregivers who provide essential support to injured older adults.
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The consequences of these events extend far beyond immediate physical trauma.
While falls often result in serious injuries such as hip fractures, cranioencephalic trauma, and
soft tissue damage, they also precipitate a debilitating "post-fall syndrome"(Misaghian et al.,
2024). This syndrome is characterized by a profound "fear of falling," which leads to self-
imposed activity restriction, social isolation, and muscle atrophy, ultimately initiating a
recursive cycle of physical decline that further elevates future fall risk. From a health
economics perspective, the burden is staggering, with annual medical expenditures exceeding
2 billion in Canada (Howland et al., 2018). Furthermore, the escalating economic pressure and
the inherent limitations of conventional fall prediction models, which often prioritize isolated
biological indicators such as gait or visual acuity while failing to address the complex,
multifactorial nature of fall etiology, necessitate a paradigm shift toward more integrated,
technological solutions.

Historically, technological interventions have relied on Fall Detection Systems (FDS),
such as Personal Emergency Response Systems (PERS), which often require manual activation
or employ reactive, threshold-based algorithms (Ishaq et al, 2026). However, these
"afterward" approaches are inherently limited: they only alert caregivers after an injury may
already have occurred, and they are often ineffective if the individual loses consciousness.
Furthermore, traditional clinical assessments (e.g., the Berg Balance Scale or Timed Up and
Go tests) are often subjective and inconsistent, relying on single time-point measurements that
fail to capture the dynamic, "messy" movement characteristics of daily life.

Consequently, there has been a fundamental shift in research from reactive detection
to proactive fall-risk prediction. This evolution is driven by advancements in Micro-
Electromechanical Systems (MEMS) and the Internet of Things (IoT), which enable
continuous, objective monitoring of gait and postural sway using wearable Inertial
Measurement Units (IMUs). By integrating Artificial Intelligence (AI) and Deep Learning (DL)
architectures such as Long Short-Term Memory (LSTM) and Convolutional Neural Networks
(CNN), researchers can now analyze complex time-series sensor data to identify subtle
neuromuscular abnormalities that precede a fall(Bhatti et al., 2025).

These predictive frameworks facilitate early screening and targeted clinical
interventions, effectively identifying high-risk individuals before traumatic impact events
occur. Such predictive systems prioritize identifying latent postural instability and specific
gait biomarkers, offering a more nuanced risk profile than historical incident reporting.

Despite the high accuracy reported in controlled laboratory settings (often >95%), a
critical "simulation gap" persists: 98.5% of studies still rely on falls simulated by young
volunteers rather than on real-world data from the target demographic(Broadley et al., 2018).
There is an urgent need to map the current technological landscape and identify how to
transition Al-powered IoT devices from lab-based prototypes to reliable clinical tools. This
scoping review aims to synthesize recent evidence on sensor modalities, computational
models, and validation strategies to provide a comprehensive framework for proactive fall-
prevention interventions for older adults. Specifically, this synthesis examines how leveraging
multimodal sensor fusion by combining wearable inertial measurement units with ambient
environmental monitoring can address existing inconsistencies in measurement parameters
and modeling techniques. The novelty of this scoping review lies in the critical appraisal of
translational maturity for wearable systems, specifically distinguishing between validation in
simulated environments and the emerging need for longitudinal data collection in real-world
geriatric settings. Beyond the optimization of diverse computing architectures ranging from
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edge-based processing to hybrid cloud configurations, this review critically maps how
essential pillars of clinical translation, specifically system interoperability, data privacy, and
end-user acceptance, influence the long-term feasibility and scalability of these wearable IoT
ecosystems. This scoping review aims to synthesize evidence on Al-powered wearable IoT
systems for proactive fall-risk prediction in older adults, thereby supporting Sustainable
Development Goal 3 of ensuring healthy lives and promoting well-being for all at all ages.

2. Methods

This scoping review adheres to the Joanna Briggs Institute methodology for scoping
reviews and is reported in accordance with the PRISMA-ScR guidelines. A comprehensive
search strategy was implemented across five major electronic databases. The review process
followed the population-concept-context framework to systematically identify and categorize
sensor-based technologies used to assess and predict fall risk in older populations.
Specifically, the protocol adopts the PCC framework to characterize the intersection of
wearable sensors, ambient technology, and medical tools designed for community-dwelling
adults, ensuring a holistic analysis of current fall-risk assessment strategies.

