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Abstract

Background: Fall risk assessment in older people is of major importance for providing adequate preventive
measures. Current predictive models are mainly focused on intrinsic risk factors and do not adjust for contextual
exposure. The validity and utility of continuous risk scores have already been demonstrated in clinical practice in
several diseases. In this study, we aimed to develop and validate an intrinsic-exposure continuous fall risk score
(cFRs) for community-dwelling older people through standardized residuals.

Methods: Self-reported falls in the last year were recorded from 504 older persons (391 women: age 73.1 ± 6.5
years; 113 men: age 74.0 ± 6.1 years). Participants were categorized as occasional fallers (falls ≤1) or recurrent fallers
(≥ 2 falls). The cFRs was derived for each participant by summing the standardized residuals (Z-scores) of the
intrinsic fall risk factors and exposure factors. Receiver operating characteristic (ROC) analysis was used to determine
the accuracy of the cFRs for identifying recurrent fallers.

Results: The cFRs varied according to the number of reported falls; it was lowest in the group with no falls (−
1.66 ± 2.59), higher in the group with one fall (0.05 ± 3.13, p < 0.001), and highest in the group with recurrent fallers
(2.82 ± 3.94, p < 0.001). The cFRs cutoff level yielding the maximal sensitivity and specificity for identifying recurrent
fallers was 1.14, with an area under the ROC curve of 0.790 (95% confidence interval: 0.746–0.833; p < 0.001).
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Conclusions: The cFRs was shown to be a valid dynamic multifactorial fall risk assessment tool for epidemiological
analyses and clinical practice. Moreover, the potential for the cFRs to become a widely used approach regarding fall
prevention in community-dwelling older people was demonstrated, since it involves a holistic intrinsic-exposure
approach to the phenomena. Further investigation is required to validate the cFRs with other samples since it is a
sample-specific tool.
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Background
Beyond being the leading cause of injury-related death
in older adults over age 65, falls induce significant re-
strictions on daily life activity, physiological condition
deterioration, and impaired quality of life in this popula-
tion [1]. Approximately one-third of this population who
are living independently in the community falls at least
once a year, and half of these individuals fall multiple
times [2]. In addition to the direct impact on older peo-
ple’s lives, falls and fractures also have a meaningful eco-
nomic impact on health care systems worldwide [3].
Therefore, fall prevention in older people is a critical
public health challenge, especially considering the collat-
eral impact that a fall episode in a care recipient might
have on the informal caregiver’s life [4].
Effective fall prevention strategies benefit from a more

comprehensive understanding of the causal falling mech-
anisms; thus, a comprehensive fall risk assessment is
crucial to design effective fall prevention programs.
Moreover, a screening protocol should be short, easy to
administer, and multifactorial, allowing the identification
of the risk factors that can be targeted by an intervention
[5, 6]. Medical associations and national health author-
ities are unanimous in recommending the use of fall risk
assessment tools [7]. Hence, several reviews reporting
fall risk assessment instruments and their accuracy are
available in the literature [8, 9]. Fall risk assessment in-
struments commonly include risk factors such as previ-
ous fall occurrence, impaired balance and gait, and
medical conditions such as chronic diseases, physical im-
pairments, and medication use [10]. Nevertheless,
current assessment instruments are considered inad-
equate or limited in terms of predicting falls in
community-dwelling older people; thus, researchers rec-
ommend that fall risk assessment tools should not be
used in isolation to identify older people at high risk of
falls [9, 11].
Fall risk models based on the dynamic interplay be-

tween intrinsic risk factors that vary over time and ex-
posure (activity in a context that creates the opportunity
for fall occurrence) were recently proposed to increase
assessment accuracy [6]. The rationale for this approach
contradicts the mistaken assumption that risk factors are
stable for each person and do not change over time.

However, fall risk factors evolve and regress during the
life cycle and are interconnected in a dynamic interplay.
A change in any of the living conditions (e.g., mobility
restriction, altered medication, or a fall event) may affect
other risk factors, so models for assessing the risk of falls
should be equally dynamic [6]. As an example, a fall risk
assessment tool based on a medical and physiological
theoretical framework proved to be valid, reliable, and
feasible to predict multiple falls; nonetheless, the risk
cutoffs derived from dichotomous classifications [12]
limited its use across all ages and different populations.
Dynamic approaches to risk factors based on continu-

ous scores have been widely used in cardiometabolic risk
factors [13, 14]. Continuous scoring is considered a
method that better adjusts for progressively increased
risk with an increasing number of risk factors and is a
valuable tool for epidemiological analyses, making it use-
ful for researchers, clinicians, and policymakers [15]. A
dynamic fall risk model derived from a continuous score
based on intrinsic and exposure risk factors, which is a
sample-specific multifactorial dynamic approach, would
provide a better understanding of the complex inter-
action among fall risk factors. This method might help
researchers and practitioners develop more individual-
ized prevention strategies and allow individualized con-
trol of older people’s risk progression over time.
Furthermore, it seems to be an easy-to-use, reproducible,
and quick method to assess fall risk.
To the best of our knowledge, no study has developed

a dynamic fall risk model based on a continuous
intrinsic-exposure risk score to assess the risk of falls in
community-dwelling older people. This study primarily
aimed to develop and examine the construct validity of a
dynamic fall risk model based on an intrinsic-exposure
multifactorial sex-specific continuous fall risk score
(cFRs) for Portuguese community-dwelling older people.
The secondary purpose was to identify the cFRs cutoff
discriminating those at low and high risk for multiple
falls.

Methods
Study design and participants
This study follows an observational cross-sectional de-
sign. Participants were recruited from senior universities,
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parishes, city halls, and senior associations through leaf-
let and poster distributions. The inclusion criteria were
as follows: older people aged ≥65 years from the Alentejo
region (Portugal) living independently in the community,
without cognitive impairment (scoring > 24 points in the
Folstein Mini-Mental State Examination) [16]. Respon-
dents were excluded if they experienced a recent acute
health event (e.g., myocardial infarction or fractures
leading to immobilization). The authors calculated the
minimum representative sample size of this population
using the national census [17] data concerning older
people ≥65 years old (n = 182,988), and the epidemio-
logic statistical OpenEpi software [18]. The calculated
minimum sample size was 384 older people, considering
a 95% significance level (Za = 1.96), a 5% sampling error,
the population dimension, and a 50% hypothesized fre-
quency of the outcome factor in the population (p). Five
hundred and eight older persons volunteered for the
study. Due to the presence of cognitive impairment, four
respondents were excluded from our analysis, resulting
in a total of 504 participants enrolled in the study (391
women: 73.1 ± 6.5 years; 113 men: 74.0 ± 6.1 years). All
participants reviewed and signed an informed consent
form. The study was approved by the University of Évora
Ethics Committee for research in the areas of human
health and well-being (reference number 16–012).

