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ABSTRACT
Objective: A major preventable contributor to
healthcare costs among older individuals is fall-related
injury. We sought to validate a tool to stratify such risk
based on readily available clinical data, including
projected medication adverse effects, using state-wide
medical claims data.
Design: Sociodemographic and clinical features were
drawn from health claims paid in the state of
Massachusetts for individuals aged 35–65 with a
hospital admission for a period spanning January–
December 2012. Previously developed logistic
regression models of hospital readmission for fall-
related injury were refit in a testing set including a
randomly selected 70% of individuals, and examined in
a training set comprised of the remaining 30%.
Medications at admission were summarised based on
reported adverse effect frequencies in published
medication labelling.
Setting: The Massachusetts health system.
Participants: A total of 68 764 hospitalised
individuals aged 35–65 years.
Primary Measures: Hospital readmission for fall-
related injury defined by claims code.
Results: A total of 2052 individuals (3.0%) were
hospitalised for fall-related injury within 90 days of
discharge, and 3391 (4.9%) within 180 days. After
recalibrating the model in a training data set
comprised of 48 136 individuals (70%), model
discrimination in the remaining 30% test set yielded
an area under the receiver operating characteristic
curve (AUC) of 0.74 (95% CI 0.72 to 0.76). AUCs
were similar across age decades (0.71 to 0.78) and
sex (0.72 male, 0.76 female), and across most
common diagnostic categories other than psychiatry.
For individuals in the highest risk quartile, 11.4%
experienced fall within 180 days versus 1.2% in the
lowest risk quartile; 57.6% of falls occurred in the
highest risk quartile.
Conclusions: This analysis of state-wide claims
data demonstrates the feasibility of predicting
fall-related injury requiring hospitalisation using
readily available sociodemographic and clinical
details. This translatable approach to stratification
allows for identification of high-risk individuals
in whom interventions are likely to be
cost-effective.

INTRODUCTION
The cost of fall-related injury has been esti-
mated at more than $30 billion annually in
the USA,1 and such injuries have been tar-
geted as a preventable contributor to costs
particularly among older patients even as
rates of fall appear to be increasing.2 While a
range of interventions have been developed
in an effort to reduce fall risk, many require
specialised assessment or materials such that
they would be too costly to deploy across all
hospitalised individuals.3–9 As such, reduc-
tion of fall-related injury may require more
stratified approaches in order to be cost-
effective, but easily automated low-cost
means of estimating risk do not yet exist.
In a previous report, using electronic

health records from two academic medical
centres, we demonstrated that a readily trans-
latable regression model incorporating socio-
demographic and clinical features available
as artefacts of routine care could stratify fall
risk following discharge.10 This stratification
included an estimate of total medication side
effects based on published medication label-
ling for side effect frequency.
A major obstacle to personalised medicine

is that many risk models are published in a
single cohort and never translated to

Strengths and limitations of this study

▪ The study includes a broad age range, spectrum
of socioeconomic status and large and small
hospitals, so results are likely to be highly
generalisable.

▪ The study uses health claims data to investigate
a risk model derived in electronic medical
records, suggesting the applicability of one data
type to another.

▪ While the study includes the entire state of
Massachusetts, the extent to which it will gener-
alise to other states and particularly other coun-
tries remains to be established.
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practice. We therefore examined the features suggested
to distinguish high-fall-risk individuals in state-wide data
reflecting any Massachusetts residents hospitalised in
2012. Four key features of these data are, first, they span
public and private insurance, second, they include all
hospitals from small community facilities to large aca-
demic medical centres, third, they include all healthcare
costs for residents regardless of where the care was
received, including out of state and fourth, they are
limited to features available in structured format to pro-
viders who submit insurance claims. Specifically, we
examined the extent to which a model integrating data
available at time of hospital discharge was predictive of
subsequent fall risk across health systems and patient
subpopulations.

METHODS
Overall design
Data were drawn from the Massachusetts All-Payer
Claims Database (APCD). This database encompasses all
claims paid for every state resident independent of insur-
ance type, including public and private payers.11 The
index visit was defined as the first hospital discharge for
individuals aged 35–65 between 1 January 2012 and 31
December 2012. That is, individuals enter the risk group
following an initial discharge from the hospital. The age
range was capped at age 65 (excluding 90 603 indivi-
duals) as the APCD is not integrated with Medicare; so
complete data are not available for Medicare members.
The study was allowed a waiver of informed consent
under 45 CFR 46.116 as only de-identified data were
used.