2.1. Study Design

This study employed a scoping review methodology following the PRISMA Extension
for Scoping Reviews (PRISMA-ScR). A scoping review approach was selected because the
objective was to map the broad technological evidence, identify research trends, and
characterize wearable Al systems, rather than to evaluate intervention effectiveness alone. We
chose a scoping review over a systematic review because our goal was to explore a broad
range of sensor types and Al models rather than answer a single, narrow clinical question.

2.2. Search Strategy and Information Sources

A comprehensive literature search was conducted in PubMed, Scopus, IEEE Xplore,
Web of Science, and the Cochrane Library for studies published between January 2008 and
May 2026.

Search terms combined four major domains:
1. Population: “older adults, aging,
2. Wearable technology: “wearable sensor,” “IoT,” “accelerometer,

“smartwatch,” “plantar pressure,” “sEMG”;

/a7 /a7 /i

elderly, geriatric”;

V/ATi

gyroscope,” “IMU,”

3. Artificial intelligence: “machine learning,” “deep learning,” “
“LSTM,” “CNN,” “Random Forest,” “XGBoost”;

4. Outcome: “fall prediction,” “fall-risk assessment,”

artificial intelligence,”
" “pre-impact fall detection,” and “gait
analysis.”
Boolean operators (AND/OR) and wildcard terms were used to maximize retrieval
sensitivity.

2.3. Eligibity Criteria

During the literature selection process, the eligibility criteria were divided into specific
inclusion and exclusion parameters. The inclusion criteria focused on original, English-
language empirical studies involving older adult populations or systems designed for older-
adult fall-risk prediction. These studies were strictly required to utilize wearable or body-
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worn IoT sensor systems and apply predictive models based on Artificial Intelligence (AI),
machine learning, or deep learning.

Conversely, articles were excluded if they consisted of non-health engineering or
unrelated Al studies, non-wearable systems lacking wearable integration, review articles
intended for primary synthesis, editorials, conference abstracts, opinion papers, or duplicate
studies.

2.4. Screening and Selection Process
Two reviewers independently screened titles, abstracts, and full-text articles.
Discrepancies were resolved through discussion and consultation with a senior reviewer.

2.5. Data Extraction and Synthesis

To ensure a systematic review process, data extraction from the included studies was
conducted using a standardized form that captured bibliometric, methodological, and
technical dimensions. This involved recording baseline tracking information —such as the
author, publication year, country of origin, and study design —alongside specific sample
characteristics to properly contextualize the target demographics. Crucially, detailed technical
parameters regarding both hardware and software implementations were extracted, focusing
on the specific types of IoT or body-worn sensors, their precise anatomical placements, and
the exact Al, machine learning, or deep learning architectures utilized. Furthermore, the
ultimate predictive outcomes and the models' clinical or technical efficacy were captured
through standardized performance metrics (such as accuracy, sensitivity, and AUC-ROC),
which were extracted alongside the primary findings and acknowledged study limitations to
help map out current research gaps.

Following data extraction, the final synthesis was conducted narratively and
descriptively due to the high heterogeneity in sensor configurations, machine learning
models, and outcome measures across the literature, which precluded a formal quantitative
meta-analysis. This narrative approach allowed for a structured, qualitative evaluation of the
extracted data, organizing the findings into logical themes based on technology types,
algorithmic frameworks, and predictive capabilities. By pairing descriptive commentary with
comprehensive tabular layouts, this synthesis provides a clear, scannable overview of the
current state of art, effectively mapping out overarching technological trends and highlighting
critical pathways for future research in eldercare technology.

3. Results and Discussion
3.1. Results

The results of this scoping review consist of a systematic categorization of 13 eligible
studies, identifying inertial measurement unit-based wearables as the predominant
technological stream. These investigations highlight a clear methodological trend: the
majority of studies position sensors exclusively on the lower back to capture localized
biomechanical metrics. Conversely, a subset of emerging research has begun to explore the
utility of multi-sensor fusion, incorporating wrist-worn and shoe-integrated nodes to enhance
the precision of spatiotemporal gait parameters.
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3.1.1. PRISMA-ScR Screening Process

The PRISMA screening process demonstrated a rigorous eligibility audit across all
uploaded records. Although 170 full-text records were initially screened, only 13 studies
tulfilled the operational criteria for core synthesis involving wearable IoT devices integrated
with Al-based fall prediction. 1.100 studies were identified through database searching, and
930 records were removed before screening due to duplication. 157 studies were excluded
primarily due to unrelated engineering topics, the absence of wearable IoT components, or Al
predictive systems. This finding highlights the fragmented and heterogeneous nature of the
current evidence landscape.