Data collection
The data collection took place between April 2017 and
January 2018 at the Superior Nursing School Laboratory
in Évora, Portugal. Face-to-face interviews were con-
ducted by four specialized raters who were blind to the
study’s objectives to collect sociodemographic data (sex,
age) and self-reported clinical history, including the
number of chronic diseases, physical impairments and
previous fall occurrences. To maintain anonymity, a
code was assigned to each participant during data
collection.

Measures
Falls
Falls were defined as “an unexpected event in which the
participants come to rest on the ground, floor, or lower-
level” [19]. Only falls resulting from ordinary daily life
activities were considered, and falls resulting from risky
and dangerous circumstances or traffic accidents were
excluded. Fall episodes within the previous 12months
were assessed during the interview. The participants
were categorized into two groups: occasional fallers and
recurrent fallers. Occasional fallers were defined as those
who fell once or who had not fallen in the 12months
preceding the evaluation, and recurrent fallers were de-
fined as those who fell twice or more in the same period.
Fall-related consequences and the detailed description of

each fall were captured to ensure an accurate number of
previous falls.

Body composition
Body composition was assessed through standing height
and weight measured using a stadiometer (Seca 770,
Hamburg, Germany) and an electronic scale (Seca Bella
840, Hamburg, Germany), respectively, to compute body
mass index (m/kg2). Waist circumference was measured
using anthropometric tape following World Health
Organization procedures (midway between the lower rib
margin and the iliac crest) [20].

Chronic diseases
Chronic diseases were derived from the 24 chronic co-
morbidities listed by all participants, including metabolic
disease, diabetes mellitus, cardiovascular disease, respira-
tory disease, stroke, neurological disorders, peripheral
vascular disease, renal insufficiency, and arthritis. The
“chronic diseases” variable corresponds to the number of
chronic comorbidities present in each participant.

Physical impairments
The physical impairments variable was calculated by
summing the reported impairments, including frequent
dizziness, involuntary loss of urine, poor vision, foot
problems, hearing problems and occasional loss of bal-
ance [21]. Chronic diseases and physical impairment in-
formation was double-checked with the records from
the medical clinical report and current medication type
and dosage.

Cognitive impairments
Cognitive impairments resulted from the participants’
score on the Portuguese version of the Mini-Mental
State Examination [16, 22], a 30-item test divided into
the following components: orientation, registration, at-
tention, delayed recall, language and praxis. Mini-Mental
State Examination scores range from 0 (worst) to 30
(best) points.

Physical function
Physical function was assessed by the 12-item responses
to the Composite Physical Function (CPF) Scale [23],
based on the participants’ perception of whether they
“could perform the activity” (score 2), “could perform it
with difficulty or with help” (score 1) or “could not per-
form the activity at all” (score 0). In this study, the phys-
ical function variable represents the total CPF score,
ranging between 0 (worst) and 24 (best) points. Multidi-
mensional balance was evaluated by the sum of points
obtained in each of the ten tests of the Fullerton Ad-
vanced Balance Scale [24], scoring each test between 0
(worst) and 4 (best), into a total grade ranging between
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0 and 40 points. Fear of falling was assessed by the
modified Falls Efficacy Scale - International (FES-I) used
by Yardley et al. [25] and originally developed by Tinetti
et al. [26]. Participants were asked how concerned they
felt, on a scale from 1 (not concerned) to 4 (very con-
cerned), about falling while performing each of the six-
teen everyday activities listed in the FES-I, generating a
total score ranging from 16 to 64 points [25].
Affordance perception, an indicator of individual per-

ception of stepping-forward boundaries, was assessed
through the stepping-forward affordance perception test;
the test protocol has been described in detail elsewhere
[27]. The estimated stepping-forward (cm) and real
stepping-forward (cm) distances were measured, and
posterior computation was performed to produce the
absolute error (|real stepping-forward – estimated
stepping-forward|), which was the main representative
outcome of affordance perception accuracy [27]. An
underestimated absolute error works as a protective
mechanism for fall occurrence.
Changes in walking performance were measured

through the Gait Section of the Tinetti’s Performance-
oriented Assessment of Mobility [28, 29]. This instru-
ment assesses gait based on eight items. A complete de-
scription of gait assessment items and on how scores are
assigned can be found elsewhere [28, 30]. The “gait
score” ranged from 0 (worst) to 12 (best).

Physical activity
Habitual physical activity was assessed by the short ver-
sion of the International Physical Activity Questionnaire
[31]. Participants are asked about the time spent walking
and participating in moderate and vigorous activities to
calculate their total metabolic expenditure (metabolic
equivalent of tasks: MET-min/week). The calculation
considered the time spent (min/week), the frequency
(days/week) and the intensities of each physical activity
type: walking (3.3 MET), moderate activity (4.0 MET)
and vigorous activity (8.0 MET).

Environmental hazards
Both the interior and exterior of the participants’ dwell-
ings were checked for environmental hazards, including
animals, stairs, raised carpets, and habitual footwear.
The presence of each listed environmental hazard was
checked for each participant, and the total number of
hazards was counted (minimum: 0, maximum: 34) [32].

Derivation of the continuous fall risk score
The cFRs considers intrinsic and exposure fall risk fac-
tors. Intrinsic risk factors included chronic diseases,
physical impairments, cognitive impairments, physical
function, multidimensional balance, fear of falling, affor-
dance perception, and gait. Exposure took into

consideration habitual physical activity, particularly the
total metabolic expenditure throughout a typical week,
and the environmental hazards identified in each partici-
pant’s traditional environment. These two exposure
measures are concerned with the opportunity for fall oc-
currence. Both measures integration was recently pro-
posed in a dynamic fall risk models’ conceptualization to
characterize the exposure, considering the context (ac-
tivity type) of the fall event and the environment (envir-
onmental hazards) in which the activity was performed
[6]. Therefore, supported by their recognized relation-
ship with the risk of falling [10, 33–42], the above con-
trollable intrinsic and exposure fall risk factors were
included in the cFRs.
The cFRs was derived from the sum of the standard-

ized residuals (Z-scores) of each controllable intrinsic
and exposure fall risk factor. Computation of Z-scores
for each key component was performed by regressing
them onto age and sex to account for any age- and sex-
related differences. Because cognitive impairments, phys-
ical function, multidimensional balance, affordance per-
ception, gait, and physical activity Z-scores are inversely
related to fall risk, they were multiplied by − 1 before Z-
score summation. A higher cFRs indicates a higher risk
of falling.

