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Abstract
Introduction Several medication classes are considered to present risk factors for falls. However, the evidence is mainly based
on observational studies that often lack adequate adjustment for confounders. Therefore, we aimed to assess the associations
of medication classes with fall risk by carefully selecting confounders and by applying propensity score matching (PSM).
Methods Data from several European cohorts, harmonized into the ADFICE_IT cohort, was used. Our primary outcome
was time until the first fall within 1-year follow-up. The secondary outcome was a fall in the past year. Our exposure variables were commonly prescribed medications. We used 1:1 PSM to match the participants with reported intake of specific
medication classes with participants without. We constructed Cox regression models stratified by the pairs matched on the
propensity score for our primary outcome and conditional logistic regression models for our secondary outcome.
Results In total, 32.6% of participants fell in the 1-year follow-up and 24.4% reported falling in the past year. ACE inhibitor users (prevalence of use 15.3%) had a lower fall risk during follow-up when matched to non-users, with a hazard ratio
(HR) of 0.82 (95% CI 0.68–0.98). Also, statin users (prevalence of use 20.1%) had a lower risk, with an HR of 0.76 (95% CI
0.65–0.90). Other medication classes showed no association with risk of first fall. Also, in our secondary outcome analyses,
statin users had a significantly lower risk. Furthermore, β-blocker users had a lower fall risk and proton pump inhibitor use
was associated with a higher risk in our secondary outcome analysis.
Conclusion Many commonly prescribed medication classes showed no associations with fall risk in a relatively healthy
population of community-dwelling older persons. However, the treatment effects and risks can be heterogeneous between
individuals. Therefore, focusing on identification of individuals at risk is warranted to optimize personalized falls prevention.

1 Introduction

Key Points

Falls are one of the most common health problems facing
older persons today. Approximately one third of community dwellers over the age of 65 years will fall at least once
yearly and almost 50% of them will experience a recurrent
fall within the next year [1]. In one out of five fall incidents,
serious injury such as fracture or head trauma occurs [2].
Also, even falls without an injury can have significant negative effects on the quality of life of an older person, since
falls have been associated with greater functional decline,
social withdrawal, fear of falling and symptoms of anxiety

Use of certain medications and polypharmacy are
considered risk factors for falls. In general, the evidence
is based on data of observational studies with several
quality issues.
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We found no associations between many commonly
prescribed medication classes and fall risk in a relatively
healthy population of older adults.
In terms of clinical practice, deprescribing of appropriate
medication in healthy older persons without side effects
is likely not judicious in falls prevention.
The results of this study cannot be generalized to frail
older adults and there is a need for studies assessing the
medication-related fall risk in frail populations.
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and depression [1, 3]. Fear of falling has an adverse impact
on functioning, quality of life, mental health and social network and has been associated with mortality and cognitive
impairment among others [4, 5]. Besides the impact on an
individual, fall incidents and related injuries cause substantial burden to societies and health care systems. Fall-related
costs have been estimated to vary between 0.85% and 1.5%
of total health care expenditures of Western countries [6].
In older adults, falls tend to result not from a single but
from several interacting risk factors [7]. One of the important and modifiable risk factors is the use of certain medications, so-called fall-risk-increasing drugs (FRIDs) [8–14].
To date, several systematic reviews and meta-analyses have
summarized the evidence over the past decades. In particular, psychotropics are viewed as important FRIDs [9]. In
general, the evidence is based on data from observational
studies, since falls have not been standardly assessed as
adverse events in drug trials (randomized controlled trials,
RCTs) [15]. These observational studies often have several
quality issues such as small sample size, a lack of a precise
definition of falls or the studied target medication and lack
of careful and adequate adjustment for confounders [15].
Therefore, well designed observational studies are still warranted [15].
Moreover, current falls prevention guidelines emphasize
that older adults at high risk of falling should be assessed for
FRIDs and that medication review including modification or
withdrawal of FRIDs should be considered [16]. Since the
established and potential FRIDs are commonly prescribed
medications in older persons with potentially beneficial
effects with regard to symptom and disease control, it is
essential to know with more certainty which drug classes
are causally related to fall risk. However, conducting an
RCT, the gold standard of causality, may be unethical and
even if data on falls is collected, RCTs might be underpowered to detect the existing relationships. Second, often the
participants selected in RCTs do not represent real-world
patients due to stringent inclusion criteria. Observational
studies are hence an attractive source for evidence, but
the evidence coming from observational studies has to be
carefully evaluated to assure that study design and analysis
features have been carefully chosen to minimize bias and
confounding [15]. Therefore, proper adjustment for confounding factors would give more accurate insights into the
relationships between medications and fall risk. Propensity
scoring is a statistical approach for observational data aimed
at creating and comparing groups with similar treatment or
exposure probability [17]. The propensity scoring in this
context is defined as a subject’s probability of receiving a
specific treatment conditional on the observed covariates.
One way to use it is by building strata of matched treated
and non-treated patients based on their propensity score. It
helps in choosing similar patient groups for comparison and,
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importantly, a matched data set allows transparent analyses.
Therefore, our aim was to investigate the associations of
commonly prescribed medication classes and fall risk by
applying propensity score matching in a large, harmonized
cohort of relatively healthy older adults.