IDENTIFICATION

= Records identified through
w database searching Records removed before screening:
<@ (n=1,100) .
'S — ribNieEES Duplicate records removed
1723 atabases: PubMed, Scopus, =
|EEE Xplore, Web of Science, (I’l 930)
and Cochrane Library
SCREENING
Records screened by
o~ title and abstract > Record_s :x;l;ded
w (n =170) (0 =157)
<C
& i
w
Reports sought for retrieval o Reports not retrieved /
(n=13) (n=0)
ELIGIBILITY
Reports excluded with specific reasons.
™ < .
w Reports assessed for eligibility Total (n = 0), with details:
(&) through full-text = Non-wearable systems
g (n=13) (vision/radar/floor only) (n = 0)
w = Only simulations on young subjects
without validation on elderly (n = 0)
= Not original research articles
(Review, editorial, etc.) (n = 0)
INCLUDED
-
L
Q Total studies included - N
ﬁ in the review Original research articles
(2] (n=13) (n=13)

This PRISMA flow diagram is based on the provided data.

Figure 1. PRISMA-ScR Screening Summary
3.1.2. Operational Eligibility Criteria

Table 2. Eligibility Criteria Applied in the Review

Domain Inclusion Criteria Exclusion Criteria
Population Older adults or the geriatric Non-health or unrelated engineering
population population

Technology =~ Wearable IoT or body-worn Non-wearable systems only

Sensors

Al AI/ML/deep learning No predictive Al model

Component  predictive models

Outcome Fall prediction or fall-risk Unrelated outcomes
assessment

Evidence Primary empirical studies Reviews/editorials/duplicates

Type
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The eligibility framework ensured methodological consistency across studies. The
operational criteria emphasized the integration of wearable sensing technologies with Al-
based predictive analytics. Importantly, studies that used hospital databases or questionnaire-
only prediction systems without wearable sensors were excluded from the primary synthesis,
as the review focused specifically on wearable IoT ecosystems.

3.1.3. Characteristics of Included Studies

Table 3. Final Included Primary Studies (n = 13)

Aut Out
hor Study Type AML com Accu‘ra}(:}.l/ ) o
& Cou Desig Sample of IoT Sensor Algorit e Sens1t1‘v‘1t ‘Ma‘m Limitatio
Yea ntry n Weara Used hm P're y/SPECIflC Findings ns
. ble (Slle ity/AUC
ion
Sah Unit Protot 11,935 Weara  Accelero Naive Real Balanced Blockchai Controlle
aet ed ype/f  sensor- ble meter, Bayes, - accuracy: n-enabled  d/simula
al. Stat  rame event device gyroscope  Logistic = time K-means wearable ted data;
(nd es work records: - , and Regressi fall 0.9570 architectu unclear
D) o- devel 3,528 based  magneto on, eve (70/30), re participa
Bloc opme  actual/simu fall meter Neural nt 0.9267 supports nt
kTh nt lated  fall detect Networ  dete  (75/25), secure demogra
eFal with events and ion k, and ctio 0.9350 fall-event phics and
I - experi 8,407 applic K- n (80/20); storage, older-
PDF menta artificially ation means and  Neural data adult
2 1 ML generated conne clusteri eme  Network integrity, validatio
classif  non- cted ng rge 0.9170, and n;
icatio fall/fake to ncy 0.8967, automate blockchai
n and events in cloud alert  0.9050; d alerting; n
blockc  controlled /serv gen  Naive K-means improves
hain- laboratory er and erati  Bayes showed data
secure  conditions blocke on 0.8932, the security
d hain 0.8430, strongest but not
archit smart- 0.8315; balanced necessaril
ecture contra Logistic accuracy y clinical
ct Regressio  across validity;
layer n 07973, splits. prospecti
0.7484, ve real-
0.7872 world
validatio
n needed.
Rui  Spai Experi Two public Smart 3-axis Thresho  Fall  Erciyes: Combinin  Validatio
z- n; menta  datasets: watch accelerom 1d- dete ML g n  used
Gar pub 1 Erciyes - eterand 3-  based ctio  Acct+Gyr accelerom  public
cia lic valida  University: based  axis approac nvs  accuracy eter and datasets
et data  tionof 17 fall gyroscope  hes; RF acti  98.4%, gyroscope  with
al. sets  smart  participants, detect for vitie  sensitivity  features small
(202 fro watch 3,060 ion Erciyes; s of 98.9%, improved sample
3) - m - samples; syste SVM for dail  specificity = overall sizes and
Car  Erci based  UMAFall: m UMAFa vy 96.7%; performa simulate
eFal  yes fall 17 11 livi UMAFall: nce and d tasks;
1 - Uni detect participants, ng ML reduced limited
PDF vers ion public Acc+Gyr false evidence
3 ity using  ADL/fall accuracy positives in
and  public samples; 95.5%, compared  frail/olde
UM  datase many sensitivity ~ with r target
AFa ts; participants 98.6%, threshold-  populatio
11 thresh  were young specificity ~ only ns and
old vs  adults 93.7%. methods. naturalist
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The included studies demonstrated substantial heterogeneity in both sensor
architecture and Al methodologies. IMUs and accelerometers were the dominant sensing
technologies due to their portability, low energy consumption, and ability to capture gait
variability. Deep learning approaches such as LSTM and CNN-LSTM consistently produced
high classification performance in laboratory environments, particularly for real-time
monitoring applications.

