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Abstract

Objective: To identify risk factors for falls and generate two screening tools: an opportunistic tool for use in consultation to flag at risk
patients and a systematic database screening tool for comprehensive falls assessment of the practice population.

Study Design and Setting: This multicenter cohort study was part of the quality improvement in chronic kidney disease trial. Routine
data for participants aged 65 years and above were collected from 127 general practice (GP) databases across the UK, including sociodemo-
graphic, physical, diagnostic, pharmaceutical, lifestyle factors, and records of falls or fractures over 5 years. Multilevel logistic regression
analyses were performed to identify predictors. The strongest predictors were used to generate a decision tree and risk score.

Results: Of the 135,433 individuals included, 10,766 (8%) experienced a fall or fracture during follow-up. Age, female sex, previous
fall, nocturia, anti-depressant use, and urinary incontinence were the strongest predictors from our risk profile (area under the receiver oper-
ating characteristics curve = 0.72). Medication for hypertension did not increase the falls risk. Females aged over 75 years and subjects
with a previous fall were the highest risk groups from the decision tree. The risk profile was converted into a risk score (range —7 to 56).
Using a cut-off of >9, sensitivity was 68%, and specificity was 60%.

Conclusion: Our study developed opportunistic and systematic tools to predict falls without additional mobility assessments. © 2014

Elsevier Inc. All rights reserved.
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1. Introduction

Falls are the leading cause of injury in individuals aged
over 65 years [1]. A total of 30% of this population will
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experience a fall each year [2—5], with the total number
steadily increasing as the elderly population grows [6].
They are a cause of substantial physical and psychological
morbidity, with 10% of falls resulting in a major injury
[5,7], 5% resulting in a fracture [5,7,8], and many elderly
individuals being left with a residual fear of falling leading
to social isolation [9—11], increased dependence, and insti-
tutionalization [7,12,13]. Falls are a considerable public
health burden with an estimated annual cost to the National
Health Service (NHS) of £1.7 billion [14].

Falls prevention services have been shown to reduce the
risk of falls by up to 55% [15], and reviews have shown that
interventions to prevent falls can be cost saving [16]. Limita-
tions on health-care resources mean that it is not possible to
offer these services to all patients. There is therefore a need
for an accurate risk assessment tool that can be easily imple-
mented to identify which individuals are at highest risk of
falling and would most benefit from referral to these services.
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What is new?

Key finding

e This study adds evidence for nocturia and urinary
incontinence to known predictors of falls: age, fe-
male sex, previous falls, and anti-depressants.

e Increased age, female sex, previous fall, nocturia,
anti-depressant use, and urinary incontinence were
the strongest predictors of falls from our risk
profile.

What this study adds to what was known?

e Individuals at high risk of falls can be identified
opportunistically from routinely collected GP data
without requiring face-to-face functional mobility
assessments.

e A systematic database-driven screening tool has
been created, with the potential for incorporation
into existing GP electronic systems, to allow auto-
mated screening of practice populations to flag-up
high-risk individuals.

What is the implication and what should change

now?

e Opportunistic and systematic assessment tools
have been developed based on risk factors, and af-
ter validation in a large population, they could be
readily implemented as screening tools in primary
care.

e These tools can be used as part of routine fall as-
sessments to guide referrals to fall prevention
services.

There are a number of epidemiologic studies on risk fac-
tors for falls, with use of sedative medications, previous
falls, dizziness, and poor performance on balance assess-
ments being among the strongest predictors [4,14,17,18].
Based on these findings, a number of falls risk screening
tools have been developed [4,7,12,18—22]. These are either
purely functional mobility assessments (FMAs) of gait,
strength, and balance or an FMA combined with other risk
factors to generate a multi-factorial assessment (MFA) tool
for falls. FMAs can provide important information on the
physical attributes of individuals, which may predispose
them to falls, but these measures are time consuming, sub-
jective, and cannot be easily carried out across a population
as part of a screening tool in the community-dwelling
elderly. Additionally, the information is not readily avail-
able from routinely collected general practice (GP) data,
and the predictors used to form the basis of the existing
falls risk assessments have been identified from relatively

small populations with great variation in risk factors found
to be significant contributors to falls between the studies
described in the literature. There is no stand-alone MFA
tool based on risk factors derived from a large population
that can be easily implemented as a screening tool in pri-
mary care.

We carried out this large cohort study to identify signif-
icant risk factors for falls in the elderly, with specific
attention to the impact of blood pressure and use of anti-
hypertensive medication on occurrence of falls, as set out
by the quality improvement in chronic kidney disease
(QICKD) trial protocol [23]. From these findings, we aim
to develop two screening tools based on routinely collected
GP data. Screening in family practice can be either opportu-
nistic, carried out when the patient presents; or systematic,
involving methodical searching of practice data and recall-
ing patients who meet the eligibility criteria for the given
screening process. We, therefore, developed tools that might
be used in either of these ways: a quick, simple visual aid
for opportunistic case identification during GP consultations
in all elderly patients, completed using information already
available to the GP’s from previous and current consulta-
tions, and a comprehensive GP database screening tool for
integration into existing computerized medical record sys-
tems to systematically flag up individuals at high risk of
falls who may benefit from falls prevention services. Use
of computerized prompts has become a routine element of
GP consultations [24]. Two distinct tools will be developed
as it appears from studying other disease areas, such as atrial
fibrillation [25], that both opportunistic and systematic ap-
proaches to case finding have a role in primary care.

2. Methods
2.1. Study population

Data for this study were collected as part of the QICKD
randomized cluster trial using routinely collected informa-
tion from 127 GP databases across the UK [23,26]. The
initial trial data set comprised a comprehensive set of
11,541 variables relating to cardiovascular disease, risk
and management. The sampling and data collection proto-
cols for the QICKD trial have been previously described
in detail [23]. As data were extracted for the whole practice
population in the QICKD trial to identify people with
chronic kidney disease (CKD), there were no exclusions
that might have resulted in selection bias being applied.
A sub-sample of the QICKD population was selected for
use in this study based on the eligibility criteria of partici-
pants being aged 65 years or above as of June 1, 2008, the
end point of the initial data collection period. A total of
135,433 individuals were identified from the parent popula-
tion of 965,782 patients and were subsequently included in
this study. Data collection was performed over a 5-year
period between January 2006 and December 2010; data
collected during the first 30 months were used to determine
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the baseline characteristics of the population, and data
collected in the subsequent 30 months were used to obtain
follow-up information.

2.2. Data collection

General practices in the UK use a standardized coding
system to record clinical information based on the NHS
Read codes [27,28]. Information is collected and coded
during each clinical encounter and stored on the main GP
database for the practice. We used the NHS Browser data-
base to identify coding lists for each of the variables
considered to be potential predictors for falls, based on
the existing literature [14,17,18]. These codes were ex-
tracted from the 127 participating GP databases during
the 30-month observation period as part of the QICKD trial.