2 Methods
2.1 Study Population
For the current study, we used data from five European
cohort studies, harmonized into a single large cohort in the
ADFICE_IT project [18]. The studies and cohorts included
are reviewed briefly below.
The Rotterdam study is an ongoing prospective followup study in three cohorts since 1990, and as of 2008, the
study comprised 14,926 participants of 50 years and older
originating from the Ommoord area located in Rotterdam
[19]. The harmonized cohort contains data from the fifth
examination cycle of the first cohort, the third examination cycle of the second cohort and the second examination cycle of the third cohort. These examination cycles
took place between 2009 and 2013.
The B-PROOF is a large, multicentre, randomized,
double-blind, placebo-controlled trial (n = 2919) conducted in the Netherlands in which persons of 65 years
and older with elevated homocysteine levels were
included from 2008 to 2011 [20]. The primary aim was
to assess whether vitamin B12 and folic acid is effective
in the prevention of osteoporotic fractures. No difference
was found between the groups for any of the fall outcomes
[21]. Therefore, it is reasonable to harmonize B-PROOF
with the other cohorts.
The Longitudinal Aging Study Amsterdam (LASA)
is a prospective cohort study that started in 1992 and
included older persons aged between 55 and 85 years
[22]. A random sample was drawn from the population
of 11 municipalities of the Netherlands and was stratified
by age and sex. Initiated by the Dutch government, it aims
to identify predictors and consequences of ageing. The
harmonized cohort contains data from the second examination cycle of the first cohort (n = 2545), for which the
observation was between 1995 and 1996 and from which
1509 respondents participated in the fall follow-up study.
Furthermore, it contains data from the baseline observation of the third cohort (n = 1023), which was performed
between 2012 and 2013.
The study on Activity and Function in the Elderly in
Ulm (ActiFE-Ulm) is a population-based cohort study
consisting of a random sample of 7460 persons aged
65 years and over who were selected from the population registers in Ulm, Neu-Ulm and an adjacent region
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(Alb-Donau-Kreis) in Germany [23]. The recruitment
phase started in February 2009 and finished in April
2010. In total, 1506 persons agreed to participate in the
study. The primary focus was physical activity, measured
by sensor technology, and the consequences of physical
activity for cognitive, emotional and social functioning.
The Irish Longitudinal Study on Ageing (TILDA) is an
ongoing cohort study recruited via random sampling to
receive a representative sample of aging adults in Ireland
[24]. Baseline data from the 8504 primary and secondary participants aged 50 years and over were collected
between October 2009 and July 2011 and these baseline
data were included in the harmonized cohort.
All participants provided written informed consent,
and all studies were approved by their respective institutional ethics committees [19, 20, 22–24].

The ascertainment of medication use was done during the respective study visits in each cohort. In the Rotterdam study, medication use was registered during the
home interview by participants presenting all the medication they were using at the day of the interview [27]. In
B-PROOF, a questionnaire was used to ascertain the selfreported medication use [28]. In LASA, interviewers asked
participants to show containers of prescription medication they had used in the 2 weeks prior to the interview
[29]. In TILDA, medication data were assessed during the
home interview with participants showing or reporting all
medications taken on a regular basis [30]. In ActiFE-Ulm,
barcodes of each pharmaceutical available in participants’
homes and taken at baseline visits by the participants were
scanned. Products without an available code were entered
by hand [23].

