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Abstract
Background: Falls pose a significant public health concern, with increasing occurrence due to the aging population, and they
are associated with high mortality rates and risks such as multimorbidity and frailty. Falls not only lead to physical injuries
but also have detrimental psychological and social consequences, negatively impacting quality of life. Identifying individuals
at high risk for falls is crucial, particularly for those aged ≥60 years and living in residential care settings; current professional
guidelines favor personalized, multifactorial fall risk assessment approaches for effective fall prevention.
Objective: This study aimed to explore the prognostic validity of the Fall Risk Score (FRS), a multifactorial-based metric to
assess fall risk (using longitudinal real-world data), and establish the clinical relevance of the FRS by identifying threshold
values and the minimum clinically important differences.
Methods: This retrospective cohort study involved 617 older adults (857 observations: 615 of women, 242 of men; mean age
83.3, SD 8.7 years; mean gait speed 0.49, SD 0.19 m/s; 622 using walking aids) residing in German residential care facilities
and used the LINDERA mobile health app for fall risk assessment. The study focused on the association between FRS at the
initial assessment (T1) and the normalized number of falls at follow-up (T2). A quadratic regression model and Spearman
correlation analysis were utilized to analyze the data, supported by descriptive statistics and subgroup analyses.
Results: The quadratic model exhibited the lowest root mean square error (0.015), and Spearman correlation analysis revealed
that a higher FRS at T1 was linked to an increased number of falls at T2 (ρ=0.960, P<.001). Subgroups revealed significant
strong correlations between FRS at T1 and falls at T2, particularly for older adults with slower gait speeds (ρ=0.954, P<.001)
and those using walking aids (ρ=0.955, P<.001). Threshold values revealed that an FRS of 45%, 32%, and 24% corresponded
to the expectation of a fall within 6, 12, and 24 months, respectively. Distribution-based minimum clinically important
difference values were established, providing ranges for small, medium, and large effect sizes for FRS changes.
Conclusions: The FRS exhibits good prognostic validity for predicting future falls, particularly in specific subgroups. The
findings support a stratified fall risk assessment approach and emphasize the significance of early and personalized interven-
tion. This study contributes to the knowledge base on fall risk, despite limitations such as demographic focus and potential
assessment interval variability.
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Introduction
Falls represent a major health risk, with a profound impact
on both individuals and society, particularly for those aged
≥60 years [1]. They are inherently linked to adverse effects
on mobility, concurrent care risks, increased disease burden,
and increased mortality rates [2-5]. Falls are the second
leading cause of unintentional injury deaths globally, with an
estimated 684,000 fatalities annually [6]. The number of falls
and their related injuries are estimated to likely increase in
the upcoming years [7]. This occurrence can be attributed in
part to increasing life expectancy [8] and a rising prevalence
of fall risk factors, including but not limited to multimorbid-
ity, polypharmacy, and frailty [7]. Fall-related injuries often
lead to severe consequences [9], including hip fractures [10]
and head trauma [11], which can increase the risk of death,
disability, and institutional care, as well as impose substantial
economic strain on the health care system [12]. Falls can also
have a significant impact on quality of life. Fear of falling
can lead to social isolation, reduced physical activity, and loss
of independence [13]. These psychosocial consequences can
further exacerbate the risk of falls by creating a vicious cycle.

Identifying individuals at elevated risk of falling consti-
tutes a critical aspect of preventing falls. An individual-
ized approach to screening, assessment, and intervention
is highlighted in professional guidelines, exemplified by
practices outlined in the German nursing expert standards for
fall and fracture prevention [14] and in the World guidelines
for fall prevention for older adults [1]. Although no unani-
mous agreement exists on the precise selection of fall risk
assessment methods [15], an emphasis on an individualized,
multifactorial, and comprehensive assessment of fall risk
is consistent across professional guidelines [1,14], allow-
ing for the development of tailored multifactorial measures
to address fall risk. In accordance with these guidelines,
a comprehensive assessment should encompass various
domains, including mobility, sensory function, activities of
daily living, cognitive function, autonomic function, disease
history, medication history, nutrition history, and environ-
mental risk. This personalized approach can enable the
efficient identification of older adults at risk of falling,
facilitating the implementation of targeted interventions to
mitigate this risk.

At present, methods for predicting falls in older adults
mostly depend on single assessments [15]. These assess-
ments, being singular tools, may lack the scalability and
real-time capabilities necessary for widespread multifactorial
fall prevention efforts [1,15]. To embrace a multifactorial
approach in fall prevention, the incorporation of technology,
such as wearables and mobile health (mHealth) technologies,
could prove beneficial. These technological tools possess
the capability to capture diverse data types, thereby offering
the potential for implementing a comprehensive strategy for
multifactorial fall prevention. Some mHealth tools have been

developed to implement multifactorial fall risk assessments
and have focused on validating both their mobile technology
(eg, validation of their inertial measurement units against
gold standard technologies) and their application in real-
world environments (eg, retirement communities) [16]. Most
published research related to fall risk assessments has focused
on the ability to discriminate between fallers and nonfal-
lers, determining cutoffs, and assessing their sensitivity and
specificity [16,17]. Although this is relevant for identifying
individuals at an increased risk of falls, the provision of
minimal clinically important differences (MCIDs) is missing
[16-21]. Such metrics are crucial for identifying responsive-
ness to fall prevention programs in effectiveness trials using
multifactorial risk assessments as a measure of fall risk.

