
1

Age and Ageing 2024; afae229
https://doi.org/10.1093/ageing/afae229

© The Author(s) 2024. Published by Oxford University Press on behalf of the British Geriatrics Society.
This is an Open Access article distributed under the terms of the Creative Commons Attribution

Non-Commercial License (https://creativecommons.org/licenses/by-nc/4.0/), which permits
non-commercial re-use, distribution, and reproduction in any medium, provided the original work is

properly cited. For commercial re-use, please contact journals.permissions@oup.com

RESEARCH PAPER

Retrospective evaluation of the world falls
guidelines-algorithm in older adults
Bob van de Loo1,2,3, Martijn W. Heymans1,3, Stephanie Medlock3,4, Ameen Abu-Hanna3,4,
Nathalie van der Velde2,4, Natasja M. van Schoor1,3

1Amsterdam UMC location Vrije Universiteit Amsterdam, Epidemiology and Data Science, De Boelelaan 1117, Amsterdam,
Netherlands
2Amsterdam UMC location University of Amsterdam, Internal Medicine, Section of Geriatric Medicine, Meibergdreef 9,
Amsterdam, Netherlands
3Amsterdam Public Health research institute, Aging and Later Life, Meibergdreef 9, Amsterdam, The Netherlands
4Amsterdam UMC location University of Amsterdam, Department of Medical Informatics, Meibergdreef 9, Amsterdam,
Netherlands

Address correspondence to: Nathalie van der Velde. Email: n.vandervelde@amsterdamumc.nl

Abstract
Background: The World Falls Guidelines (WFG) propose an algorithm that classifies patients as low-, intermediate-, and
high-risk. We evaluated different operationalizations of the WFG algorithm and compared its predictive performance to
other screening tools for falls, namely: the American Geriatrics Society and British Geriatrics Society (AGS/BGS) algorithm,
the 3KQ on their own and fall history on its own.
Methods: We included data from 1509 adults aged ≥65 years from the population-based Longitudinal Aging Study
Amsterdam. The outcome was ≥1 fall during 1-year follow-up, which was ascertained using fall calendars. The screening
tools’ items were retrospectively operationalized using baseline measures, using proxies where necessary.
Results: Sensitivity ranged between 30.9–48.0% and specificity ranged between 77.0–88.2%. Operationalizing the algorithm
with the 3KQ instead of fall history yielded a higher sensitivity but lower specificity, whereas operationalization with the
Clinical Frailty Scale (CFS) classification tree instead of Fried’s frailty criteria did not affect predictive performance. Compared
to the WFG algorithm, the AGS/BGS algorithm and fall history on its own yielded similar predictive performance, whereas
the 3KQ on their own yielded a higher sensitivity but lower specificity.
Conclusion: The WFG algorithm can identify patients at risk of a fall, especially when the 3KQ are included in its
operationalization. The CFS and Fried’s frailty criteria may be used interchangeably in the algorithm’s operationalization.
The algorithm performed similarly compared to other screening tools, except for the 3KQ on their own, which have higher
sensitivity but lower specificity and lack clinical recommendations per risk category.
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Key Points
• The World Falls Guidelines (WFG) algorithm can help identify individuals with an elevated risk of falls.
• Operationalizing the algorithm with the Three Key Questions (3KQ) instead of the single fall history question helps identify

more at-risk patients, at the cost of more overtreatment.
• Our findings suggest that the Clinical Frailty Scale and Fried’s frailty criteria can be used interchangeably in the algorithm’s

operationalization.
• The predictive performance of the algorithm was similar to that of the other assessed screening tools, except for the Three

Key Questions (3KQ) on their own, which have a higher sensitivity but lower specificity and lack clinical recommendations
per risk category.
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Introduction

Falls are a major growing public health issue in the older
population. Approximately one out of every three older
adults falls at least once each year [1]. Approximately 10%
of falls result in a serious injury, such as fractures or head
injuries [2]. The number of falls will likely further increase
in the coming years due to the aging population and
due to an increase in multimorbidity, polypharmacy and
frailty [3].