2.2 Outcome

2.4 Covariables

The primary outcome for the current study in the harmonized dataset was time to first fall in 12 months’ follow-up
measured in weeks. A fall was defined as an unintentional
change in position resulting in coming to rest at a lower
level or on the ground. This data was available for ActiFEUlm, B-PROOF and the first LASA cohort [23, 25]. Participants received fall calendars and were asked to record
fall events weekly. Subsequently, they were asked to mail
the calendar to the respective study centre at the end of
every 3 months. They were contacted by phone if no calendar was returned or if the data was incomplete.
Fall occurrence in the last 12 months at study visit was
used as a secondary outcome measure. This data was available for all cohorts. The occurrence of falls in the past 12
months was based on retrospective self-reporting, and a
dichotomous outcome variable ‘yes/no’ was created.

Sociodemographic variables included sex, age and living
status and lifestyle variables included alcohol use and body
mass index. The majority of the self-reported chronic diseases were assessed using questionnaires. Also, depressive
symptoms, blood pressure and cognitive status were measured. Co-medication use was determined in each cohort as
described above. A detailed description of the covariable
assessment and the harmonization procedure is presented in
Appendix I under subheading ‘Covariate Assessment’ and
in Supplementary Table 2 of the Appendix I (see ESM). The
core principle of the harmonization was to capture the most
common denominator.

2.3 Exposure
In the harmonized dataset, Anatomical Therapeutic Classification (ATC) codes were used to classify drug exposure variables at baseline recruitment [26]. Variables of
interest were potential FRIDs [8–10] that were used by
at least 5% of the participants. This included benzodiazepine and related drugs, ACE inhibitors, α-blocker used
for prostate hyperplasia, calcium channel blockers, angiotensin II receptor blockers, high ceiling diuretics, low ceiling diuretics, β-blockers, nonsteroidal anti-inflammatory
drugs, proton pump inhibitors and statins. The corresponding ATC codes for each medication class are provided in
Appendix I (Supplementary Table 1, see electronic supplementary material [ESM]).

2.5 Statistical Methods
We used propensity score matching and in particular,
assessed the average treatment effect on the treated (ATT)
[31]. In general, the propensity score is the probability of
treatment assignment given a set of observed baseline characteristics. Thus, for example in this study, each participant
has a certain probability of using statins, thus a propensity
score for statin use. This score is obtained by a logistic
regression model. The model predicts the probability of
receiving treatment, thus the propensity score, based on the
set of an individual’s observed baseline characteristics. The
propensity score is the basis for the matching procedure.
Each treated person is matched to one (or more) non-treated
persons based on their propensity scores (details follow).
Finally, the effect of treatment on the outcome is estimated
in the propensity score matched sub-sample.
First, before propensity score matching, we assessed baseline characteristics in the treated and the untreated groups by
calculating frequencies and means. To account for missing
covariables, missing data, which we considered as missing at
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random, was imputed in five copies with multivariate imputations by chained equations [32]. The median of the missing
values for the covariables excluding variables without missing variables was 4993 in the cross-sectional dataset (interquartile range [IQR] 2977–9678) and 686 (IQR 163–2918)
in the prospective dataset. Also, standardized mean differences (SMD) were calculated between the groups for each
variable in each imputed copy of the dataset. For each variable, we reported its highest SMD (most imbalanced) and
the percentages or means from the dataset with the highest
SMD of all five imputed copies.
Second, propensity scores (PS) were estimated by conducting logistic regression models separately for each exposure. The different medication classes were the response
variables for these models. The selection of covariates for
the PS model, fall-risk factors and confounders, was based
on clinical knowledge and literature a priori [31, 33]. In
addition, cohort index and possible alternative therapies
were included in the models. For example, in case of calcium channel blocker analysis, other antihypertensives
were considered alternative therapies. We excluded possible intermediates between medication classes and fall risk
from the models, thus the variables included in the models
differed for each exposure. PS models were conducted in
each imputed copy of the dataset, and means of the propensity scores were calculated.
Third, for the PS matching, a greedy matching algorithm
was used, and the matching was performed on the logit (i.e.
the natural logarithm of the odds) of the mean PS of the
imputed copies of the dataset. We conducted 1:1 matching
without replacement and without callipers.
Fourth, after matching, the balance between the matched,
treated and untreated groups was analysed by investigating
the SMD for each variable in each copy of the dataset. Just
like before matching, we also reported the highest SMD
for each variable of all imputed copies after the matching.
SMD <0.1 was considered an adequate balance for a variable between the treated and untreated groups. In addition,
values of SMD >0.2 are considered as a serious imbalance.
Finally, as outcome models, we constructed Cox regression models stratified (i.e. clustered) by the pairs matched
on the propensity score for time to first fall during 1-year
follow-up to assess the association between each exposure
variable and fall risk. Conditional logistic regression models
were conducted for our secondary outcome, fall risk in the
past 12 months. To adjust for possible unbalanced variables
(with the SMD >0.1 for a certain variable at least in three
copies of the datasets) after matching, we obtained doubly
robust estimates by including such variables as additional
covariates in the outcome models. The associations from the
imputed copies of the datasets were pooled using Rubin’s
rules. All the analyses were performed with the statistical
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environment R [34] using packages mice, tableone, Matching and survival.