Many of the available mHealth tools use a combination of
functional assessments and questionnaires to gather additional
risk factors as part of the multifactorial approach to fall
risk assessment [16]. For instance, the Steady app incorpo-
rates a health history questionnaire alongside a progressive
postural stability test, which informs a weighted algorithm to
determine the fall risk [22,23]. Similarly, the Kinesis Balance
app enables measurements of standing balance, supplemented
by a questionnaire addressing further fall risk factors [24].
Another app, the Aachen Falls Prevention App, is based on
the Aachen Falls Prevention Scale and evaluates fall risk
through a series of questionnaires and a single balance task
[25]. The app developed by Taheri-Kharameh and colleagues
assesses fall risk based on the Stopping Elderly Accidents,
Deaths, and Injuries framework and incorporates a Timed
Up and Go test to categorize individuals regarding their fall
risk [26]. Most available apps primarily focus on balance
assessments and do not incorporate gait-related information,
which is relevant for understanding fall risk [15,27]. Although
some apps include a Timed Up and Go test [26,28], it focuses
solely on the time taken to complete the test, lacking insight
into gait parameters. For instance, among other factors, step
length, gait speed, and dynamic trunk sway [29-31] have
been identified as parameters contributing to fall risk. To
the best of our knowledge, the LINDERA Mobility Analy-
sis (LINDERA GmbH) mHealth app uniquely incorporates
gait parameters derived from the smartphone camera, and
also includes a questionnaire addressing supplementary fall
risk factors, providing a multifactorial approach for fall risk
assessment.

The LINDERA Mobility Analysis mHealth app compre-
hensively captures intrinsic (such as comorbidities, inconti-
nence, fear of falling, and prior falls) and extrinsic (including
mobility aids, environmental barriers, and home footwear)
factors. These factors, recognized as contributors to the risk
of falling [1], are seamlessly integrated into the mHealth
app’s calculation of the Fall Risk Score (FRS). The FRS
has been previously detailed and evaluated to ascertain its
discriminatory efficacy in distinguishing between fallers and
nonfallers within a cross-sectional study design [32]. The
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FRS exhibits performance metrics that are comparable to
those of established assessments commonly used for the
evaluation of fall risk [32]. Through this, the mHealth app can
provide personalized assessments of fall risk and recommen-
dations for fall prevention [32,33]. However, the prognostic
value of the FRS has yet to be reported. This study aimed
to investigate the prognostic validity of the FRS based on
longitudinal real-world data. It is hypothesized that the FRS
serves as a prognostic indicator, suggesting an association
with future falls within a predetermined time interval. As a
secondary goal, this research aims to establish the clinical
relevance of the FRS by identifying threshold values and the
MCIDs.

Methods
Study Design
This is an observational, retrospective cohort study in older
adults undergoing fall prevention assessment.
Setting
This study focused on nursing facilities for older adults
within Germany. These institutions, tailored to the distinc-
tive needs of older adults, adhere to routine fall preven-
tion practices mandated by German legislation. Furthermore,
these facilities have incorporated LINDERA into their fall
prevention assessment strategy, conducting fall prevention
assessments approximately every 3 months, contingent upon
the absence of any reported falls.
Participants
Data acquisition involved retrieving data in August 2023 from
the LINDERA database. Prior to participant data selection,
precise criteria were delineated to identify and incorporate the
data relevant to the investigation.

Inclusion criteria were defined as follows: (1) participants
should have completed more than one fall risk prevention
assessment and (2) participants should be aged 60 years or
older. Assessments were exclusively accepted if captured
through a uniform app version (versions 10.0.6 to 10.17.0),
ensuring consistency in the used FRS calculation, question-
naire version, and gait parameters calculation. Additionally,
assessments were considered if they exhibited an interval
between 45 and 180 days, corresponding to an initial
assessment (T1) and a subsequent follow-up assessment (T2).
Repeated assessments (observations) for the same individual
were also considered. As the app involved a video-based fall
risk assessment, all participants were required to be capable
of walking at least 6 meters.