2.2.1. Predictors

Five categories of potential predictors for falls were
identified for inclusion in this study: socio-demographic,
physical, diagnostic, pharmaceutical, and lifestyle factors.
The specific predictors included in each category were
determined based on evidence from the existing literature
and variables extracted as part of the QICKD trial that were
considered reasonable potential predictors for falls.

Sociodemographic characteristics included age at the end
of the initial data collection period, gender, presence of a
carer, and the index of multiple deprivation score, deter-
mined by the geographical area participants lived in. Phys-
ical measurements included body mass index (BMI), with
subjects being classified according to categories defined by
the WHO criteria (<18.5 = low BMI, 18.5—25 = normal
BMI, >25 = high BMI); systolic blood pressure (BP) and
reduced foot sensation, determined by an abnormal result
on a monofilament test for peripheral neuropathy. Medical
conditions that have been previously linked to increased falls
were considered for inclusion in this study, specifically uri-
nary incontinence [12,29], dizziness [12,20], lower limb
osteoarthritis (OA) [19], and stroke [4,18]. These factors
were extended to include nocturia, other forms of cardiovas-
cular disease, diabetes, CKD, and anemia. A number of
medications have been associated with falls in existing
studies. The strongest evidence is for sedative medications,
but links have been suggested with anti-depressants, anti-
psychotics, anti-epileptics, digoxin, calcium channel
blockers, anti-inflammatories, and medication for hyperten-
sion [5,12,14,30]. This study focused on sedative medica-
tions and anti-depressants. Given the previously identified
correlation between cardiovascular disease and orthostatic
hypotension with falls [4,18], it extended this group to
include anti-hypertensives and medications commonly pre-
scribed for secondary prevention of cardiovascular disease,
aspirin, and lipid-lowering therapy. Lifestyle factors consid-
ered included alcohol consumption, classed as excessive if
greater than 21 units per week; smoking status at the end
of observation period and occurrence of a previous fall or

falls (>1) during the 30-month observation period. Details
of the specific variables extracted are shown in Table 1.
For ease of clinical interpretation, all continuous variables
were categorized before being entered into the statistical
analysis. These categories were based either on established
clinical cut-off points or, if no such cut-off point existed,
according to deciles or regular intervals (see Table 1 for
details). As absence of a diagnosis is not recorded in GP da-
tabases, if a patient was not coded to have a condition they
were assumed not to have it. In the case of variables where a
negative response could be recorded, for example ‘non-
smoker’, then the option of ‘missing’ was used if no
information was recorded. The introduction of “Pay for Per-
formance” (P4P) in 2004 in UK primary care has improved
the recording of chronic disease. Most key cardiovascular
diagnoses are included in the P4P framework.

2.2.2. Definition of cases/outcome

The outcome measure used in this study was the occur-
rence of either a fall or a fracture or both in the 30-month
follow-up period, determined by documentation of codes
for these outcomes in the GP databases. Fractures were
considered alongside falls as a primary outcome measure
in this study as 90% of fractures occur as a result of a fall
[5,31], and this number is likely to be even higher in a
purely elderly population.

2.3. Statistical analysis

Multilevel backward stepwise logistical regression was
carried out on our data set to determine predictors for falls.
A multilevel analysis was used to adjust for any variation
between the GP practices in our population. Variables were
sequentially removed from the model based on the strength
of the association and impact on the Bayesian information
criterion value; only variables with a statistically significant
association (P < 0.05) were included in the final risk profile
model. Odds ratios (ORs) with 95% confidence intervals
were calculated for each of the variables included in the
final risk profile model (Table 1). The predictive accuracy
of the model was determined using the area under the
receiver operating characteristics (ROCs) curve (AUC).
Further validation studies were also carried out, including
the Hosmer—Lemeshow test for goodness-of-fit across
different sub-populations and collinearity studies to exclude
any correlation between variables.

2.4. Decision tree model

The strongest predictors from the risk factor model were
incorporated into a tree-type algorithm to produce a deci-
sion tree for identifying groups at highest risk of future falls.
Decision trees can be used to convert a complex decision-
making process, based on varying influences of different
factors, into a collection of simpler decisions that are fol-
lowed in a stepwise manner to reach a final conclusion
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Table 1. Prevalence, odds ratios (ORs), and 95% confidence intervals (Cls) for potential predictors of falls or fractures (n = 135,433)

Predictor Prevalence (%) OR 95% ClI P value
Sociodemographic
Age > 80 29 2.03 1.92, 2.15 <0.0001
Female sex 56 1.93 1.84, 2.03 <0.0001
IMD score 6th—10th decile 37 1.01 0.98, 1.05 0.7
Presence of carer 1 1.03 0.93,1.15 0.7
Physical health
BMI < 18.5 2 1.11 1.02, 1.21 0.2
Systolic BP < 120 mm Hg 9 1.04 0.99, 1.09 0.4
Abnormal foot sensation 1 1.11 1.01, 1.23 0.2
Medication use
ACE inhibitors 39 0.97 0.95, 1.00 0.3
Other anti-hypertensives 26 0.93 0.91, 0.96 0.02
Sedative medications 2 1.24 1.13,1.35 0.002
Tricyclic anti-depressant 2 1.41 1.28, 1.55 <0.0001
Other anti-depressant 2 1.53 1.37,1.70 <0.0001
NSAIDs 12 0.99 0.95, 1.03 0.8
Aspirin 18 1.00 0.97,1.03 0.9
Lipid-lowering drugs (statin or fibrate) 40 0.98 0.95, 1.01 0.5
Chronic disease
Stroke 4 1.25 1.18,1.32 <0.0001
TIA 4 1.13 1.08, 1.20 0.007
IHD (excluding MI) 15 1.16 1.11, 1.21 0.0001
Diabetes 15 1.03 0.99, 1.07 0.4
CHF 4 0.98 0.94, 1.04 0.8
MI 4 0.86 0.82, 0.90 0.01
Coronary artery disease 5 1.13 0.97, 1.32 0.4
Coronary artery operation 5 0.91 0.80, 1.03 0.5
Anemic 10 1.13 1.09, 1.18 0.0006
Urinary incontinence 2 1.45 1.33, 1.59 <0.0001
Nocturia 1 1.57 1.36, 1.82 <0.0001
Lower limb OA 2 1.18 1.09, 1.28 0.01
Dizziness 1 1.17 1.04, 1.32 0.1
CKD stage 1-2 5 1.14 1.08, 1.21 0.008
Lifestyle
Excess alcohol consumption 4 1.13 1.05, 1.22 0.05
Current smoker 14 1.11 1.06, 1.15 0.004
Previous fall 4 1.75 1.59, 1.91 <0.0001
Recurrent fall 2 1.27 1.15, 1.40 0.002

Abbreviations: ACE, angiotensin-converting enzyme; BMI, body mass index; BP, blood pressure; CHF, congestive heart failure; Cl, confidence
interval; CKD, chronic kidney disease; IHD, ischemic heart disease; IMD, index of multiple deprivation; MI, myocardial infarction; NSAIDs, non-
steroidal anti-inflammatory drugs; OA, osteoarthritis; OR, odds ratio; TIA, transient ischemic attack.