Several studies integrated multimodal sensing approaches, combining physiological,
biomechanical, and clinical features to improve predictive capability. Studies utilizing
combined accelerometric and clinical data generally demonstrated superior predictive
performance compared with single-modality systems.

3.1.4. Hardware and Wearable IoT Infrastructure

Regarding hardware, Inertial Measurement Units (IMUs) —which combine 3-axial
accelerometers and gyroscopes —were the most commonly used sensors across the reviewed
systems. Some advanced setups expanded on this standard by incorporating 72 surface
electromyography (sSEMG) features and four plantar-pressure features; when combined with
demographic data, this created a high-dimensional input space of 81 features. For data
transmission, the ESP-32 microcontroller was frequently chosen as the core IoT node because
of its integrated Wi-Fi and Bluetooth capabilities, enabling raw sensor data to stream directly
to cloud platforms such as Google Firebase for real-time processing. Sensor placement also
presented distinct trade-offs depending on the study's goal. The waist or lower back (lumbar
L3/L5) was the preferred location for analyzing balance and postural sway. Alternatively,
placing sensors on the chest or sternum proved highly effective at detecting fall-specific peaks,
yielding accuracies of 97.6%- 98.5%. Wrist placement offered better user compliance but
suffered from signal noise due to daily arm movements. In contrast, foot or shank placements
were critical for capturing step-level temporal features such as stride-time variability and

swing time.
Table 4. Sensor Modalities and Placement

Sensor Type Common Placement Main Function

IMU Sternum, waist, lower Gait and balance monitoring
back

Accelerometer Hip, wrist, chest Motion and fall detection
Gyroscope Chest, smartwatch Angular movement analysis
Plantar pressure Insoles/feet Step  variability and  load
Sensors distribution
sEMG Lower limbs Muscle activation monitoring
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IMUs remained the most dominant wearable technology because they simultaneously
capture acceleration and rotational movement. Sensor placement substantially influenced
predictive performance. Chest and sternum placements achieved higher detection accuracy
due to stable trunk-movement signals, whereas wrist placement increased usability but
introduced more signal noise from non-fall arm activities. Hybrid wearable systems that
combine plantar pressure and sEMG sensing have shown promise in capturing
neuromuscular instability before overt gait deterioration occurs.

3.1.5. Artificial Intelligence Architectures

Computationally, the field has moved away from simple threshold-based triggers,
which typically yield high sensitivity but low specificity. Instead, Deep Learning (DL)
architectures such as Long Short-Term Memory (LSTM) and Bidirectional LSTM (BiLSTM)
have become prominent for their ability to capture long-term dependencies in time-series gait
data. Studies reported LSTM accuracies ranging from 88.6% to 98.5%. In classical machine
learning approaches, Random Forest (RF) was often favored for its feature-ranking
capabilities, which identified tasks such as "turn 360 degrees" and "sit-to-stand" as highly
informative for fall risk prediction. Furthermore, newer "Cooperative Al" frameworks are
emerging; these combine Fuzzy Logic for vital signs with Deep Belief Networks (DBN) for
activities of daily living, ultimately relying on a Random Forest meta-classifier to synthesize
a final risk score.

Table 5. Al Algorithms Used in Included Studies
Al Algorithm Frequency of Use Main Application

Random Forest Very common Fall-risk classification
XGBoost Common Predictive modeling
SVM Common Pattern recognition
LSTM Common Time-series prediction
CNN/CNN-LSTM  Moderate Deep feature extraction
Logistic Regression =~ Moderate Balance-risk prediction
Deep Belief Network Limited Cooperative Al systems

The review identified a major methodological transition from conventional threshold-
based systems toward advanced machine learning and deep learning architectures. Random
Forest and XGBoost remained highly popular for their interpretability and feature-ranking
capabilities. However, LSTM-based architectures demonstrated superior performance in
temporal gait analysis by effectively capturing long-term dependencies in movement
sequences. Emerging cooperative Al frameworks that integrate multiple algorithms have also
demonstrated promising performance in multimodal data fusion.

