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Abstract Falls in geriatry are associated with important
morbidity, mortality and high healthcare costs. Because of
the large number of variables related to the risk of falling,
determining patients at risk is a difficult challenge. The aim
of this work was to validate a tool to detect patients with
high risk of fall using only bibliographic knowledge. Thirty
articles corresponding to 160 studies were used to modelize
fall risk. A retrospective case–control cohort including 288
patients (88 ± 7 years) and a prospective cohort including
106 patients (89 ± 6 years) from two geriatric hospitals
were used to validate the performances of our model. We
identified 26 variables associated with an increased risk of
fall. These variables were split into illnesses, medications,
and environment. The combination of the three associated
scores gives a global fall score. The sensitivity and the
specificity were 31.4, 81.6, 38.5, and 90 %, respectively,
for the retrospective and the prospective cohort. The performances of the model are similar to results observed with
already existing prediction tools using model adjustment to
data from numerous cohort studies. This work demonstrates that knowledge from the literature can be synthesized with Bayesian networks.
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1 Introduction
About one-third of people aged over 65 years and living in
the community fall at least once a year [1–3]. Fall risk
increases with age (50 % people aged over 80 fall) [1, 2].
Falls are also more frequent among people institutionalized
(nursing homes, hospitals) [4, 5]. Half of the people falling
are recurrent fallers [1].
The consequences of falling in this population are various. Approximately 10–25 % of falls result in major injuries
such as fractures, lacerations requiring sutures, head traumas, hematomas, etc [1, 6–8]. The most frequent fracture is
hip fracture with potentially severe consequences: about
20 % of individuals with a hip fracture die within a year, and
another 20 % move into some aged care institution for the
first time [2]. Falls are thus associated with important morbidity, mortality and high healthcare costs related to the
need for hospitalization and treatment [3]. Even if no
physical injury occurs, falls can have a negative impact on
daily life activities and quality of life as fallers develop a
fear of falling which promotes inactivity. This can lead to
loss of function, unnecessary dependency, social isolation
and thus new falls or increased susceptibility to disease [4, 6,
9]. Classifying patients according to their fall risk level is the
first step to organize appropriate prevention actions.
A small number of falls have a single cause, and in most
cases they present a multi-factorial etiology [1, 3, 6]. They
are the result of complex interactions between intrinsic and
extrinsic factors [4]. Intrinsic factors are those related to
the individual such as medical conditions known to be
associated with an increased risk of falling and medications
known to facilitate falls [1, 3, 6]. Extrinsic factors are those
associated with environmental features [1, 6].
Because of the large number of variables related to the
risk of falling, and because results vary from one study to
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another [10], determining the patients at risk, especially
when they do not have a fall history, is a difficult challenge
for health care providers. Multifactorial fall risk assessment
has already been developed but most existing tools have
not been externally validated [11, 12], their development
has relied on the retrospective reporting of falls [13, 14],
some are too time consuming or equipment-dependent
[15], and some others have been validated only in specific
populations [14]. The aim of this work was to build a
bibliographic-based tool that is able to identify older adults
with high risk of falls; this tool would integrate numerous
risk factors based on literature data, in order to obtain a fall
risk assessment, giving robust results whatever the settings.

2 Methods
2.1 Literature search
A literature search was conducted with the Medline database (from 2000 to 2010) using the search terms falls,
elderly, risk factors, medications, or diseases. Additional
articles were identified by hand searching of bibliographic
references. Abstracts of all articles identified in English or
French by the search were reviewed; meta-analysis and
studies which had determined odds ratio between falls and
some risk factors were selected. We identified the most
frequent factors implicated and then we looked for articles,
reviews, and reports which focused either on medications
or on medical conditions or on both. Altogether, data from
approximately 160 studies were pooled and the variables
identified were divided into three main categories: medications, diseases, and environment (living place, fall
history).
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The specific interest of Bayesian networks is that they
take into account knowledge from experts and also knowledge contained in data [16, 17].
In this work, we used a decision network also known as
an ‘‘influence diagram’’ made of decision nodes and utility
nodes. Decision nodes correspond to variables or events
that will be predicted.
NeticaÒ 2.05 software (Norsys Corporation, https://
www.norsys.com) was used for modeling the fall risk.
The network was built as follows: the three categories of
variables are represented by three utility nodes. Each variable is linked to a utility node, and the three utility nodes
are directly associated with the decision variable (fall). A
utility node is a node in the network whose expected value
is to be maximized while searching for the best decision
rule for each of the child nodes. A value taken by a variable
Xj depends on the value taken by variable Xi. Node Xi can
be referred to as ‘‘parent of Xj’’ and Xj referred to as ‘‘child
of Xi’’ [18]. In our network, each variable had two possible
issues (yes or no).
According to the strength of the association between a
variable and the target variable (fall), an odd ratio for each
variable was calculated from the data available in the
articles. Those odds ratios enabled us to fill in the probabilistic tables. As much as possible, the odds ratio recorded
from the literature was adjusted for age, sex, medical
conditions, and other medications, to avoid redundancy and
give an overestimated result. We chose factors which were
clearly identified as increasing the risk of fall and we
eliminated the variables for which the implication was still
debated in the literature. The target variable (fall) was
associated with a global fall score (GFS) whose value is
proportional to the risk of falling. Once the network is
built, a decision rule is found for the decision node.