After data retrieval, assessments were included in the
analysis only if the gait videos showed the presence of
older adults, meaning real human measurements had been

collected. To guarantee a dependable documentation of
fall history, the analysis focused solely on residents from
residential care settings. The study’s final sample size
comprised 617 older adults (857 observations), with data
collected between June 2021 and July 2023.
Description of mHealth App
The mHealth app (English version: Figure 1; German version:
Multimedia Appendix 1) was used for the evaluation of fall
risk among the study participants through the computation
of an FRS, as described elsewhere [32]. Briefly, to com-
plete a fall risk assessment, two procedures are required: (1)
recording the participants’ gait via smartphone-based video to
evaluate the gait pattern through a computer vision algorithm
[34] and (2) the collection of additional fall risk factors
through a standardized questionnaire integrated within the
mHealth app.

For the video procedure, participants were required to
perform a 3-meter walking test involving the sequence of
standing up from a chair, walking approximately 3 meters
toward the camera, executing a 180-degree turn, returning
to the starting point, and sitting down. Participants were
permitted to utilize assistive mobility devices (eg, a cane,
crutch, or walker) during the video capture process. The video
was recorded by a caregiver, such as a nurse, who simultane-
ously ensured patient safety. The underlying computer vision
algorithm is based on a modular system consisting of a video
tester, a skeleton estimator (skeleton estimator 2D, skeleton
estimator 3D, skeleton optimization 3D), and processing
of mobility parameters [34]. The modular artificial intelli-
gence–based algorithm detects gait cycles during the walking
segment of the assessment and computes gait parameters
such as step length and gait speed. The accuracy of this
algorithm has been previously evaluated through comparison
with the GAITRite walkway system elsewhere [34], with
reported intraclass correlation coefficient values exceeding
0.90, indicating excellent agreement, as detailed in prior
research. Following video capture, immediate quality checks
are conducted to confirm that the video complies with the
predefined quality criteria (eg, exposure, camera movement).
If necessary, a new video recording is requested.

Following the video procedure, participants were required
to complete a questionnaire comprised of a maximum of
58 questions that encompassed person-related risk factors
and environmental risk factors. Participants had the option
to fill out the questionnaire either independently or, if
they preferred, with the help of caregivers. Additionally,
if cognitive limitations prevent a participant from complet-
ing the questionnaire, an alternative version is triggered for
external assessment by the caregiver. Nevertheless, the same
risk factors are collected.

Assessments were analyzed only if the 2 procedures were
carried out and uploaded.

JMIR AGING Alves et al

https://aging.jmir.org/2024/1/e55681 JMIR Aging 2024 | vol. 7 | e55681 | p. 3
(page number not for citation purposes)

https://aging.jmir.org/2024/1/e55681


Figure 1. Screenshots depicting the mobile health app during the initialization phase of a new fall prevention assessment.

Variables Extracted From the mHealth
App

Fall Risk Score
Utilizing these 2 procedures (video and questionnaire)
inherent to the mHealth app, fall risk factors were system-
atically and automatically gathered. The recorded video
exclusively allows an analysis of the gait pattern, which
includes key characteristics such as step length and gait
speed. The questionnaire screens for a range of additional
fall risk factors, including dizziness and visual and acous-
tic impairments, among others, which are relevant for a
comprehensive assessment of fall risk [32]. There are no
overlaps between the risk factors derived from the video and
those obtained from the questionnaire; each risk factor is
exclusively captured from 1 of these 2 sources.

Each risk factor identified through these methods is
considered in the FRS calculation, which is quantified
on a scale ranging from 0-100 points. A score of 0 indi-
cates the absence of fall risk factors, while a score of
100 represents the complete presence of all identified fall
risk factors. The higher the FRS, the more fall risk fac-
tors are present. According to established fall-risk models
with demonstrated diagnostic accuracy [35,36], such as St.
Thomas’s Risk Assessment Tool in Falling Elderly Inpatients,
the Hendrich II Fall Risk Model, and the Downton Fall
Risk Assessment, 9 specific risk factors are assigned double
weighting. These factors include limited mobility, dizziness,
visual and auditory impairments, medication use, cognitive
impairment, depression, urge incontinence, a history of falls,
and restlessness. Additional risk factors are assigned single
weighting. These include comorbidities that limit mobility,

foot disorders, conditions that can cause syncope, fear of
falling, the use of walking aids, and environmental hazards.
Number of Falls at Follow-Up Assessment
The number of falls recorded at follow-up, T2, was self-
reported by the senior using the mHealth app. Participants
responded to a specific inquiry presented in the mHealth app,
detailing how often falls occurred since the last analysis.
It is noteworthy to highlight that, owing to the nature of
the setting being stationary residential, the number of falls
is meticulously documented in this environment. Caregivers
have ready access to this documented information when
conducting the fall risk prevention assessment.