[32]. The tree was constructed from a central root with
recursive partitioning to generate branches (nodes) based
on the predictor variable-split combination with the greatest
predictive power at each stage [33,34]. This process was
repeated until the tree reached its terminal outputs (leaves).
The tree model was pruned to varying degrees to alter the
complexity of the final structure. We chose the most simpli-
fied tree to facilitate easier clinical application and interpre-
tation. Calculations of sensitivity, specificity, and predictive
accuracy were made to confirm the validity of the model.

2.5. Risk score

The risk model was also translated into a risk scoring
system, which can be applied to GP databases to identify
patients in the practice population who may benefit from
referral to falls prevention services. To calculate this score,
the regression coefficients for the predictors in the final

logistic regression model were multiplied by 10 and
rounded off to the nearest integer to generate a simple score
for each variable, which could be added up to give a total
risk score. The estimated risk for each total risk score
was calculated from the logistic regression equation. Sensi-
tivity, specificity, positive (PPV), and negative predictive
values (NPVs) were calculated for each total score to deter-
mine the most appropriate cut-off point. All statistical ana-
lyses were performed using the software packages SPSS
version 20 (SPSS Inc., Chicago, IL, USA) and R Version
2.15.2 (The R Foundation for Statistical Computing).

2.6. Ethics

The QICKD trial was approved by the Oxford Research
Ethics Committee. Details of the ethical approval are
contained in the trial registration (Current Controlled
Trials reference: ISRCTN56023731. URL: http://www.
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controlled-trials.com/ISRCTN56023731) [26]. All data
were anonymised to ensure no patient identifiable data were
used in this study.

3. Results
3.1. Study population

Data were collected on 135,433 individuals over a 5-
year period. The sample consisted of 59,527 men (44%)
and 75,906 women (56%), with a mean age of 75.4 years
(standard  deviation, 7.6; median, 74;  range,
65—104 years). During the follow-up period, 10,766 partic-
ipants (8%) presented to their GP with either a fall (6,889)
or a fracture (4,763) or both (886).

3.2. Risk factors

Presence of a carer, dizziness, use of anti-inflammatory
medications, excessive alcohol consumption, reduced foot
sensation, heart failure, coronary artery disease, diabetes,
and low BMI were not significantly associated with falls
or fractures in this study. A total of 39% of the study pop-
ulation were on an angiotensin-converting enzyme (ACE)
inhibitor, and 7% had a systolic BP < 120 mm Hg. No as-
sociation was found between either of these factors and
falls or fractures. Table 1 shows the association between
each of the measured variables with the occurrence of a fall
or fracture. A regression analysis of the variables was per-
formed, with non-significant variables excluded, to
generate the final risk profile model (Table 2).

Increased age, female sex, previous falls, nocturia, uri-
nary incontinence and use of non-tricyclic anti-depressants
were the six strongest predictors of future falls or fractures.
Recurrent falls, sedative medications, tricyclic anti-
depressants, stroke, transient ischemic attack, lower limb
OA, ischemic heart disease, BMI, CKD, anemia, and smok-
ing were also found to be significant predictors and
included in the final-risk model. Interestingly, a history of
a myocardial infarction or use of anti-hypertensive medica-
tions (excluding ACE inhibitors) was associated with a sig-
nificant decrease in the risk of falls and fractures (Table 2).
The validity of the risk model was assessed using the ROC
curve for predictive accuracy, which showed an AUC of
0.720; the Hosmer—Lemeshow plot for goodness-of-fit,
which indicated a well-calibrated model for the data; and
tests for collinearity, which confirmed there was no correla-
tion between any of the variables.

3.3. Decision tree for opportunistic screening

The eight strongest predictors of falls or fractures, with
an OR of 1.3 or greater, were selected from the risk profile
model and inserted into a tree-type algorithm. The decision
tree was pruned to produce the simplest output for ease of
interpretation. The final decision tree for identifying groups
of individuals at highest risk of falls or fractures is shown in

Table 2. Risk profile model for occurrence of falls or fractures,
obtained by multiple logistic regression (n = 135,433)

Regression Risk
Predictor coefficient OR (95% CI) score
Age
65—70 reference 1 0
70—-75 0.27 1.3(1.2,1.3) 3
75—80 0.61 1.8 (1.7, 2.0) 6
80—85 0.92 2.5(2.3,2.7) 9
85—-90 1.17 3.2(2.9, 3.6) 12
90-95 1.16 3.2(2.7, 3.8 12
95—-100 1.05 2.8(2.2,3.6) 10
>100 1.05 29(1.4,5.4) 10
Female sex 0.69 2.0(1.9,2.1) 7
Previous fall 0.57 1.8(1.6,1.9) 6
Nocturia 0.46 1.6(1.4,1.8) 5
Urine incontinence 0.39 1.5(1.4,1.6) 4
Other anti-depressants 0.41 1.5(1.4,1.7) 4
Tricyclic anti-depressants 0.34 1.4 (1.3, 1.5) 3
Sedative medications 0.26 1.3(1.2,1.4) 3
Recurrent falls 0.25 1.3(1.2,1.4) 2
Stroke 0.22 1.2(1.2,1.3) 2
Lower limb OA 0.17 1.2(1.1,1.3) 2
IHD (excluding MI) 0.15 1.2(1.1,1.2) 1
TIA 0.12 1.1(1.1,1.2) 1
Smoking status
Non-smoker reference 1 0
Ex-smoker 0.06 1.1(1.0, 1.1) 1
Current smoker 0.12 1.1(1.1,1.2) 1
MI -0.13 0.9 (0.8, 0.9) -1
Other anti-hypertensives -0.07 0.9 (0.9, 1.0) -1
Hemoglobin
Normal range reference 1 0
Not recorded -0.27 0.8 (0.7, 0.8) -3
Polycythemic -0.17 0.8 (0.7, 1.0) -2
Anemic 0.15 1.2 (1.1, 1.2) 2
CKD stage
No CKD reference 1 0
Not recorded -0.19 0.8 (0.8, 0.8) -2
Stage 1-2 0.13 1.1(1.1,1.2) 1
Stage 3—5 -0.13 0.9 (0.9, 0.9) -1
Stage 3—-5+p —0.03 1.0 (0.9, 1.0) 0

Abbreviations: Cl, confidence interval; CKD, chronic kidney dis-
ease; IHD, ischemic heart disease; MI, myocardial infarction; OA,
osteoarthritis; OR, odds ratio; TIA, transient ischemic attack.

Fig. 1. This tree shows that individuals at higher risk of falls
or fractures are those with any previous fall in the last
30 months and females aged 75 years and over who have
not had a previous fall. This classification tree identifies a
subgroup of the population consisting of 42,292 people of
135,433 (38.5%) who are at high risk of falls and fractures.
When applied to our study population, it correctly identifies
5,720 of 10,766 individuals who went on to have a fall or
fracture in the follow-up period. This sensitivity for this
model is 53%; the specificity is 71%; and the positive pre-
dictive value is 14%.

