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ABSTRACT

Falls risk is multifactorial, involving a combination of ciinical and sociodemographic factors.
Although guidelines acknowledge this complexity, most research has focused on individual
risk factors, leaving the combined impact of comorbidities relatively understudied. This
population-wide study used electronic health records (EHR) linked across primary and
secondary care to identify falls risk profiles in the North West London (NWL) population and
to stratify patients by their likelihood of requiring falls-related hospital care using
unsupervised clustering. We conductad cluster analysis on patients from NWL General
Practice records using coded falls risk factors. Cluster membership was compared against
the risk of falls-related hospital encounters. Among four identified clusters, two groups of
older, multimorbid patients were 11 times more likely to have a fall-related hospital
encounter (RR 11.45, 95% CI 10.14-12.92 and RR 11.63, 95% CI 10.30-13.13) and had
significantly longer mean length of stay compared with younger, fitter patients. Between two
younger clusters, patients with higher deprivation levels were 29% more likely to have a fall-
related hospital encounter (RR 1.29, 95% CI 1.12-1.49). These findings demonstrate that
clustering routinely collected EHR data can identify population segments at highest risk of
falls-related hospital use, supporting more targeted, multifactorial risk assessment and
prevention strategies.

Index Terms—Falls, Risk Factors, Population Health, Machine Learning, Electronic Health
Records
Introduction

Despite efforts by carers and health and social care services to manage falls risk in community
and healthcare settings, around 1 in 3 adults over 65 years fall each year and falls in younger
people are increasing [1], [2], [3]. The consequences can be devastating, not only due to
physical injuries but also the fear of future falls, loss of confidence and independence, and
the associated impact on family and caregivers [1], [2], [4]. In the English National Health
Service (NHS) falls account for more than 4 million hospital bed days with annual expenditure
on injurious falls over £2 billion [5]. Ageing populations and rising rates of multimorbidity,
polypharmacy, and frailty, mean that falls and falls-related injuries are expected to increase



further [1], [4], [5], [6]. Furthermore, falls have consistently ranked at the top of reported
patients' safety incident reports for several years, highlighting this as an unresolved issue
that necessitates a new approach to prevention and management [7], [8]. As such, better
targeted preventative measures will be key to reducing the harm and health and social care
costs [9], [10].

Falls are usually the result of multiple contributory factors, which may be intrinsic (patient-
related), extrinsic (environment-related), and behavioural (activity-related) [11], [12], [13].
Most interventions to prevent falls address individual patient risk factors, however,
population-level interventions can be designed to address falls risk in whole communities, for
example, implementation of policies on vitamin D supplementation and public health
programmes promoting physical exercise [2], [14], [15]. Few studies have examined how
specific comorbidity combinations influence hospital resource use for falls, leaving this an
important yet understudied area beyond general multimorbidity and frailty. Determining
multifactorial risk from diverse clinical and sociodemographic factors is important for
understanding patterns of falls risk and identifying patient groups most likely to benefit from
tailored prevention and monitoring strategies, however the effectiveness of population-based
strategies in falls prevention remains uncertain due to the historic challenges of synthesising
evidence across populations, particularly where population characteristics are poorly
reported [15]. The maturity of Electronic Health Records (EHRs), clinical coding and
healthcare data linked across multiple healthcare organisations now offers the possibility to
tackle falls risk using a preventative health management approach, whereby population-level
analysis could identify priority cohorts and risk stratified groups for targeted interventions
[16].

However, few studies have used unsupervised machine iearning to comprehensively explore
falls risk using routinely collected EHR data at a population-wide scale. In our study, we
leveraged k-means clustering to identify distinct patterns of falls risk factors, allowing for
more targeted and clinically actionable insights into individual-level risk. We defined falls-
related hospital encounters as ED presenting falls, ED fall diagnoses, or fall diagnoses
recorded in the first inpatient episode.

By identifying clinically meaningfui patient clusters using routinely collected EHR data, this
study provides a foundation for developing translational, real-world tools that enable
personalized falls risk assessment to reduce the number of falls and fall-related serious harm
incidents.