Outcomes and predictors
The primary study outcome was hospital admission for
fall-related injury, defined in prior work as International
Classification of Diseases, Ninth Revision, (ICD-9) codes
800–847 (injuries including fracture, dislocation, strain
and sprain), 850–854 (intracranial injury), 920–924
(contusion) or E-codes (external causes of injury) 880,
881, 884, 885 and 888 (accidental falls, excluding fall
out of building, fall into hole or fall as a result of
pushing by another). As such, in-hospital falls were not
considered.
Predictors extracted from the APCD were those previ-

ously identified as contributing to fall risk prediction,
including age, sex, self-reported race, insurance type
(private, ie, commercial, insurance, vs public or no
insurance), prior fall admission, presence of a psychi-
atric diagnosis and prescribed medications. Medications
in APCD are not annotated to allow distinction between
those prescribed at hospital discharge, or following hos-
pital discharge. Therefore, any prescription filled within
15 days of hospital discharge was considered to be a
probable discharge medication. For individuals with
multiple admissions during the observation period, only
the index admission was selected as previous analysis on

data appropriate for nested models did not yield mean-
ingfully different results.10

We incorporated age-adjusted Charlson Index as a
summary measure of overall burden of illness.12 13 In
addition, we incorporated a cumulative measure of
medication adverse effects that could increase fall risk.10

This measure is the sum of the frequencies of side
effects associated with increased risk for fall associated
with each medication a patient is taking. These frequen-
cies are drawn from the SIDER Side Effect Resource14

databases which maps medications to the frequency of
individual side effects associated with those medications
using drug labels and postmarketing surveillance data. A
database query tool and database download instructions
are available at http://sideeffects.embl.de. We provide a
simple calculator for adverse effect burden at http://
clearer.mghcedd.org. The Adverse Effect Burden Score
represents an estimate of how likely a patient is to
experience at least one side effect that may contribute
to risk for fall (eg, gait instability or dizziness), based on
the reported frequency of each adverse effect in medica-
tion labelling. The minimum score is 0 (no associated
adverse effects) with no upper bound, with the assump-
tion that adverse effect frequencies are additive. (So, eg,
if two medications are each labelled as being associated
with dizziness in 10% of patients, a patient treated with
both would have an Adverse Effect Score of 0.2; if one
medication also had a 5% frequency of unsteady gait,
fall risk would increase to 0.25.) Of note, in prior work,
narrower manually curated measures of adverse effect
liability, such as the Anticholinergic Risk Scale Score,15

did not improve model fit whereas adverse effect
burden did improve fit, so only Adverse Effect Burden
Score is incorporated here.

Analysis
As the goal of the study was to predict readmission for
fall-related injury in a given interval based on multiple
predictors available, rather than to estimate instantan-
eous hazard, the above data were modelled using multi-
variable logistic regression. Given the size of the cohort,
hold-out validation was used to assess generalisability; as
such, the full cohort was split randomly into a training
set, including 70% of the cohort, and a testing set
including 30% of the cohort, preserving overall event
rate in each cohort but otherwise without stratification.
Except where noted, all results refer to the testing set in
order to minimise risk of overfitting; the baseline model
was specified a priori based on preliminary work.10

First, the predictors previously identified were used to
estimate a 6-month model in the training set. The dis-
crimination of this model was evaluated in the held-out
test set. As an illustration of test set model calibration,
Kaplan-Meier survival curves were generated for each
quartile of predicted fall risk. Next, model performance
was evaluated in subgroups—tranches of age, sex, hos-
pital size and primary index admission diagnosis—of the
training set as a means of examining generalisability
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across patient and clinical contexts. Finally, the above
steps were repeated to produce another model of falls
within 90 days, recognising that shorter term fall risk
may be more amenable to intervention. This alternative
model also serves as a sensitivity analysis of the model-
ling methodology. (To facilitate investigation in non-US
cohorts, we also fit 180-day models excluding insurance
type, presented in online supplementary table S1).
As patient medications were based on pharmacy

claims made within 15 days of hospital discharge, events
within the first 15 days were excluded (n=4308) because
of the possibility that the prescription followed rather
than preceded the fall. Admissions followed by a fall or
at least the requisite 180 days of follow-up during the
observation period were included in the analysis. The
180-day threshold was selected a priori for consistency
with prior work, recognising that short-term fall (ie,
within 30 days) may require alternate models. Analyses
were performed using R 3.2.2 (http://www.r-project.
org).