Statistical analysis
The data contained some missing values in the variables
used to compose the cFRs with no obvious patterns
across variables and participants, following a missing at
random mechanism. Approximately 24.3% of the partici-
pants would be lost after listwise deletion of the data if
we decided to keep only the participants with no missing
values on any items. Therefore, missing values were re-
placed using the fully conditional specification imput-
ation method [43]. Eight imputations were created from
the original dataset to generate plausible values drawn
from a predicted distribution on the basis of other ob-
served variables using a multiple imputation software
package (SPSS version 24.0, IMB Statistics). Multivariate
imputation accounting for missingness in the cFRs vari-
ables was as follows: cognitive impairments (1.3%), phys-
ical function (2.8%), multidimensional balance (1.1%),
fear of falling (1.7%), affordance perception (8.5%), gait
(4.3%) and physical activity (4.6%).
Other statistical analyses were performed using the R

and Jamovi software packages [44, 45]. The percentage
of occasional and recurrent fallers was calculated for the
total sample and stratified by sex. Descriptive statistics
were performed for body composition and for the cFRs
components considering the total sample and stratified
by fall status (occasional and recurrent fallers). Compari-
sons between participants according to fall status were
performed in numeric variables by the use of
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independent sample t-tests, whereas proportion compar-
isons were performed by Pearson χ2 tests (p < 0.05). Ef-
fect sizes were quantified for the pairwise comparisons
between fall status for continuous variables to indicate
the practical meaningfulness of the mean value differ-
ences, shown as Cohen’s d with 90% confidence inter-
vals. Thresholds for effect sizes based on Batterham and
Hopkins guidelines [46] were trivial (< 0.2), small (0.2 to
< 0.6), moderate (0.6 to < 1.2), large (1.2 to < 2.0), and
very large (> 2.0).
One-way analysis of variance with Tukey’s post hoc

test was used to analyze how the cFRs varied according
to the reported number of falls over the previous 12
months (0 falls, one fall, and two or more falls). Receiver
operating characteristic (ROC) analysis was used to de-
termine the sample-specific cutoff point that minimized
the total number of misclassification errors and to inves-
tigate the accuracy of the cFRs and each key component
in discriminating recurrent fallers. A dichotomous classi-
fication as recurrent faller (yes = 1; no = 0) was used in
the ROC analysis. Sensitivity was defined as the percent-
age of recurrent fallers who were correctly identified by
the estimated cFRs cutoff point, and specificity was de-
fined as the percentage of occasional fallers who were
correctly identified by the estimated cFRs cutoff point.
The optimal cutoff score for each key component and
the cFRs were determined using Youden’s method [47].
The positive predictive value was defined as the percent-
age of subjects who were recurrent fallers (those with
cFRs scores equal to or above the cutoff point), and the
negative predictive value was the percentage of subjects
who were occasional fallers (those with cFRs scores
below the cutoff point). Positive and negative predictive
values were calculated for each cFRs key component and
the total cFRs, as well as their associated 95% confidence
intervals, using bootstrapping. Sensitivity and specificity
95% confidence intervals were calculated using the free
online VassarStats Clinical Calculator 1 (http://
vassarstats.net/clin1.html).
The area under the curve (AUC) was used to measure

the accuracy of the cFRs and each key component to
discriminate occasional and recurrent fallers [48]. In this
analysis, the AUC can be considered equivalent to the
probability that a randomly drawn recurrent faller has a
higher cFRs than a randomly drawn occasional faller.
The AUC was interpreted according to the following
guidelines: noninformative/test equal to chance (AUC =
0.5), less accurate (0.5 < AUC ≤ 0.7), moderately accurate
(0.7 < AUC ≤ 0.9), highly accurate (0.9 < AUC ≤ 1.0), and
perfect discriminatory tests (AUC = 1.0) [49].

Results
Out of the entire sample (n = 504), 148 participants
(29.4%) had fallen twice or more over the previous 12

months and were defined as recurrent fallers; among
them, 118 (23.4%) were females and 30 (6.0%) were
males. Most participants (70.6%) had fallen once or less
over the same period and were considered occasional
fallers. The overall sample characteristics were stratified
by occasional and recurrent fallers and are displayed in
Table 1. There were no significant differences in the
mean age or body composition between occasional and
recurrent fallers. The recurrent fallers reported signifi-
cantly more chronic diseases (3.3 vs. 2.2 total, p < 0.001,
Cohen’s d = 0.60) and physical impairments (4.0 vs. 2.2
total, p < 0.001, Cohen’s d = 1.03) than occasional fallers.
Compared with recurrent fallers, occasional fallers had a
higher performance on balance (30.3 vs. 26.5 score, p <
0.001, Cohen’s d = − 0.54) and gait (11.6 vs. 11.1 score,
p < 0.001, Cohen’s d = − 0.37) tests and reported a higher
functional capacity (21.2 vs. 19.1 score, p < 0.001,
Cohen’s d = − 0.52). Occasional fallers also revealed
fewer cognitive impairments (27.0 vs. 22.2 score, p <
0.001, Cohen’s d = − 1.36), reported less fear of falling
(20.1 vs. 25.9 score, p < 0.001, Cohen’s d = 0.93) and
identified more environmental hazards in their environ-
ment (11.2 vs. 9.5 score, p < 0.001, Cohen’s d = − 0.26).
The cFRs was significantly higher in recurrent fallers
than in occasional fallers (− 1.24 vs. 2.99 scores, p <
0.001, Cohen’s d = 1.21). The mean for the total sample
was 0.00 ± 4.0.
Figure 1 shows how the cFRs varies according to the

reported number of falls over the previous 12 months (0
falls, one fall, and two or more falls). There were signifi-
cant differences between all fall groups (p < 0.001); the
cFRs was lowest in the group with no falls (− 1.66 ±
2.59), higher in the group with one fall (0.05 ± 3.13), and
highest (2.82 ± 3.94) in those who fell twice or more over
the last 12 months (recurrent fallers).
Figure 2 presents the findings of the ROC curve ana-

lyses providing sample-specific cutoffs for the cFRs and
its key components, yielding the maximal sensitivity and
specificity (Youden’s index) to identify recurrent fallers
accurately. The cutoff yielding the highest Youden’s
index for identifying recurrent fallers was a cFRs of 1.14,
with an AUC = 0.790 (0.746–0.833, 95% confidence in-
tervals) (p < 0.001), indicating that the cFRs was a mod-
erately accurate method (0.7 < AUC ≤ 0.9) to identify
recurrent fallers. Key component sample-specific cutoffs
and their corresponding sensitivity and specificity are
also provided in Fig. 2 for interpretation by the reader.
Figure 3 represents the overall ROC curves for the

cFRs and its key components. According to the ROC
analyses, the cFRs performed reasonably better in identi-
fying recurrent fallers. The cFRs revealed the highest
AUC = 0.790 (0.746–0.833, 95% confidence intervals)
(p < 0.001) when compared to each controllable intrinsic
and exposure fall risk factor, which varied between an
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Table 1 Characteristics of the total sample and by the fall status (occasional and recurrent fallers)

Variablesa Entire sample Occasional fallers Recurrent fallers P-
value

Cohens’ d (90%
CI)n = 504 n = 356 (70.6%) n = 148 (29.4%)

Age (years) 73.3 ± 6.4 73.1 ± 6.4 73.8 ± 6.5 0.236 0.11 (− 0.10;0.27)