Related work

There has been a growing interest in using machine learning to better understand and predict
falls risk. These efforts aim to uncover key predictors and build models that can support
earlier, more accurate risk detection in both hospital and community settings. Some prior
research in this area has used EHR data, while others leverage wearable sensor inputs to
model risk. Though sensor-based approaches offer real-time monitoring, EHR data allows for
scalable, longitudinal analysis across diverse patient populations and is more readily
generalisable across healthcare settings and EHR systems than sensor-based approaches. For
instance, Archer et al. [17] recently introduced the eFalls tool—a multivariable prediction
model built on EHR data for forecasting fall or fracture-related Emergency Department (ED)
attendance or hospitalization in older adults. However, their approach was limited to
supervised learning and relied on pre-labeled outcomes, which are labor-intensive and may
overlook latent heterogeneity in risk profiles.

Unsupervised ML techniques - particularly clustering algorithms - present a promising
alternative for uncovering hidden structures in health data without relying on predefined
labels. Finch et al. [18] applied cluster analysis to hospital admission records to identify
priority population segments for falls prevention, but this analysis lacked integration with



primary care data. Similarly, Court-Brown et al. [19] investigated socio-demographic
associations with fall-related fractures but did not examine how combinations of comorbidities
influenced healthcare utilization.

To date, very few studies have employed unsupervised clustering techniques on linked EHR
data to identify distinct risk phenotypes. No known work has systematically combined
dimensionality reduction (e.g., Principal Component Analysis) with clustering over a large,
integrated dataset spanning general practice, hospital, and social care records. Our work fills
this gap by leveraging the rich, multi-source Whole Systems Integrated Care (WSIC) dataset
from North West London (NWL) to identify discrete patient clusters with shared falls risk
characteristics and quantify their association with hospital encounters. Importantly, while
multimorbidity and frailty are known fall predictors [4], [20], prior studies have not examined
how specific combinations of risk factors disproportionately drive healthcare burden, nor have
they explored variations by ethnicity, or deprivation status in such detail. By identifying high-
risk, high-burden patient clusters through unsupervised learning, this study contributes a
scalable, data-driven framework to guide precision targeting of preventive interventions.
Methods

Data source and case selection criteria

The Whole Systems Integrated Care (WSIC) database holds de-identified, routinely collected
EHR data for people who are registered with a NWL GP or live in NWL area, covering a
population of 2.8 million [21]. Data from over 360 GPs, 10 acute and specialist hospitals, 8
social care organisations, 2 mental health trusts and 2 community health trusts are linked at
patient level and held in the ICHT Secure Data Environment (SDE) within NHS infrastructure
[21]. Our study population included all patients = 18 vears old who were registered with a
NWL GP between 1st June 2021 and 31st May 2023 (Figure 51). Using clinical coding (ICD-10,
SNOMED, and GP Read), we identified i) patients with 1 or more falls risk factors and ii)
patients with a falls-related hospital encounter between 1st June 2022 - 31st May 2023. The
time period for inclusion in the study extends 1 year further into the past than our criteria for
patients who were hospitalized for a fall to ensure that relevant risk factors coded more than
one year prior to a fall are included. To define a falls-related hospital encounter, we
considered patients who had a falls code listed as either the Emergency Department (ED)
reason for attendance, or any ED diagnosis, or any diagnosis during the first episode of an
inpatient hospital spell. Sociodemographic data included age, sex, ethnicity, primary
language, index of mulitiple deprivation (IMD) decile, residential location (London Borough).
Deprivation was measured by IMD decile (1=most deprived, 10=least deprived); “high
deprivation” refers to deciles 1-5; “low deprivation” to deciles 6-10. All methods were
performed in accordance with the relevant approvals provided by the NW London Sub-Data
Research Access Group (SDRAG Ref ID 342) to access the Health Research Authority
approved research database (reference 18/WM/0323; IRAS project ID 252449).