Fall risk stratification is a prerequisite for efficient
casefinding and resource-efficient use of fall prevention
interventions. Recently, the World Falls Guidelines (WFG)
Taskforce published an algorithm that clinicians can use
for case finding and risk stratification [3]. Based on self-
reported questions and a functional assessments, the WFG
algorithm classifies patients into three risk levels: low,
intermediate, or high risk [3]. The WFG provides recom-
mendations on further risk assessment and fall prevention
strategies for each risk category [3]. The development of
the WFG algorithm followed the American Geriatrics
Society and British Geriatrics Society (AGS/BGS) algorithm
[4].

The WFG allow some flexibility in how their algorithm
can be operationalized in clinical practice. For example, clin-
icians can use the single question about fall history (‘have you
fallen in the last 12 months’) or, to increase sensitivity, use
the more comprehensive Three Key Questions (3KQ) in case
finding. The 3KQ includes the single fall history question
and two additional questions about unsteadiness and worries
about falling. The WFG also provide different options for
determining frailty and mobility, which are included as items
in the algorithm.

To date, only one cohort study evaluated the WFG algo-
rithm and therefore little is known on the extent to which the
algorithm can help identify patients with an increased risk of
falling [5]. In this study, the researchers only evaluated the
WFG algorithm as operationalized with the 3KQ and the
Clinical Frailty Scale (CFS) classification tree. Furthermore,
the researchers only compared the predictive performance of
the algorithm to the single fall history question. Therefore,
it is unclear how the predictive performance of the WFG
algorithm compares to the AGS/BGS algorithm and the
3KQ on their own. It is of interest to compare the WFG
algorithm to more practical screening strategies. The 3KQ,
as well as the single fall history question, are commonly used
on their own to determine whether fall preventive measures
should be applied [6].

This study retrospectively evaluates the WFG algorithm
using data from older adults in the context of case finding.
Here, we explore the use of the 3KQ, the single fall history
question, and different frailty assessment instruments in
the algorithm’s operationalization. Additionally, we seek to
compare the predictive performance of the WFG algorithm
to that of other screening tools, i.e. the AGS/BGS algorithm,
the 3KQ on their own and the single fall history question on
its own.

Methods

Using data from a prospective cohort study, we retrospec-
tively assessed the following screening tools: WFG algorithm
with the 3KQ and Fried’s frailty criteria, WFG algorithm
with the 3KQ and the CFS classification tree, WFG algo-
rithm with the single fall history question and Fried’s frailty
criteria, AGS/BGS algorithm, the 3KQ on its own and the
single fall history question on its own. We followed the
Strengthening the Reporting of Observational Studies in
Epidemiology reporting guideline [7].

Study population

We used data from the Longitudinal Aging Study Ams-
terdam (LASA). LASA is an ongoing cohort study that
focuses on the determinants, trajectories and consequences
of physical, cognitive, emotional and social functioning in
older adults [8]. In 1992–1993, a random sample of partici-
pants aged 55 years and over was drawn across three regions
in the Netherlands. LASA was approved by the medical
ethics committee of the VU University Medical Center. All
participants signed informed consent. We used baseline and
1-year follow-up data from wave C (1995/1996), which had
1509 participants that were all aged 65 years and older as of
January 1, 1996. Of these, 1435 (95.1%) participated in the
follow-up measurements.

Outcome

Falls during a 1-year follow-up were measured using falls
calendars. A fall was defined as an unintentional change in
position resulting in coming to rest at a lower level or on
the ground. Participants were asked to record falls every
week and to return the calendar every 3 months. Partici-
pants were contacted if the calendars were not returned or
filled out incorrectly. The outcome was coded as missing if
loss to follow-up occurred before a fall was reported. The
ascertainment and definition of falls were consistent with
guidelines from the Prevention of Falls Network Europe [9].
As secondary outcomes, we report on fractures, the number
of falls and the fall rate in the different risk categories in the
follow-up period. Number of falls for each individual was
calculated based on the number of weeks in which a fall was
reported. Fall rate for each risk category was calculated as the
total number of falls divided by the number of participants
in that category.

