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Objectives: To test the external validity of 4 ap-
proaches to fall prediction in a rehabilitation setting
(Predict_FIRST, Ontario Modified STRATIFY (OMS),
physiotherapists’ judgement of fall risk (PT_Risk),
and falls in the past year (Past_Falls)), and to de-
velop and test the validity of a simpler tool for fall
prediction in rehabilitation (Predict_CM2).
Participants: A total of 300 consecutively-admitted
rehabilitation inpatients.

Methods: Prospective inception cohort study. Falls
during the rehabilitation stay were monitored. Po-
tential predictors were extracted from medical re-
cords.

Results: Forty-one patients (14%) fell during their
rehabilitation stay. The external validity, area under
the receiver operating characteristic curve (AUC),
for predicting future fallers was: 0.71 (95% confi-
dence interval (95% CI): 0.61-0.81) for OMS (To-
tal_Score); 0.66 (95% CI: 0.57-0.74) for Predict_
FIRST; 0.65 (95% CI 0.57-0.73) for PT_Risk; and
0.52 for Past_Falls (95% CI: 0.46-0.60). A simple
3-item tool (Predict_CM2) was developed from the
most predictive individual items (impaired mobi-
lity/transfer ability, impaired cognition, and male
sex). The accuracy of Predict_CM2 was 0.73 (95%
CI: 0.66-0.81), comparable to OMS (Total_Score)
(p=0.52), significantly better than Predict_FIRST
(p=0.04), and Past_Falls (p<0.001), and approach-
ing significantly better than PT_Risk (p=0.09).
Conclusion: Predict_CM2 is a simpler screening tool
with similar accuracy for predicting fallers in reha-
bilitation to OMS (Total_Score) and better accuracy
than Predict_FIRST or Past_Falls. External valida-
tion of Predict_CM2 is required.
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alls and fall-related injuries pose a significant bur-
den to older people, their families and healthcare

systems. The importance of falls in healthcare will in-
crease substantially with the ageing global population.
Falls occurring during hospital admissions are common
and costly and can result in injury and increased length
of stay (1). In Australia approximately 14% of older
people fall during inpatient rehabilitation (2, 3).

Routine use of inpatient fall risk screening tools is
suggested in some guidelines (4, 5). The commonly-
used Ontario Modified STRATIFY (OMS) (6) is a
revised version of the STRATIFY falls screening tool
with 5 items (history of falls, mental status, vision,
toileting, and transfers/mobility) that are predictive
of falls in acute or mixed settings (7). Predict FIRST
(Prediction of Falls In Rehabilitation Settings Tool)
(2) was developed by some of the present authors and
contains 5 items (male sex, central nervous system
(CNS) medication use, falls in the past year, frequent
toileting and inability to tandem stance). A simple
question about past falls has been identified as a strong
predictor of future falls (8). Experienced clinicians
may accurately predict falls risk without using formal
tools (9, 10).

The optimal approach to fall prediction in inpatient
rehabilitation is not clear. OMS is widely used in
rehabilitation internationally and recommended in
Australian best practice guidelines (1), but has not
been externally validated in rehabilitation (11). Pre-
dict FIRST was developed for use in rehabilitation,
but has not been externally validated. The benefit of
using formal fall risk prediction tools rather than clini-
cal judgement or falls history is unknown. This study
aimed to address these gaps by comparing several fall
prediction methods for use with adults undertaking in-
patient rehabilitation. A valid and quick falls screening
tool is more likely to be acceptable to clinicians than
a longer tool. This study also explored the validity of
a shorter fall prediction tool.

The aims of the study were: to test the external
validity of 4 approaches to fall prediction in a reha-
bilitation setting (Predict FIRST, Ontario Modified
STRATIFY (OMS), physiotherapists’ judgement of fall
risk (PT_Risk), and falls in the past year (Past_Falls);
and to develop and test the validity of a simpler fall
prediction tool in rehabilitation (Predict CM2).
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METHODS

The Transparent Reporting of a multivariable prediction model
for Individual Prognosis Or Diagnosis (TRIPOD) guidelines
were used in reporting this study (12, 13). Therefore the design
of the present study, OMS and Predict FIRST development
studies were compared (see Supplementary Material').