To standardize these reported values and account for
variable observation periods, a normalization process was
implemented where the number of reported falls was divided
by the corresponding number of days covered by the analysis
(T1 to T2).
Bias
To address potential biases inherent in the study design
[37] that could potentially introduce confusion and affect the
precision of association estimates, a series of methodological
strategies were implemented to enhance the internal validity
of the study findings.
Statistical Analysis

Overview
Descriptive statistics were calculated as mean and standard
deviation for continuous data and counts for categorical data.
For all statistical evaluations, the significance level was set
at α=.05. RStudio (R version 4.3.1; Posit PBC, irr package)
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and Python (version 3.9; Python Software Foundation) were
used to process, analyze, and visualize all data. Specifically
for Python, NumPy (version 1.25.2), Pandas (version 2.03),
and scikit-learn (version 1.3.0) libraries were used.
Regression Analysis
To determine the relationship between the FRS at T1 and the
number of falls at T2, a correlation analysis was performed,
with a 3-step approach. First, to enhance data smoothing and
establish a more consistent data representation, a running
average was computed. This running average utilized the
FRS as a grouping parameter, with a window size equivalent
to 2% of the FRS value, resulting in the derivation of an
average number of falls at T2 for each FRS. Second, multiple
regression models were created to identify the function that
best fits the data points. To assess the performance of the
fitted function, root mean square error (RMSE) was reported.
The model exhibiting the lowest RMSE value was selected as
the most appropriate. Finally, in the third step, the Spearman
rank correlation coefficient was used to evaluate the strength
and direction of the monotonic relationships between FRS at
T1 and number of falls at T2, both extracted from the running
average. This nonparametric test was selected for its ability
to handle ordinal data and nonlinear relationships. Correlation
coefficients and corresponding P values were computed to
assess the statistical significance of these associations. This
analysis was also conducted in multiple subgroups to identify
stronger associations within specific variables. Specifically,
the following variables were investigated: time interval (60,
90, or 120 days); number of reported diseases (cancer,
arthritis, osteoarthritis, stroke, Parkinson disease, multiple
sclerosis, chronic pain, heart disease, lung disease, kidney
disease, liver disease, HIV, osteoporosis, dementia, anemia);
age (<65, 65-74, 74-85, or >85 years old); gait speed (above
or below 0.6 m/s); dementia (with or without); gait speed
and dementia (above 0.6 m/s and without dementia, below
0.6 m/s and with dementia); fall history (yes or no); and use
of walking aids (yes or no). The subgroups were selected
based on risk factors previously mentioned as associated
with increased risk of a fall [1,15,38-43]. For each subgroup
explored, the RMSE, Spearman correlation coefficients, P
values, and sample size are reported.

Threshold Values
Following this process, threshold values were determined
based on the obtained regression model for the main sample
size. The corresponding model’s equation was used to
estimate the average number of falls per week. To estimate
the threshold values over longer periods—such as 6, 12,
and 24 months—the average number of falls per week was
multiplied by the corresponding number of weeks in those
periods (26, 52, and 104, respectively). This approach enabled
the calculation of fall risk thresholds over extended time
frames.

Determination of MCID
To determine the MCID for the FRS, a distribution-based
approach was used, in accordance with [44]. Consequently,
the distribution-based MCID was computed using the

following formula: effect size × SD pooled, where the effect
size assumes values of 0.2, 0.5, and 0.8, representing small,
medium, and large effect sizes, respectively, in accordance
with [45]. The pooled standard deviation (SDpooled) is
determined as the square root of [(SD baseline)2 + (SD
follow-up)2/ 2] in [44,46]. The 95% CIs were estimated using
bootstrapping methodology. The MCID range was estimated
by considering values that span from smaller to larger, as
derived from these calculations.

Ethical Considerations
Data acquisition involved retrieving data in August 2023 from
the LINDERA database, encompassing participants who had
provided informed consent for the collection and utilization
of their data for research purposes. Participants were not
compensated for their participation. LINDERA adheres to the
European Union General Data Protection Regulation, and all
data incorporated into the study were pseudonymized. The
study was approved by the local ethics committee at Charité -
Universitätsmedizin Berlin (EA4/009/21).

Results
Participants
A detailed participant inclusion flowchart before exclusion
is provided in Figure 2, illustrating the selection process.
Initially, 4577 patients (3146 women and 1431 men) who
provided consent to use their data for research purposes were
considered for inclusion. The average age of these partici-
pants was 81.1 (SD 12.1) years. Among them, 1192 (25.8%)
had dementia and 3235 (70.7%) used walking aids.

The details of the full sample at T1 are displayed in Table
1. The FRS for the observations of the full sample size was
29.7 (SD 11.8%; range 1‐71) at T1 and 29.2 (SD 11.5%;
range 4‐77) at T2. The average time interval between T1 and
T2 was 108.5 (SD 31.6) days.

At T1, a total of 190 patients (with a total of 277
observations) could not self-report the fall risks collected
through the questionnaire and required an external assess-
ment. Comparisons between this group and the self-repor-
ted group showed no statistically significant differences in
gender (P=.31) and fallers at T1 (P=.40). However, statisti-
cally significant differences were found for age (P<.001), gait
speed (P=.03), and walking aid usage (P<.001). Specifically,
the self-reported assessment group was older and slower
and had a higher proportion of individuals using walking
aids (464/580 observations, 80%) compared to the external
assessment group (158/277 observations, 57%).
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Figure 2. Participant inclusion flowchart.