3.4. Risk score for systematic screening

To facilitate easier clinical application and interpreta-
tion, the regression coefficients of the predictors in the final
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10,766
135,433

Fig. 1. Decision tree of risk factors for falls or fractures. For each category (circle), the top number is the individuals in the group who experienced a
fall, the middle number is the group size, and the bottom number is the percentage of fallers in each group. The circles with thicker outlines repre-

sent high-risk end points with a falls risk >10%. M, male, F, female.

risk model were converted into integer values, using the
methods described previously, to produce components of
a risk scoring system (Table 2). The total score of our
screening tool ranged from —7 to 56, with a greater number
being associated with a higher risk of fall or fracture. Fig. 2
shows the probability of a fall or fracture for each point in-
crease in the risk score and the prevalence of these scores in
our study population. The predicted probabilities ranged
from 2.8% when no predictors were present to 88.8% when
all the predictors were present. The AUC of the risk score
was 0.70.

The diagnostic and predictive values for each risk score
were calculated to determine the most appropriate cut-off
point (Table 3). The cut-off with the highest sum of sensi-
tivity and specificity was identified as a total score >9, with
68% sensitivity, 60% specificity, PPV 13%, and NPV 96%.

4. Discussion
4.1. Principal findings

This large cohort study conducted over a 5-year period
identified major risk factors for falls and fractures in the
elderly. It provides two approaches to screening that can
be easily applied in a general practice setting without
the need for patients to attend functional assessments.

Routinely collected GP computer data power these
screening tools. They could be easily integrated into exist-
ing computerized medical record systems to provide
screening tools for the practice population; the decision
tree—based version being used as an opportunistic
screening tool, and the database-driven risk score being
used for systematic targeting of falls prevention services.
Increased age, female sex, and previous falls were the
three strongest risk factors for falls in our model. This is
consistent with findings from other large cohort studies
[7,12,19,20]. Interestingly, the presence of nocturia and uri-
nary incontinence were the next strongest predictors for
falls or fractures in our study. The relationship between
nocturia and falls has not been previously reported.
Possible explanations for this association could be that in-
dividuals who are getting up at night to pass urine may
be exposing themselves to increased opportunities when a
fall could occur and when combined with the urgency of
nocturia and the potential decreased visibility at night, this
could increase the likelihood of a fall occurring. Addition-
ally, these individuals may be on nightly a-blocker therapy
for treatment of their nocturia, which could induce postural
hypotension and contribute to falls. Only two previous
studies have noted an association with urinary incontinence
and falls and both of these called for further research into
this area [12,29]. Our study supports these findings and pro-
vides further evidence for this relationship. The strong link



M. Rafig et al. / Journal of Clinical Epidemiology m (2014) m 7

100

90

U Probability

80
M Prevalence

70

60

50

40

Percentage (%)

30

20

BRI L1 1

B s i o [ i i [ o i i PN e PR o o i TR e i i M e [ S e e i s i |

-7 -5-3-11 3 5 7 9 11131517 19 21 23 25 27 29 31 33 35 37 39 41 43 45 47 49 51 53 55

Risk Score

Fig. 2. The probability of a fall of fracture for each point increase in the total risk score (white bars) and the prevalence of each of these scores

(black bars).

between sedative medications and anti-depressant use with
falls, which has been previously documented in a number
of studies, was also confirmed by our results [5,12,14,30].
This suggests these medications should be prescribed with
caution in individuals identified as high risk for falls.

In contrast to previous studies, presence of a carer, use
of anti-inflammatory medications, and dizziness were not
found to be significant predictors of falls in this study.
The population in this study is the largest to date used to
identify predictors for falls in the elderly, with 135,433 par-
ticipants, compared with population sizes of no greater than
4,000 in previous studies [17,18,21,35]. This allowed us to
assess the importance of a wide range of potential risk fac-
tors, including those with a relatively low incidence, in a
representative population to produce a strongly validated
risk model. Smaller studies conducted over shorter periods
of time would have lower number of falls outcomes
requiring medical attention, which could explain the differ-
ences in variables found to be significant in our study. This
study focused on falls requiring medical attention rather
than minor falls that may occur in the community and go
unreported to GPs. This may be another contributing factor
for the variation in risk factors found in this study when
compared with other studies that have looked at all falls.

4.2. Implications

The predictors identified from our risk model were
assimilated into a decision tree to provide an opportunistic
screening tool. This could be a paper-based decision tree or
developed into an automated computer prompt that would

be used by GPs when assessing elderly patients. It is based
on information recorded in routine computerized records
from previous and current consultations and therefore
accessible at the time of the consultation. Use of computer-
ized prompts is common in general practice and supports
chronic disease management, preventive procedures such
as immunization or highlights potential prescribing issues
[24]. Although we acknowledge that important information
can be gathered by more detailed assessments and question-
naires, it is difficult to apply these to all elderly patients
without extending the length of GP consultations. The de-
cision tree identified five high-risk end points, with individ-
uals classified into these groups being considered for
referral to falls prevention services.

The background probability of a fall in our population
was 8%. Using this decision tree, individuals with a falls
risk ranging from 10% to 24% were classified as high risk
(38.5% of study population). This method of classification
accurately identified 53% of individuals who went on to
have a future fall, with only 29% of individuals who did
not have a fall during our 30-month follow-up period being
considered for referral to falls prevention services.

To our knowledge, there are only two existing classifica-
tion trees for prediction of falls in the elderly, and they are
both solely for the prediction of recurrent fallers, defined by
at least two falls within a 6-month period [36,37]. Although
these are useful tools with high predictive accuracy, this
outcome measure will only identify a small percentage of
all individuals who have a fall [7,19]. Our classification tree
extends this outcome measure to include any future fall,
including single episodes, which allows us to identify a
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Table 3. Diagnostic and predictive values of the risk score for falls and
fractures at different cut-off points

Cut-off

score (=)  Sensitivity (%) Specificity (%) X (%) PV+ PV-—
-6 100.0 0 100 8 0
-5 100.0 0.2 100 8 98
-4 99.3 4 103 8 98
-3 98.9 5.7 105 8 98
-2 98.7 6.8 106 8 98
-1 97.7 10.9 109 9 98
0 96.7 13.6 110 9 98
1 95.9 16.3 112 9 98
2 94.5 20.8 115 9 98
3 91.3 27.1 118 10 97
4 89.1 31.1 120 10 97
5 86.7 35,5 122 10 97
6 82.0 42.8 125 11 96
7 78.3 47.9 126 11 96
8 73.8 53.3 127 12 96
9 67.8 60.1 128 13 96
10 63.0 64.6 128 13 95
11 58.0 68.8 127 14 95
12 51.7 74.2 126 15 95
13 46.1 78.2 124 15 94
14 41.2 81.5 123 16 94
15 34.1 85.9 120 17 94
16 28.9 88.7 118 18 94
17 24.1 91 115 19 93
18 19.4 93.4 113 20 93
19 14.8 95.3 110 21 93
20 11.2 96.8 108 23 93
21 8.2 97.8 106 25 93
22 6.3 98.5 105 26 92
23 5.0 98.9 104 28 92
24 3.6 99.2 103 28 92
25 2.7 99.4 102 30 92
26 1.9 99.6 102 32 92
27 1.2 99.8 101 30 92
28 0.8 99.9 101 32 92
29 0.5 99.9 100 31 92
30 0.2 99.9 100 27 92
31 0.2 100 100 31 92
32 0.1 100 100 33 92
33 0.0 100 100 80 92

Abbreviations: =, sum of sensitivity and specificity; PV+, positive
predictive value; PV—, negative predictive value.