Design

Prospective inception cohort study. The study was appro-
ved by the SWSLHD ethics committee(s) (HREC number
QA2010/005). Approval was granted to audit patient records
without gaining written consent from patients.

Participants

A consecutive sample of 300 inpatients admitted to the general
rehabilitation unit at a public hospital in Sydney, Australia
participated in the study. Recruitment occurred between April
2010 and May 2011. All admitted patients were considered for
inclusion except those who were not receiving rehabilitation,
e.g. acute medical or palliative care patients.

Predictor variables

The lead author (AV) extracted demographic data (primary
diagnosis, age and sex) and falls experienced in the previous 12
months from participants’ medical records. Medications were
transcribed from the medication chart.

The OMS was scored by rehabilitation nursing staff on admis-
sion as part of usual care and data for this study were extracted
from participants’ medical records. The Sydney Scoring version
of the OMS was used. This version was devised by Lord and
colleagues (1) in response to clinician feedback that the transfer
and mobility components of the original OMS were confusing
to score. The Sydney Scoring comprises a simple modification
to the mobility score (MS) and transfer score (TS) so that scores
on these items are graded in the same direction as all other OMS
items. This modification (devised solely for ease of use of the
scale) provides the same TS + MS weighted sub-score or overall
OMS score as the original scale.

Three versions of the OMS were tested in this study: (/) OMS
(Total Score) using the continuous total score (/30); (if) OMS
(Dichotomous) using the dichotomous scoring/categories from
the original OMS (“At risk” [<9] or “No risk” [>9]); and (ii7)
OMS (Risk Categories) using low (0-5), medium (6-16) and
high (17-30) risk categories (1). OMS (Risk Categories) has not
been previously validated, so our study also tested the validity
of this tool. OMS items were defined in accordance with the
original paper for all versions (6).

History of falls was defined as whether the patient presented
to hospital with a fall, had fallen since admission or fallen within
the last 2 months (6). Impaired mental status was defined as
being confused, disorientated or agitated (6). Poor vision was
defined as the patient requiring glasses continuously; having
blurred vision; or glaucoma, cataracts or macular degeneration
(6). Toileting assistance was defined as alterations in urination,
i.e. frequency, urgency, incontinence and nocturia (6). Impaired
transfers/mobility was defined as needing at least the help of
one person to walk and major help of one person to transfer (the
use of aids is allowed) (6).

thttp://www.medicaljournals.se/jrm/content/?doi=10.2340/16501977-2290
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Predict  FIRST scores were calculated on admission using
information from participants’ medical records. Male sex was
extracted from the file. CNS medication use was defined as
taking sedatives/hypnotics, anti-anxiety agents, antipsychotics,
antidepressants, anticonvulsants, movement disorder medica-
tions or other CNS agents (2). Falls in the past year was defined
as a reported or documented history of falls in the previous 12
months (2). Frequent toileting was defined as alterations in
urination, i.e. frequency, urgency, incontinence and nocturia
(2). Impaired tandem stance was defined as the inability to
maintain the tandem stance position for 10 seconds on initial
physiotherapy assessment (2).

On admission to rehabilitation, the treating physiotherapist
rated and recorded the patient’s likelihood of falling during
rehabilitation with a simple yes/no response.

Outcome measures

Primary outcome. Number of falls during rehabilitation stay. A
fall was defined as unintentionally coming to rest on the ground
or other lower surface without overwhelming external force or
major internal event (14). Falls were monitored and recorded
by the lead author (AV) during the admission from incidents
reported in medical records and the ward’s fall incidents book,
both completed as part of usual care. Supplementary' checks of
the hospital incident reporting system and regular communica-
tion with treating physiotherapists were conducted to optimize
falls ascertainment (15). Falls reported by staff and/or recorded
in the clinical record, but not entered in the hospital incident
reporting system were included in the analysis.