Falls risk factors and definitions

Where possible, published code lists from the Quality and Outcomes Framework (QOF,
business rules v47.0 [22]), the electronic Frailty Index (eFl) [23], and Healthcare Data
Research UK’s (HDR UK) Phenotype Library [24] were used to identify falls risk factors (Table
S1). For conditions where no previously validated code list was available, a nurse researcher
(RL) collated relevant codes using SNOMED CT browser with input from a geriatric consultant
(CM) and a clinical lead for falls prevention (MT) to ensure code lists were comprehensive.
Multi-morbidity was defined as the presence of at least two coded long-term conditions at the
start of the evaluation period, with long-term conditions defined using QOF. Polypharmacy
was defined as prescription of =5 medications daily while hyper-polypharmacy was defined
as prescription of =10 medications daily [25]. Prescription of high-risk medications for falls
was defined using the National Falls Prevention Coordination Group’s Falls Risk Increasing
Drugs List (2023) [26].

Statistical analysis

The sociodemographic and falls risk factor profile of the cohort was summarised using
descriptive statistics: counts and proportions for individual risk factors and Pearson



correlations between risk factor categories. A cluster analysis was used to identify
homogenous groups of sociodemographic and falls risk factor profiles and evaluate how these
clusters differ in terms of healthcare utilization after a fall (ED attendance and admission to
hospital, diagnostic imaging, hospital length of stay (LOS)). Principal Components Analysis
(PCA) using two components combined with k-means clustering was determined the most
suitable method for extracting meaningful insights from our dataset. 7wo components were
selected on the basis that they accounted for 80% of the total dataset variance (Figure S2).
OR PCA was selected over nonlinear dimensionality reduction methods such as t-SNE and
UMAP due to its interpretability, stability, and suitability for downstream clustering. We
acknowledge that nonlinear interactions between comorbidities may not be fully captured by
PCA; techniques such as UMAP could be explored in future work.

1) Dimensionality reduction

PCA was used to reduce the dimensionality of the dataset [27]. The proportion of the dataset’s
variance that is explained by each component was assessed using a Cumulative Explained
Variance plot. The first two components represented 80% of the variance (Figure S2).

2) Cluster identification

Clusters were identified using the k-means algorithm [28]. The elbow method was applied by
plotting within-cluster sum of squares (inertia) across k = 2-10; the inflection pointatk = 4
was selected as the optimal solution (Figure S3). Post hoc analyses with Bonferroni
adjustments (p < 0.0083 considered statistically significant) were performed to compare
cluster proportions for each fall-related factor (Table S2). To validate cluster stability,
silhouette analysis was performed on a random subsample of 10,000 observations (selected
for computational tractability given the cohort size), yielding a silhouette score of 0.354 for
the four-cluster solution, confirming adequate separation. Comparison of alternative
clustering algorithms (e.g., GMM, hierarchical clustering) was not performed and is
acknowledged as a future direction.

3) Outcome evaluation

Risk ratios (RR) were calculated to estimate the relative risk of requiring falls-related hospital
care based on cluster membership amongst those with a falls risk factor, using cluster 1 as
the reference group for comparison.

A sub-group of patients was identified with a chief complaint or primary diagnosis code for
falls in the ED, or a primary or secondary diagnosis code for falls at their first episode of their
Hospital Admission. We caiculated RR to estimate the probability of receiving diagnostic
imaging (Computerised axial Tomography (CT scan), magnetic resonance imaging (MRI),
plain radiography (x-ray)) for each cluster. For patients admitted to hospital as inpatients, a
one-way ANOVA was performed with cluster membership as the independent variable and
hospital LOS as the dependent variable.

SQL Server Management Studio was used to pull together our cohort from the WSIC database,
select relevant clinical codes, and harmonise the data. Clustering analysis was performed
using Python version 3.7.9. Outcome evaluation was performed using R version 4.2.1.

Data access and approvals

This study was undertaken within a research database that was given favourable ethics
approval by the West Midlands Solihull Research Ethics Committee (reference 18/WM/0323;
IRAS project ID 252449). This study was approved by the NW London Sub-Data Research
Access Group (SDRAG Ref ID 342). All data used in this work were fully anonymised before
analysis.

Results

Sociodemographic characteristics

Between 1st June 2021 and 31st May 2023, 1,648,834 adult patients were registered with a
GP in NWL. Around three quarters of the population (75.7%) were aged between 18 and 59,
just under half (46.9%) were female, and one quarter of patients (24.9%) did not have English
as their first language. The population was diverse in terms of ethnic and socioeconomic
background (Table S3).