Numbers in bold represent suggested cut-off score with the high-
est sum of sensitivity and specificity.

larger proportion of fallers and therefore provides a fall-
assessment screening tool with a greater scope for benefit.

The systematic screening tool used a risk score based on
multiple variables collected during routine care. It is the
first risk score for falls that does not require potentially
time-consuming face-to-face mobility assessments. The
range of scores varies from —7 to 56 points, with a 2.8%
probability of falling when no risk factors are present (score
0), ranging to 88.8% when all factors are present (score 56).
The statistical optimum cut-off point was determined by
calculating the sum of sensitivities and specificities for each
risk score, with the highest value occurring at a cut-off of
>9. This cut-off would identify 68% of individuals in our
population who had a fall. A total of 40% of non-fallers

would also be included in the high-risk group. The choice
of cut-off point, however, cannot be purely based on statis-
tics. Altman [38] proposes that the optimum cut-off point
for screening tools should be decided according to the rela-
tive costs (financial and otherwise) of the screening test,
which is related to the false positives and false negatives
and the costs of the prevention strategy that positive indi-
viduals will be referred to undertake. Higher cut-off points
produce greater predictive accuracy with fewer total
numbers recommended for referral, but this is at the cost
of identifying a smaller proportion of individuals who went
on to have a fall. As we propose this score to be used as a
screening tool to guide referral to falls prevention services,
a lower cut-off point with high sensitivity would be recom-
mended to refer as many future fallers as possible. In real-
ity, the cut-off point would be determined by finding a
balance between the cost of the interventions and the
health-care savings achieved by preventing a fall, taking
into account local funding and availability of falls preven-
tion services to determine the number of elderly individuals
who can be referred to these services.

The accuracy of our risk model and risk score was as-
sessed using the AUC. Previous studies have reported
AUCs ranging between 0.65 and 0.79 (median 0.71)
[7,12,20,21]. Our risk model had an AUC of 0.72, which in-
dicates that 72% of individuals can be correctly classified
using this risk model making it a good model for prediction
of falls, only one study reported a higher AUC [7]. Our risk
score had an AUC of 0.70, again comparing well in com-
parison with previous risk scores, which had AUCs between
0.66 and 0.79 (median 0.70) [19,21,22,39].

An advantage of this risk score is that it is based on stan-
dardized Read codes that are used across all UK GP prac-
tices; and although the UK’s Read codes are due to be
phased out, there is a mapping system to the systematized
nomenclature of medicine clinical terms (SNOMED
CTs). Although SNOMED CT has limitations, it is much
more widely used internationally [34,35]. Hence this
approach could be easily integrated into GP electronic pa-
tient record systems as part of their decision support sys-
tem, to allow automatic calculation of falls risk as part of
a template to save time and flag-up high-risk individuals.

4.3. Limitations

The limitations of this study are that the data used were
collected from Read codes recorded during GP consulta-
tions and supplemented by information from hospitals
and other health-care organizations that forward details to
the GP practices for upload to the database. Although this
means our model is based on information that GPs have
readily available to them and which is routinely collected,
our results are reliant on accurate documentation by GPs
of the appropriate codes and on the administrative abilities
of the practice to upload information to the database. There
will inevitably be some cases where information does not
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get recorded or uploaded, which may result in the impact of
some factors being undervalued. Additionally, not all
elderly individuals experiencing a fall or fracture will
inform their GP. Patients with falls that present to their
GPs are more likely to be those requiring medical attention,
rather than minor falls where little or no injuries were sus-
tained. This explains why the number of falls and fractures
in our study population is lower than that reported previ-
ously, and it is likely to be an underestimate of the true
occurrence of all falls and fractures in the population. A
recent Cochrane review found that although 30% of people
aged over 65 years experience a fall in the community each
year, only one in five falls may require medical attention,
which is in concordance with the 8% of falls reported in
our study [16]. It may also explain why a different cohort
of risk factors was found to be significant in this study
when compared with previous studies, where occurrence
of any fall was used as the outcome measure. Although
use of this data set results in missing out a proportion of in-
dividuals who have had a fall, it makes the screening tools
more selective for individuals with falls requiring medical
attention, which are the group who would benefit most from
referral to falls prevention services.

4.4. Further research

Further work is needed to validate these screening tools
in other elderly populations, before conducting a random-
ized clinical trial to assess whether implementation in gen-
eral practice to identify individuals for referral to falls
prevention services reduces the occurrence of falls and frac-
tures in this population. Additionally, extending our study
to include further variables routinely recorded in GP data-
bases may reveal additional risk factors for falls and in-
crease the predictive accuracy of our risk score further.

It is not known whether systematic or opportunistic ap-
proaches to screening are likely to be more effective in this
context and further research is needed to assess what tools
or combination of tools are required in primary care. We
have already alluded to how in atrial fibrillation, opportu-
nistic screening is probably the more effective approach
[25], whereas for mammography and several other preven-
tive programmes implemented in primary care, a systematic
approach appears to be more effective [40]. In some cases,
such as chlamydia, neither approach appears to be satisfac-
tory [41], although it has been accepted for some decades
that both systematic and opportunistic screening have a
place in the recording of blood pressure and detection of
hypertension in primary care [42].

5. Conclusion

This study shows that falls can be predicted in an elderly
population using information that is readily available on GP
databases. The decision tree and risk score are easy to
apply, non—time consuming and differ from others by not

requiring additional mobility assessments. Additionally,
the risk score can be integrated into existing GP databases
to provide an automated screening tool for falls. Once vali-
dated, they can be used in routine GP falls assessments to
identify individuals for interventions to prevent falls.

Acknowledgments

The authors thank the patients and practices for contrib-
uting to the study. The authors also thank Bernie Stribling
initially then Jo Moore project managers, Gabreilla Gomez
(GG) for initial support with the application, Michael
Nation (MN) Director, Kidney Research UK for input into
the initial protocol development and support throughout the
study. The authors also thank Nigel Hague, who wrote all
the initial study data extraction queries and attended some
audit-based education (ABE) workshops; Azhar Farooqi for
leadership of the northern ABE; Iain Crinson for methodo-
logic advice for the process evaluation; Fiona Reid for sta-
tistical support; and Andre Ring for data collection; Nigel
Mehdi and Mark Bradley of Mehdiward for their assistance
with setting up the database and assistance with databases
upload and query utilities; Antonios Ntasioudis who
worked extensively with the project data. This work was
funded by the Health Foundation and Edith Murphy Trust;
National Institute for Health Research (NIHR) research
portfolio supported participant practices; Edith Murphy
Foundation. The Joint Research Office at St. George’s, Uni-
versity of London and St. George’s Healthcare Trust for
supporting the application and sponsorship of the research.