External validation study. Discrimination, i.e. the ability of a
model to distinguish fallers from non-fallers (16), was assessed
using the area under the receiver-operating characteristic (ROC)
curve (AUC) and AUCs for different models were compared
with the roccomp command in Stata 13. The roccomp command
was used to test the equality of the ROC areas obtained from
applying each of the tools to our sample. The command uses
an algorithm developed by DeLong and colleagues produc-
ing a y? statistic and associated p-value (17). A p-value <0.05
was interpreted as 2 tools being significantly different in their
predictive ability, with the tool with the higher AUC being
significantly better at predicting falls. Predicted and observed
probability of falling for individuals with different scores on
OMS and Predict CM2 were calculated.

Predict CM?2 development study. To develop the Predict CM2
and determine its ability to discriminate between fallers and
non-fallers, we used the same sample as in our external valida-
tion study of 300 people.

Associations between individual predictor variables (from Pre-
dict FIRST and OMS) and falls were assessed using univariate
logistic regression analyses from which odds ratios (OR) and 95%
confidence intervals (95% CI) were obtained. Variables mea-
suring similar constructs were grouped into domains: past falls;
impaired cognition; impaired vision; frequent toileting; impaired
mobility; CNS medication use; and sex. Five of these variables
from each domain for which the individual p-values were <0.2
and the odds ratios were greater than 1.5 when dichotomized at
the median were identified as candidate predictor variables for
multivariate logistic regression models. To increase the confiden-
ce in variable selection for the new tool multi-variable analyses
were repeated on boot-strapped samples with user written code
in Stata 13, to establish the proportion of models in which each
predictor was retained. The boot-strapping used 1,000 samples,
each with n=300 and involved separate backwards selection
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logistic regression models in which variables with a p-value
<0.2 was removed from the models. This was repeated for each
sample as the percentage of models in which each variable as
retained was reported. Predict CM2 was developed selecting
measures retained in at least 75% of samples.

Calibration of existing tools and new tool (Predict CM2).
Calibration (the extent to which predicted probabilities agree
with observed probabilities) (16) of Predict CM2 and OMS
was tested with the Hosmer-Lemeshow statistic in Stata 13.
A p-value < 0.05 was interpreted as indicating the model did
not fit the data. Multi-level (stratum-specific) likelihood ratios
were also calculated.

RESULTS

External validation study

Flow of participants through the study. During the
study 331 patients were admitted to the participating
ward. Of these, 300 were eligible for and included in
the study (Table I). Thirty-one patients were excluded
as they were admitted for acute medical care and did
not receive rehabilitation. Complete data were availa-
ble for all 300 participants.

Falls. Forty-one people (14%) experienced 53 falls
during their rehabilitation stay. Ten people (3%) had
>2 falls and eight people (3%) had >3 falls.

Individual items and falls. Univariate associations bet-
ween Predict FIRST and OMS items and faller status
are shown in Table II. Variables with the strongest
association (OR >2.0, p<0.05) with falls included
impaired cognition, frequent toileting and impaired
mobility/transfers.

Predictive ability of Predict FIRST, OMS, PT Risk
and Past_Falls. The AUC for Predict FIRST was
0.66 (95% CI: 0.57-0.74), lower than the AUC from
the tool’s development and internal validation study
(AUC: 0.73, 95% CI 0.68-0.79). The AUC for OMS

Table I. Demographics of sample (n=300, 41 fallers)

n (°/o)
Age, years, mean (SD) 80 (11)
Female sex, n (%) 173 (58)
Over 65 years, n (%) 275 (92)
Primary diagnosis, n (%)
Fracture post-fall 140 (47)
Medical 44 (15)
Fall or syncope 37 (12)
Orthopaedic 22 (7)
Surgical 20 (7)
Respiratory 14 (5)
Neurosurgical 13 (4)
Cardiac 8 (3)
Other 2(1)
Rehabilitation ward length of stay, days, mean (SD); 22 (13);
median (IQR) 20 (15)
Total hospital length of stay, days, mean (SD); 47 (44);
median (IQR) 37 (27)

SD: standard deviation; IQR: interquartile range.
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(Total Score) was 0.71 (95% CI: 0.61-0.81), higher
than, but not statistically different from, Predict FIRST
(»=0.28 for comparison). The AUC was not reported in
the internal validation study for OMS (6) and therefore
cannot be compared.