3 Results
3.1 Prospective Data
Baseline characteristics and SMDs of the matched, treated
and untreated groups before and after matching are shown
in Supplementary Tables 3–13 in Appendix 2 of the ESM
separately for each exposure medication class. The cohort
contained prospective data for 5722 participants before
matching. In general, the balance was adequate after matching. Most of the analyses had some covariates with SMD
between 0.1 and 0.2. Only the diabetes variable was seriously imbalanced (SMD >0.2) after matching statin users
to non-users. The associations of medication classes on fall
risk using prospective data are found in Table 1. ACE inhibitor users had a lower fall risk when matched to non-users,
with a hazard ratio (HR) of 0.82 (95% CI 0.68–0.98). Also,
statin users had a lower risk, with an HR of 0.76 (95% CI
0.65–0.90). Other medication classes showed no statistically
significant associations.

3.2 Cross‑Sectional Data
Baseline characteristics and SMDs of the matched,
treated–untreated groups before and after matching are
shown in Supplementary Tables 14–23 in Appendix 2 of
the ESM separately for each exposure medication class. The
cohort contained cross-sectional data for 21,282 participants
before matching. In general, in most of the analyses, balance was adequate after matching. However, diabetes and
number of used medication variables were seriously imbalanced after matching statin users to non-users. In addition,
the arrhythmia variable was seriously imbalanced after
matching β-blocker users to non-users. The associations of
the different medication classes with fall risk in the past
12 months are found in Table 2. Statin users had a lower
risk, with an OR of 0.84 (95% CI 0.77–0.93). Furthermore,
β-blocker users had a lower fall risk, with an OR of 0.86
(95% CI 0.79–0.95). Finally, proton pump inhibitor use was
associated with a higher risk, with an OR of 1.16 (95% CI
1.04–1.30). Other medication classes showed no statistically
significant associations.

4 Discussion
In this propensity score matched approach using data from
a harmonized cohort of six European cohorts, we assessed
the associations of commonly prescribed medication classes
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with fall risk. In our primary analysis, using prospective
data, ACE inhibitor and statin users had a lower fall risk
in a follow-up when matched to non-users. Other medication classes showed no significant associations. Also, in our
secondary outcome analysis using cross-sectional data, statin users had a lower fall risk in line with our prospective
results. Furthermore, β-blocker users had a lower fall risk.
Finally, proton pump inhibitor use was associated with a
higher fall risk.
To our knowledge, this is one of the first studies that
has used propensity score matching when investigating
the associations of medication classes with fall risk. Most
of the effect sizes found in this study are comparable to
the pooled estimates of recent meta-analyses on this topic
[8–10]. Statin use was associated with lower fall risk in
both of our analyses (HR 0.76 [0.65–0.90] and OR 0.84
[0.77–0.93]). This is in line with the previous findings
from literature in which statin use has been reported to
be associated with lower risk in a meta-analysis of unadjusted data (OR 0.80 [0.65–0.98], 3 studies) [8]. Also,
ACE inhibitor users had a lower fall risk during followup (HR 0.82 [0.68–0.98]), while in the meta-analysis of
Table 1  Effect of medication use on the falls risk—prospective data
Medication class

N

ACE inhibitors
Calcium channel blockers
Angiotensin II receptor blockers
Low ceiling diuretics
High ceiling diuretics
β-Blockers
Statins
α-Blockers for prostate hyperplasia
Nonsteroidal anti-inflammatory drugs
Proton pump inhibitors
Benzodiazepines and related drugs

877
699
629
891
394
1406
1148
295
449
832
420

Hazard ratio (95% Cl)
0.82 (0.68–0.98)a
0.94 (0.76–1.16)
1.06 (0.85–1.33)b
0.99 (0.82–1.18)c
0.88 (0.66–1.16)d
0.98 (0.84–1.13)e
0.76 (0.65–0.90)f
0.85 (0.61–1.18)g
1.17 (0.92–1.49)
1.12 (0.93–1.34)
1.14 (0.89–1.47)h