Falls risk factor profile



Among the 1,648,834 adult patients, just over half (51.85%, n=854,914) had one or more
risk factors for falls coded in their medical records; 15.29% had 5+ documented falls risk
factors (Table 1). Around 1 in 4 patients were older than 60 years (24.30%, n=401,301) and
10.35% (n=170,685) had a previous history of falls. The most common falls risk factors were
multi-morbidity (29.52%, n=486,760), frailty (20.55%, n=338,786) and polypharmacy
(13.19%, n=217,456). Prevalent diseases known to contribute to falls were anaemia (13.54%,
n=223,248), depression (12.58%, n=207,436), arthritis (9.36%, n=154,273) and diabetes
(9.22%, n=152,073). Mobility issues, reduced functional ability, and cognitive impairment
were not commonly coded in EHR (4.76%, 3.85%, and 3.47%, respectively) despite the high
prevalence of frailty (20.55%, n=338,786). The risk factor categories most highly correlated
with one another were polypharmacy and history of falls (r = 0.28). Polypharmacy (r = 0.27)
and regular prescription of falls risk inducing drugs (r = 0.21) were correlated with
multimorbidity and were among the highest of all assessed risk factor category correlations
(Figure S4). Among the comorbidities identified, conditions such as cardiovascular disease,
frailty, and polypharmacy were consistent with known falls risk factors. Diabetes mellitus also
emerged as a contributing feature - likely reflecting indirect associations through neuropathy,
frailty, or multimorbidity, consistent with patterns reported in recent population-level studies.

Table 1. Prevalence of falls risk factors among adults registered with a NWL GP.

Sub-category Count %
History of falls

Falls history(@ 170,658 10.35%
Mobility Problems

Foot or lower limb problems 54,143 3.28%

Mobility issue - general 20,087 1.22%

Transfer problems 12,313 0.75%

Problems with gait 8,864 0.54%

Use of walking aid 5,158 0.31%

Fear of falling 3,219 0.20%

Muscle weakness 779 0.05%

Mobility Problems - All 78,463 4.76%
Sensory Problems

Vision problem(®) 82,417 5.00%

Hearing problem 39,363 2.39%

Dizziness - vestibular issue 34,134 2.07%

Sensory Problems - All 133,157 8.08%
Reduced functional ability

Housebound 44,462 2.07%

Reduced functional ability 28,123 1.71%

Activity limitation 604 0.04%

Reduced functional ability - All 63,446 3.85%
Impaired cognition

Memory & cognitive problems(c) 57,260 3.47%
Learning Disability

Learning Disability 14,067 0.85%
Medication

Polypharmacy(d 217,456 13.19%

Hyper-polypharmacy(e) 74,606 4.52%

Falls-Risk Increasing Drug(® 134,617 8.16%
Urinary incontinence

Urinary incontinence 122,629 7.44%

Poor nutritional status



Obesity 197,948 12.01%

Vitamin D deficiency 73,941 4.48%
Excessive alcohol intake 6,822 0.41%
Malnutrition 263 0.02%
Cardiovascular disorder
Hypotension & syncope 75,798 4.60%
Brady- or tachyarrhythmia 31,442 1.91%
Cardiovascular disorders - All 97,173 5.89%
Other contributing disease
Anaemia 223,248 13.54%
Arthritis 154,273 9.36%
Depression 207,436 12.58%
Diabetes 152,073 9.22%
Electrolyte disorder 24,500 1.49%
Frailty 338,786 20.55%
Multiple Sclerosis 2,933 0.18%
Osteoporosis 6,428 0.39%
Parkinson’s Disease 3,412 0.21%
Peripheral neuropathy 5,673 0.34%
Stroke & TIA 28,272 1.71%

Patients with at least 1 disease known620,195 37.61%
to contribute to falls(9
Multi-morbidity

Multi-morbidity(h) 486,760 29.52%
Falls risk factor count

1 falls risk factor 257,846 15.64%

2 falls risk factors 153,052 9.28%

3 falls risk tfactors 106,639 6.47%

4 falls risk factors 81,051 4.92%

5 falls risk factors 256,326 15.55%

Population with 1+ riskPatients with at least 1 risk factor for854,914 51.85%

factors falls

Total Adult patients registered with a GP in1,648,834 100.00%
North-west London

@ Patients with 1 or more fall(s) recorded in their medical records any time before 01.06.2023.