Operationalization of screening tools and baseline
characteristics

We operationalized the different items for the screening
tools based on available data (Table 1). For the WFG and
AGS/BGS, we only considered the items relevant for risk
stratification in case finding, meaning that items related to
management interventions were not considered. Two items
in the WFG algorithm could not be operationalized as there
was no data or appropriate proxy for these, i.e.: Lying on the
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Table 1. Operationalization of items in screening tools

Screening Tool item Item No Operationalization
. . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . .
Fall history
Have you fallen in the past year? 1 Fall history in the past year was assessed using the following question: Did you fall in the

past year?
Three Key Questions
Have you fallen in the past year? 2a See item 1.
Do you feel unsteady when standing or walking? 2b Subjective steadiness when standing or walking was not assessed. Therefore, we used

data from the tandem test as a proxy for subjective steadiness. Participants who could
not hold the tandem stand for at least 10 s were coded as having impaired balance [10].

Do you have worries about falling? 2c Participants that scored ≥1 on a modified Falls Efficacy Scale (FES) were coded as
having concerns about falling [11].

World Falls Guidelines algorithm
Fall in the past 12 months? 3a See item 1.
Injury 3b Data with regard to injuries, only fractures were assessed. Participants were asked if they

endured a fracture since their last interview.
≥ 2 falls in last year 3c Number of falls in past 12 months was assessed using the following question: How often

did you fall in the past year?
Frailty 3d Frailty was operationalized using Fried’s frailty phenotype and the Clinical Frailty Scale

(see Supplementary File 1 for details) [12].
Lying on the floor/unable to get up 3e Not measured
Loss of consciousness/suspected syncope 3f Not measured
Gait & balance impaired? 3 g Participants were asked to walk 3 meters, to turn around and walk back 3 meters as

quickly as possible. The gait speed was recoded into an estimated time to walk 3 meters
[13]. Participants with a recoded gait speed <0.8 m/s were coded as having
abnormalities in gait or unsteadiness.

American Geriatrics Society and British Geriatrics Society algorithm
Two or more falls in prior 12 months? 4a See item 3c.
Difficulty with walking or balance? 4b Participants were asked the following question: Can you walk outside during five minutes

without stopping?
Participants were coded as having any difficulty with walking or balance if they
answered with: No, I cannot; Only with help; Yes, with much difficulty; or Yes, with some
difficulty.

Does the person report a single fall in the past 12 months? 4c See item 1.
Are abnormalities in gait or unsteadiness identified? 4d See item 3 g.

floor/unable to get up and Loss of consciousness/suspected syncope
(Table 1, items 3e and 3f ). Additional baseline characteristics
included in the analysis were age, sex, body mass index,
and educational status. Educational status was based on the
number of years of education followed.

Statistical analysis

We assessed the predictive performance of screening tools in
identifying individuals that endure one or more falls within
one year after assessment. Based on available data about falls
during follow-up and the operationalization of the screening
tools, we calculated the number of true positives (TPs), true
negatives (TNs), false positives, and false negatives. Using
these, we calculated sensitivity and specificity measures
for the different screening tools. Additionally, positive and
negative predictive values and accuracy are presented to aid
clinical interpretability of the findings. The WFG algorithm
uses three risk levels and we therefore calculated its predictive
performance by contrasting the risk groups in the following
ways:

• Low versus high risk (TPs are those classified as high risk
with a fall in follow-up and TNs are those classified as low
risk with no fall in follow-up);

• Low versus intermediate to high risk (TPs are those classi-
fied as intermediate or high risk with a fall in follow-up
and TNs are those classified as low risk with no fall in
follow-up); and

• Low to intermediate versus high risk (TPs are those clas-
sified as high risk with a fall in follow-up and TNs are
those classified as low or intermediate risk with no fall in
follow-up).
We additionally assessed the predictive performance of

the screening tools separately for men and women as well
as for the following age strata: 65 through 69, 70 through
74, 75 through 80 and 80 years or older. Statistical anal-
yses were performed using the R (version 4.0.2) statistical
programming language.