Female (n/%) 391 (77.6%) 273 (54.2%) 118 (23.4%) < .001 −0.27 (− 0.33;-0.20)

Male (n/%) 113 (22.4%) 83 (16.5%) 30 (6.0%) < .001 −0.30 (− 0.34;-0.26)

Body composition

Weight (Kg) 69.9 ± 11.7 70.0 ± 11.9 69.5 ± 11.3 0.636 −0.05 (− 0.20;0.12)

Height (cm) 155.7 ± 8.4 155.8 ± 8.6 155.4 ± 7.7 0.596 −0.05 (− 0.21;0.11)

Waist circumference (cm) 96.7 ± 10.9 97.0 ± 10.9 96.1 ± 11.0 0.406 −0.08 (− 0.24;0.08)

Body mass index (Kg/m2) 28.8 ± 4.1 28.8 ± 4.1 28.7 ± 4.0 0.869 −0.03 (− 0.19;0.14)

Chronic diseases (total) 2.5 ± 1.8 2.2 ± 1.6 3.3 ± 2.2 < .001 0.60 (0.45;0.78)

Physical impairments (total) 2.9 ± 1.7 2.4 ± 1.5 4.0 ± 1.7 < .001 1.03 (0.86;1.19)

Cognitive impairments (score) 26.5 ± 3.6 27.0 ± 3.2 22.2 ± 4.2 < .001 −1.36 (− 1.54;-1.19)

Physical function (score) 20.6 ± 4.1 21.2 ± 3.5 19.1 ± 5.1 < .001 −0.52 (− 0.68;-0.36)

Multidimensional balance (score) 29.2 ± 7.3 30.3 ± 6.1 26.5 ± 9.0 < .001 −0.54 (− 0.70;-0.37)

Fear of falling (score) 21.8 ± 6.7 20.1 ± 4.9 25.9 ± 8.6 < .001 0.93 (0.77;1.10)

Affordances perception (cm) 8.3 ± 7.2 8.5 ± 7.3 7.9 ± 7.0 0.429 −0.08 (− 0.24;0.08)

Gait (score) 11.4 ± 1.4 11.6 ± 1.1 11.1 ± 1.8 < .001 −0.37 (− 0.53;-0.21)

Physical activity (Mets/week) 1996.5 ± 1928.1 2069.5 ± 1933.7 1753.6 ± 1712.9 0.085 −0.17 (− 0.33;-0.01)

Environmental hazards (total) 10.7 ± 6.6 11.2 ± 6.5 9.5 ± 6.8 0.010 −0.26 (− 0.42;-0.10)

cFRs (standardized score) 0.00 ± 4.0 −1.24 ± 3.2 2.99 ± 4.1 < .001 1.21 (1.04;1.39)
aData are mean ± standard deviation or n (%). METs metabolic equivalent of tasks, cFRs continuous fall risk score, CI confidence intervals

Fig. 1 Continuous Fall Risk Score by the number of falls over the last 12 months (0 falls, 1 fall, and two or more falls). ap < 0.001
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Fig. 2 Continuous fall risk score and key components sample specific cutoff points and respective accuracy in discriminating recurrent fallers.
ap < 0.001. bThe point of intersection between lines of specificity and sensitivity identified the highest numbers of participants who reported 2 or
more falls

Fig. 3 Receiver operating characteristic curve for each key component and for the continuous fall risk score as predictors of being a recurrent
faller. ap < 0.001
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AUC = 0.522 (0.467–0.578, 95% confidence intervals) for
affordance perception and an AUC = 0.757 (0.710–0.803,
95% confidence intervals) (p < 0.001) for physical
impairments.

Discussion
In this study, we developed and validated the cFRs, a dy-
namic fall risk model based on an intrinsic-exposure
multifactorial sex-specific continuous score, to assess the
risk of falls in Portuguese community-dwelling older
people. To our knowledge, this is the first investigation
to use a sex-specific and intrinsic-exposure multifactorial
dynamic approach to determine fall risk in a representa-
tive sample of older people. We have further investigated
the cFRs accuracy for identifying recurrent fallers, and
our main finding is that the cFRs has construct and pre-
dictive validity to identify recurrent fallers in this popu-
lation. The cFRs revealed an AUC of 0.790, which
indicates that 79% of the older persons were classified
correctly by using this score. Moreover, our results
showed that the cFRs varied according to previous fall
episodes; the cFRs mean value increased with an increas-
ing number of previous falls. The optimal cFRs cutoff
point to identify recurrent fallers was > 1.14, with sensi-
tivity and specificity values of > 66.2% and > 79.5%,
respectively.
The use of continuous scores to assess cardiovascular

and metabolic risk is quite common, mainly because
these pathologies result from a set of multifactorial risk
factors, including obesity, lipid profile, glucose levels or
insulin resistance, blood pressure and other lifestyle
components such as smoking habits and physical in-
activity [14, 15]. Several statistical approaches, including
principal component analysis, standardized residuals of
Z-scores, and percentile rankings, have been applied due
to the diversity of the variables included in the risk score
calculation [13, 50, 51]. Similarly, prior fall risk assess-
ments are not generalizable, mostly due to the enormous
diversity of risk factors contributing to the occurrence of
falls, which makes it impossible to compare fall risk
prevalence between studies. Therefore, modeling the re-
lationship between the various risk factors by using trad-
itional statistical methods may overcome these
limitations. To our knowledge, this is the first study that
has developed a continuous score for fall risk assessment
in older people. Despite the utility of the cFRs in epi-
demiological research, we recognize that the accuracy
levels of a continuous score to assess the risk of falls can
hardly come close to the accuracy levels of continuous
scores developed to assess cardiovascular and metabolic
risk [51]. Cardiovascular and metabolic risk factors are
mainly supported by precise physiological indicators
such as the lipid profile, blood pressure or glucose levels,
generating more precise data to include in the statistical

models. Thus, continuous cardiovascular and metabolic
risk algorithms regularly reach moderate predictive ac-
curacy (between 0.7 and 0.9), while fall risk predictive
models rarely reach a moderate predictive capacity [6].
Watchful to the need to develop multifactorial fall risk

predictive models, some authors reported a low predict-
ive capacity of predictive models with an AUC below
0.650 for occasional fallers [52] and 0.720 for recurrent
fallers [12]. The results of the cFRs developed in this
study revealed a moderate predictive capacity to identify
recurrent fallers, with an AUC of 0.790. In their re-
search, Tiedemann et al. [12] first developed and vali-
dated a fall risk assessment tool for use in primary care
with community-living older people to discriminate be-
tween multiple fallers and non–multiple fallers with an
accuracy of 72%. Despite being the most similar ap-
proach to the one used in our study, the model proposed
by Tiedemann et al. [12] used intrinsic fall risk factors
exclusively. In our study, individual exposures (activity
and environmental context) were also assessed. The cre-
ation of predictive models for fall occurrence in older
people that include exposure to hazardous situations
was recently proposed by Klenk et al. [6]. The authors
support the assessment of environmental hazards and
activity levels, since the individual intrinsic risk for falls
may be present but it is the personal exposure that cre-
ates the opportunity for the fall occurrence [6]. Never-
theless, in the method proposed by Tiedemann et al.
[12], the development of the predictive model was per-
formed based on the dichotomization of the study vari-
ables while looking for the assessment measure cutoff
values and limiting its use to specific ages and popula-
tions. In contrast, in our study, a continuous risk score
was generated, which we believe to be a dynamic and
ecological method [6] to study falling phenomena; this
approach is usable across all ages and with different
populations.
Some researchers consider that a dynamic framework