® Includes eye conditions known to affect vision; ‘wears glasses’ excluded due to coding quality.

© |ncludes dementias, confusion, delirium, and behaviours that challenge.

@ Patients prescribed =5 (regular) medications any time 01.06.21 - 31.05.23.

@ Patients prescribed =10 (regular) medications any time 01.06.21 - 31.05.23.

o Patients prescribed a ‘high-risk’ falls risk increasing drug (regular or acute prescription) any time 01.06.21 -

31.05.23. The National Falls Prevention Coordination Group (2023) considers these ‘high-risk’ medications to have

high potential to cause a fall.

@ Patients with at least 1 disease known to contribute to falls recorded in their medical records any time before

01.06.2023.

™ Multi-morbidity: =2 Long Term Conditions recorded any time before 01.06.2023. Long Term Conditions considered:

asthma, atrial fibrillation, cancer, chronic kidney disease, chronic obstructive pulmonary disease, dementia,

depression, diabetes, epilepsy, heart failure, hypertension, learning disability, mental health disorder, non-diabetic

hyperglycaemia, osteoporosis, peripheral arterial disease, palliative care, rheumatoid arthritis, coronary heart

disease, stroke and transient ischaemic attack.

Risk factor clusters

The cluster analysis of 854,914 patients with 1+ falls risk factors identified four clusters of

risk factors for falls (Tables 2 & 3). There was little variation in the ratio of males to females

between the clusters; within clusters, females were over-represented compared to males.

Obesity and multimorbidity were highly prevalent in all clusters (>19% and >40%,

respectively) and more than 10% of patients in each cluster were prescribed a Falls Risk



Increasing Drug (FRID).
Cluster 1: low age + low risk factor count + low deprivation (n= 168,627)
In this cluster, mean age was 43.0 (SD 12.8) and mean risk factor count was 2.55. Nearly half
of the patients were Asian or British Asian (47.13%). Deprivation levels were low (all scores
=6). Mobility issues, sensory issues, and cognitive impairment were coded for less than 5%
of patients. The prevalence of anaemia was highest in this cluster (28.17%) and vitamin D
deficiency was also common (10.45%).
Cluster 2: low age + low risk factor count + high deprivation (n= 313,056)
Cluster 2 was similar to cluster 1 in terms of age (mean age 41.7 (SD 12.4)), ethnic profile
and mean risk factor count (2.69); however, deprivation levels were high in this group (all
scores 1-5). Like cluster 1, the prevalence of mobility issues, sensory issues, and cognitive
impairment were low. Depression was highest in this cluster (26.29%).
Cluster 3: high age + high risk factor count + low deprivation (n= 156,888)
Older patients were over-represented in this cluster - more than half were over the age of 70
(mean age 71.0 (SD 11.6)). Multi-morbidity and polypharmacy were highly prevalent (71.52%
and 25.83%, respectively) and the mean risk factor count was 4.69. Deprivation levels in this
cluster were low (all scores >6). This cluster had the highest prevalence of cardiovascular
disorders and the highest proportion of patients taking FRIDs.
Cluster 4: high age + high risk factor count + high deprivation (n= 216,343)
Mean risk factor count for this cluster was 5.12. Like cluster 3, patients in this cluster were
older (mean age 68.7 (SD 11.6)); almost all patients (99.07%) were >50 years old and 61.04%
were White. Deprivation levels were high (all scores =<5). This cluster has the highest
prevalence of multi-morbidity (76.69%) and hyper-polyphaimacy (17.37%) as well as the
highest proportions of many falls risk factors including cognitive impairment, mobility
problems, sensory issues, urinary incontinence, and others; the highest prevalence of severe
frailty was in this cluster and nearly a third of patients (32.70%) had a history of falls.
Table 2. Description of sociodemographic characteristics among clusters
Legend: percentage (%) of patients within a cluster