Sensitivity analysis

As a sensitivity analysis, we tested choosing a different cut-
off value for determining worries about falling. The modified
Falls Efficacy Scale (FES) that was used has no validated cut-
off point. In the main analysis, we opted to maximize the
instrument’s sensitivity by using a cut-off value of 1, similarly
to Pluijm et al [14]. We tested the performance of the WFG
algorithm and 3KQ when using a cut-off value of 3, as done
in Tromp et al [15].
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Figure 1. Operationalization of the World Falls Guidelines algorithm using Three Key Questions and Fried’s frailty criteria.
LASA = Longitudinal Aging Study Amsterdam. Unless stated otherwise, proportions are calculated based on the number of
participants with complete data in the preceding step. Proportions are provided as valid percentages, meaning missing data were not
included in their calculations. A total of 66 participants (4.4%) could not be classified due to incomplete data.

Results

Data of 1509 participants was included in our analyses.
Of those that participated in the follow-up measurement
(n = 1435), 1381 (91.5%) participants completed all fall
calendars in the one-year follow-up with a median follow-up
length of 52 months (interquartile range: 52–52 months).
Of these, 468 (33.9%) reported one or more falls and 32
(2.3%) reported one or more fractures during follow-up.

When the WFG algorithm was operationalized with the
3KQ and Fried’s frailty criteria, 885 (61.3%) participants
were classified as low-risk, 153 (10.6%) as intermediate-risk,
and 405 (28.1%) as high-risk (Figure 1). The risk groups
differed with respect to all baseline characteristics (P <

0.05; Table 2). During the one-year follow-up, the respective
incidences of one or more falls in the low-, intermediate-
and high-risk groups were 234 (28.0%), 36 (25.9%) and
180 (50.0%). The respective incidences of fractures in the
risk groups were 20 (1.9%), 2 (4.9%) and 10 (4.1%), while
the total number of falls were 353 (fall rate = 0.4), 54 (fall
rate = 0.4) and 460 (fall rate = 1.1).

When the WFG algorithm was operationalized using
the single fall history question instead of the 3KQ,
1170 (78.4%) participants were classified as low-risk, 45
(3.0%) as intermediate-risk, and 277 (18.6%) as high-risk
(Supplementary Figure 1). With this operationalization of
the WFG algorithm, the respective incidences of one or
more falls in low- to high-risk groups were 305 (28.3%), 15
(36.6%) and 143 (57.2%), while the respective incidences

of fractures were 20 (1.9%), 2 (4.9%) and 10 (4.1%). The
respective total number of falls were 488 (fall rate = 0.4), 22
(fall rate = 0.5) and 385 (fall rate = 1.4).

We assessed the performance of the following screening
tools in predicting one or more falls in one year: WFG
algorithm with the 3KQ and Fried’s frailty criteria; WFG
algorithm with the 3KQ and the CFS classification tree;
WFG algorithm with the single fall history question and
Fried’s frailty criteria; AGS/BGS algorithm; the 3KQ on
its own and the single fall history question on its own
(Table 3). When the WFG algorithm was operationalized
with the 3KQ and Fried’s frailty criteria, we obtained sensi-
tivity values between 40.0% to 48.0% and specificity values
between 77.0% to 79.6% by contrasting the risk groups
in different ways. Use of the CFS classification tree in the
WFG algorithm with 3KQ yielded similar sensitivity (range:
37.6–48.5%) and specificity values (range: 67.7–83.5%)
as when Fried’s frailty scale was used, with all 95% CIs
overlapping. When the WFG algorithm was operationalized
with the single fall history question instead of the 3KQ,
we obtained lower sensitivity values (range: 30.9–34.1%)
but higher specificity values (range: 85.3–88.2%). Figure 2
visualizes the operationalization of the AGS/BGS algorithm,
for which we obtained a sensitivity of 44.7% and a specificity
of 73.1%. Out of the assessed screening tools, use of the
3KQ alone yielded the best sensitivity (sensitivity = 86.0),
but also the lowest specificity (specificity = 31.9%). Finally,
we obtained respective sensitivity and specificity values of
47.9% and 75.5% for the single fall history question.
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Table 2. Baseline characteristics of the different risk groups as classified by the world falls guidelines algorithm with three key
questions and Fried’s frailty criteria