2.2 Modeling
2.3 Fall risk assessment
Bayesian networks belong to the family of graphical
models. The network structure can be described as follows:
each node in the graph represents a variable, while the
edges between the nodes represent probabilistic dependencies among the corresponding variables.
Network is then defined by- an acyclic graph G,
G ¼ G ðV; EÞ
with V the set of n nodes of G, and E the set of edges of G,a finite space of probabilities (p) noted (X, p),- variables
linked to the node (edges) of graph which were defined on
(X, p) as
pðV1; V2; . . .::VnÞ ¼ Pi¼1...n pðVi j C ðViÞÞ
with C(Vi) the set of variables related (parent of Vi) to Vi in
the graph.
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Once our network was elaborated, its ability to predict falls
in elderly subjects was tested on two geriatric cohorts from
two French geriatric hospitals: a retrospective case–control
cohort and a prospective one followed during 3 months.
Patients included in the retrospective case–control cohort
were patients hospitalized in a geriatric unit during the year
2008. Cases were patients for whom a fall had been
declared between January and June 2008. Controls were
patients who had not fallen during this period and they
were matched with the cases, given their gender, care unit
and hospitalization date. For each patient of the two
cohorts, anthropometric data (age, gender), and hospitalization information were collected. All the medical prescriptions were analyzed and the medications potentially
implicated in falls were searched. For the prospective
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cohort, at the inclusion, a GFS was calculated for each
patient to predict a possible fall. Three months later,
observed falls were compared with the network predictions. During the 3-month follow-up, medical prescriptions
were checked in case of any medication change with special attention given to fall-inducing drugs. Two-hundred
and eighty-eight patients were included in the retrospective
cohort (144 cases and 144 controls) and 106 in the prospective cohort.

2.4 Performances of the network
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3 Results
3.1 Literature search
The analysis of 160 studies enabled us to identify 26
variables associated with an increased risk of falling
(Table 1). Only predisposing factors were looked at, triggering factors such as slipping floors or inappropriate shoes
were eliminated as they were not permanent elements.
The variables were divided into three categories:
–

2.4.1 Assessment of the beliefs of the model
Probabilistic tables are provided for each node, which
express the probabilities of that node taking on each of its
values. Table of probabilities showing the network knowledge is presented later in the article (Table 2).
2.4.2 Quantification of the linkage between nodes
The Kullback–Leibler distance or relative entropy is a nonsymmetric measure of the difference between two variables
P and Q with a probability distributions noted p and p,
respectively. Specifically, the Kullback–Leibler divergence
(l) of p from p is a measure of the global information lost
when Q is used to approximate P.
X
pi
lðp; pÞ ¼
piLnð Þ
pi
i
The Kullback–Leibler distance is used to asses the degree
of dependence between two variables of the network [19].
2.4.3 Evaluation of the predictive ability of our model
The ability of our network to predict falls was evaluated
using ROC (Receiver Operating Characteristic) curves. An
ROC curve graphically displays the relationship between
sensitivity (y axis) and 1-specificity (x axis) and provides the
opportunity to select the point that best represents the tradeoff between the ability to detect the positives (sensitivity)
against the failure to detect the negatives (specificity). The
area under an ROC curve can be used as an overall estimate
of its discriminating ability and sometimes is expressed as
accuracy. For both cohorts, sensitivity and specificity for the
best cut-off value, area under the ROC curve, positive predictive values (PPV proportion of those classified as high
risk who fell), and negative predictive values (NPV proportion of those classified as low risk who did not fall) were
calculated. We also calculated the Youden index and the
total predictive accuracy. All analyses were performed using
Medcalc software bvba (11.0.1, https://www.medcalc.be).

