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a b s t r a c t

Objectives: Before being used in clinical practice, a prediction model should be tested in patients whose
data were not used in model development. Previously, we developed the ADFICE_IT models for pre-
dicting any fall and recurrent falls, referred as Any_fall and Recur_fall. In this study, we externally
validated the models and compared their clinical value to a practical screening strategy where patients
are screened for falls history alone.
Design: Retrospective, combined analysis of 2 prospective cohorts.
Setting and Participants: Data were included of 1125 patients (aged �65 years) who visited the geriatrics
department or the emergency department.
Methods: We evaluated the models’ discrimination using the C-statistic. Models were updated using
logistic regression if calibration intercept or slope values deviated significantly from their ideal values.
Decision curve analysis was applied to compare the models’ clinical value (ie, net benefit) against that of
falls history for different decision thresholds.
Results: During the 1-year follow-up, 428 participants (42.7%) endured 1 or more falls, and 224 partic-
ipants (23.1%) endured a recurrent fall (�2 falls). C-statistic values were 0.66 (95% CI 0.63-0.69) and 0.69
(95% CI 0.65-0.72) for the Any_fall and Recur_fall models, respectively. Any_fall overestimated the fall
risk and we therefore updated only its intercept whereas Recur_fall showed good calibration and
required no update. Compared with falls history, Any_fall and Recur_fall showed greater net benefit for
decision thresholds of 35% to 60% and 15% to 45%, respectively.
Conclusions and Implications: The models performed similarly in this data set of geriatric outpatients as in
the development sample. This suggests that fall-risk assessment tools that were developed in
community-dwelling older adults may perform well in geriatric outpatients. We found that in geriatric
ported by funding from the
evelopment (ZonMw, grant
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ign, execution, analysis, and
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outpatients the models have greater clinical value across a wide range of decision thresholds compared
with screening for falls history alone.

� 2023 The Authors. Published by Elsevier Inc. on behalf of AMDA e The Society for Post-Acute and
Long-Term Care Medicine. This is an open access article under the CC BY license (http://

creativecommons.org/licenses/by/4.0/).
Optimal use of fall-preventive measures requires identification of
patients who are at an increased risk of falling. To this end, a growing
number of fall-risk assessment tools have been developed for use in
older adults.1,2 These include prediction models that combine data of
patient characteristics as predictors to estimate the probability of a
future fall. Prediction models for falls are commonly developed using
data from community-dwelling older adults, which means their
generalizability to geriatric outpatients may be limited. Geriatric
outpatients have been characterized as being more frail and as having
a higher risk of falling.3 Yet, only a few studies have validated pre-
diction models for falls in geriatric outpatients.4-7

After developing a prediction model, it is recommended to assess
its predictive performance in patients whose data were not used in
model development.8 Predictive performance is usually evaluated in
terms of discrimination and calibration. Discrimination reflects the
model’s ability to differentiate between those who do or do not
experience the outcome. Calibration refers to the agreement between
the model’s predictions and observed outcomes. However, measures
for discrimination and calibration alone may not be sufficient to
determine a model’s clinical value as they offer little insight into the
clinical consequences of using a prediction model in practice.9 Various
decision-analytical methods have been developed for weighing the
clinical value of prediction models over competing screening
methods. To our knowledge, previous validation studies have not
compared the clinical value of prediction models for falls to other
screening methods that are commonly used.