3.1.6. Predictive Performance

The reviewed studies reported diverse metrics to demonstrate model robustness.
Many models exceeded 95% accuracy in controlled laboratory settings. For instance, XGBoost
achieved high predictive accuracy, with a Mean Squared Error (MSE) of 0.0267, and Bayesian
Ridge Regression demonstrated exceptional explanatory power, with an R? of 0.9941, when
handling high-dimensional clinical and sensor data. However, a critical finding was the
presence of a severe "simulation gap." The data revealed that 98.5% of the studies still relied
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on young volunteers performing simulated falls onto protective mats. When models trained
on this younger demographic were tested against actual data from older adults, overall
activity classification accuracy dropped drastically, sometimes to as low as 48.3%,
highlighting a major failure in cross-demographic generalization.

Table 6. Summary of Predictive Performance Metrics

Performance Range
Indicator
Accuracy 67%-98.5%
Sensitivity 43%-100%
Specificity 66%-100%
AUROC/AUC 0.706-0.87+

Predictive performance varied considerably depending on sensor configuration,
validation strategy, and population characteristics. Laboratory-based deep learning systems
generally achieved exceptionally high performance metrics above 95%; however, studies
involving real-world data from older adults reported lower and more variable predictive
accuracy. This discrepancy strongly suggests a simulation gap between controlled
environments and real-world geriatric mobility.

3.1.7. Functional Parameters for Prediction

To predict fall risks, these models primarily extracted gait and balance features from
10-second data windows. Significant discriminative features between fallers and non-fallers
included temporal metrics such as mean step time, cadence, and stride-time symmetry.
Variability measures were also crucial, including the Coefficient of Variation (CoV) of
acceleration and Sample Entropy (SaEn), with lower entropy scores often indicating rigid
movement patterns associated with disease states. Finally, integrating non-accelerometric
clinical context, such as age, BMI, medical history, and cognitive impairments, significantly
improved the models' Area Under the Curve (AUC) compared with systems that rely solely
on sensor data.
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3.2. Discussion
3.2.1. Transition from Reactive Detection to Proactive Prediction

This scoping review demonstrates a major paradigm shift in fall-prevention research
from reactive fall detection toward proactive fall-risk prediction. Traditional threshold-based
systems primarily detect falls after impact, limiting their ability to prevent injuries.
Conversely, wearable Al systems aim to detect subtle biomechanical deterioration that
precedes falls. The dominance of IMU-based systems across studies reflects their affordability,
portability, and ability to monitor gait and postural sway in real-world settings continuously.
Despite these advancements, the field faces significant challenges regarding model
generalizability, as current datasets often suffer from insufficient sample sizes and inherent
data variation (Lim et al, 2024). Furthermore, the reliance on heterogeneous sensor
placements and varied experimental protocols complicates the establishment of a
standardized, gold-standard benchmark necessary for cross-study comparison. The
prevailing focus on static feature extraction often overlooks the temporal evolution of gait
biomarkers, necessitating a transition toward longitudinal risk profiling that tracks individual
movement patterns as they deteriorate over time. Integrating transparent algorithmic
frameworks, specifically those that use feature attribution techniques, is crucial not only to
address the lack of transparency in complex models but also to provide clinicians with a
detailed, actionable understanding of the physiological factors influencing a person's fall risk,
thereby establishing the confidence required for clinical adoption.

3.2.2. Importance of Multimodal Sensor Fusion

A major finding of this review is the growing emphasis on multimodal sensor fusion.
Combining accelerometers, gyroscopes, plantar-pressure sensors, and sEMG improved
predictive performance because falls are multifactorial events involving gait instability,
muscle weakness, balance impairment, and neurological decline. By aggregating
heterogeneous data streams, these integrated systems bridge the gap between clinical
functionality and user experience, enabling the derivation of more robust, patient-specific risk
profiles. The successful implementation of these fused architectures requires addressing
technical hurdles, such as precise data synchronization and cross-sensor calibration, to
maintain signal reliability in ambulatory settings (Bao et al.,, 2023). The simultaneous
monitoring of disparate physiological signals such as cardiac and muscular activity via these
fused networks can elucidate the underlying etiology of mobility decline, thereby facilitating
more precise, informed clinical intervention strategies. Studies integrating clinical variables
such as age, body mass index, comorbidities, and cognitive impairment further enhanced
predictive capability, supporting a biopsychosocial approach to fall-risk assessment.