–

Illnesses: Parkinson’s disease [6, 20], diabetes [6, 21],
Alzheimer’s disease or dementia [3, 6, 20, 22], gait or
balance disorders [6, 7, 20], seizures [6], incontinence
or urinary tract disorders [6], eye disorders (visual
impairment) [6, 20], depression [4, 6, 9, 23], psychosis
[6].
Medications: cardiovascular drugs[2, 24] (b-blockers
[1, 25, 26], antiarrhythmics [1, 5, 25], digoxin [1, 2, 5,
7], vasodilators [2, 5, 7, 8, 25], diuretics[1, 2, 5, 25,
26]), narcotic pain killers [1, 5, 6, 24–26], non-steroidal
anti-inflammatory drugs (NSAI) [1, 5, 6, 25, 26],
hypnotics [1, 6, 9, 24–28], antidepressants [1, 4–6, 16,
23, 25, 26, 28], anxiolytics [4, 5, 7, 8, 16, 24–26, 28],

Table 1 Odds ratio calculated from 160 studies from the literature
Variable

Odd
ratio

Standard
deviation

Number of
studies

Diuretics

1.13

0.18

Vasodilators

1.49

0.60

10

Digoxin

1.46

0.22

37

69

Antiarrhythmics

1.73

0.80

31

Beta-blockers

1.03

0.14

52

Narcotic pain killers

1.01

0.38

54

NSAI
Hypnotics

1.50
1.40

0.32
0.20

53
84
127

Antidepressants

1.73

0.42

Anxiolytics

1.80

0.38

72

Neuroleptics

1.96

0.63

121

Parkinson’s disease

3.03

1.70

Diabetes

1.18

0.07

1 (11,390 patients)

2

Seizures

2.22

0.13

1 (11,390 patients)

Incontinence

1.10

0.06

1 (11,390 patients)

Gait disorders

1.35

0.50

3

Visual impairment

1.57

0.45

3

Alzheimer’s disease

2.05

1.09

4

Living place

1.30

0.34

5

Previous falls

2.10

0.40

6

Odds ratio obtained from the literature for each variable; they are
expressed as mean and standard deviation. The number of studies
used to determine the odds ratio for each variable is given
NSAI non-steroidal anti-inflammatory
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neuroleptics [1, 3–6, 25, 26, 28], anti-parkinsonian
drugs [5, 6, 24, 25], anti-diabetics [6, 7], anti-Alzheimer’s disease [5, 6, 25], anticonvulsants [6, 7, 16, 25].
Other: living place [2], previous falls [20].

The network is represented in Fig. 1. The threshold
value of the decision rule is 167 for our network. The
probability tables of the network are given in Table 2.
3.2 Predicting abilities of the network
on the retrospective cohort
The characteristics of the retrospective cohort are given in
Table 3.
On the retrospective cohort, the network showed 33.3 %
sensitivity and 82.3 % specificity for the best cut-off value.
The area under the ROC curve was 0.589 (Table 4). The
network displays a 0.156 Youden index and a 58.1 %
predictive accuracy.
3.3 Predicting abilities of the network
on the prospective cohort
The characteristics of the prospective cohort are given in
Table 3.
On the prospective cohort, the network showed 38.5 %
sensitivity and 90 % specificity for the best cut-off value.
The area under the ROC curve was 0.671. The maximized
PPV and NPV of the network are 29 and 89 %, respectively (Table 4). The network displays a 0.285 Youden
index and a 76.4 % predictive accuracy.

Fig. 1 Bayesian network for
fall risk assessment. The
decision node of the network is
‘fall’. The three utility nodes are
medications, diseases and
environment. The black bars
represent the probabilities’
distribution obtained with the
odds ratio from the literature
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The amount of dependence between the different nodes
quantified by the Kullback–Leibler coefficient is given in
Table 5.

4 Discussion
People aged over 65 years are the fastest growing segment
of the population. Costs and consequences resulting from
falls are thus increasingly important.
The developed Bayesian network synthesizes data from
the literature and results in a screening tool with good
levels of reliability (90 % specificity). Concerning the
development of our tool, numerous heterogeneous variables with no hypothesis on their distribution were available. Besides, bibliographic data do not give individual
values. Given these initial conditions, Bayesian network
was the most appropriate tool, and to our knowledge, this is
the first time Bayesian networks are used to synthesize
bibliographic data regarding elderly falls.
Recently, Bayesian networks have been used to develop
diagnostic and prognostic tools. There is a growing interest
in Bayesian networks in a variety of research fields for
medical decision support: pancreatic cancer prediction
[17], diagnosis of appendicitis [29], classification of
mammographic finding in terms of benign or malignant
[30], prediction of the outcome of pregnancies of unknown
location [31], diagnosis of asthma exacerbations [32],
survival estimation of patients with skeletal metastases
[33], prediction of the risk of death in patients with sickle
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Table 2 Probability tables included in the network