As part of the ADFICE_IT (Alerting on adverse Drug reactions: Falls
prevention Improvement through developing a Computerized clinical
support system: Effectiveness of Individualized medicaTion with-
drawal) project, we developed models for predicting falls and recur-
rent falls in community-dwelling older adults.10 This study aimed to
externally validate and update these models in the mixed population
of geriatric outpatients as this is the population in which the models
are intended to be used. Accordingly, we assessed the performance of
the models in terms of discrimination, calibration, and clinical value
using a combined data set of 2 cohorts of geriatric outpatients.
Methods

In the present study, we externally validated the ADFICE_IT
models, which provide the probability of enduring any fall or a
recurrent fall in the next 12 months. The development of the models
has been described in detail elsewhere.10 In brief, the models were
developed using harmonized data from 3 European cohort studies of
community-dwelling older adults. Logistic regression with backward
variable elimination was used to develop the models. The final model
for predicting any fall included verbal fluency score as a predictor that
may not be feasible to collect in routine clinical practice. Therefore, as
described in van de Loo et al,10 a second version of the model for
predicting any fall was developed using a subset of the candidate
predictors that were considered easily obtainable in clinical practice.
Table 1 presents an overview of the predictors in the models.

In the main analyses of the present study, we externally validated
the 2 models with predictors that are easily obtainable in clinical
practice, namely, (1) the model for predicting any fall (Any_fall) and
(2) the model for predicting recurrent falls (Recur_fall).10 In an addi-
tional analysis, we also assessed the performance of the original
version of the Any_fall model, which includes verbal fluency as a
predictor.
Study Population

The present study was a retrospective analysis of 2 prospective
cohort studies, namely, the IMPROveFALL study11 and the Utrecht
Cardiovascular Cohort.12 Data from both cohorts were combined,
resulting in a total sample of 1125 participants. The intended target
population of the models is a mixed population of older persons who
visited a geriatric outpatient clinic or were eligible to visit a geriatric
outpatient clinic. We combined the cohorts in order to assess the
performance of themodels in amore heterogeneous sample thatmore
closely resembles the mixed population of geriatric outpatients. Both
studies were performed in accordance with the Declaration of Hel-
sinki. All participants provided informed consent. The medical
research ethics committees of both participating hospitals approved
the protocol for IMPROveFALL. The Medical Ethics Committee of the
University Medical Center Utrecht granted a waiver for the Utrecht
Cardiovascular Cohort study.

The IMPROveFALL study was a randomized, multicenter trial that
investigated the effect of fall-risk-increasing drug withdrawal vs care
as usual.11 Results showed no effect of the intervention on falls and we
therefore treated IMPROveFALL as a prospective cohort study.13

Community-dwelling patients aged 65 years or older that visited the
emergency department because of a fall and that used 1 or more fall-
riskeincreasing drugs were eligible for inclusion. Dutch and interna-
tional clinical guidelines stipulate that a fall-related emergency
department visit warrants a multifactorial fall risk assessment, which
are typically conducted at a geriatric outpatient (falls) clinic.14,15 We
therefore considered the IMPROveFALL participants as geriatric out-
patients in the context of the present study. In total, 616 participants
were recruited across 2 hospitals in the Netherlands between 2008
and 2012. Of these, we included 580 participants for whom follow-up
data were available. Additionally, we derived data from the Utrecht
Cardiovascular Cohort study, a prospective cohort study that was set
up to optimize uniform registration of cardiovascular information in
routine clinical practice at University Medical Center Utrecht, the
Netherlands.12 We included data from 545 participants who visited
one of the geriatric outpatient clinics at the geriatrics department,
whowere aged 65 years and older, and for whom follow-up datawere
available. Participants were recruited between 2011 and 2014.
Outcome

Outcome data on any fall and recurrent falls (2 or more falls) over a
follow-up period of 1 year were available. In IMPROveFALL, falls were
ascertained prospectively using fall calendars. Participants were asked
to record falls on a weekly basis and to return the calendars every
3 months. In IMPROveFALL, a fall was defined as unintentionally
coming to rest on the ground or a lower level with or without loss of
consciousness, but not as a result of an acute medical condition, such
as a stroke, or an exogenous factor, such as a traffic accident. In the
Utrecht Cardiovascular Cohort study, falls were measured retrospec-
tively with a questionnaire, which was administered 12 months after
baseline. In this questionnaire, falls were ascertained using the

http://creativecommons.org/licenses/by/4.0/
http://creativecommons.org/licenses/by/4.0/