The AUC for OMS (Total Score) was compared
with other scoring versions of OMS. Using dicho-
tomous scoring (“At risk” [<9] or “No risk” [>9]),
OMS (Dichotomous) had an AUC of 0.64 (95% CI:
0.57-0.72), significantly lower than OMS (Total Sco-
re) (p=0.003 for comparison). Using the risk category
scoring (high, medium, low), OMS (Risk Categories)
had an AUC 0of 0.69 (95% CI: 0.60-0.78), lower than,
but not statistically different from, OMS (Total Score)
(»=0.27 for comparison).

Physiotherapists’ judgement of fall risk (PT_Risk)
had an AUC of 0.65 (95% CI: 0.57—0.73), lower than,
but not statistically different from, OMS (Total Score)
(p=0.22). Falls in the last 12 months was a poor
predictor of future faller status, with an AUC of 0.52
(95% CI: 0.46-0.60), significantly lower (p<0.001)
than OMS (Total_Score) (see Fig. 1).

Predict CM?2 Development Study

Development of the predict CM2. The analyses to
determine predictors of falling compared 41 fallers
with 259 non-fallers, as shown in Table II. The 5
variables that were found to be significant predictors
of falls in the univariate analysis (male sex, mobility/
transfers, cognition/mental status, CNS medication
use, and frequent toileting) were entered into a mul-
tivariate regression model. Only these of 3 variables
were also found to be significant predictors of falls in
the multivariate logistic regression model (male sex,
mobility/transfers, and cognition/mental status) and
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Fig. 1. Area under receiver-operating characteristic (ROC) Curve (AUC)
for Predict_CM2, Ontario Modified STRATIFY and other predictors (n =300,
41 fallers). OMS: Ontario Modified STRATIFY (Total_Score).
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Table II. Predict_FIRST and Ontario Modified STRATIFY items and
scores by faller status (n =300, 41 fallers)

Fallers Non-fallers
(n=41) (n=259)
n (%) n (%)

OR (95% CI) p-value

Predictors
History of falls®
Falls in the past yearb
Impaired cognition?
Impaired visiona
Frequent toileting
Impaired mobility/
transfers?
CNS medication®
Unable to do tandem

30 (73) 170 (66)
32 (78) 188 (73)
23 (56) 56 (22)
17 (41) 120 (46)
24 (59) 104 (40)

1.34 (0.61-2.95) 0.46
1.43 (0.68-2.98) 0.34
4.63 (2.34-9.18) <0.001
0.80 (0.42-1.52) 0.49
2.10 (1.08-4.11) 0.03

26 (63) 92 (36)
30 (73) 161 (62)

3.15 (1.59-6.24) <0.001
1.66 (0.80-3.46) 0.18

stance 37 (90) 213 (82) 2.00 (0.68-5.88) 0.21

Male sex® 23 (56) 104 (40) 1.90 (0.98-3.70) 0.06
Predict_CM2 score (/3)

0 2 (5) 83 (32)

1 14 (34) 108 (42)

2 17 (41) 60 (23)

3 8 (20) 8 (3)
Ontario Modified STRATIFY score

No risk (<9) 11 (27) 143 (55)

At risk (29) 30 (73) 116 (45)

Mean (SD) 10.7 (8) 18.2(10)

Odds ratios (OR) are for the odds of having at least one fall from logistic
regression models.