Table 4 Performance analysis of the network for both cohorts

Yes

No

NSAI

0.06

0.94

Average fall score

Alzheimer

0.05

0.95

Sensitivity (ROC)

33.3 %

Anti-alzheimer

0.125

0.875

Specificity (ROC)

82.3 %

Anti-arythmics

0.12

0.88

AUC

0.589

Anticonvulsants

0.404

0.596

p value (AUC)

0.0075

Antidepressants

0.416

0.584

PPV

–

29 %

Antidiabetics

0.082

0.918

NPV

–

89 %

Antiparkinsonian

0.163

0.837

Anxiolytics

0.426

0.574

ROC receiver operating characteristic, AUC area under curve, PPV
positive predictive value, NPV negative predictive value

Beta-blockers

0.2

0.8

Cardiovascular medications
Depression

0.138
0.15

0.862
0.85

Diabetes

0.05

0.95

Digoxin

0.14

0.86

Diuretics

0.3

0.7

Eye disorders

0.3

0.7

Gait disorders

0.04

0.96

Hypnotics

0.256

0.744

Incontinence

0.25

0.75

Narcotics

0.09

0.91

Neuroleptics

0.259

0.741

Parkinson

0.02

0.98

Previous fall

0.4

0.6

Psychosis

0.02

0.98

Seizures

0.01

0.99

Vasodilators

0.1

0.9

Living place

Institution
0.1

Home
0.9

Probabilistic tables are provided for each node, which express the
probabilities of that node taking on each of its values

cell disease [34], and role of overcrowding on bacterial
transmission [35]. Most of the times, Bayesian networks
were based on demographic, clinical, biological, or radiological parameters. Some studies compared different subsets of variables to select the best predicting ones [31].
Definition of risk variables was usually based on data [30–
34], and rarely based on expert knowledge, literature [17],
or a combination of these [29].

Retrospective cohort
215

Prospective cohort
238
38.5 %
90 %
0.671
0.0045

Some authors [36] have already used Bayesian networks
to estimate the risk of falls. In this article, they compared
the model obtained from expert knowledge and the model
obtained from real data. But they only focused on specific
variables: gait data. Moreover, these networks were built
on a small sample of patients, and validation was only
performed by re-sampling methods. Our network integrated different types of variables and was built using
bibliographic data. Indeed, Bayesian networks based on
bibliographic knowledge have proven their ability to outperform conventional predicting tools [17].
Many studies focused on the risk factors associated with
falls. Even if some meta-analysis were carried out, most of
the time, studies target a group of risk factors such as a
family of medications or some specific illnesses [8, 21, 22].
The implication of medications is often hard to define as
drug effects cannot always be distinguished from the
underlying medical condition. Hence, this network integrates both medications and medical conditions. Fall prediction implies analyzing very heterogeneous variables
(continuous, binomial, ranging). Bayesian networks were
thus chosen because they can integrate a large quantity of
heterogeneous data [19, 37]. Besides, even if no information is available for some variables, they can still give a
result [38]. This is of major interest in clinical practice as
information about a patient is often incomplete. Finally,
our Bayesian network is easy to use, both in the number of
items and their measurement, and is not time consuming. It
is designed for use by clinical and non-clinical health care
professionals with minimum training and is particularly
suited to primary care.

Table 3 Cohort characteristics
Age
Retrospective case–control cohort
Prospective cohort

Number of medications

Number of patients

Falls prevalence

Cases

88± 7 years

11 ± 4

144

–

Controls

87± 7 years

12 ± 4

144

–

89 ± 6 years

10 ± 4

106

25 %

Age and number of medications are expressed as mean and standard deviation
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Table 5 Dependence between nodes quantified by the Kullback–
Leibler coefficient
Parent node