N number of users matched 1:1 to controls
a

b

Unbalanced variable diuretics use included in the outcome model

Unbalanced variables diuretics use, cohort index and hearing problem included in the outcome model
c

Unbalanced variable angiotensin II receptor blocker use included in
the outcome model

d
Unbalanced variables age, living situation, fear of falling, arrhythmia, mini-mental sate examination (MMSE) and hearing problem
included in the outcome model
e

Unbalanced variables number of medications and use of cardiac vasodilators included in the outcome model

f

Unbalanced variables diabetes and number of used medications
included in the outcome model

g
Unbalanced variables alcohol use, cohort index and anticholinergics
use included in the outcome model
h

Unbalanced variable fear of falling included in the outcome model

Table 2  Effect of medication use on the falls risk—cross-sectional
data
Medication class

N

ACE inhibitors
Calcium channel blockers
Angiotensin II receptor blockers
Low ceiling diuretics
High ceiling diuretics
β-Blockers
Statins
α-Blocker used for prostate hyperplasia
Proton pump inhibitors
Benzodiazepine and related drugs

3038
2186
2544
2899
1114
4343
5555
707
3601
1579

Odds ratio (95% Cl)
0.92 (0.82–1.03)
0.95 (0.83–1.08)
0.97 (0.85–1.10)
0.97 (0.86–1.09)
1.00 (0.84–1.20)a
0.86 (0.79–0.95)b
0.84 (0.77–0.93)c
0.82 (0.65–1.04)
1.16 (1.05–1.28)
1.09 (0.93–1.26)

N number of users matched 1:1 to controls
a

Unbalanced variable mini-mental sate examination (MMSE)
included in the outcome model

b

Unbalanced variables arrhythmia, heart failure, and cardiac vasodilators use included in the outcome model

c

Unbalanced variables diabetes, number of medication and cardiac
vasodilators use included in the outcome model

adjusted data, no significant association was found (OR
0.91 [0.78–1.08], 4 studies) [8]. Furthermore, β-blocker
users had a lower fall risk in our cross-sectional analysis
(OR 0.86 [0.79–0.95]) in line with the meta-analysis of
adjusted data (OR 0.88 [0.80–0.97], 8 studies) [8]. Finally,
proton pump inhibitor use was associated with a higher
risk only in a cross-sectional analysis and it should be
noted that the vast majority of the European expert panel
did not considered proton pump inhibitors to increase
fall risk in a consensus effort [35]. This indicates that the
found association might be explained by the residual confounding. Proton pump inhibitor use could, for example,
be a marker for (multi)morbidity. On the other hand, there
is some evidence that it may increase fracture risk, which
overlaps with the variable fall risk [36].
Only the effect estimates for high-ceiling diuretics and
benzodiazepines and related drugs were markedly lower
than in the recent meta-analyses [8, 9]. These differences
could be explained by several factors. First, numerous variables were included in our propensity score and the variable selection of the multivariate models of the previous
studies is very heterogeneous [8–10]. Thus, the comparison
of the different models is difficult. In theory, by applying
propensity score matching and careful confounder selection we may have taken possible residual confounding of
earlier studies better into account. Furthermore, in general,
propensity score methods tend to give effect sizes modestly
nearer to the null compared with multivariate models when
both methods have been used to investigate associations in
a specific cohort [37]. However, even when applying a Cox
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regression adjusted only for number of used medications,
age and gender, we observed markedly lower effect estimates
than in the recent meta-analyses (data not shown) [8, 9].
Considering benzodiazepines and related drugs, the effect
size was heterogeneous between the three cohorts with prospective data. In ActiFE-Ulm, the prevalence of use for these
medications and the effect estimate were markedly lower
than in the two other cohorts. In general, substantial heterogeneity between the results of different cohorts is often
present [8, 9]. The underlying differences and the explaining
factors of heterogeneity between the studies can be related
to frailty status of the population, used medication dosage
and the indication for the drugs. Moreover, the heterogeneity
can reflect differences in the prevalence of use of specific
drugs, as broader medication classes are being evaluated
in the studies. Also, in our study, there are factors leading
to clinical heterogeneity between the cohorts such as age
and presence of co-morbidities but also most likely differences in prescription patterns between different countries
and between time periods.
Furthermore, many of the commonly prescribed medication classes, such as different antihypertensives, showed no
significant associations with fall risk in our study. This finding, in line with previous research, indicates that populationattributable fall risk related to these medication classes on
average is low in a population of relatively healthy older
persons. The lack of associations with fall risk may well
be driven by the positive effects of these medications with
regard to symptom management and disease control in this
relatively healthy population, as the related clinical conditions can also lead to falls [38]. Although, it should be noted
that use of antihypertensives can lead to hypotension and
orthostatic hypotension, which both have been linked to
increased fall risk [38, 39]. However, risk of adverse drug
reactions (ADRs) is strongly dependent on patient characteristics such as multimorbidity, polypharmacy, age and
frailty [40]. Thus, given our findings, in terms of clinical
practice, deprescribing of appropriate medications in healthy
older persons without side effects is likely not judicious in
falls prevention. But this conclusion cannot be drawn for
frailer populations, since our findings cannot be generalized
to frailer older populations like, for example, those visiting falls clinics. Hence, there is an urgent need for studies
assessing the fall risk related to these medications in frail
populations. In addition, modern data-driven methods can
be of aid to estimate the heterogeneous treatment effects and
identify the subgroups for whom the treatment generates
adverse effects.
Finally, although we carefully examined the inclusion of
confounders in our propensity score models, it should be
noted that use of a propensity score will not correct biases