Patient involvement
The focus on an outcome of substantial relevance to
patients was motivated by review of healthcare outcomes
contributing to morbidity as well as informal discussion
with patients and carers regarding their priorities and
experiences following hospital discharge. Patients and
carers were not involved in study design per se. Study
results will be disseminated through the authors’ website
and Partners HealthCare patient newsletters.

RESULTS
The cohort as a whole included 68 764 individuals aged
35–65 with an index hospitalisation in 2012 who had
either event or adequate follow-up to observe lack of an
event; characteristics are summarised in table 1, with

unadjusted comparisons in online supplementary table
S2. Among them, 2052 (3.0%) were readmitted for fall-
related injury within 90 days, and 3391 (4.9%) within
180 days. The training cohort included 48 136 (70.0%)
and the held-out testing cohort included 20 628 (30.0%)
individuals.
The logistic regression model predicting 180-day

readmission is shown in table 2; features associated with
significantly increased risk (p<0.001) included greater
age, private insurance, index admission via emergency
department, index admission with a primary psychiatric
diagnosis and overall Adverse Effect Burden Score from
medication side effects.
For each 0.1-point increment in medication burden

(corresponding to a single adverse effect with 10% fre-
quency), odds of fall increased by 0.6%. In the testing
cohort, area under the receiver operating characteristic
curve (AUC) was 0.74 (95% CI 0.72 to 0.76). Figure 1
illustrates time to readmission for fall-related injury by

Table 1 Sociodemographic and clinical features of the Massachusetts (MA) hospitalisation cohort

MA hospitalisation

cohort (N=68 764)

With fall-related

injury (N=3391)

Without fall-related

injury (N=65 373)

n (%) n (%) n (%)

Men 31 310 (45.5) 1610 (47.5) 29 700 (45.4)

White 17 372 (25.3) 1331 (39.3) 16 041 (24.5)

Private insurance 28 737 (41.8) 2539 (74.9) 26 198 (40.1)

Index admission

Via emergency room 27 437 (39.9) 1916 (56.5) 25 521 (39.0)

Primary psychiatric 6881 (10.0) 486 (14.3) 6395 (9.8)

Hospital size:

Small 7823 (13.0) 467 (14.6) 7356 (12.9)

Medium 28 583 (47.6) 1385 (43.3) 27 198 (47.9)

Large 23 635 (39.4) 1350 (42.2) 22 285 (39.2)

Mean (SD) Mean (SD) Mean (SD)

Age at index admission (years) 51.59 (8.71) 52.75 (8.01) 51.53 (8.74)

Total medications prescribed at discharge 3.32 (3.43) 4.47 (4.46) 3.26 (3.36)

Age-adjusted Charlson Comorbidity Index 4.83 (8.22) 11.84 (11.82) 4.47 (7.82)

Medication Adverse Effect Burden Score 1.01 (1.57) 1.57 (2.12) 0.98 (1.53)

Table 2 Logistic regression model for prediction of fall

within 180 days of hospital discharge, training data set

Variable OR (95% CI)

Medication Adverse Effect Burden

Score

1.06 (1.03 to 1.09)

Age-adjusted Charlson Comorbidity

Index

1.05 (1.04 to 1.05)

White 1.11 (1.01 to 1.22)

Male 1.02 (0.94 to 1.12)

Private insurance 2.50 (2.22 to 2.81)

Age at admission (years) 1.01 (1.01 to 1.02)

Total number of medications 1.01 (0.99 to 1.02)

Primary psychiatric diagnosis at

admission

1.27 (1.11 to 1.45)