Overall (n = 1509) Low Risk
(n = 885)

Intermediate Risk
(n = 153)

High Risk
(n = 405)

p Valuea % missing

. . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . .
Age 75.5 [70.1, 81.5] 72.8 [68.7, 78.5] 80.0 [74.2, 83.6] 79.3 [72.9, 84.0] <.001 0
Female sex 718 (52.6) 355 (45.2) 95 (66.4) 234 (62.4) <.001 9.5
Education level attained (years) 9 [6, 11] 9.0 [6, 11] 6 [6, 10] 9 [6, 10] <.001 9.5
History of 1 or more falls in the previous 12 months 486 (32.3) 152 (17.2) 45 (29.4) 277 (68.4) <.001 0.3
Modified FES Score (0–30) 1 [0, 3] 0 [0, 2] 2 [1, 5] 3 [0, 8] <.001 0.7
Modified FES Score ≥ 1 804 (53.6) 361 (40.8) 120 (78.4) 294 (73.1) <.001 0.7
Modified FES Score ≥ 3 457 (30.5) 154 (17.4) 66 (43.1) 216 (53.7) <.001 0.7
Body mass index 26.9 (4.4) 26.6 (3.9) 27.5 (4.9) 27.3 (4.9) 0.013 11.3
Gait speed ≤0.8 m/s 406 (28.8) 43 (4.9) 153 (100.0) 205 (56.0) <.001 6.4
Not able to hold tandem stand for at least 10 s 526 (36.6) 191 (21.6) 81 (53.6) 234 (61.9) <.001 4.6
Fracture since last interview 83 (5.5) 9 (1.0) 0 (0.0) 73 (18.0) <.001 0.3
Frailty according to Fried’s frailty criteria 196 (13.6) 10 (1.1) 0 (0.0) 183 (47.8) <.001 4.6
Frailty according to CFS classification tree 173 (11.5) 23 (2.6) 14 (9.2) 104 (25.9) <.001 0.7

CFS = Clinical Frailty Scale; FES = Falls Efficacy Scale. Data are presented as n (%) or median [interquartile range]. ap Values were calculated using chi-square,
Kruskal–Wallis, and ANOVA tests.

We assessed the performance of the screening tools
according to different age and sex strata (Supplementary
Table 1). In general, the sensitivity values of the screening
instruments were higher in the older age strata and in
women. Conversely, specificity values were generally higher
in younger age strata and in men.

As a sensitivity analysis, we explored the use of a different
cut-off for the modified FES scale (Supplementary Table
2). Use of a cut-off value of 3 for the FES in the WFG
algorithm also resulted in similar sensitivity (range: 38.8–
46.1%) and specificity values (range: 70.5–80.3%) to those
obtained when a cut-off value of 1 was used. However, when
the 3KQ were used on its own, choosing a cut-off value of
3 instead of 1 for the FES resulted in a higher specificity of
43.0%, but a lower sensitivity of 76.2%.

Discussion

This study evaluated the WFG algorithm. Participants
classified as high-risk by the algorithm were found to have
higher risk of falls as compared with those classified as low-
or intermediate-risk. The risk of falls in the intermediate-
risk group was found to be higher than in the low-risk
group, but only when the algorithm was operationalized
with the single fall history question. When the algorithm was
operationalized with the 3KQ, we found a similar risk of falls
in the intermediate- and low-risk groups. The algorithm’s
sensitivity was best when operationalized with the 3KQ
whereas its specificity was best when operationalized with the
single fall history question. Use of the CFS classification tree
instead of Fried’s frailty in the algorithm’s operationalization
resulted in similar predictive performance. The AGS/BGS
algorithm and the single falls history question on its own
yielded similar predictive performance compared to the
WFG algorithm with 3KQ. The 3KQ on their own yielded
a higher sensitivity but lower specificity compared with the
WFG algorithm with 3KQ.