<5%

5-9%

10-19%

20-29%

30-39%
B 40-59%
-260%

Cluster 1:  Cluster 2 Cluster 34 Cluster 4

n= 168,627 n= 313,056 n= n= 216,343
19.72%  36.62% 156,888  25.31%
18.35%

Age
18-30 16.74 18.63 0.00 0.00
30-39 23.87 25.50 0.00 0.00
40-49 30.51 29.78 0.05 0.93
50-59 16.14 17.16 20.01 23.77
60-69 12.68 8.92 23.59 28.45
70-79 0.06 0.03 31.66 27.51
80-89 0.00 0.00 19.05 15.21
90+ 0.00 0.00 5.64 4.12

Gender



Female s757  s715 5376 s400

Male 924 4284 4624 4600
Ethnicity

Asian or Asian 13.84 13.16

British

Black or Black7.76 16.33 2.66 11.30

British

Mixed 3.42 4.40 1.63 2.47

Other ethnic group 10.20 9.66 8.39 12.04

white 492643 (SN CEOE
Deprivation
decile

1 0.00 3.70 0.00 3.93

2 0.00 16.10 0.00 17.19

3 0.00 23.70 0.00 22.60

4 0.00 0.00

5 0.00 23.30 0.00 24.59

6 _0.00 28.90 0.00

7 23.77 0.00 22.70 0.00

8 19.83 0.00 22.87 0.00

9 13.09 0.00 17.59 0.00

10 6.23 0.00 8.57 0.00
Primary
language

English W33 S ASES

Not English 24.30 _12.20 20.06

Notrecorded  BSEBIINE002, . EEESIN=425 0

Table 3. Description of falls risk factors among clusters

Legend
<1%
1-4%
5-9%
10-19%
L 20-29%
N30-39%
B 40-69%
B =70%

Mean risk factor count
Falls history
Multi-morbidity

Cluster 1 Cluster 2 Cluster 3  Cluster 4
Younger, Younger, Older, lowOlder, high

low high deprivation deprivation
deprivation deprivation
2.56 2.70 4.70 5.12

10.03 11.33 3032 3270
4094 4460 7152 7669



Mobility
Problems

Sensory
Problems

Reduced
functional
ability

Impaired
cognition

Medication

Urinary
incontinence

Poor
nutritional
status

Cardiovascular

disorder

Other
contributing
disease

Foot or lower I|limb5.32

problems

Mobility issue - general 0.35
Transfer problems 0.36
Problems with gait 0.37
Use of walking aid 0.07
Fear of falling 0.08
Muscle weakness 0.03
Vision problem 4.77
Hearing problem 1.88
Dizziness - vestibular3.39
issue

Housebound 3.00
Reduced functionall.24
ability

Activity limitation 0.02

Memory & cognitive3.02
problems
Learning Disability 2.26

Polypharmacy 5.99
Hyper-polyphaimacy  3.07
Falls-Risk Increasing11.50
Drug

Urinary incontinence  9.84

Obesity 19.01
Vitamin D deficiency 10.45
Excessive alcohol0.75
intake

Malnutrition 0.01

Hypotension & syncope 12.86
Brady- or2.13
tachyarrhythmia

5.13

0.54
0.46
0.43
0.08
0.09
0.04

5.42
2.01
3.76

2.67
1.81

0.02

2.42
9.65

3.98
10.48

10.00

23.63
11.45
0.91

0.01

11.57
2.02

7.57

4.04
2.36
1.63
1.16
0.61
0.12

14.33
7.98
4.31

8.32
4.25

0.13

10.44
0.49
25.83

12.36
22.86

19.50

20.61
4.51
0.58

0.04

16.97
6.11

7.97

5.30
3.04
2.00
1.38
0.84
0.19

16.13
8.02
4.58

8.32
6.33

0.14

11.55
0.88
26.32

17.37
21.52

20.41

27.54
6.20
0.83

0.06

16.25
5.52



Anaemia 28.17 26.69 24.02 25.20

Arthritis 8.17 8.32 30.25  30.97
Depression 24.73 26.29 19.55 24.39
Diabetes 12.22 13.83 20.19 26.11
Electrolyte disorder 0.90 1.04 5.06 5.45
Frailty - mild 17.28 17.09 24.59 24.55
Frailty - moderate 5.33 5.46 18.80 19.19
Frailty - severe 1.17 1.34 15.71 16.89
Multiple Sclerosis 0.35 0.28 0.43 0.37
Osteoporosis 0.09 0.06 2.04 1.34
Parkinson’s Disease 0.08 0.06 0.96 0.73
Peripheral neuropathy 0.35 0.38 1.03 1.05
Stroke & TIA 0.92 0.95 6.29 6.42