Admission via emergency department 1.24 (1.13 to 1.35)
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quartile of predicted fall risk in the testing set. Among
those in the highest risk group, 11.4% experienced fall-
related injury within 180 days, compared with 1.2% in the
lowest risk group. In all, 586 out of 1018 falls (57.6%)
occurred in the highest risk quartile, and 839 out of 1018
(82.4%) falls occurred in the two higher risk quartiles.
(For illustrative purposes online supplementary table S3
reports the medications contributing the greatest absolute
risk and their frequency of use).
In order to assess the generalisability of this model, we

examined model performance in subsets of the testing
set. Table 3 shows resulting AUC in the full cohort (see
online supplementary figure 1a) and subgroups defined
by sex (see online supplementary figure 1b), age (see
online supplemental figure 1c), primary admission diag-
nosis index (see online supplemental figure 1d) and
hospital size (see online supplemental figure 1e).
Of note, the model performed best in hospitals with

at least 2000 admissions per year (AUC of 0.76 or 0.74 vs
0.66), and in admissions for gastrointestinal and pul-
monary diagnoses (AUC of 0.78 and 0.75 vs 0.68 for cir-
culatory and 0.69 for psychiatric disorders).
As a sensitivity analysis and extension to nearer term

fall, we refit another regression model in the training set
with the same predictors but instead used 90-day fall as
the outcome; coefficients for the model are shown in
table 4.
In the testing data set, the AUC of the 90-day model

was 0.72 (95% CI 0.70 to 0.74). Once again, model

performance was characterised in patient subgroups
with similar results to those observed for longer term
prediction (table 3, right column); AUC curves are illu-
strated for the full cohort (see online supplementary

Figure 1 Kaplan-Meier curve depicting time to hospital admission for fall-related injury following index hospital discharge, by

risk quartile in testing data set for 180-day fall.

Table 3 Sensitivity analysis examining area under

receiver operating characteristic curve in testing data set

for clinical subgroups

180d model 90d model

Full cohort 0.74 0.72

Sex

Males 0.72 0.70

Females 0.76 0.74

Age

35–45 0.78 0.75

45–55 0.73 0.71

55–65 0.71 0.70

Prior hospitalisation

Pulmonary 0.75 0.72

Musculoskeletal 0.73 0.70

Psychiatric 0.69 0.69
Gastrointestinal 0.78 0.76

Circulatory 0.68 0.70

Discharge hospital size:

<2000 admissions 0.66 0.66
2000–9000 admissions 0.76 0.76

>9000 admissions 0.74 0.71

Area under receiver operating characteristic curve (AUC) <0.70
indicated in italics.
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figure 2a) and subgroups defined by sex (see online
supplementary figure 2b), age (see online
supplementary figure 2c), Primary Admission Diagnosis
Index (see online supplementary figure 2d) and hos-
pital size (see online supplementary figure 2e). Of 612
falls, 343 (56.0%) occurred in the highest risk quartile,
and 497 (81.2%) occurred in the two higher risk quar-
tiles. Online supplementary figure S3 shows time to
readmission for fall-related injury by risk quartile,
ranging from 0.9% in the lowest to 6.7% in the highest
risk quartile.

DISCUSSION
These results demonstrate the ability of a simple regres-
sion model based on readily available patient-level clin-
ical features to stratify fall risk in a state-wide data set.
Based on the observed discrimination and calibration, if
the aim is to accurately predict fall in a given individual,
further diagnostic testing is likely required. But as a
means of targeting interventions to high-risk groups, the
risk estimates appear promising particularly as they are
derived from coded clinical data available at discharge.
In this context, calibration may be as important as dis-
crimination16 in evaluating a prediction tool. Here,
more than 82% of postdischarge falls within 180 days in
an independent testing cohort occurred in the two
higher risk quartiles.
The findings substantially extend a previous report

that introduced the notion of an aggregate adverse
effect measure, the Medication Adverse Effect Burden
Score. Here, the risk model is shown to perform simi-
larly in a different data type (ie, claims data); to main-
tain discrimination across hospitals with at least 2000
admissions, diagnostic category and patient subgroup,
despite some variation in model performance; and in
particular to perform well among younger patients
despite substantially lower event rates.10