Table 1
Predictors in the ADFICE_IT Models for Predicting Any Fall and Recurrent Falls

Predictor Model

Any_fall* Original
Any_fally

Recur_fall

Educational status þ þ þ
Standardized depressive symptoms score þ þ
Standardized verbal fluency score þ
Visual impairment þ
BMI þ þ þ
Number of functional limitations þ þ þ
Standardized gait speed þ
Standardized grip strength þ þ
Urinary incontinence þ
Systolic blood pressure (mmHg) þ þ
History of 1 or more falls in the previous 12 mo þ þ þ
History of 2 or more falls in the previous 12 mo þ þ þ
Fear of falling þ
Smoking status þ þ
Use of calcium channel blockers þ
Use of anti-Parkinson drugs þ
Use of antiepileptics þ þ
Use of drugs for urinary frequency and
incontinence

þ þ þ

Use of antihistamines þ
The “þ” indicates the predictor was included in the final model.
Any_fall, model for predicting any fall; BMI, body mass index; Recur_fall, model for
predicting recurrent falls.

*The Any_fall model was developed using a subset of predictors that were
considered to be easily obtainable in practice.

yThe original Any_fall model was developed using all predictors and includes
verbal fluency as a predictor, which may not be feasible to collect in practice.

Table 2
Baseline Characteristics for the Development and Validation Cohorts

Development
Cohorts
(n ¼ 5722)

Validation
Cohorts
(n ¼ 1125)

Age (y) 74 [69, 79] 77 [72, 83]
Sex (female) 2785 (48.7) 702 (62.4)
Educational status (middle or high) 1589 (27.8) 611 (57.9)
Fluency test score* 17 [12, 23] 13 [9, 17]
Visual impairment 303 (10.9) 307 (28.3)
BMI 27.19 � 4.08 26.9 � 4.7
Grip strength (kg) 31.91 � 10.93 25.1 � 9.4
Gait speed (m/s)* 0.9 � 0.3 1.0 � 0.4
Urinary incontinencey 870 (31.2) 85 (14.7)
Systolic blood pressure (mm Hg) 148.2 � 19.7 150.5 � 24.4
History of 1 or more falls in the previous 12 mo 1664 (33.0) 894 (80.7)
History of 2 or more falls in the previous 12 mo 640 (12.7) 484 (44.2)
Fear of falling
(somewhat or very afraid of falling)

1294 (46.3) 481 (43.6)

Current smoker 634 (11.1) 136 (12.3)
Number of medications 3 [1, 5] 6 [4, 8]
Calcium channel blockers 699 (12.2) 213 (19.3)
Anti-Parkinson drugs 68 (1.2) 32 (2.9)
Antiepileptics 108 (1.9) 48 (4.3)
Drugs for urinary frequency and incontinence 76 (1.3) 44 (4.0)
Antihistamines 116 (2.0) 30 (2.7)

BMI, body mass index.
Data are presented as mean� SD, n (%), or median [interquartile range]. Proportions
are provided as valid percentages, meaning missing data were not included in their
calculations.

*These variables were not measured in IMPROveFALL.
yThis variable was not measured in the Utrecht Cardiovascular Cohort.
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questions “Did you endure a fall in the past year?” and “During the
past year, how often did you fall?”

Predictors and Harmonization

Data for predictors were collected at baseline. We developed
harmonization algorithms for the model predictors. We refer to the
harmonization guide for more information regarding the harmoni-
zation procedures as well as the measurements and definitions of
predictors (Supplementary Materials 1 and 2). For IMPROveFALL,
there were no data on gait speed, depressive symptoms, and verbal
fluency. We used data from the Timed Up and Go test as a proxy for
gait speed and data from the EuroQol-5 Dimensions as a proxy for
depressive symptoms.16,17 Values for these predictors were harmo-
nized using Z score transformations. Two predictors were systemati-
cally missing, meaning that there were no data or proxy data available
for these predictors in one of the cohorts (ie, verbal fluency in
IMPROveFALL and urinary incontinence in the Utrecht Cardiovascular
Cohort study). Systematically missing data for these variables were
multiply imputed (see subheading “Missing data”).