Table 1. Demographic and anthropometric data at initial assessment (T1) for the full sample, the self-reported fall risk questionnaire sample, and the
externally assessed fall risk questionnaire sample.
Initial assessment characteristic Full sample Self-reported questionnaire Externally assessed questionnaire
Participants, n 617 427 190
Observations, n 857 580 277
Gender, n 615 women, 242 men 423 women, 157 men 192 women, 85 men
Age (years), mean (SD) 83.3 (8.7) 84.0 (8.8) 81.8 (8.4)
Dementia, n 277 0 277
Fallers, n 125 80 45
Gait speed (m/s), mean (SD) 0.49 (0.19) 0.48 (0.19) 0.52 (0.20)
Using walking aids, n 622 464 158

Regression Analysis
Figure 3A presents a scatter plot illustrating the relationship
between the normalized number of falls at T2 and the FRS at
T1. The mean (SD) normalized number of falls per week at
T2 for the full sample was 0.02 (SD 0.05). A running average
was calculated using the FRS as a grouping parameter, with
a window size equivalent to 2% of the FRS value. Figure 3B
displays the resultant points of this running average computa-
tion, revealing a nonlinear relationship in the data.

Multiple regression models were computed to determine
the best-fitting function. Three sequential models were tested:
linear, quadratic, and exponential, introduced in ascending
order of complexity. Among the models, the quadratic model
(Figure 3B) was selected as it exhibited the lowest RMSE
(0.015). The corresponding quadratic regression model’s
equation is as follows, where FRS represents the average Fall
Risk Score at T1:

average number of future falls per week=  2.02977245 × 10−5 × FRS2 + 3.1456122 × 10−5× FRS − 2.34295251 × 10−3

The linear and exponential models exhibited corresponding
RMSE values of 0.017 and 0.016, respectively.

Spearman correlation analysis, using the moving average
data as the basis, revealed a strong, positive correlation
between FRS at T1 and falls at T2 (ρ=0.960, P<.001).
Subgroup analysis, using the moving average as the basis,
was conducted to explore the impact of various variables
on the relationship between FRS at T1 and falls at T2. The
outcomes of the subgroup analysis are summarized in Table
2.

Table 2 reveals that significant strong correlations were
found for the subgroup using walking aids (ρ=0.955, P<.001),
with a gait speed below 0.6 m/s (ρ=0.954, P<.001), and
with a time interval of 120 days (ρ=0.934, P<.001), indicat-
ing robust associations. Moderate yet significant correlations
were observed for the subgroup aged 65‐74 years (ρ=0.437,
P=.002) and with no diseases (ρ=0.504, P=.002). Weak and
nonsignificant correlations were found for groups such as
those with 3 diseases and gait speed above 0.6 m/s, suggest-
ing no substantial relationship. The results obtained using the
raw data are presented in Multimedia Appendix 2.
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Figure 3. (A) Scatter plot of the FRS at T1 and normalized number of falls per week at T2. (B) Resultant values for the running average computation
for the FRS at T1 and normalized number of falls per week at T2, including of the quadratic model in the resultant values of the running average
computation. FRS: Fall Risk Score.

Table 2. Performance metrics of the models evaluated (running average–based; root mean square error) and Spearman correlation analysis to predict
number of falls at T2 based on Fall Risk Score values at T1 for subgroups.a,b

Subgroups explored at T1 Root mean square error
Spearman correlation
coefficient P value

Fall Risk Score at T1,
mean (SD) Observations, n

Time interval between T1 and T2
60 days 0.08 0.739 <.001 28.5 (13.7) 36
90 days 0.03 0.833 <.001 30.6 (12.9) 268
120 days 0.02 0.934 <.001 30.0 (12.1) 611

Diseases, n
0 0.01 0.504 <.001 21.0 (9.9) 107
1 0.05 0.807 <.001 26.2 (11.1) 221
2 0.04 0.800 <.001 29.7 (11.1) 223
3 0.03 0.166 .19 32.8 (10.5) 167
≥4 0.02 0.719 <.001 37.9 (10.4) 139

Age (years)
<65 0.03 0.167 .38 24.4 (9.4) 47
65‐74 0.03 0.437 .002 27.4 (12.0) 93
74‐85 0.03 0.778 <.001 29.2 (12.4) 324
>85 0.02 0.760 <.001 31.2 (11.3) 393

Gait speed (m/s)
≥0.6 0.02 0.130 .32 21.9 (9.5) 215
<0.6 0.02 0.954 <.001 32.3 (11.4) 642

Dementia
Yes 0.04 0.719 <.001 29.2 (11.1) 242
No 0.02 0.748 <.001 29.8 (12.1) 615

Gait speed (m/s) and dementia
≥0.6 and without dementia 0.01 0.019 .90 21.9 (10.3) 140
<0.6 and with dementia 0.04 0.666 <.001 32.4 (10.8) 167

Fall history
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Subgroups explored at T1 Root mean square error
Spearman correlation
coefficient P value

Fall Risk Score at T1,
mean (SD) Observations, n

Yes 0.05 0.729 <.001 40.2 (12.0) 125
No 0.02 0.571 <.001 29.7 (11.8) 857

Use of walking aids
Yes 0.02 0.955 <.001 32.4 (11.3) 622
No 0.03 0.664 <.001 22.3 (9.8) 235

aT1: initial assessment.
bT2: follow-up assessment.