for a fall risk model can prompt greater awareness of
contextual and environmental aspects in for clinicians,
older people, and families, providing them with a com-
prehensive picture of the person who falls and the mech-
anisms behind the fall [6]. In their study procedure
validation, Palumbo et al. [5] found that the most fre-
quently selected variables included in models explaining
falls were intrinsic risk factors, namely, the history of
falls, self-perceived health status, depression, number of
medications, and the use of drugs acting on the central
nervous system. Reinforcing the multifactorial etiology
of falls, Palumbo et al. [5] performed Lasso model
accuracy-parsimony analysis and revealed that predictive
accuracy improved with 20 or more variables. Compared
to our cFRs (AUC = 0.790), Palumbo et al.’s [5] predict-
ive model accuracy was lower (AUC = 0.708), despite
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being a moderately accurate method for fall prediction
based on prospective fall occurrence. Although Tiede-
mann et al. [12] and Palumbo et al. [5] validated their
models against prospective fall occurrence, in our study,
we chose to validate the cFRs against retrospective fall
occurrence. Aware of the recall bias risk when assessing
retrospective falls, our approach is supported by some
investigations suggesting that a single visit interview can
be as accurate as a costly 12-month prospective ap-
proach to evaluate the incidence of falls [53]. We further
assume that the regular checks of fall incidence over
time performed in prospective approaches may influence
older people’s behaviors, working as a constant reminder
and resulting in a preventive intervention rather than an
evaluation process.
Another advantage of our sex-specific and intrinsic-

exposure multifactorial dynamic approach to determine
fall risk is that this approach made it possible to find a
cutoff value (cFRs = 1.14) differentiating people who
have a low or high risk of falls, which, in turn, makes it
possible to identify the priority population that may
benefit from a fall prevention program. This is of ex-
treme importance because many older people, care-
givers, or even health professionals are not aware of the
individual risk of falling [54, 55].
Although we recognize the advantages of an ecological

approach to the risk of fall assessment supported by in-
trinsic risk factors and individual exposure to risk, we
highlight the moderate predictive capacity revealed by
some instruments used in the present study for the cFRs
calculation. For example, physical activity assessed by
the IPAQ only showed a low capacity to predict the risk
of falling in older people, since the computed AUC was
0.544. However, the physical impairments and fear of
falling assessment instruments proved to be moderately
accurate tools to predict the risk of falling in older
people, with AUCs of 0.757 and 0.721, respectively,
which were still lower than that of the cFRs (AUC =
0.790). In line with our findings, other studies have re-
ported a lower predictive accuracy of isolated risk factors
(AUC < 0.700) [56] compared to multifactorial models
(AUC > 0.700) [12].
Our results have practical implications concerning fall

prevention. Any healthcare professional or even an in-
formed caregiver can easily perform the fall risk evalu-
ation. Calculating the cFRs enables the caregiver to
compare the risk score against the scores of other older
people or against own previous scores, which is particu-
larly useful for intervention program control. The cFRs
should be seen as a dynamic fall risk model that gives re-
searchers, older people, and caregivers a structured and
continuous perspective of individual fall risk scores that
may lead to new advances in fall prevention. An older
person’s cFRs can be followed over time as a whole

system, independent of improvements or worsening in
specific risk factors that may affect more or less the en-
tire system. Considering this ecological approach based
on intrinsic-exposure dynamic fall risk models, we may
expect that, in the future, the predictive accuracy will in-
crease with the inclusion of data from body-worn sen-
sors and other technological wearable sensor units that
may continuously measure intrinsic and exposure pa-
rameters [57].
Some limitations must be acknowledged in the inter-

pretation of the results of this study. First, despite the
consensus that fall risk factors in older people are multi-
factorial and change over time, there is no consensus on
the risk factors determining fall occurrence or on their
relative importance. Second, the cFRs is sample-specific,
hence the need for future research to validate its useful-
ness in older people across different populations. Even
so, this standardized method of calculating a continuous
score may be beneficial for comparing epidemiological
studies. Third, the cFRs is based upon the assumption
that each selected variable is equally important in defin-
ing fall risk determination. However, some variables may
have a greater weight in explaining fall risk. Further-
more, an older person being described as “at risk” does
not necessarily mean that the person is at high risk for
all fall risk factors. We challenge researchers and practi-
tioners to investigate the application of other statistical
techniques that select the principal components for
assessing the risk of falling based on the underlying rela-
tionship between fall risk factors, such as principal com-
ponent analysis.

Conclusions
The cFRs was shown to be a valid dynamic multifactorial
fall risk assessment tool to identify older people who ex-
perience recurrent falls. This holistic intrinsic-exposure
approach to fall risk assessment represents a valid alter-
native for epidemiological analyses and clinical practice,
showing its potential to become a widely used approach
regarding fall prevention in community-dwelling older
people. In addition, this method allowed us to establish
the cutoff value identifying Portuguese older persons at
high risk of recurrent falls: cFRs > 1.14. Further investi-
gation is required to validate the cFRs with other sam-
ples since it is a sample-specific tool.

Abbreviations
cFRs: Continuous Fall Risk Score; CPF: Composite Physical Function; FES: Falls
Efficacy Scale; MET: Metabolic equivalent of task; ROC: Receiver operating
characteristics; AUC: Area under the ROC curve; SPSS: Statistical Package for
the Social Sciences; IBM: International Business Machines Corporation;
CI: Confidence intervals; PPV: Positive Predictive Value; NPV: Negative
Predictive Value

Acknowledgments
The authors would like to thank all participants who participated in this
study.

Bravo et al. BMC Public Health          (2021) 21:808 Page 9 of 11



About this supplement
This article has been published as part of BMC Public Health, Volume 21,
Supplement 2, 2021: Aging Safely: Prevent Falls and Violence in Older
People. The full contents of the supplement are available at https://
bmcpublichealth.biomedcentral.com/articles/supplements/volume-21-
supplement-2. Provided Funding information has to be tagged.

Authors’ contributions
JB, HR, HF and CP conceived and designed the study. JB, HR, PTC and CP
collected the data. JB, HF, PTC, and CP performed the statistical analysis. JB,
NB, HR, CC, and CP interpreted the data. JB drafted the manuscript. HR, NB,
PTC, CC, and CP revised the final version of the paper. CP acquired funding.
All authors read and approved the final manuscript.