Sample Size

An adequate sample size is needed to estimate the predictive
performance of a prediction model with sufficient precision. We
applied the sample size calculations of Riley et al18 to assess whether
the combined sample size of the 2 cohorts was adequate for assessing
the discriminative performance of the models. We anticipated C-sta-
tistic values of 0.65 for Any_fall and 0.70 for Recur_fall.10 Given the
outcome proportion in the nonimputed data, we required at least 486
participants for Any_fall and 652 participants for Recur_fall to obtain
C-statistic estimates with a targeted CI width of 0.1. Given our sample
size, we would be able to estimate the respective slope values for the
Any_fall and Recur_fall models with CIs of 0.43 and 0.40. We assumed
alpha ¼ 0 and beta ¼ 1, as recommended by Riley et al.18
Missing Data

Excluding systematically missing variables, the median percentage
of missing values across the predictors was 0% (IQR 0%-1%) in
IMPROveFALL and 3.9% (IQR 3.5%-4.9%) in the Utrecht Cardiovascular
Cohort. Median follow-up time in IMPROveFALL was 52 weeks (IQR
11-52). Values for outcome variables in IMPROveFALL were set to
missing if loss to follow-up occurred before the event of interest was
reported. Multiple imputation by chained equations was employed to
impute missing values for predictors and outcome variables.19 We
imputed 10.9% and 14.1% of values for the any fall and recurrent falls
outcomes, respectively. Systematically missing predictors were
imputed using data from the development cohorts. Results from a
simulation study showed this is the optimal method of handling
systematically missing predictor values when validating a prediction
model.20

Statistical Analysis

Discriminative performancewas evaluated using the C-statistic, for
which a value of 0.5 indicates no discrimination and a value of 1 in-
dicates perfect discrimination. Calibration was assessed using cali-
bration plots as well as by calculating the calibration intercept and
slope. The ideal values for the calibration intercept and slope are 0 and
1, respectively. Deviations from these ideal values with P value <.05
were considered significant (see Supplementary Material 3 for further
details regarding further details and explanation regarding the sta-
tistical analysis). Based on whether these values were significant, we
chose one of the following updating methods: (1) no update if inter-
cept and slope values do not deviate from ideal values; (2)
recalibration-in-the-large (ie, reestimation of model intercept) if only
the intercept value deviates from the ideal value; and (3) recalibration
(ie, reestimation of intercept and slope) if the slope value (and inter-
cept value) deviates from ideal value.21 Predictive performance of the
updated models was reevaluated.



Table 3
Model Coefficients of the Updated Any_fall Model

Predictor Beta SE

Intercept* �0.218 0.067
Educational status
Middle 0.173 0.105
High 0.324 0.079

Depressive symptoms scorey 0.068 0.037
BMI �0.018 0.008
Number of functional limitationsy 0.125 0.054
Grip strength (kg)y �0.148 0.035
Gait speed (m/s)y 0.088 0.041
Systolic blood pressure (mm Hg) �0.003 0.002
History of 1 or more falls in the previous 12 mo 0.426 0.074
History of 2 or more falls in the previous 12 mo 0.597 0.100
Fear of falling
Somewhat afraid of falling 0.199 0.078
Very afraid of falling 0.195 0.127

Current smoker �0.252 0.103
Use of calcium channel blockers �0.164 0.093
Use of antiepileptics 0.436 0.223
Use of drugs for urinary frequency and incontinence 0.656 0.277

BMI, body mass index.
*Intercept of the model was updated based on the combined data set.
yBeta is based on 1-unit difference in Z score, which can be calculated as follows:

Z score depressive symptoms scoreIMPROveFALL¼ (EuroQol e 1.312)/0.523, where
EuroQol can take on a value of 1, 2, or 3, corresponding with the answers “I am not
anxious or depressed,” “I am moderately anxious or depressed,” and “I am
extremely anxious or depressed”; Z score depressive symptoms scoreUtrecht Cardio-

vascular Cohort ¼ (Geriatric Depression Scale score e 1.440)/1.942; Z score functional
limitationsIMPROveFALL ¼ (Katz-12 score e 4.714)/3.982; Z score functional limi-
tationsUtrecht Cardiovascular Cohort ¼ (Katz-15 score e 0.530)/1.232; Z score grip
strengthIMPROveFALL ¼ [grip strength (kg)e 26.290]/9.316; Z score grip strengthUtrecht

Cardiovascular Cohort ¼ [grip strength (kg) e 23.580]/9.850; Z score gait
speedIMPROveFALL ¼ [Timed Up & Go Test score (m/s) e 0.613]/0.258; and Z score gait
speedUtrecht Cardiovascular Cohort ¼ [gait speed (m/s) e 0.943]/0.557.
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We applied decision curve analysis to evaluate the clinical value of
themodels.22 In decision curve analysis, the net benefit of amodel and
alternative strategies is plotted against a range of decision thresholds.
Clinical practice guidelines for falls prevention often recommend us-
ing fall history as a starting point for risk stratification and deciding on
possible interventions.23 Therefore, we compared the net benefit of
themodels against that of a practical strategy inwhich only thosewith
a history of 1 or more falls in the past year receive treatment or further
assessment. Additionally, the net benefit of the models was compared
against 2 theoretical strategies in which all patients receive treatment
or further assessment (“treat all”) and in which none receive treat-
ment or further assessment (“treat none”).

Statistical analyseswere performedwith R (version 4.0.2).We used
the mice package for multiple imputation and the psfmi package for
pooling performance estimates across imputed data sets.19,24 Net
benefit of the models was computed using the rmda package.25 The
Transparent Reporting of a multivariable prediction model for Indi-
vidual Prognosis Or Diagnosis (TRIPOD) Statement checklist was used
as a guideline for reporting (Supplementary Material 4).26

Results

A total of 1125 participants was included in the analyses. Baseline
characteristics of the development and validation cohorts are pre-
sented in Table 2. Participants from the validation cohorts differed
from those in the development cohorts with respect to most charac-
teristics. Baseline characteristics of 2 validation cohorts are presented
in Supplementary Table 1. Participants from the 2 cohorts were similar
with respect to most characteristics. Participants from IMPROveFALL
were younger and higher educated than those from the Utrecht Car-
diovascular Cohort. In the 2 validation cohorts, a total of 428 partici-
pants (42.7%) endured at least 1 fall and a total of 224 participants
(23.1%) endured 2 or more falls during the follow-up period of 1 year
(see Supplementary Table 2 for complete overview).

We tested the predictive performance of the models in the com-
bined data set of the 2 validation cohorts (see Supplementary Table 3
for complete overview). The C-statistic values for the Any_fall model
was 0.66 (95% CI 0.63-0.69) vs 0.69 (95% CI 0.65-0.72) for the
Recur_fall model. The calibration plot for the Any_fall models revealed
Fig. 1. Calibration plots for (A) the Any_fall model and (B) the Recur_fall model as derived
graphs in the lower row show the distribution of the predicted risks.
a slight overestimation across the entire range of predicted risks
(Figure 1A). The calibration plot for the Recur_fall model showed good
agreement between observed and predicted risks (Figure 1B). Cali-
bration slope values were 0.96 (95% CI 0.74-1.19) and 0.84 (95% CI
0.64-1.04) for the Any_fall and Recur_fall models, respectively. The
calibration slope values of bothmodels did not deviate from their ideal
value of 1 (P > .05). The respective values for the calibration intercept
from the combined data set. Perfect calibration is represented by the dashed line. The