3.2.3. Deep Learning and Temporal Pattern Recognition

Deep learning architectures, particularly LSTM and CNN-LSTM, demonstrated
superior ability to process time-series gait signals. Unlike conventional machine learning
classifiers, LSTM networks effectively capture long-term temporal dependencies in
movement patterns. By learning directly from raw IMU time-series, these models mitigate the
manual burden of feature extraction and selection while capturing complex physiological
signals that traditional methods often overlook (Bargiotas et al., 2022). The complexity of these
architectures introduces technical challenges related to data synchronization, sensor
calibration, and algorithmic interpretability that must be addressed to ensure the reliability of
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the resulting diagnostic outputs. Specifically, reconciling the "black box" nature of these deep
architectures with the clinical requirement for interpretable diagnostic indicators remains a
primary barrier to widespread adoption. To bridge this gap, incorporating Explainable
Artificial Intelligence techniques into deep learning pipelines can provide transparent insights
into the biomechanical indices driving a model’s decision. Future clinical validation must
prioritize large-scale, heterogeneous datasets collected in community-dwelling environments
rather than controlled laboratories to ensure the robustness of these models against
naturalistic environmental noise. However, many deep learning systems remain “black-box”
models with limited explainability, which creates challenges for clinical adoption and trust

among

3.2.4. The Simulation Gap

The most important limitation identified in this review was the substantial simulation
gap. Most systems were trained using falls simulated by young healthy volunteers under
controlled laboratory conditions. When these systems were applied to older adults in practice,
predictive performance frequently declined. Older adults demonstrate unique gait
biomechanics, slower recovery responses, frailty-related movement patterns, and
multimorbidity-related instability that younger participants cannot adequately replicate.
Consequently, relying exclusively on simulated datasets compromises the ecological validity
of these models, as they fail to capture the nuances of pathological gait associated with
elevated fall risk. To overcome this limitation, research must shift to leveraging real-world
data from older populations, as these records provide the critical diversity needed to mitigate
inter-individual physiological differences and improve model robustness (Liu & Bai, 2024).
Moreover, establishing standardized, publicly available databases that include both
accelerometer data and synchronized video footage would facilitate a more rigorous,
comparative evaluation of different detection methodologies. Therefore, future research must
prioritize longitudinal real-world validation involving frail community-dwelling older
adults.

3.2.5. Clinical and Technological Implications

The integration of wearable IoT systems with cloud computing, edge Al and
blockchain demonstrates increasing technological maturity. Edge computing may reduce
latency for pre-impact interventions, whereas blockchain integration may strengthen the
security and privacy of medical data. The establishment of unified evaluation benchmarks is
essential for resolving existing methodological inconsistencies and ensuring that researchers
can reliably compare algorithmic performance across diverse study populations. Shifting
focus toward device-free, privacy-centric monitoring architectures could mitigate user
compliance issues while facilitating the seamless, long-term data collection necessary to refine
these diagnostic tools (Wang et al., 2020). Addressing the current reliance on fixed thresholds
is vital, as shifting toward subject-specific parameters can significantly improve accuracy
across diverse patient cohorts. Implementing such adaptive protocols requires careful
consideration of device form factor and power consumption, as high-performance hardware
often conflicts with the practical need for unobtrusive, long-term wearability. Finally,
exploring alternative cost functions that account for individual risk preferences could enable
the dynamic adjustment of sensitivity thresholds, thereby aligning automated alerts more
closely with specific clinical requirements. The usability of these systems must be balanced
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against stringent energy constraints, as maintaining continuous operation for at least a full
day remains a critical prerequisite for meaningful clinical utility. Implementation barriers
remain substantial, including battery limitations, user adherence, sensor discomfort, data
privacy concerns, interoperability issues, and limited ecological validation.

Conclusions

This scoping review highlights the accelerating evolution of Al-powered wearable IoT
technologies as a transformative approach for proactive fall-risk prediction among older
adults. Advanced IMU-based systems, multimodal wearable sensors, and deep learning
architectures have demonstrated substantial predictive potential, particularly within
controlled laboratory environments. These innovations signify a critical paradigm shift from
reactive fall detection to preventive, real-time monitoring that supports safer, more
independent aging.