Hartley and colleagues reported mostly similar predictive
performance measures for the WFG algorithm with the 3KQ
and the CFS classification tree for those aged ≥65 years [5].
Unlike the study by Hartley et al., we observed a drop in
specificity when the intermediate- and high-risk groups were
combined owing to the larger size of the intermediate-risk
group in our study. Hartley and colleagues used the timed up
and go test for assessing gait and balance impairments, which
was more conservative than the gait speed test used in our
study. Among participants tested for gait and balance impair-
ments, 22.9% of our sample went on to being classified as
intermediate-risk, versus 4.3% of the total sample in the
study by Hartley et al [5]. Out of all screening tools, the 3KQ
on their own yielded the highest sensitivity but also the low-
est specificity, which is line with the findings of Burns et al
[6]. Burns et al. also found the 3KQ to have higher sensitivity
but lower specificity as compared with the single fall history
question and the AGS/BGS algorithm. However, Burns
and colleagues obtained respective sensitivity and specificity
values of 68.7% and 57.9% for the 3KQ, versus 86.0% and
31.9% in our study [6]. These differences may be explained
by our use of proxies and differences in outcome prevalence.

We compared the predictive performance of the WFG
algorithm to the AGS/BGS algorithm, the 3KQ on their
own, and the single fall history question on its own. Pre-
dictive performance of the AGS/BGS algorithm was similar
to that of the WFG algorithm with the 3KQ. However, it
should be noted that, unlike the AGS/BGS algorithm, the
WFG algorithm prescribes targeted preventive measures for
every risk level and thus minimizes the risk of undertreat-
ment. Out of all assessed tools, use of the 3KQ on their
own resulted in the highest proportion of participants being
classified as being at risk, which contributed to its high
sensitivity and limited specificity. Predictive performance
of the single fall history question was similar to those of
the WFG algorithm with 3KQ, similarly to Hartley and
colleagues [5]. This demonstrates that practical screening
strategies can have predictive performance similar to a more
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comprehensive screening algorithm. However, this does not
mean that these tools can be recommended over the WFG
algorithm. This is because the 3KQ and the single falls
history question provide no guidance on what interventions
should be used. Moreover, similarly to the AGS/BGS algo-
rithm, the 3KQ and the single fall history question classify
patients according to only two risk levels, whereas the WFG
algorithm classifies patients according to three risk levels. The
intermediate-risk group may in theory help identify patients
that would especially benefit from exercise interventions,
such as sedentary or pre-frail older adults. Nonetheless,
the use of the intermediate-risk group requires administer-
ing a physical performance test, even though the utility of
the intermediate-risk group remains uncertain. Indeed, we
found the low- and intermediate-risk groups to have compa-
rable incidences of falls, numbers of fractures, and fall rates
when the WFG was used with the 3KQ. When the WFG
was used with the single fall history question, we observed
that the intermediate-risk group had higher rates across all
outcomes as compared with the low-risk group. However,
under this operationalization, only 3.0% of the participants
in our sample were classified as intermediate-risk, versus
10.6% when the WFG was operationalized with the 3KQ.