Fig. 2. Decision curves for (A) the Any_fall model and (B) the Recur_fall model as
derived from the combined data set. The decision threshold is the probability above
which a patient or physician judges the benefit of treatment to outweigh the potential
harm of unnecessary treatment. The net benefit of a model is the difference between
the proportion of true positives and the proportion of false positives as weighted by
the odds of a given decision threshold.
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were �0.17 (95% CI e0.31 to �0.04, P ¼ .01) and 0.07 (95% CI e0.09 to
0.23, P ¼ .37), with the calibration intercept for the Any_fall model
deviating significantly from its ideal value of 0. We therefore per-
formed recalibration-in-the-large for the Any_fall model by updating
its intercepts based on the combined data set. The updated model is
presented in Table 3. Predictive performance of the updated model is
presented in Supplementary Table 4 and Supplementary Figures 1 and
2.

We plotted decision curves for each model to compare the net
benefit of the models against that of 3 alternative strategies for
deciding on treatment or further assessment: treat those with a his-
tory of 1 or more falls, treat all, and treat none. In comparisonwith the
alternative strategies, application of the Any_fall model yields a higher
net benefit when the decision threshold for any fall lies between 35%
and 60% (Figure 2A). The Recur_fall model yields a higher net benefit
than alternative strategies when the decision threshold for recurrent
falls lies between 15% and 45% (Figure 2B).

As an additional analysis, we externally validated the original
Any_fall model, which includes verbal fluency as a predictor. The
C-statistic of the model was 0.66 (95% CI 0.62-0.69). The calibration
plot for the model revealed a slight overestimation of predicted risks
(Supplementary Figure 3). The calibration slope of the original Any_-
fall model did not deviate significantly from its ideal value (P ¼ .92)
but the calibration intercept did (P ¼ .01) and we therefore performed
recalibration-in-the-large (Supplementary Table 5). In comparison
with the alternative strategies, application of the original Any_fall
model yields a higher net benefit when the decision threshold for any
fall lies between 35% and 60% (Supplementary Figure 4).

Discussion

In this study, we externally validated the ADFICE_IT models using
data of geriatric outpatients. Of the validated models, discriminative
performance was best for the Recur_fall model. Discriminative per-
formance of the 2 Any_fall models was similar. To our knowledge, this
was the first study to compare the clinical utility of prediction models
for falls against a screening strategy inwhich patients are screened for
falls history alone.

Predictive performance of the models is comparable with that of
other prediction models for falls that have been validated in geriatric
outpatients. Peeters et al validated the LASA fall risk profile for iden-
tifying recurrent fallers in older adults who consulted their general
practitioner or emergency department after a fall.4 The authors
obtained a C-statistic of 0.65 and showed the LASA fall risk profile to
be well calibrated.4 Other studies have presented tools for assessing a
patient’s risk of enduring 1 or more falls following an emergency
department visit, of which the Two-Item Screening Tool and the FROP-
Com have been validated.27 Studies that validated these 2 tools have
reportedmixed results with regard to their predictive performance.5-7

One study reported poor discriminative performance, with C-statistic
values of 0.54 and 0.57 for the Two-Item Screening Tool and the FROP-
Com, respectively.5 One study that validated the Two-Item Screening
Tool showed it to be well calibrated.7 Calibration was not assessed in
the other 2 studies that validated the Two-Item Screening Tool and
FROP-Com.5,6

Our results suggest that fall-risk assessment tools that were
developed in community-dwelling older adults may be generalized to
geriatric outpatients. Indeed, the discriminative performance of the
models in this sample of geriatric outpatients was similar to that in the
development cohorts, which consisted of community-dwelling older
adults.10 However, the Any_fall model was found to overestimate the
general risk of any fall and we therefore updated its intercept. The
Recur_fall model for predicting recurrent falls required no update as
the model was well calibrated, meaning its predictions were in line
with the observed number of recurrent falls. The application of fall
prevention strategies to participants in the validation cohorts may
have resulted in a lower number of falls than would have occurred
otherwise, which may have affected the calibration of the Any_fall
model.