Child node

Kullback–Leibler

Previous fall

Environment

0.369746

Medications

Fall

0.222704

Antiarrhythmics

Cardiovascular drug

0.097808

Diabetes

Antidiabetics

0.094786

Illnesses

Fall

0.088555

Depression

Anxiolytics

0.075295

Depression
Digoxin

Antidepressants
Cardiovascular drug

0.060269
0.055677

Neuroleptics

Medications

0.053971

Anxiolytics

Medications

0.050235

Alzheimer

Antialzheimer

0.049471

Vasodilators

Cardiovascular drug

0.047754

Antidepressants

Medications

0.042543

Environment

Fall

0.039582

Depression

Hypnotics

0.038854

Eye disorders

Illnesses

0.030872

Alzheimer

Illnesses

0.029889

Parkinson

Anti parkinsonian

0.029356

Living place

Environment

0.016375

Parkinson

Illnesses

0.014095

Diuretics

Cardiovascular drug

0.013099

Psychosis
Cardiovascular drug

Neuroleptics
Medications

0.012555
0.011594

Hypnotics

Medications

0.011264

Psychosis

Hypnotics

0.008421

NSAI

Medications

0.005722

Psychosis

Anxiolytics

0.005444

Seizures

Illnesses

0.005160

Seizures

Anticonvulsants

0.004782

Parkinson

Antidepressants

0.004766

Gait disorders

Illnesses

0.002837

Parkinson

Hypnotics

0.002753

Parkinson

Anxiolytics

0.001968

Incontinence

Illnesses

0.000706

Diabetes

Illnesses

0.000692

Beta-blockers

Cardiovascular drug

0.000592

Narcotics

Medications

0.000007

Nevertheless, this tool presents some limits. First,
medications were considered without taking into account
the medication dose, the treatment duration or the number
of medications belonging to the same family prescribed to
the patient. Indeed, data available in the literature about
these variables are quite rare and sometimes inexistent.
Furthermore, there is a limitation in the ability to predict
falls from an overall score consisting of several risk factors
because of the diversity pattern of fall causes among
individuals [13]. Among active seniors, fall risk tends to be
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mostly related to mobility status, exposure to hazardous
environments, and risk-taking behaviors [11]. These risk
factors were not integrated to the network as they were
occasional.
Several fall predicting tools have already been developed. A prediction tool should ideally have the following
characteristics:[11, 39, 40] ease of completion, high
adherence by staff, high inter-rater reliability, a transparent calculation of risk score based on the operational
properties of the tool (and not arbitrarily assigned values),
and prospective validation for predictive validity. To our
knowledge, no such tool exists. Performances of existing
tools have already been compared but their generalizability is limited because only a few have been tested in
settings other than those in which they were originally
developed such as the STRATIFY tool and the Morse Fall
Scale [11, 39–43]. Some studies with an external validation were retrospective fitting of risk assessment applied to
original data [13, 14], they did suggest useful predictive
power but this was not confirmed by subsequent prospective validation. In addition, the external prospective
validation tends to show that the tool may progressively
be less effective in settings remote from the original
cohort; [15, 39, 42] the heterogeneity of settings makes
risk assessment tools not so effective when employed in
settings or populations different from those used in the
original study [40].
Different computational methods for disease diagnosis
are currently used in practice such as logistic regression,
decision tree, neural network, or expert-guided models.
Bayesian networks have several advantages over these
methods: they do not require a minimum sample size to
perform the analysis and are theoretically suitable for
small and incomplete data sets, they can combine different sources of knowledge, and they provide fast
response once the model is compiled [44]. Applied to
real data, Bayesian network have proven their ability to
outperform logistic regression [29, 31], neural network
[29], or expert knowledge [30, 36] in terms of diagnosis
prediction. As Bayesian networks based on literature
knowledge also have better performances than Bayesian
networks based on data, we expect our network to provide more accurate results than any other tool for fall
prediction.
The predicting ability of our network is roughly the
same on both cohorts, though slightly better on the prospective cohort. The predictive validity of the already
existing tools to predict falls is heterogeneous: sensitivities
reported vary from 19.2 to 93.1 % and specificities from 22
to 96 % [11–15, 39, 41–43, 45]. Our network displays NPV
of approximately 90 %; this result enables our network to
be a powerful tool to focus monitoring on patients who are
the most at risk.
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Our network was initially developed from bibliographic
data and then validated on two independent geriatric
cohorts, that is to say, the information from these cohorts
were not used to build the network. Both cohorts included
geriatric hospitalized patients from two different settings.
We expect our network predictions to be more effective on
different populations than previously developed tools. In
this manner, this tool could have a general use with good
levels of reliability.
As a conclusion, this work proves that knowledge from
the literature can be synthesized thanks to Bayesian networks. The obtained network can have clinical applications
given its specificity. This tool could be used to focus
monitoring and prevention actions on patients who are the
most at risk. The robustness of our results demonstrates
that it should be easier to generalize our tool for fall prediction in different settings.
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