Funding
This study was supported by the European Fund for regional development
through Horizon 2020 - Portugal 2020 - Programa Operacional Regional do
Alentejo (ALT20-03-0145-FEDER-000007) with respect to the “Ageing Safety
in Alentejo - Understanding for action (ESACA)”. Funders did not contribute
to the design, analysis, or preparation of this manuscript.

Availability of data and materials
The datasets used and/or analyzed for the current study are available from
the corresponding author upon reasonable request.

Declarations

Ethics approval and consent to participate
All participants reviewed and signed an informed consent form. The study
was approved by the University of Évora Ethics Committee for research in
the areas of human health and well-being (reference number 16–012).

Consent for publication
Not applicable.

Competing interests
The authors declare that they have no competing interests.

Author details
1Departamento de Desporto e Saúde, Escola de Saúde e Desenvolvimento
Humano, Universidade de Évora, Largo dos Colegiais 2, Évora, Portugal.
2Comprehensive Health Research Centre (CHRC), Universidade de Évora,
Largo dos Colegiais 2, Évora, Portugal. 3Department of Physiology, University
of Extremadura, Badajoz, Spain.

Received: 7 April 2021 Accepted: 12 April 2021

References
1. Centers for Disease Control Prevention. National estimates of the 10 leading

causes of nonfatal injuries treated in hospital emergency departments,
United States, vol. 2013; 2013.

2. World Health Organization. WHO global report on falls prevention in older
age: World Health Organization; 2008.

3. Heinrich S, Rapp K, Rissmann U, Becker C, König H-H. Cost of falls in old age:
a systematic review. Osteoporos Int. 2010;21(6):891–902. https://doi.org/10.1
007/s00198-009-1100-1.

4. Kuzuya M, Masuda Y, Hirakawa Y, Iwata M, Enoki H, Hasegawa J, et al. Falls
of the elderly are associated with burden of caregivers in the community.
Int J Geriatr Psychiatry. 2006;21(8):740–5. https://doi.org/10.1002/gps.1554.

5. Palumbo P, Palmerini L, Bandinelli S, Chiari L. Fall risk assessment tools for
elderly living in the community: can we do better? PLoS One. 2015;10(12):
e0146247. https://doi.org/10.1371/journal.pone.0146247.

6. Klenk J, Becker C, Palumbo P, Schwickert L, Rapp K, Helbostad JL, et al.
Conceptualizing a dynamic fall risk model including intrinsic risks and
exposures. J Am Med Dir Assoc. 2017;18(11):921–7. https://doi.org/10.1016/j.
jamda.2017.08.001.

7. Panel on Prevention of Falls in Older Persons AGS, Society BG. Summary of
the updated american geriatrics society/British geriatrics society clinical
practice guideline for prevention of falls in older persons. J Am Geriatr Soc.
2011;59(1):148–57.

8. Fabre JM, Ellis R, Kosma M, Wood RH. Falls risk factors and a compendium
of falls risk screening instruments. J Geriatr Phys Ther. 2010;33(4):184–97.
https://doi.org/10.1519/JPT.0b013e3181ff2a24.

9. Gates S, Smith LA, Fisher JD, Lamb SE. Systematic review of accuracy of
screening instruments for predicting fall risk among independently living
older adults. In: Database of abstracts of reviews of effects (dare): quality-
assessed reviews. UK: Centre for Reviews and Dissemination; 2008.

10. Deandrea S, Lucenteforte E, Bravi F, Foschi R, La Vecchia C, Negri E. Risk
factors for falls in community-dwelling older people:" a systematic review
and meta-analysis". Epidemiology. 2010;21(5):658–68. https://doi.org/10.1
097/EDE.0b013e3181e89905.

11. Barry E, Galvin R, Keogh C, Horgan F, Fahey T. Is the timed up and go test a
useful predictor of risk of falls in community dwelling older adults: a
systematic review and meta-analysis. BMC Geriatr. 2014;14(1):14. https://doi.
org/10.1186/1471-2318-14-14.

12. Tiedemann A, Lord SR, Sherrington C. The development and validation of a
brief performance-based fall risk assessment tool for use in primary care. J
Gerontol A Biol Sci Med Sci. 2010;65(8):896–903.

13. Wijndaele K, Duvigneaud N, Matton L, Duquet W, Thomis M, Beunen G,
et al. Muscular strength, aerobic fitness, and metabolic syndrome risk in
Flemish adults. Med Sci Sports Exerc. 2007;39(2):233–40. https://doi.org/1
0.1249/01.mss.0000247003.32589.a6.

14. Rose SM, Krishnamoorthy P, Dave J, Naik H, Playford M, Mehta N.
Cardiometabolic risk factors predict vascular disease beyond Framingham
risk score in psoriasis. J Am Coll Cardiol. 2019;63(12 Supplement):A1332.

15. Wijndaele K, Beunen G, Duvigneaud N, Matton L, Duquet W, Thomis M,
et al. A continuous metabolic syndrome risk score: utility for
epidemiological analyses. Diabetes Care. 2006;29(10):2329. https://doi.org/1
0.2337/dc06-1341.

16. Folstein MF, Folstein SE. McHugh PR: “mini-mental state”: a practical method
for grading the cognitive state of patients for the clinician. J Psychiatr Res.
1975;12(3):189–98. https://doi.org/10.1016/0022-3956(75)90026-6.

17. Statistics Portugal: Census 2011: Resident population (No.) by place of
residence, sex and age group (by life cycles). 2019: https://www.ine.pt.
Accessed 15 May 2020.

18. Dean A, Sullivan K, Soe M. OpenEpi software. Atlanta: Rollins School of
Public Health, Emory University; 2007.

19. Lamb SE, Jørstad-Stein EC, Hauer K, Becker C. Europe PoFN, group OC:
development of a common outcome data set for fall injury prevention
trials: the prevention of falls network Europe consensus. J Am Geriatr Soc.
2005;53(9):1618–22. https://doi.org/10.1111/j.1532-5415.2005.53455.x.

20. World Health Organization. Waist circumference and waist-hip ratio, vol.
2011. Geneva: report of a WHO expert consultation; 2008. p. 8–11.

21. Pluijm SM, Smit JH, Tromp E, Stel V, Deeg DJ, Bouter LM, et al. A risk profile
for identifying community-dwelling elderly with a high risk of recurrent
falling: results of a 3-year prospective study. Osteoporos Int. 2006;17(3):417–
25. https://doi.org/10.1007/s00198-005-0002-0.

22. Guerreiro M, Silva AP, Botelho MA, Leitão O, Castro-Caldas A, Garcia C.
Adaptação à população portuguesa da tradução do Mini Mental State
Examination (MMSE). Rev Port Neurol. 1994;1(9):9–10.

23. Rikli RE, Jones CJ. The reliability and validity of a 6-minute walk test as a
measure of physical endurance in older adults. J Aging Phys Act. 1998;6(4):
363–75. https://doi.org/10.1123/japa.6.4.363.