References

[1] Hornbrook MC, Stevens VJ, Wingfield DJ, Hollis JF, Greenlick MR,
Ory MG. Preventing falls among community-dwelling older persons:
results from a randomized trial. Gerontologist 1994;34(1):16—23.

[2] Hale WA, Delaney MJ, McGaghie WC. Characteristics and predic-
tors of falls in elderly patients. J] Fam Pract 1992;34:577—81.

[3] Hausdorff JM, Rios DA, Edelberg HK. Gait variability and fall risk in
community-living older adults: a 1-year prospective study. Arch Phys
Med Rehabil 2001;82:1050—6.

[4] Graafmans WC, Ooms ME, Hofstee HM, Bezemer PD, Bouter LM,

Lips P. Falls in the elderly: a prospective study of risk factors and risk

profiles. Am J Epidemiol 1996;143:1129—36.

Tinetti ME, Speechley M, Ginter SE. Risk factors for falls among

elderly persons living in the community. N Engl J Med 1988;319:

1701-7.

Peeters GM, Pluijm SM, van Schoor NM, Elders PJ, Bouter LM,

Lips P. Validation of the LASA fall risk profile for recurrent falling

in older recent fallers. J Clin Epidemiol 2010;63:1242—8.

Stalenhoef PA, Diederiks JP, Knottnerus JA, Kester AD,

Crebolder HF. A risk model for the prediction of recurrent falls in

community-dwelling elderly: a prospective cohort study. J Clin Epi-

demiol 2002;55:1088—94.

Stel VS, Smit JH, Pluijm SM, Lips P. Consequences of falling in old-

er men and women and risk factors for health service use and func-

tional decline. Age Ageing 2004;33:58—65.

[9] Campbell AJ, Borrie MJ, Spears GF, Jackson SL, Brown IS,
Fitzgerald JL. Circumstances and consequences of falls experienced

[5

—

[6

[t

[7

—

[8

[l


http://refhub.elsevier.com/S0895-4356(14)00094-8/sref1
http://refhub.elsevier.com/S0895-4356(14)00094-8/sref1
http://refhub.elsevier.com/S0895-4356(14)00094-8/sref1
http://refhub.elsevier.com/S0895-4356(14)00094-8/sref2
http://refhub.elsevier.com/S0895-4356(14)00094-8/sref2
http://refhub.elsevier.com/S0895-4356(14)00094-8/sref3
http://refhub.elsevier.com/S0895-4356(14)00094-8/sref3
http://refhub.elsevier.com/S0895-4356(14)00094-8/sref3
http://refhub.elsevier.com/S0895-4356(14)00094-8/sref4
http://refhub.elsevier.com/S0895-4356(14)00094-8/sref4
http://refhub.elsevier.com/S0895-4356(14)00094-8/sref4
http://refhub.elsevier.com/S0895-4356(14)00094-8/sref5
http://refhub.elsevier.com/S0895-4356(14)00094-8/sref5
http://refhub.elsevier.com/S0895-4356(14)00094-8/sref5
http://refhub.elsevier.com/S0895-4356(14)00094-8/sref6
http://refhub.elsevier.com/S0895-4356(14)00094-8/sref6
http://refhub.elsevier.com/S0895-4356(14)00094-8/sref6
http://refhub.elsevier.com/S0895-4356(14)00094-8/sref7
http://refhub.elsevier.com/S0895-4356(14)00094-8/sref7
http://refhub.elsevier.com/S0895-4356(14)00094-8/sref7
http://refhub.elsevier.com/S0895-4356(14)00094-8/sref7
http://refhub.elsevier.com/S0895-4356(14)00094-8/sref8
http://refhub.elsevier.com/S0895-4356(14)00094-8/sref8
http://refhub.elsevier.com/S0895-4356(14)00094-8/sref8
http://refhub.elsevier.com/S0895-4356(14)00094-8/sref9
http://refhub.elsevier.com/S0895-4356(14)00094-8/sref9

10 M. Rafig et al. / Journal of Clinical Epidemiology m (2014) m

by a community population 70 years and over during a prospective
study. Age Ageing 1990;19:136—41.

[10] Kiel DP, O’Sullivan P, Teno JM, Mor V. Health care utilization and func-
tional status in the aged following a fall. Med Care 1991;29:221—8.

[11] Kosorok MR, Omenn GS, Diehr P, Koepsell TD, Patrick DL.
Restricted activity days among older adults. Am J Public Health
1992;82:1263—7.

[12] Tromp AM, Pluijm SM, Smit JH, Deeg DJ, Bouter LM, Lips P. Fall-
risk screening test: a prospective study on predictors for falls in
community-dwelling elderly. J Clin Epidemiol 2001;54:837—44.

[13] Sattin RW, Lambert Huber DA, DeVito CA, Rodriguez JG, Ros A,
Bacchelli S. The incidence of fall injury events among the elderly
in a defined population. Am J Epidemiol 1990;131:1028—37.

[14] Koski K, Luukinen H, Laippala P, Kivela SL. Physiological factors
and medications as predictors of injurious falls by elderly people: a
prospective population-based study. Age Ageing 1996;25:29—38.

[15] Robbins AS, Rubenstein LZ, Josephson KR, Schulman BL,
Osterweil D, Fine G. Predictors of falls among elderly people. Results
of two population-based studies. Arch Intern Med 1989;149:1628—33.

[16] Gillespie LD, Robertson MC, Gillespie WJ, Sherrington C, Gates S,
Clemson LM. Interventions for preventing falls in older people living
in the community. Cochrane Database Syst Rev 2012;(9):CD007146.

[17] Stalenhoef PA, Crebolder HF, Knottnerus JA, Van Der Horst FG.
Incidence, risk factors and consequences of falls among elderly sub-
jects living in the community. A criteria-based analysis. Eur J Public
Health 1997;7(3):328—34.

[18] Nandy S, Parsons S, Cryer C, Underwood M, Rashbrook E, Carter Y.
Development and preliminary examination of the predictive validity
of the Falls Risk Assessment Tool (FRAT) for use in primary care.
J Public Health (Oxf) 2004;26(2):138—43.

[19] Bongue B, Dupre C, Beauchet O, Rossat A, Fantino B, Colvez A. A
screening tool with five risk factors was developed for fall-risk prediction
in community-dwelling elderly. J Clin Epidemiol 2011;64:1152—60.

[20] Pluijm SM, Smit JH, Tromp EA, Stel VS, Deeg DJ, Bouter LM, et al.
A risk profile for identifying community-dwelling elderly with a high
risk of recurrent falling: results of a 3-year prospective study. Osteo-
poros Int 2006;17(3):417—25.

[21] Woo J, Leung J, Wong S, Kwok T, Lee J, Lynn H. Development of a
simple scoring tool in the primary care setting for prediction of recur-
rent falls in men and women aged 65 years and over living in the
community. J Clin Nurs 2009;18:1038—48.