Threshold Values
The threshold values obtained from the quadratic model
revealed the corresponding FRS values as follows: an
expectation of 1 fall within the next 6 months aligns with
an FRS value starting at 45%, while an anticipation of 1
fall within the next 12 months corresponds to an FRS value
starting at 32%. Additionally, individuals expecting 1 fall in

the upcoming 24 months exhibited an associated FRS value
starting at 24%.
MCID Values
Table 3 reports the distribution-based MCID (95% CI) values
for the FRS change from T1 to T2.

Table 3. Distribution-based MCID values for the Fall Risk Score change from T1 to T2.a, b, c
Effect size Distribution-based MCID (95% CI) for Fall Risk Score
Small (effect size=0.2) 2.3 (2.2-2.4)
Medium (effect size=0.5) 5.8 (5.6-6.1)
Large (effect size=0.8) 9.3 (8.9-9.8)

aMCID: minimal clinically important difference.
bT1: initial assessment.
cT2: follow-up assessment.

Discussion
Principal Findings
The study confirms the multifaceted nature of fall risk for
older adults from several long-term care facilities (inpatient
caregiving) as represented by the FRS. The main findings
highlight the prognostic significance of the FRS across
different time intervals. Individuals with an FRS exceeding
45% had an increased risk of falling within 6 months,
emphasizing the importance of early intervention for those
identified at this threshold. The graded risk spectrum, with
FRS values of 32% and 24% corresponding to expected falls
over 12 and 24 months, respectively, provides a nuanced
framework for risk stratification and tailoring of preven-
tive strategies over different time horizons. Additionally,
establishing MCID values for FRS offers a robust metric
to evaluate the clinical impact of FRS measurement and its
corresponding fall prevention programs. By providing MCIDs
for small (effect size=0.2), medium (effect size=0.5), and
large (effect size=0.8) effect sizes, a framework for inter-
preting the observed changes in fall risk scores was estab-
lished, which will help in understanding the results of future
prospective studies by evaluating whether observed changes
in fall risk scores are meaningful.

Subgroup analyses broaden the understanding of the FRS’s
contextual applicability, revealing that the use of walking
aids, slower gait speed, and the time interval between
assessments are important contributing factors influencing fall

risk. In contrast, faster gait speeds and a combination of faster
gait speeds and no dementia (indicating higher functional
levels) do not appear to be significant contributing factors
to fall risk. These insights into FRS dynamics underscore
the need for a multifactorial approach to fall risk assess-
ment and management, incorporating clinical, behavioral,
and environmental factors for optimal outcomes for people
exposed to fall risks.

Overall, the study aimed to assess the prognostic valid-
ity of the FRS based on longitudinal fall risk assessment
data acquired in real-world conditions. The study hypothe-
sis posited that the FRS operates as a prognostic indicator,
suggesting an association with future falls within a predeter-
mined time interval. The study’s main finding was that the
FRS, when assessed at T1 and used in a quadratic model
to predict the number of falls at T2, demonstrates a good
predictive performance. This is supported by the significant
strong correlations detected between the FRS at T1 and falls
at T2 (ρ=0.960, P<.001).
Prognostic Validity of the Fall Risk Score
The best-fitting regression model, characterized by the lowest
RMSE, depicted a nonlinear relationship between the FRS
and number of falls. These results seemed to be consis-
tent with previous research. Notably, alternative models for
predicting falls rely on objective metrics such as gait speed.
Quach and colleagues [47] identified a nonlinear, U-shaped
relationship between gait speed and the frequency of falls
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in community-dwelling older adults. Both faster and slower
gait speeds were associated with the highest risk of falls.
Subsequent subgroup analyses in this investigation revealed
that variations in gait speed may influence the magnitude of
the association between FRS and fall frequency, as signifi-
cant, strong correlations were detected for slower walkers
(gait speed below 0.6 m/s), in agreement with findings from
[47]. Moreover, the mean FRS values of slower walkers
(mean 32.3, SD 11.4%) exceeded the threshold indicative of
distinguishing fallers from nonfallers (27.5%), as previously
determined [32]. In contrast, the mean FRS values of faster
walkers (mean 21.9, SD 9.5%) did not surpass this threshold,
underscoring the relevance of gait speed in the predictive
model.