Although the Any_fall and the Recur_fall models require the use of
10 to 14 predictors, they are easily obtainable and commonly available
from a comprehensive geriatric assessment. Nonetheless, more prac-
tical fall-risk assessment strategies exist that require data on only 1 or
2 patient characteristics, such as a strategy in which patients are
screened for history of falls alone.28 However, fall-risk assessment
tools that cover multiple domains of risk factors are likely to show
better predictive performance, given the multifactorial nature of falls.
In fact, results from Palumbo et al29 indicate that a total number of 20
to 30 model predictors may be required to attain the highest predic-
tive performance when estimating fall risk. However, the inclusion of
more predictors in the model may limit their usability in clinical
practice.

Results of the decision curve analysis demonstrate that for a broad
range of decision thresholds, the models yield a higher net benefit
than a strategy inwhich patients are screened for history of falls alone.
However, to our knowledge, no study has investigated which decision
thresholds patients and physicians prefer for fall prevention in-
terventions. Nonetheless, interventions that pose no risk and require
no effort, such as educational interventions, will evidently correspond
to a low decision threshold. In cases in which such interventions are
under consideration, the models are unlikely to benefit decision
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making over a treat-all strategy. Indeed, we found that the Any_fall
and Recur_fall models benefit decision making in cases for which the
decision threshold lies between 35%-60% and 15%-45%, respectively.
Therefore, the models may only benefit decision making when the
intervention under consideration involves some risk or effort, such as
a medication review or an exercise intervention. Still, we were unable
to account for fall prevention strategies that were applied to partici-
pants, which may have affected the proportion of true positives and
false positives for different decision thresholds. Therefore, more
research is needed to evaluate the impact of the models on clinical
decision making before the models can be recommended outside of
the research setting.30 The Any_fall model was implemented in a
clinical decision support system for optimizing deprescribing of fall-
riskeincreasing drugs in older fallers, which is currently being eval-
uated in a multicenter trial.31 Here, the model is used to provide a
personalized fall risk estimate, which we hypothesize to support both
the patient and physician in engaging in a more informed discussion
about treatment options.

A few limitations deserve consideration. There were some differ-
ences in how predictors were measured in IMPROveFALL and the
Utrecht Cardiovascular Cohort compared with the development co-
horts. We used proxy variables for some predictors. For 2 other pre-
dictors, there were no proxies available in one of the cohorts. Data for
these predictors were multiply imputed, which has been shown to
result in accuratemodel predictions.20 Additionally, a limitation of this
studywas that the ascertainment of the outcome differed between the
2 cohorts. In IMPROveFALL, falls were ascertained using weekly falls
calendars, the gold standard of falls measurement. In the Utrecht
Cardiovascular Cohort, falls were measured retrospectively using a
questionnaire, which likely resulted in somemisclassification because
of recall bias. We expect this misclassification to be mostly random
and as such have little effect on the overall discriminative perfor-
mance of the models. Finally, our sample size calculations suggest the
sample size may not have been large enough to estimate the slope
with sufficient precision.
Conclusions and Implications

The models can potentially be used in geriatric outpatient settings
for opportunistic case finding or as an adjunct to decision making, by
supporting the physician and patient in weighing treatment options
based on the estimated fall risk. However, further impact assessment
is required before the models can be recommended outside the
research setting. Our study demonstrates that, in a geriatric outpatient
setting, prediction models may outperform a screening strategy in
which the single question “Have you fallen in the last 12 months?” is
posed. Finally, our results indicate that fall-risk assessment tools that
were developed in community-dwelling older adults may be gener-
alized to geriatric outpatients.
Supplementary Data

Supplementary data related to this article can be found online at
https://doi.org/10.1016/j.jamda.2023.04.021.
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