24. Rose DJ, Lucchese N, Wiersma LD. Development of a multidimensional
balance scale for use with functionally independent older adults. Arch Phys
Med Rehabil. 2006;87(11):1478–85. https://doi.org/10.1016/j.apmr.2006.07.263.

25. Yardley L, Beyer N, Hauer K, Kempen G, Piot-Ziegler C, Todd C.
Development and initial validation of the falls efficacy scale-international
(FES-I). Age Ageing. 2005;34(6):614–9. https://doi.org/10.1093/ageing/afi196.

26. Tinetti ME, Richman D, Powell L. Falls efficacy as a measure of fear of falling.
J Gerontol. 1990;45(6):P239–43. https://doi.org/10.1093/geronj/45.6.P239.

27. Almeida G, Bravo J, Folgado H, Rosado H, Mendes F, Pereira C. Reliability
and construct validity of the stepping-forward affordance perception test
for fall risk assessment in community-dwelling older adults. PLoS One. 2019;
14(11):e0225118. https://doi.org/10.1371/journal.pone.0225118.

28. Tinetti ME. Performance-oriented assessment of mobility problems in elderly
patients. J Am Geriatr Soc. 1986;34(2):119–26. https://doi.org/10.1111/j.1532-
5415.1986.tb05480.x.

29. Tinetti ME, Ginter SF. Identifying mobility dysfunctions in elderly patients:
standard neuromuscular examination or direct assessment? JAMA. 1988;
259(8):1190–3. https://doi.org/10.1001/jama.1988.03720080024022.

Bravo et al. BMC Public Health          (2021) 21:808 Page 10 of 11

https://doi.org/10.1007/s00198-009-1100-1
https://doi.org/10.1007/s00198-009-1100-1
https://doi.org/10.1002/gps.1554
https://doi.org/10.1371/journal.pone.0146247
https://doi.org/10.1016/j.jamda.2017.08.001
https://doi.org/10.1016/j.jamda.2017.08.001
https://doi.org/10.1519/JPT.0b013e3181ff2a24
https://doi.org/10.1097/EDE.0b013e3181e89905
https://doi.org/10.1097/EDE.0b013e3181e89905
https://doi.org/10.1186/1471-2318-14-14
https://doi.org/10.1186/1471-2318-14-14
https://doi.org/10.1249/01.mss.0000247003.32589.a6
https://doi.org/10.1249/01.mss.0000247003.32589.a6
https://doi.org/10.2337/dc06-1341
https://doi.org/10.2337/dc06-1341
https://doi.org/10.1016/0022-3956(75)90026-6
https://www.ine.pt
https://doi.org/10.1111/j.1532-5415.2005.53455.x
https://doi.org/10.1007/s00198-005-0002-0
https://doi.org/10.1123/japa.6.4.363
https://doi.org/10.1016/j.apmr.2006.07.263
https://doi.org/10.1093/ageing/afi196
https://doi.org/10.1093/geronj/45.6.P239
https://doi.org/10.1371/journal.pone.0225118
https://doi.org/10.1111/j.1532-5415.1986.tb05480.x
https://doi.org/10.1111/j.1532-5415.1986.tb05480.x
https://doi.org/10.1001/jama.1988.03720080024022


30. Tinetti ME, Williams TF, Mayewski R. Fall risk index for elderly patients based
on number of chronic disabilities. Am J Med. 1986;80(3):429–34. https://doi.
org/10.1016/0002-9343(86)90717-5.

31. Craig CL, Marshall AL, Sjöström M, Bauman AE, Booth ML, Ainsworth BE,
et al. International physical activity questionnaire: 12-country reliability and
validity. Med Sci Sports Exerc. 2003;35(8):1381–95. https://doi.org/10.1249/01.
MSS.0000078924.61453.FB.

32. Tinetti ME, Speechley M, Ginter SF. Risk factors for falls among elderly
persons living in the community. N Engl J Med. 1988;319(26):1701–7.
https://doi.org/10.1056/NEJM198812293192604.

33. Lee K, Pressler SJ, Titler M. Falls in patients with heart failure: a systematic
review. J Cardiovasc Nurs. 2016;31(6):555–61. https://doi.org/10.1097/JCN.
0000000000000292.

34. Yang Y, Hu X, Zhang Q, Zou R. Diabetes mellitus and risk of falls in older
adults: a systematic review and meta-analysis. Age Ageing. 2016;45(6):761–7.
https://doi.org/10.1093/ageing/afw140.

35. Brenton-Rule A, Dalbeth N, Bassett S, Menz HB, Rome K. The incidence and
risk factors for falls in adults with rheumatoid arthritis: a systematic review.
Semin Arthritis Rheum. 2015;44(4):389–98. https://doi.org/10.1016/j.sema
rthrit.2014.08.001.

36. Gale CR, Cooper C, Aihie Sayer A. Prevalence and risk factors for falls in
older men and women: the English longitudinal study of ageing. Age
Ageing. 2016;45(6):789–94. https://doi.org/10.1093/ageing/afw129.

37. Allali G, Launay CP, Blumen HM, Callisaya ML, De Cock A-M, Kressig RW,
et al. Falls, cognitive impairment, and gait performance: results from the
GOOD initiative. J Am Med Dir Assoc. 2017;18(4):335–40. https://doi.org/10.1
016/j.jamda.2016.10.008.

38. Muir SW, Berg K, Chesworth B, Klar N, Speechley M. Quantifying the
magnitude of risk for balance impairment on falls in community-dwelling
older adults: a systematic review and meta-analysis. J Clin Epidemiol. 2010;
63(4):389–406. https://doi.org/10.1016/j.jclinepi.2009.06.010.

39. Hadjistavropoulos T, Delbaere K, Fitzgerald TD. Reconceptualizing the role
of fear of falling and balance confidence in fall risk. J Aging Health. 2011;
23(1):3–23. https://doi.org/10.1177/0898264310378039.

40. Gregg EW, Pereira MA, Caspersen CJ. Physical activity, falls, and fractures
among older adults: a review of the epidemiologic evidence. J Am Geriatr
Soc. 2000;48(8):883–93. https://doi.org/10.1111/j.1532-5415.2000.tb06884.x.

41. Connell BR, Wolf SL, Group AF. Environmental and behavioral circumstances
associated with falls at home among healthy elderly individuals. Arch Phys
Med Rehabil. 1997;78(2):179–86. https://doi.org/10.1016/S0003-9993(97)902
61-6.

42. Pereira C, Bravo J, Veiga G, Marmeleira J, Mendes F, Almeida G. Stepping-
forward affordance perception test cut-offs: red-flags to identify
community-dwelling older adults at high risk of falling and of recurrent
falling. PLoS One. 2020;15(10):e0239837. https://doi.org/10.1371/journal.
pone.0239837.