L. J. Seppala et al.

from unmeasured confounding. In comparison with randomization, the propensity score does not share the ability to
balance all confounders, including unmeasured confounders.
Most likely, some underlying differences between the treated
and untreated groups are still present after propensity score
matching. These differences can be related to, for example,
treatment decisions of physicians, like the indication or disease severity. For instance, in the case of benzodiazepines,
we could not match for sleeping disorders or severity of
sleeping disorders. Furthermore, the participants that have
suffered from side effects such as falls may have stopped the
use of that specific medication. These high-risk participants
that have stopped may end up being the non-treated control
group in the propensity score analysis, causing survival bias.
For example, statin users with muscle-related side effects
will stop the use of statins and the users in the treated group
are chronic users without side effects. Therefore, targeting new users of specific medications as a study population would be of interest. Finally, we did not account for the
effect of dosages in the analyses and it is possible that low
and high dosages of certain drugs have different effects in
terms of fall risk.

4.1 Strengths and Limitations
There are several strengths and limitations related to this
study. First, the gold standard of falls measurement, a falls
calendar, was used to collect falls data in the cohorts with
prospective data. Retrospective self-reporting of falls, such
as our secondary outcome measure, leads to under-reporting
of falls. However, we believe it is appropriate to report the
results of the secondary outcome as this outcome enabled
us to have a much bigger sample size and inclusion of some
of the cohorts leading to increased generalizability of the
findings. Finally, most of the effect sizes of the two analyses
led to very comparable effect estimates. The important limitation of this study is the ascertainment of the medication
use at the study visits, and the medication regimen of the
participants might have changed during the follow-ups. In
addition, we only analysed time to first fall and not a more
complex measure such as an incidence rate of falls during
a specific time frame or other outcome measures such as
falls per hours walked, as this data was not available for all
cohorts. Furthermore, although harmonization of cohorts
leads to a greater sample size, it also results in some loss
of information as more detailed data are reduced to simpler variables in order to achieve harmonization. Finally,
assessing many established FRIDs was beyond the scope of
this study since their prevalence of use was low. Moreover,
we investigated any medication use and did not consider
whether the prescriptions were inappropriate as this data
was not available in the ADFICE_IT harmonized cohort.
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Future research is warranted regarding the fall risk related
to inappropriate prescribing.

5 Conclusion
In our propensity score matched approach using data from
a harmonized cohort of six European studies, ACE inhibitor and statin users had a lower fall risk when evaluated
prospectively. Furthermore, β-blocker and statin use was
associated with a lower fall risk in the past year. Finally,
proton pump inhibitor use was associated with a higher fall
risk in the past year. In addition, many other medication
classes showed no significant associations, indicating that
the population-attributable fall risk related to these medication classes on average is low in a relatively healthy older
population. In terms of clinical practice, deprescribing of
appropriate medication in healthy older persons without side
effects is likely not judicious in falls prevention. However,
as risk of ADRs such as falls is strongly related to health
characteristics such as multimorbidity and frailty, the found
results cannot be generalized to frail older adults. Thus, there
is a need for studies assessing the risk in a frail population
and for studies to identify possible additional subgroups for
whom the treatment might be associated with increased risk.
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