[22] Russell MA, Hill KD, Day LM, Blackberry I, Gurrin LC,
Dharmage SC. Development of the Falls Risk for Older People in the
Community (FROP-Com) screening tool. Age Ageing 2009;38:40—6.

[23] de Lusignan S, Gallagher H, Chan T, Thomas N, van Vlymen J,
Nation M, et al. The QICKD study protocol: a cluster randomised
trial to compare quality improvement interventions to lower systolic
BP in chronic kidney disease (CKD) in primary care. Implement Sci
2009:4:39.

[24] Kumarapeli P, de Lusignan S. Using the computer in the clinical
consultation; setting the stage, reviewing, recording, and taking ac-
tions: multi-channel video study. ] Am Med Inform Assoc 2013;
20(el):e67—75.

[25] Fitzmaurice DA, Hobbs FD, Jowett S, Mant J, Murray ET, Holder R,
et al. Screening versus routine practice in detection of atrial fibrilla-
tion in patients aged 65 or over: cluster randomised controlled trial.
BMIJ 2007;335:383.

[26] de Lusignan S, Gallagher H, Jones S, Chan T, van Vlymen J, Tahir A,
et al. Using audit-based education to lower systolic blood pressure in
chronic kidney disease (CKD): results of the quality improvement in
CKD (QICKD) trial [ISRCTN: 56023731]. Accepted for publication
Kidney International. 2013. Ref: KI-06-12-0863.R3.

[27] Health N.C.f. Read codes. 2013; Available at http://www.connecting
forhealth.nhs.uk/systemsandservices/data/uktc/readcodes. Accessed
February 1, 2013

[28] de Lusignan S, van Weel C. The use of routinely collected computer
data for research in primary care: opportunities and challenges. Fam
Pract 2006;23(2):253—63.

[29] Luukinen H, Koski K, Kivela SL, Laippala P. Social status, life
changes, housing conditions, health, functional abilities and life-
style as risk factors for recurrent falls among the home-dwelling
elderly. Public Health 1996;110(2):115—8.

[30] Blake AJ, Morgan K, Bendall MJ, Dallosso H, Ebrahim SB, Arie TH,
et al. Falls by elderly people at home: prevalence and associated fac-
tors. Age Ageing 1988;17:365—72.

[31] Alffram PA. An epidemiologic study of cervical and trochanteric
fractures of the femur in an urban population. Analysis of 1,664 cases
with special reference to etiologic factors. Acta Orthop Scand Suppl
1964;65(Suppl 65):1—109.

[32] Safavian SR, Landgrebe D. A survey of decision tree classifier meth-
odology. IEEE Trans Syst Man Cybern 1991;21(3):660—74.

[33] Takada M, Sugimoto M, Naito Y, Moon HG, Han W, Noh DY, et al.
Prediction of axillary lymph node metastasis in primary breast cancer
patients using a decision tree-based model. BMC Med Inform Decis
Mak 2012;12:54.

[34] Herman WH, Smith PJ, Thompson TJ, Engelgau MM, Aubert RE. A
new and simple questionnaire to identify people at increased risk for
undiagnosed diabetes. Diabetes Care 1995;18:382—7.

[35] Cwikel J. Falls among elderly people living at home: medical and so-
cial factors in a national sample. Isr J Med Sci 1992;28(7):446—53.

[36] Stel VS, Pluijm SM, Deeg DJ, Smit JH, Bouter LM, Lips P. A clas-
sification tree for predicting recurrent falling in community-dwelling
older persons. J Am Geriatr Soc 2003;51(10):1356—64.

[37] Leclerc BS, Begin C, Cadieux E, Goulet L, Allaire JF, Meloche J,
et al. A classification and regression tree for predicting recurrent fall-
ing among community-dwelling seniors using home-care services.
Can J Public Health 2009;100(4):263—7.

[38] Altman DG. Practical statistics for medical research. London, UK:
Chapman & Hall; 1991.

[39] Demura S, Sato S, Shin S, Uchiyama M. Setting the criterion for fall
risk screening for healthy community-dwelling elderly. Arch Geron-
tol Geriatr 2012;54(2):370—3.

[40] Bihrmann K, Jensen A, Olsen AH, Njor S, Schwartz W, Vejborg I,
et al. Performance of systematic and non-systematic (‘opportunistic’)
screening mammography: a comparative study from Denmark. ] Med
Screen 2008;15(1):23—6.

[41] Salisbury C, Macleod J, Egger M, McCarthy A, Patel R, Holloway A,
et al. Opportunistic and systematic screening for chlamydia: a study
of consultations by young adults in general practice. Br J Gen Pract
2006;56(523):99—103.

[42] Difford F, Telling JP, Davies KR, Fornear JE, Reading CA. Contin-
uous opportunistic and systematic screening for hypertension with
computer help: analysis of non-responders. Br Med J (Clin Res Ed)
1987;294(6580):1130—2.