43. Enders CK, Hayes T, Du H. A comparison of multilevel imputation schemes
for random coefficient models: fully conditional specification and joint
model imputation with random covariance matrices. Multivariate Behav Res.
2018;53(5):695–713. https://doi.org/10.1080/00273171.2018.1477040.

44. Team RC: R: a language and environment for statistical computing.
Retrieved from https://CRAN.R-project.org/ 2019.

45. Jamovi TP: Jamovi. (Version 1.0) [Computer Software]. 2019. Retrieved from
https://www.jamovi.org. Accessed 20 Mar 2020.

46. Batterham AM, Hopkins WG. Making meaningful inferences about
magnitudes. Int J Sports Physiol Perform. 2006;1(1):50–7. https://doi.org/1
0.1123/ijspp.1.1.50.

47. Youden WJ. Index for rating diagnostic tests. Cancer. 1950;3(1):32–5. https://
doi.org/10.1002/1097-0142(1950)3:1<32::AID-CNCR2820030106>3.0.CO;2-3.

48. Greiner M, Pfeiffer D, Smith R. Principles and practical application of the
receiver-operating characteristic analysis for diagnostic tests. Prev Vet Med.
2000;45(1–2):23–41. https://doi.org/10.1016/S0167-5877(00)00115-X.

49. Swets JA. Measuring the accuracy of diagnostic systems. Science. 1988;
240(4857):1285–93. https://doi.org/10.1126/science.3287615.

50. Hesse MB, Young G, Murray RD. Evaluating health risk using a continuous
metabolic syndrome score in obese children. J Pediatr Endocrinol Metab.
2016;29(4):451–8. https://doi.org/10.1515/jpem-2015-0271.

51. Eisenmann JC, Laurson KR, DuBose KD, Smith BK, Donnelly JE. Construct
validity of a continuous metabolic syndrome score in children. Diabetol
Metab Syndr. 2010;2(1):8. https://doi.org/10.1186/1758-5996-2-8.

52. Palumbo P, Klenk J, Cattelani L, Bandinelli S, Ferrucci L, Rapp K, et al.
Predictive performance of a fall risk assessment tool for community-
dwelling older people (FRAT-up) in 4 European cohorts. J Am Med Dir
Assoc. 2016;17(12):1106–13. https://doi.org/10.1016/j.jamda.2016.07.015.

53. Rapp K, Freiberger E, Todd C, Klenk J, Becker C, Denkinger M, et al. Fall
incidence in Germany: results of two population-based studies, and
comparison of retrospective and prospective falls data collection methods.
BMC Geriatr. 2014;14(1):105. https://doi.org/10.1186/1471-2318-14-105.

54. Gardiner S, Glogowska M, Stoddart C, Pendlebury S, Lasserson D, Jackson D.
Older people's experiences of falling and perceived risk of falls in the
community: a narrative synthesis of qualitative research. Int J Older People
Nursing. 2017;12(4):e12151. https://doi.org/10.1111/opn.12151.

55. Ang SGM, O’Brien AP, Wilson A. Understanding carers’ fall concern and their
management of fall risk among older people at home. BMC Geriatr. 2019;
19(1):144. https://doi.org/10.1186/s12877-019-1162-7.

56. Lin MR, Hwang HF, Hu MH, Wu HDI, Wang YW, Huang FC. Psychometric
comparisons of the timed up and go, one-leg stand, functional reach, and
Tinetti balance measures in community-dwelling older people. J Am Geriatr
Soc. 2004;52(8):1343–8. https://doi.org/10.1111/j.1532-5415.2004.52366.x.

57. Sun R, Sosnoff JJ. Novel sensing technology in fall risk assessment in older
adults: a systematic review. BMC Geriatr. 2018;18(1):14. https://doi.org/10.11
86/s12877-018-0706-6.

Publisher’s Note
Springer Nature remains neutral with regard to jurisdictional claims in
published maps and institutional affiliations.

Bravo et al. BMC Public Health          (2021) 21:808 Page 11 of 11

https://doi.org/10.1016/0002-9343(86)90717-5
https://doi.org/10.1016/0002-9343(86)90717-5
https://doi.org/10.1249/01.MSS.0000078924.61453.FB
https://doi.org/10.1249/01.MSS.0000078924.61453.FB
https://doi.org/10.1056/NEJM198812293192604
https://doi.org/10.1097/JCN.0000000000000292
https://doi.org/10.1097/JCN.0000000000000292
https://doi.org/10.1093/ageing/afw140
https://doi.org/10.1016/j.semarthrit.2014.08.001
https://doi.org/10.1016/j.semarthrit.2014.08.001
https://doi.org/10.1093/ageing/afw129
https://doi.org/10.1016/j.jamda.2016.10.008
https://doi.org/10.1016/j.jamda.2016.10.008
https://doi.org/10.1016/j.jclinepi.2009.06.010
https://doi.org/10.1177/0898264310378039
https://doi.org/10.1111/j.1532-5415.2000.tb06884.x
https://doi.org/10.1016/S0003-9993(97)90261-6
https://doi.org/10.1016/S0003-9993(97)90261-6
https://doi.org/10.1371/journal.pone.0239837
https://doi.org/10.1371/journal.pone.0239837
https://doi.org/10.1080/00273171.2018.1477040
https://cran.r-project.org/
https://www.jamovi.org
https://doi.org/10.1123/ijspp.1.1.50
https://doi.org/10.1123/ijspp.1.1.50
https://doi.org/10.1002/1097-0142(1950)3:1<32::AID-CNCR2820030106>3.0.CO;2-3
https://doi.org/10.1002/1097-0142(1950)3:1<32::AID-CNCR2820030106>3.0.CO;2-3
https://doi.org/10.1016/S0167-5877(00)00115-X
https://doi.org/10.1126/science.3287615
https://doi.org/10.1515/jpem-2015-0271
https://doi.org/10.1186/1758-5996-2-8
https://doi.org/10.1016/j.jamda.2016.07.015
https://doi.org/10.1186/1471-2318-14-105
https://doi.org/10.1111/opn.12151
https://doi.org/10.1186/s12877-019-1162-7
https://doi.org/10.1111/j.1532-5415.2004.52366.x
https://doi.org/10.1186/s12877-018-0706-6
https://doi.org/10.1186/s12877-018-0706-6

	Abstract
	Background
	Methods
	Results
	Conclusions

	Background
	Methods
	Study design and participants
	Data collection
	Measures
	Falls
	Body composition
	Chronic diseases
	Physical impairments
	Cognitive impairments
	Physical function
	Physical activity
	Environmental hazards

	Derivation of the continuous fall risk score
	Statistical analysis

	Results
	Discussion
	Conclusions
	Abbreviations
	Acknowledgments
	About this supplement
	Authors’ contributions
	Funding
	Availability of data and materials
	Declarations
	Ethics approval and consent to participate
	Consent for publication
	Competing interests
	Author details
	References
	Publisher’s Note