3Item from Ontario Modified STRATIFY only. PItem from Predict_FIRST only.
CI: confidence interval; CNS: central nervous system.

History of falls: Defined as whether the patient presented to hospital with a fall,
fallen since admission or fallen within the last 2 months (6). Falls in the past
year: Defined as whether there is a reported or documented history of falls in
the previous12 months (2). Impaired cognition: Defined as being confused,
disorientated or agitated (6). Impaired vision: Defined as the patient requiring
glasses continuously; having blurred vision; or glaucoma, cataracts or macular
degeneration (6). Frequent toileting: Defined as alterations in urination, such as
frequency, urgency, incontinence and nocturia (6). Impaired mobility: Defined
as needing at least the help of 1 person to walk and major help of 1 person to
transfer (the use of aids is allowed) (6). CNS medication: Defined as taking
sedatives/hypnotics, anti-anxiety agents, antipsychoticagents, antidepressants,
anticonvulsants, movement disorder medications or other CNS agents (2).
Unable to do tandem stance: Defined as the inability to maintain the tandem
stance position for 10 s on initial physiotherapy assessment (2).
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were retained in more than 75% of multi-variate mo-
dels tested on 1,000 boot-strapped samples (Table III).
The final tool was created using these 3 variables and
named Predict CM?2 based on the first letter of each of
the included variables (i.e. cognition, male, mobility).

Predictive ability of the Predict CM2. The simple
tool with risk factors equally (unit) weighted had an
AUC of 0.73 (95% CI: 0.66-0.81, coefficient from
logistic regression model 1.08, constant —3.31). The
AUC for Predict CM2 was significantly higher than
Predict FIRST (AUC: 0.66, 95% CI: 0.57-0.74,
p=0.04 for comparison) or Past Falls (AUC: 0.52,
95% CI 0.46-0.60, p<0.01) and higher than, but not
statistically different from, OMS (Total Score) (AUC:
0.71,95% CI: 0.61-0.81, p=0.52 for comparison) and
PT Risk (AUC: 0.65,95% CI: 0.57-0.73, p=0.08 for
comparison). The AUC for Predic CM2 was signifi-
cantly higher than OMS (Dichotomous) (AUC: 0.64,
95% CI: 0.57-0.72, p=0.008 for comparison) and
higher than, but not statistically different from, OMS
(Risk Categories) (AUC: 0.69, 95% CI: 0.60-0.78,
p=0.17 for comparison).

Absolute probability of falling and tool calibration
(Predict CM2 and OMS)

Table IV shows the absolute probability of falling,
with different scores on the different tools. A person
with no Predict CM2 risk factors (0/3) had a 3%, or
very low probability of falling in hospital, while those
with 3 risk factors had a 48%, or high probability. The

Table III. Odds ratios (OR) and coefficients from the Predict_CM2 multivariate models (n=300, 41 fallers). The table shows ORs and
adjusted and zero-adjusted coefficients from 1,000 boot-strapped samples

% of models on boot-strapped

Zero-adjusted coefficients from multivariable

Odds ratios (95% CIs) from multivariable

Predictor samples in which retained analysis on boot-strapped samples® analysis on the original sample
Impaired cognition® 99.0 1.4 4.16 (2.05-8.42)
Impaired mobilityb 88.5 0.9 2.74 (1.34-5.62)
Male sex 78.2 0.7 2.11 (1.04-4.29)

@Defined as being confused, disorientated or agitated (6). bDefined as needing at least the help of one person to walk and major help of one person to transfer
(the use of aids is allowed) (6). “Mean coefficients from the multivariate models in all of the boot-strapped samples with zero allocated for samples in which the
variable was not retained. Note: Frequent toileting was retained in 38.1% and CNS medication in 42.2% of boot-strapped samples.