Nevertheless, the current evidence remains constrained by a major translational
limitation: the overwhelming reliance on simulated falls conducted by younger individuals,
rather than on real-world validation in frail older adults. This “simulation gap” raises
important concerns regarding ecological validity, generalizability, and clinical readiness. To
advance these technologies from experimental prototypes into reliable clinical solutions,
future research must prioritize longitudinal real-world validation, explainable Al
frameworks, multimodal sensor fusion, edge Al integration, standardized evaluation
protocols, and user-centered wearable design tailored to older populations. If these challenges
can be successfully addressed, Al-powered wearable IoT systems have the potential to
substantially reduce fall-related injuries, healthcare expenditures, hospitalization rates, and
loss of independence, ultimately contributing to healthier and safer aging societies
worldwide.

Conflicts of Interest
The authors declare no conflict of interest.

References

Bao, T., Gao, ]J., Wang, J., Yang, C., Xu, F., Qiao, G., & Li, F. (2023). A global bibliometric and
visualized analysis of gait analysis and artificial intelligence research from 1992 to
2022. Frontiers in Robotics and Al, 10. https:/ /doi.org/10.3389/frobt.2023.1265543

Bargiotas, I., Wang, D., Mantilla, J., Quijoux, F., Moreau, A., Vidal, C., Barrois, R., Nicolai, A.,
Audiffren, ]J., Labourdette, C., Bertin-Hugaul, F., Oudre, L., Buffat, S., Yelnik, A,
Ricard, D., Vayatis, N., & Vidal, P. (2022). Preventing falls: the use of machine learning
for the prediction of future falls in individuals without history of fall [Review
of Preventing falls: the use of machine learning for the prediction of future falls in individuals
without history of fall]. Journal of Neurology, 270(2), 618-631. Springer Science+Business
Medja. https://doi.org/10.1007 /s00415-022-11251-3

Bezold, J., et al. (2021). Wearable sensor-based fall risk assessment in older adults: A
systematic review. Sensors, 21, 5863. https:/ /doi.org/10.3390/521175863

Bhatti, F. A., Riaz, Q., & Krtiger, B. (2025). Beyond Falls: A Hybrid CNN-LSTM-Attention
Framework for Pre-, Transition-, and Post-Fall Detection With Wearable Inertial
Sensors. IEEE Access, 13, 207960-
207969. https:/ /doi.org/10.1109/access.2025.3641198

https://journal.scitechgrup.com/index.php/jsi 475



https://doi.org/10.1007/s00415-022-11251-3

Broadley, R. W., Klenk, J., Thies, S., Kenney, L., & Granat, M. (2018). Methods for the Real-
World Evaluation of Fall Detection Technology: A Scoping Review. Sensors, 18(7),
2060-2060. https:/ /doi.org/10.3390/s18072060

Chen, M., Wang, H., Yu, L., Yeung, E. H.K,, Luo, J., Tsui, K. L., & Zhao, Y. (2022). A systematic
review of wearable sensor-based technologies for fall risk assessment in older adults.
Sensors, 22(18), 6752. https:/ /doi.org/10.3390/522186752

Fatima, A., Khanum, S., Singh Rathor, S., Ahmed, S. R., & Ahmed, I. T. (2025). Fall risk
prediction system using wearable sensors and LSTM-based machine learning. IRE
Journals, 8(11).

Ferreira, R. N., Ribeiro, N. F., & Santos, C. P. (2022). Fall risk assessment using wearable
sensors: A narrative review. Sensors, 22(984). https:/ /doi.org/10.3390/s22030984

Gaya-Morey, F. X., Manresa-Yee, C., & Buades-Rubio, J. M. (2024). Deep learning for computer
vision-based activity recognition and fall detection of older adults: A systematic
review. Applied Intelligence, 54, 8982-9007. https:/ /doi.org/10.1007 /s10489-024-05645-
1

Gonzalez-Castro, A., Benitez-Andrades, J. A., Prada-Garcia, C., Gonzalez-Gonzalez, R., &
Leir6s-Rodriguez, R. (2025). Predicting fall risk in older adults: A machine learning
comparison of accelerometric and non-accelerometric data. Digital Health, 11, 1-16.
https:/ /doi.org/10.1177 /20552076251331752

Greene, B. R, McManus, K., Motti Ader, L. G., & Caulfield, B. (2021). Unsupervised
assessment of balance and falls risk using a smartphone and machine learning. Sensors,
21(4770). https:/ /doi.org/10.3390/s21144770

Hauth, J., Jabri, S., Kamran, F., et al. (2021). Automated loss-of-balance event identification in
older adults at risk of falls during real-world walking using wearable inertial
measurement units. Sensors, 21(4661). https:/ /doi.org/10.3390/s21144661

Howland, J., Hackman, H., Taylor, A., O'Hara, K,, Liu, J., & Brusch, J. L. (2018). Older adult
fall prevention practices among primary care providers at accountable care
organizations: A pilot study. PLoS
ONE, 13(10). https:/ /doi.org/10.1371/journal.pone.0205279

Hua, A., et al. (2018). Accelerometer-based fall-risk classification among older women using
machine learning. Journal of Aging and Physical Activity.