The fall risk score complements other, more specific
associations between individual medications and fall

liability.17 The assignment of adverse effect burden
across the medication list as a whole allows a more perso-
nalised approach to modelling expected adversity due to
medications. This is important in two regards. First, this
score and the medications which drive it can be the
subject of future optimisation research. Whereas studies
implicating individual drugs quantise an inherently con-
tinuous risk, that is, take higher and lower risk drugs in
isolation and instead create list of risk and no risk drugs,
the overall adverse effect burden could be optimised
with respect to a range of clinically appropriate treat-
ments and adverse events of particular concern in this
patient in a more realistic model of additive adverse
effect burden. Second, with the proliferation of elec-
tronic health records and the increased visibility of per-
sonalised medicine, this approach draws attention to a
no less important possibility of personalised harm
reduction.
Widespread availability of medical data in digital form

will facilitate discovery of numerous predictive tools, but
the pathway from research in computer science back to
the bedside is unclear. The choice to make the best pos-
sible model regardless of implementation complexity
may be a viable strategy for machine learning; however,
this strategy should not be a foregone conclusion. The
model reported here is not complex and as such has a
relatively straightforward path for translation into prac-
tice. This translation would constitute a substantive per-
sonalisation of medicine that stands to benefit patients
by facilitating targeted interventions, be they fall risk
mitigation given a fixed expected risk or medication
optimisation to reduce expected risk directly.
Several caveats bear consideration. First, while the

cohort examined here is a large one, it will be important
to examine other clinical data sets drawn from other
regions or countries where risk factors may vary.
Confidence in the portability of this model is increased
by its consistency across patient subgroups, but further
estimates of generalisability will be useful.
Understanding the extent to which shorter term falls
(ie, within 30 days) require alternate means of predic-
tion will also be valuable, but requires data sets with
greater resolution regarding discharge prescriptions.
Second, we excluded older individuals as they are not
consistently included in the APCD data set, which
excludes Medicare data; further investigation in that
population will be valuable as fall risk increases with age.
If anything, we expect that exclusion of the highest risk
individuals should bias us towards more conservative esti-
mates of model performance. Third, the model captures
only injuries requiring hospitalisation commonly
ascribed to falls, and thus may not be sensitive to all fall-
related injuries. Finally, we noted that model perform-
ance was poorer (although AUC still exceeded 0.68 con-
sistently) among specific diagnostic populations,
including cardiovascular and psychiatric cohorts. This
may arise in part because presence of psychiatric illness
itself is a contributor to fall risk among medical

Table 4 Logistic regression model for prediction of fall

within 90 days of hospital discharge, training data set

Variable OR (95% CI)

Medication Adverse Effect Burden

Score

1.06 (1.02 to 1.10)

Age-adjusted Charlson Comorbidity

Index

1.04 (1.03 to 1.04)

White 1.04 (0.92 to 1.17)

Male 1.00 (0.90 to 1.12)

Private insurance 2.59 (2.24 to 3.00)

Age at admission (years) 1.01 (1.00 to 1.02)

Total number of medications at

discharge

1.01 (0.99 to 1.02)

Primary psychiatric diagnosis at

admission

1.19 (1.00 to 1.41)

Admission via emergency department 1.26 (1.12 to 1.41)
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populations,10 and the model therefore does not benefit
from this term when the population is limited to those
with a primary diagnosis. In the case of cardiovascular
disease, specific medications may exert disproportionate
effects or interact with specific diagnosis.17 These disor-
ders may also impact access care when falls do occur.
The model also performed somewhat less well in hospi-
tals with fewer than 2000 admissions, suggesting the
utility of further refinement and study in that setting.
It should be emphasised that analysis of routine clin-

ical data represents only a starting point for prediction.
It is likely that more targeted assessments—for example,
of balance and gait,18 vision19 and home environment—
or more detailed longitudinal monitoring20 would also
help to identify those at greatest risk for falls. As such,
two forms of next-step investigation will be particularly
valuable. First, comparing clinical risk score alone with
augmented risk score in terms of discrimination could
be useful in determining the incremental benefit of tar-
geted assessment. Considering different fall types and
contexts may be helpful in this regard. Second, with the
ability to stratify risk reliably, intervention trials in high-
risk populations could be pursued. In addition to inter-
ventions with established efficacy such as strength and
balance training,7–9 21 these trials might include efforts
to reduce medication-associated risk at time of dis-
charge, a small but consistent and potentially modifiable
contributor to fall hazard.10 17 Importantly, the decision
about when a model is good enough for clinical applica-
tion depends on the context and the intervention con-
templated, not on any particular area under the ROC
curve or other quantitative measure.22

Taken together with a prior report demonstrating
model portability within academic medical centres,
these results suggest the feasibility of applying a risk
stratification tool to predict readmission for fall-related
injury across clinical settings and patient populations.
With further validation, risk models based on large-scale
electronic health data may provide a viable means of
moving towards a more personalised medicine.
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