Spearman correlation analysis revealed differing strengths
of correlation across different subgroups. It was most
effective for predicting falls among older individuals with
slower gait speeds, using walking aids, and with a time
interval between fall risk assessments of 120 days. On the
other hand, the correlations were weaker among individuals
with different disease counts and those with a combination
of gait speed and dementia status. These results indicate that,
while the predictive model is robust in certain contexts, it
may require additional refinement or consideration of other
factors to improve its predictive power across all subgroups.
For instance, in the disease group with 3 conditions (n=3),
the observed low Spearman correlation can be attributed
to the presence of observations with high FRS and zero
falls (Multimedia Appendix 3). These observations disrupt
the rank-order relationship, leading to a reduction in the
Spearman correlation coefficient. Nonetheless, the low RMSE
indicates that the quadratic model performed well overall
for most data points within this subgroup. Individuals with
multiple diseases exhibited a descriptively higher fall risk
(Table 2), with an even greater fall risk observed in those
over 85 years of age (Multimedia Appendix 4). Health
care professionals may be more vigilant in monitoring these
individuals, paying closer attention to their health conditions,
environmental hazards, and behaviors that could contribute
to falls. Such heightened awareness has been previously
reported to influence their decisions and actions to prevent
falls [48], which may help explain the lack of a statistically
significant association between the variables in this subgroup.

An increasing number of mHealth solutions are contribu-
ting to the growing body of evidence that supports the validity
of using this technology for fall risk screening [49]. For
example, the Aachen Falls Prevention Scale, a self-assess-
ment tool that combines a short questionnaire with a balance
test, has been found to significantly correlate with users’
self-reported history of falls [25]. In addition, Ozinga and
Alberts [50] evaluated postural stability assessments captured
by a tablet, comparing their results to those obtained through
a 3D motion analysis system. Their findings indicate that
tablet sensors can quantify postural stability with sufficient
accuracy. A more recent review also evaluated several digital
apps developed for fall risk assessment [16]. The accumulat-
ing body of evidence supporting mHealth use for assessing
fall risk holds significant potential to optimize fall prevention

efforts by not only identifying individuals at high risk but
also delivering targeted interventions tailored to the specific
needs identified. This opens avenues for older adults to assess
their individual fall risk, a crucial step in determining the
appropriate type of fall prevention treatment. However, the
majority of mHealth tools assessed in the literature only
provide support and integration with isolated parts of fall risk
assessment and fail to incorporate a multifactorial, multimo-
dal approach.
MCID Findings
The results from the quadratic model established threshold
values for the FRS that correlated with the expectation of
falls over different time frames, resulting in risk stratification.
The calculation of MCID for FRS changes from T1 to T2,
with varying effect sizes, enabled clinicians to understand
the magnitude of change in FRS that would be considered
clinically significant. Subgroup analysis further refined the
understanding of how various characteristics influenced the
FRS and the implementation of recommendations, highlight-
ing the complex interplay of factors such as disease presence,
age, gait speed, dementia status, fall history, and the use
of walking aids in fall risk and response to interventions.
These findings underscore the importance of personalized
approaches in managing fall risk among different populations,
which was not part of the real-world usage of the device.

The distribution-based approach allowed for the interpreta-
tion of the MCID while taking into consideration its inherent
variability [51]. This method informed the estimation of the
MCID by incorporating descriptive statistics derived from the
observed scores across the sample’s distribution [52]. The
magnitude of effect sizes varied with the clinical condition
under consideration, with small effect sizes holding potential
significance for patients with severe disease, while moder-
ate to large effect sizes become relevant for patients with
milder conditions [44]. Among distribution-based methods,
the standard deviation between participants is one of the most
widely accepted [51,53], and both the variability at initial and
follow-up assessments should be considered [46].

Distribution-based approaches are validated methods to
derive MCIDs [53,54]. These studies support the use of
distribution-based MCID methods, demonstrating accuracy
and reliability in deriving MCIDs. In this study, distribution-
based methods to derive MCIDs from real world baseline
data were effectively applied. In the results, the MCID was
divided into 3 categories: small change of approximately 2.3
points, medium change of approximately 5.8 points, and large
change of approximately 9.3 points. These MCID numbers
can be used to evaluate whether the changes in FRS after
an intervention (eg, an exercise program) are large enough
to be meaningful. If a participant’s FRS drops by more than
the MCID, it is likely that the program was beneficial. As
a result, the distribution-based approach yielded appropriate
differences for a meaningful clinical interpretation of FRS
changes.