http://refhub.elsevier.com/S0895-4356(14)00094-8/sref9
http://refhub.elsevier.com/S0895-4356(14)00094-8/sref9
http://refhub.elsevier.com/S0895-4356(14)00094-8/sref10
http://refhub.elsevier.com/S0895-4356(14)00094-8/sref10
http://refhub.elsevier.com/S0895-4356(14)00094-8/sref11
http://refhub.elsevier.com/S0895-4356(14)00094-8/sref11
http://refhub.elsevier.com/S0895-4356(14)00094-8/sref11
http://refhub.elsevier.com/S0895-4356(14)00094-8/sref12
http://refhub.elsevier.com/S0895-4356(14)00094-8/sref12
http://refhub.elsevier.com/S0895-4356(14)00094-8/sref12
http://refhub.elsevier.com/S0895-4356(14)00094-8/sref13
http://refhub.elsevier.com/S0895-4356(14)00094-8/sref13
http://refhub.elsevier.com/S0895-4356(14)00094-8/sref13
http://refhub.elsevier.com/S0895-4356(14)00094-8/sref14
http://refhub.elsevier.com/S0895-4356(14)00094-8/sref14
http://refhub.elsevier.com/S0895-4356(14)00094-8/sref14
http://refhub.elsevier.com/S0895-4356(14)00094-8/sref15
http://refhub.elsevier.com/S0895-4356(14)00094-8/sref15
http://refhub.elsevier.com/S0895-4356(14)00094-8/sref15
http://refhub.elsevier.com/S0895-4356(14)00094-8/sref16
http://refhub.elsevier.com/S0895-4356(14)00094-8/sref16
http://refhub.elsevier.com/S0895-4356(14)00094-8/sref16
http://refhub.elsevier.com/S0895-4356(14)00094-8/sref17
http://refhub.elsevier.com/S0895-4356(14)00094-8/sref17
http://refhub.elsevier.com/S0895-4356(14)00094-8/sref17
http://refhub.elsevier.com/S0895-4356(14)00094-8/sref17
http://refhub.elsevier.com/S0895-4356(14)00094-8/sref18
http://refhub.elsevier.com/S0895-4356(14)00094-8/sref18
http://refhub.elsevier.com/S0895-4356(14)00094-8/sref18
http://refhub.elsevier.com/S0895-4356(14)00094-8/sref18
http://refhub.elsevier.com/S0895-4356(14)00094-8/sref19
http://refhub.elsevier.com/S0895-4356(14)00094-8/sref19
http://refhub.elsevier.com/S0895-4356(14)00094-8/sref19
http://refhub.elsevier.com/S0895-4356(14)00094-8/sref20
http://refhub.elsevier.com/S0895-4356(14)00094-8/sref20
http://refhub.elsevier.com/S0895-4356(14)00094-8/sref20
http://refhub.elsevier.com/S0895-4356(14)00094-8/sref20
http://refhub.elsevier.com/S0895-4356(14)00094-8/sref21
http://refhub.elsevier.com/S0895-4356(14)00094-8/sref21
http://refhub.elsevier.com/S0895-4356(14)00094-8/sref21
http://refhub.elsevier.com/S0895-4356(14)00094-8/sref21
http://refhub.elsevier.com/S0895-4356(14)00094-8/sref22
http://refhub.elsevier.com/S0895-4356(14)00094-8/sref22
http://refhub.elsevier.com/S0895-4356(14)00094-8/sref22
http://refhub.elsevier.com/S0895-4356(14)00094-8/sref23
http://refhub.elsevier.com/S0895-4356(14)00094-8/sref23
http://refhub.elsevier.com/S0895-4356(14)00094-8/sref23
http://refhub.elsevier.com/S0895-4356(14)00094-8/sref23
http://refhub.elsevier.com/S0895-4356(14)00094-8/sref23
http://refhub.elsevier.com/S0895-4356(14)00094-8/sref24
http://refhub.elsevier.com/S0895-4356(14)00094-8/sref24
http://refhub.elsevier.com/S0895-4356(14)00094-8/sref24
http://refhub.elsevier.com/S0895-4356(14)00094-8/sref24
http://refhub.elsevier.com/S0895-4356(14)00094-8/sref25
http://refhub.elsevier.com/S0895-4356(14)00094-8/sref25
http://refhub.elsevier.com/S0895-4356(14)00094-8/sref25
http://refhub.elsevier.com/S0895-4356(14)00094-8/sref25
http://www.connectingforhealth.nhs.uk/systemsandservices/data/uktc/readcodes
http://www.connectingforhealth.nhs.uk/systemsandservices/data/uktc/readcodes
http://refhub.elsevier.com/S0895-4356(14)00094-8/sref26
http://refhub.elsevier.com/S0895-4356(14)00094-8/sref26
http://refhub.elsevier.com/S0895-4356(14)00094-8/sref26
http://refhub.elsevier.com/S0895-4356(14)00094-8/sref27
http://refhub.elsevier.com/S0895-4356(14)00094-8/sref27
http://refhub.elsevier.com/S0895-4356(14)00094-8/sref27
http://refhub.elsevier.com/S0895-4356(14)00094-8/sref27
http://refhub.elsevier.com/S0895-4356(14)00094-8/sref28
http://refhub.elsevier.com/S0895-4356(14)00094-8/sref28
http://refhub.elsevier.com/S0895-4356(14)00094-8/sref28
http://refhub.elsevier.com/S0895-4356(14)00094-8/sref29
http://refhub.elsevier.com/S0895-4356(14)00094-8/sref29
http://refhub.elsevier.com/S0895-4356(14)00094-8/sref29
http://refhub.elsevier.com/S0895-4356(14)00094-8/sref29
http://refhub.elsevier.com/S0895-4356(14)00094-8/sref30
http://refhub.elsevier.com/S0895-4356(14)00094-8/sref30
http://refhub.elsevier.com/S0895-4356(14)00094-8/sref31
http://refhub.elsevier.com/S0895-4356(14)00094-8/sref31
http://refhub.elsevier.com/S0895-4356(14)00094-8/sref31
http://refhub.elsevier.com/S0895-4356(14)00094-8/sref31
http://refhub.elsevier.com/S0895-4356(14)00094-8/sref32
http://refhub.elsevier.com/S0895-4356(14)00094-8/sref32
http://refhub.elsevier.com/S0895-4356(14)00094-8/sref32
http://refhub.elsevier.com/S0895-4356(14)00094-8/sref33
http://refhub.elsevier.com/S0895-4356(14)00094-8/sref33
http://refhub.elsevier.com/S0895-4356(14)00094-8/sref34
http://refhub.elsevier.com/S0895-4356(14)00094-8/sref34
http://refhub.elsevier.com/S0895-4356(14)00094-8/sref34
http://refhub.elsevier.com/S0895-4356(14)00094-8/sref35
http://refhub.elsevier.com/S0895-4356(14)00094-8/sref35
http://refhub.elsevier.com/S0895-4356(14)00094-8/sref35
http://refhub.elsevier.com/S0895-4356(14)00094-8/sref35
http://refhub.elsevier.com/S0895-4356(14)00094-8/sref36
http://refhub.elsevier.com/S0895-4356(14)00094-8/sref36
http://refhub.elsevier.com/S0895-4356(14)00094-8/sref37
http://refhub.elsevier.com/S0895-4356(14)00094-8/sref37
http://refhub.elsevier.com/S0895-4356(14)00094-8/sref37
http://refhub.elsevier.com/S0895-4356(14)00094-8/sref38
http://refhub.elsevier.com/S0895-4356(14)00094-8/sref38
http://refhub.elsevier.com/S0895-4356(14)00094-8/sref38
http://refhub.elsevier.com/S0895-4356(14)00094-8/sref38
http://refhub.elsevier.com/S0895-4356(14)00094-8/sref39
http://refhub.elsevier.com/S0895-4356(14)00094-8/sref39
http://refhub.elsevier.com/S0895-4356(14)00094-8/sref39
http://refhub.elsevier.com/S0895-4356(14)00094-8/sref39
http://refhub.elsevier.com/S0895-4356(14)00094-8/sref40
http://refhub.elsevier.com/S0895-4356(14)00094-8/sref40
http://refhub.elsevier.com/S0895-4356(14)00094-8/sref40
http://refhub.elsevier.com/S0895-4356(14)00094-8/sref40

	Falls in the elderly were predicted opportunistically using a decision tree and systematically using a database-driven scre ...
	1 Introduction
	2 Methods
	2.1 Study population
	2.2 Data collection
	2.2.1 Predictors
	2.2.2 Definition of cases/outcome

	2.3 Statistical analysis
	2.4 Decision tree model
	2.5 Risk score
	2.6 Ethics

	3 Results
	3.1 Study population
	3.2 Risk factors
	3.3 Decision tree for opportunistic screening
	3.4 Risk score for systematic screening

	4 Discussion
	4.1 Principal findings
	4.2 Implications
	4.3 Limitations
	4.4 Further research

	5 Conclusion
	Acknowledgments
	References