Our findings have important clinical implications. First,
our findings illustrate how the use of different assessments in
the algorithm affect how patients are categorized and subse-
quently treated. We recommend healthcare professionals to
use the algorithm with the 3KQ instead of the falls history
question, as this helps treat more at-risk patients. However,
in situations where time or other resources are scarce, health-
care professionals may opt for using the single falls history
question in the algorithm, as this prevents overtreatment.
Furthermore, the gait speed test appears to be preferred over
the timed up and go test. As noted earlier, the results of our
study and those of Hartley et al. [5] together suggest that the
gait speed test yields a substantially larger intermediate-risk
group compared to the timed up and go test. Moreover, our
findings suggest that the CFS and Fried’s frailty can be used
interchangeably in the algorithm’s operationalization. We
observed no difference in predictive performance when we
used the CFS classification tree instead of Fried’s frailty crite-
ria in the algorithm’s operationalization. Scores derived from
the CFS classification tree show good agreement compared
with those obtained using the original CFS, which requires
clinical judgement [12]. Second, our findings highlight the
importance of primary prevention in the low-risk group.
As the WFG states ‘low risk does not mean no risk’. Of
participants that reported a fall in follow-up, 52.0% were
classified as low-risk by the WFG algorithm with 3KQ, and
65.8% were classified as low-risk by the WFG algorithm
with the single fall history question. Similarly, 55.3% of
those that reported a fall in follow-up were classified as low-
risk by the AGS/BGS algorithm. However, contrary to the
WFG algorithm, the AGS/BGS algorithm does not prescribe
any primary prevention strategies for patients classified as
low-risk. Therefore, we recommend the use of the WFG
algorithm.
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Figure 2. Operationalization of the American Geriatrics Society and British Geriatrics Society algorithm. LASA = Longitudinal
Aging Study Amsterdam. Unless stated otherwise, proportions are calculated based on the number of participants with complete data
in the preceding step. Proportions are provided as valid percentages, meaning missing data were not included in their calculations.
A total of 13 participants (0.9%) could not be classified due to incomplete data.

This study has limitations. First, while retrospective stud-
ies such as ours help understand to what extent the WFG
algorithm can predict falls, they provide limited insight
into the algorithm’s actual impact in clinical practice. As
such, prospective studies across different settings are needed
to assess how adopting the WFG affects health outcomes.
Second, not all items in the screening tools were available
in our sample and we therefore used proxies where possible.
We used data from the tandem test as a proxy for the item
in 3KQ on balance confidence. Consequently, we could
have overestimated the number of participants classified as
intermediate- or high-risk since older adults may be more
likely to overestimate rather than underestimate their balance
confidence [16]. Nonetheless, studies have demonstrated the
tandem test to be associated with balance confidence, [17,
18] which indicates the proportion of misclassifications to
be limited. Furthermore, we were unable to operationalize
two of the items in the WFG algorithm (i.e. Lying on
the floor/unable to get up and Loss of consciousness/suspected
syncope) since we did not have data or appropriate proxies
for these. In a follow-up study among a subsample of our
study population (data not shown in paper), 5.5% of those
that endured a fall reported lying on the floor for 15 min or
longer after a fall [19]. Syncopal falls are common, account-
ing for 9–11% of patients that present to the emergency
department due to a fall [20, 21]. Taken together, these
results suggest that omitting the two items in our opera-
tionalization may have caused us to underestimate the size
of high-risk group. Finally, the present study drew on data

measurements conducted between 1995 and 1997. Studies
show that fall-related injuries and deaths have been increas-
ing across Europe since 1990 [22]. Therefore, the fall rate
in our sample may be lower than in the current population
older adults, which could affect the generalizability of our
findings.

Conclusions

Based on data of a population-based cohort study among
older adults, we found that the WFG algorithm can help
identify individuals with an elevated risk of falls. Opera-
tionalizing the algorithm with the 3KQ instead of the single
fall history question helps identify more at-risk patients, at
the cost of more overtreatment. Our findings suggest that the
CFS and Fried’s frailty criteria can be used interchangeably
in the algorithm’s operationalization. The algorithm’s pre-
dictive performance was similar to that of the other assessed
screening tools, except for the 3KQ on their own which have
a higher sensitivity but lower specificity. However, the 3KQ
can only classify patients according to two risk categories
and, by itself, provides no directions with regard to further
risk assessment and fall prevention strategies.

Supplementary Data: Supplementary data is available at
Age and Ageing online.
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