JMIR AGING Alves et al

https://aging.jmir.org/2024/1/e55681 JMIR Aging 2024 | vol. 7 | e55681 | p. 9
(page number not for citation purposes)

https://aging.jmir.org/2024/1/e55681


Usage of Real-World Data
Regulatory organizations are progressively acknowledging
the utility of real-world data (RWD) in forming real-
world evidence. A systematic literature review was recently
undertaken to examine the use of RWD for interpreting
outcomes from trials lacking control groups [55]. The study
examined major regulatory and health technology assessment
bodies and underscored the necessity for enhanced guid-
ance on methodological considerations from these bodies.
The systematic review articulated essential directives for
generating real-world evidence that is appropriate for its
intended benefits. The application of RWD is particularly
pertinent in areas where randomized clinical trials are not
viable, such as in oncology, rare diseases, or nursing homes
[56,57]. Here, controls may be derived from historical data
and observational studies. Finally, the paper advocated for the
exchange of experiences among stakeholders (eg, sponsors
and regulatory bodies) to promote learning and refine the
application of RWD-derived evidence, aiming to enhance
patient care.
Limitations

Study Group
This study included the physical and demographic charac-
teristics of older adults, providing valuable insights for
aging populations. However, its focus on older individuals,
gender imbalance, and lack of specific details regarding
dementia and fall circumstances could limit its generaliz-
ability. Notably, there are indications that gender could
have a significant influence on fall risk factors [58] and
fall awareness behavior should be emphasized among older
females to address gender-specific factors that might be
crucial in mitigating fall risk in this demographic [59].
Furthermore, variable assessment intervals may affect the
reliability of longitudinal comparisons.

Study Type
The study relies on preexisting, retrospective data, which may
have limitations in accuracy, completeness, and consistency.
There is also a risk of selection bias, as the data might
not have been collected with the current research questions
in mind (eg, without a control group, it is harder to attrib-
ute changes in fall risk solely to the digital interventions
studied). This limits the ability to establish cause-and-effect
relationships. Although RWD are valuable for their practi-
cal relevance, they can introduce confounding factors and
variability.

Statistical Methods
The study suggests that, while there were associations
between FRS and fall frequency, there were nonlinear
relationships, with variable correlations across different
subgroups. The prognostic model was most reliable for
predicting falls among older individuals with slower gait
speeds and those using walking aids. However, its predictive
power was less consistent among individuals with different
disease counts and those with a combination of gait speed

and dementia status. These results indicate that, while the
FRS is robust in certain contexts, it may require additional
refinement or consideration of other factors to improve its
predictive power across all subgroups.

Bias Reduction
Specifically, eligibility criteria were preestablished to ensure
consistency in participant selection and minimize the impact
of selection bias on the study outcomes. Additionally,
quality criteria were defined for both video capture and
data collection processes. For video capture, to optimize the
reliability of gait parameter calculations from video record-
ings, predetermined quality criteria—encompassing aspects
such as exposure and camera movement—were systemati-
cally implemented. After video capture, this quality assurance
process was executed to verify adherence to the predefined
criteria, ensuring the integrity of the captured data. For
the data collection process, to guarantee caregivers’ profi-
ciency in utilizing the mHealth app, a regimen of regular
and standardized training sessions was administered by the
LINDERA Customer Success Team. Finally, to ensure the
reliability of the dataset included, a comprehensive review
of all videos associated with the analyses was conducted to
confirm the presence of older adults in the video recordings.

In summary, the study utilized the FRS as a predictive
tool and the MCID for managing individual fall risk. The
FRS could screen fall risks among older adults in nurs-
ing care, with its real-world application underscoring its
practical utility in clinical settings. The MCID enhanced the
study’s findings, while translating statistical shifts in FRS
into meaningful, patient-centric outcomes. This approach can
be used to personalize care plans and also offers an objec-
tive measure for evaluating the efficacy of fall prevention
strategies. The deduction of MCID sets a practical standard
in geriatric care research and practice, emphasizing its value
in assessing the effectiveness of interventions in fall risk
management.
Conclusions
This study investigated the complex nature of falls and fall
risk, encapsulated by the FRS and its prognostic value.
Elevated FRS values corresponded to an increased risk of
falls and future falls. This, along with the obtained thresh-
old, offers a stratified approach to risk assessment and
the formulation of preventative strategies tailored to risk
projections of falls. The deduction of MCID values for
FRS changes provides a metric for assessing the clinical
significance of interventions across a spectrum of effect
sizes. Despite the stated limitations, the study’s insights are
a valuable addition to the existing literature on fall risk,
suggesting the FRS as a predictive tool that may benefit
from further refinement for broader applications in clinical
and nursing settings. The fall risk assessment method utilized
in this study identified specific fall risk factors for each
individual. By targeting the individual fall risk profile with
distinct fall risk factors—such as mobility limitations or
environmental hazards—this method enables the delivery of
tailored and person-centered fall prevention strategies. These

JMIR AGING Alves et al

https://aging.jmir.org/2024/1/e55681 JMIR Aging 2024 | vol. 7 | e55681 | p. 10
(page number not for citation purposes)

https://aging.jmir.org/2024/1/e55681


strategies are designed to manage and mitigate the fall risks
identified by addressing the particular needs and vulnerabili-
ties of each individual based on a holistic, multifactorial fall
risk assessment. Future research should focus on evaluating

the effectiveness of such fall prevention strategies derived
from a comprehensive and multifactorial fall risk assessment
among individuals in residential care settings.
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