Ishag, M., Guastella, D. C., Sutera, G., & Muscato, G. (2026). A systematic review of fall
detection and prediction technologies for older adults: An analysis of sensor
modalities and  computational  models.  Applied  Sciences,  16(1929).
https:/ /doi.org/10.3390/app161929

Kristoffersson, A., Du, J., & Ehn, M. (2021). Performance and characteristics of wearable sensor
systems discriminating and classifying older adults according to fall risk: A systematic
review. Sensors, 21(5863). https:/ /doi.org/10.3390/s21175863

Lee, Y., Pokharel, S., Muslim, A. A., KC, D. B, Lee, K. H., & Yeo, W. H. (2023). Deep learning-
based fall monitoring among older adults with skin-wearable electronics. Sensors,
23(3983). https:/ /doi.org/10.3390 /523083983

Lim, Z., Connie, T., Goh, M. K. O., & Saedon, N. I. (2024). Fall risk prediction using temporal
gait features and machine learning approaches. Frontiers in Artificial Intelligence, 7,
1425713-1425713. https:/ /doi.org/10.3389/frai.2024.1425713

Liu, W., & Bai, J. (2024). Meta-analysis of the quantitative assessment of lower extremity motor
function in elderly individuals based on objective detection [Review of Meta-analysis

https://journal.scitechgrup.com/index.php/jsi 476




of the quantitative assessment of lower extremity motor function in elderly individuals based
on objective detection]. Journal of NeuroEngineering and Rehabilitation, 21(1). BioMed
Central. https://doi.org/10.1186/512984-024-01409-7

Lockhart, T. E., et al. (2021). Prospective wearable-system fall-risk prediction study using
random forest classification.

Ma, X., Liao, Y., Tan, G,, et al. (2026). Al-based wearable system for fall risk prediction in older
adults using sEMG and plantar pressure data. Frontiers in Bioengineering and
Biotechnology, 14, 1698253. https:/ /doi.org/10.3389/ fbioe.2026.1698253

Misaghian, K., Lugo, ]J. E., & Faubert, ]. (2024). Immediate fall prevention: the missing key to
a comprehensive solution for falling hazard in older adults. Frontiers in Aging
Neuroscience, 16. https:/ /doi.org/10.3389/fnagi.2024.1348712

Mohan, D., Chong, P. H. ]J., & Gutierrez, J. (2025). A novel cooperative Al-based fall risk
prediction model for older adults. Sensors, 25(3991).
https:/ /doi.org/10.3390/525133991

Noh, B., et al. (2021). Gait-based fall-risk prediction using shoe-type wearable IMUs and
XGBoost classification.

Nkizi, Y., & Thamsuwan, O. (2024). Fall risk assessment in active elderly through the use of
inertial measurement units.

Ruiz-Garcia, J., et al. (2023). Smartwatch-based fall detection using machine learning and
public datasets.

Saha, S., et al. (2024). BlockTheFall: Blockchain-enabled wearable fall detection and Al
prediction framework.

Wang, X., Ellul, J., & Azzopardi, G. (2020). Elderly Fall Detection Systems: A Literature Survey
[Review of Elderly Fall Detection Systems: A Literature Survey]. Frontiers in Robotics and
Al, 7,71-71. Frontiers Media. https://doi.org/10.3389/frobt.2020.00071

World Health Organization. (2021). Falls. https://www.who.int/news-room/fact-
sheets/detail / falls

CC BY-SA 4.0 (Attribution-ShareAlike 4.0 International).
This license allows users to share and adapt an article, even commercially, as long as appropriate @ ® @
credit is given and the distribution of derivative works is under the same license as the original.

That is, this license lets others copy, distribute, modify and reproduce the Article, provided the
original source and Authors are credited under the same license as the original.

https://journal.scitechgrup.com/index.php/jsi 477



https://doi.org/10.3389/frobt.2020.00071