Table IV. Predicted probability of falling and numbers of people actually falling for each Predict_CM2, Ontario Modified STRATIFY
(Risk_Categories), Ontario Modified STRATIFY (Dichotomous) and multilevel (stratum-specific) likelihood ratios for each level of test

(n=300, 41 fallers)

People with this score, Predicted probability of

Actual probability of falling, People who actually Likelihood ratio

Tool n falling, % % fell, n (95% CI)
Predict_CM2 score (0-3)
Very low risk (0) 85 3 2 2 0.15 (0.04-0.51)
Low risk (1) 122 10 11 14 0.82 (0.51-1.23)
Moderate risk (2) 77 24 22 17 1.79 (1.14-2.74)
High risk (3) 16 48 50 8 6.32 (2.55-15.24)
OMS (Risk_Categories)
Low (0-5) 48 3 8 4 0.57 (0.22-1.39)
Medium (6-16) 183 10 8 14 0.52 (0.33-0.77)
High (17-30) 69 30 33 23 3.16 (2.12-4.52)
OMS (Dichotomous)
No risk (<9) 154 11 0.49 (0.28-0.77)
At risk (29) 146 21 21 30 1.63 (1.26-2.01)
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resulting tool is shown in Appendix I. A person in the
OMS (Dichotomous) “No risk™ category (0-8/30) had
a 7% probability of falling in hospital, while those in
the “Atrisk” category (9-30/30) had a 21% probability.
A person in the OMS (Risk Categories) “Low risk”
category (0-5/30) had a 3% probability of falling
in hospital, while those in the “High risk” category
(17-30/30) had a 30% probability.

The Hosmer-Lemeshow test did not detect a lack
of fit between predicted and observed fallers for
Predict CM2 or OMS (Predict CM2: p=0.62, OMS
Dichotomous: p<0.01 and OMS Risk Categories:
p=0.57). Likelihood ratios (Table IV) for Predict CM2
(0.15-6.32) have a greater range than for OMS (To-
tal_Score) (0.49-1.63) suggesting a greater usefulness
of this tool.

DISCUSSION

This study found relatively poor performance of Pre-
dict FIRST (AUC=0.66), PT Risk (AUC=0.65) and
Past Falls (AUC=0.52) at predicting falls in inpatient
rehabilitation. While fall history has been found to be
a predictor of falls in similar populations and settings,
our study, as well as a more recent study, has found it
to be a poor predictor of falls in rehabilitation (18). The
performance of the OMS (Total Score) (AUC=0.71)
provides good external validation of this tool and de-
monstrates it is significantly better in predicting falls
than “Past Falls” (p<0.001). Given the time taken to
administer the 5-item (with 11 sub-questions) OMS
and relatively poor performance of the other screens,
we developed a simpler 3-item tool for predicting
falls in rehabilitation, Predict CM2, on the basis of
the strongest individual predictors in this sample. The
predictive ability of Predict CM2 (AUC=0.73) was
comparable to OMS (Total Score), approached signi-
ficance when compared with PT Risk (»p=0.09) and
was significantly better than Predict FIRST (p=0.04),
or Past Falls (p<0.001) in predicting future fallers.
This study used data routinely collected from par-
ticipants, whereas the Predict FIRST development
study involved additional assessment requiring con-
sent. These design differences appear to have led to
important differences in the results, with the present
sample more representative of routine care. Only 3
predictor variables used in Predict FIRST and OMS
were strongly associated with falls in the present
sample: mobility/transfers, mental status/cognition,
and male sex. Cognition was not a strong predictor of
falls in the Predict FIRST study, probably due to ex-
clusion of people with cognitive impairment for whom
no person responsible was available to give consent.
Tandem stance inability and CNS medication use were
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not strong predictors of falls in this sample, probably
due to a higher proportion of participants with these
risk factors compared with the Predict FIRST study.
We therefore propose a simplified fall prediction tool
(Predict CM2) including the 3 variables, mobility/
transfers, mental status/cognition, and male sex, which
are also predictive of falls in similar settings (8, 18-20).

The predictive ability of Predict CM2 or OMS
(Total Score) was better, but not statistically different
(AUC=0.73 and 0.71, respectively) from clinical
judgement alone (AUC=0.65). Previous studies have
found clinical judgement to be a comparable or better
predictor of falls than formal assessment tools (9, 10,
21). We suggest these differences may be statistically
significant in a larger sample and by using a screening
tool, clinicians with differing backgrounds and levels
of experience are likely to more confidently and accura-
tely determine the patient’s level of risk. The ability of
Predict CM2 and now OMS (Dichotomous and Risk
Category versions) to provide an absolute risk of falling
as a percentage may assist in communicating level of
risk to staff'as well as to patients and significant others.

The use of formal fall risk screening tools is not
supported by all (4). UK guidelines recommend a
multifactorial assessment, and do not support using risk
prediction tools (5). American and British guidelines
recommend fall risk screening by asking about past
falls, fall frequency and difficulties in gait and balance
(22). We suggest using a simple externally-validated
tool addresses some concerns raised about using fall
prediction tools. First, the Predict CM2 provides an
absolute risk of falling, which gives the clinician more
information about falls risk than tools such as the OMS
that provide risk categories alone. Secondly, using the
tool will identify more patients at risk of falling than
clinical judgement or past falls. Thirdly, such a tool
can also be used to guide provision of interventions,
but this approach should be evaluated in trials. For
example, patients at high risk with cognitive impair-
ment may need closer monitoring, relocating closer to
the nurses’ station or require a special nurse. Patients
with impairments in mobility and transfers may require
more assistance when carrying out activities of daily
living, and rehabilitation can be targeted to improve
mobility and transfers.

Guidelines recommend that independent investiga-
tors should externally validate prediction models (23).
We have independently validated the OMS, and while
the investigators who developed Predict FIRST were
involved in external validation, 2 independent investi-
gators were also involved. We recognize in developing
a new tool, external validation of Predict CM2 is
required (24). Any comparisons with other predictors
are likely to favour the Predict CM2 and should be
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interpreted with caution. We recognize that our set-
ting had a relatively high proportion of patients with
fractures/orthopaedic conditions and a low proportion
of patients with neurological conditions compared with
other rehabilitation settings. Further validation of the
tool is recommended in rehabilitation settings with a
higher neurological case mix.

As we were unable to collect data regarding the
number of past falls or fall-related injuries, we could
not explore comparisons between single and multi-
ple fallers or injurious and non-injurious falls. Other
limitations include the relatively small sample size
and use of a single site. Some suggest that external
validation studies should involve a minimum of 100
events and 100 non-events (25). A sample of this size
was not feasible for the present study, given the limited
resources available.

The use of multi-modal prospective approaches to
capturing falls in hospitals is recommended due to the
generally poorer accuracy of single or retrospective
approaches (26, 27). The use of multi-modal prospec-
tive methods to report falls is a strength of the present
study. The systematic approach used to select items
for the tool overcomes the risk of spurious findings
in small samples; inclusion of participants with cog-
nitive impairment improves generalizability; and the
availability of complete data for all 300 participants
minimizes the risk of bias associated with incomplete
follow-up.

In conclusion, Predict CM2 was significantly bet-
ter than Predict FIRST and a single question on past
falls in predicting falls in rehabilitation. Predict CM2
was better, but not statistically different from OMS
(Total_Score) or PT Risk at predicting falls in reha-
bilitation. Predict CM2 is a simplified screening tool,
providing a quick way to quantify the probability of
a patient falling during rehabilitation. After external
validation, Predict CM2 could be used routinely in
an inpatient rehabilitation setting.
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Appendix I. The Predict_CM2 Tool

Score
Impaired mobility/transfers® 1
Impaired cognition® 1
Male 1
Total score /3
Probability of falling with different scores:
0=3% Very low risk
1=10% Low risk
2=24% Moderate risk
3=48% High risk

@Defined as needing at least the help of 1 person to walk and major help of 1
Eerson to transfer (the use of aids is allowed) (6).
Defined as being confused, disorientated or agitated (6).