Association with falls-related hospital encounters

During the 12-month period between 1st June 2022 and 31st May 2023, 8,095 adult patients
(0.95% of the population with 1+ risk factor(s) had a falls-related hospital encounter (i.e. ED
attendance and/or inpatient admission) coded in their medical records. Most patients
(99.81%, n=8,080/8,095) attended hospital via the ED and 7,633 were admitted as hospital
inpatients. The risk of a falls-related hospital encounter amongst those with a falls risk factor
was 11 times higher in clusters 3 (older, low deprivation level) and 4 (older, high deprivation
level) (RR 11.63, 95%CI 10.30-13.13 and RR 11.45, 95%Ci 10.14-12.92, respectively)
compared to cluster 1 (younger, low deprivation level) (Figure 1). The risk for cluster 2
(younger, high deprivation level) was 29% higher than for cluster 1 (younger, low deprivation
level), on average (RR 1.29, 95%CI 1.12-1.49). Risk ratios are presented unadjusted, as
cluster membership encodes the combined sociodemographic and clinical profile of each
group. The Cluster 1 vs. Cluster 2 comparison is of particular note as these clusters are age-
matched, and the observed difference in falls-related hospital risk is attributable to
deprivation rather than age. For those who had a falls-related hospital encounter, the
probability of receiving diagnostic imaging did not differ significantly across clusters (Figure
S5, Table S4), however, for falls-related hospital admissions, LOS varied significantly between
clusters (F=71.17, p<.0001); mean LOS was highest in cluster 4 (mean 8.10 days, 95% CI
7.28-8.42) and lowest in cluster 2 (mean 2.98 days, 95% Cl 2.54-3.42) (Figure 2, Table S4).
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ANOVA revealed statistically significant group-level differences between clusters
(F=71.17, p<.0001).
Discussion

In this population-based study, obesity, multi-morbidity, and the prescription of Falls Risk
Increasing Drugs were the most common falls risk factors. Anemia and vitamin D deficiency
were common in the two younger patient groups while cognitive impairment, sensory issues,
polypharmacy, a frailty and arthritis were prevalent in the two older patient groups. For both
the older and younger cluster pairs, the main distinguishing characteristic was deprivation
level. Younger patients with higher levels of deprivation were at higher risk of falls-related
hospital admission. In addition to the higher likelihood of presenting to hospital after a fall, the
older, multi-morbid patients also had the longest lengths of stay. We observed a relatively high
proportion of White patients in the older, high-risk clusters and a relatively high proportion of
Asian or British Asian ethnicity in the younger clusters.

While most EHR- based falls research centres on supervised prediction, we use unsupervised,
population-level clustering of London-based records to define practical risk segments that can
help prioritise reviews. We observed a high prevalence of obesity across all clusters including
younger patient groups with a low risk of requiring falls-related care in hospital; these results
are consistent with previous research which has shown that obese individuals are more likely
to fall but do not have a higher risk of fall-related injuries [29], [30]. Consistent with previous
research, we have demonstrated that risk factors for falls tend to aggregate and accumulate
with age, leading to different levels of risk for falls requiring hospital-based care [18], [20]. We
have shown that this risk is 11-fold in older patients who present with multiple risk factors for
falls compared with younger patients with fewer risk factors. Beyond multi-morbidity and frailty,
few previous studies have explored whether specific combinations of comorbidities account for
a disproportionate use of hospital resources relating to falls [30]. Frailty was indeed highly
prevalent in our cohort, but we also observed high proportions of and arthritis and diabetes in
the clusters at greatest risk of requiring hospital-based care. Although the co-occurrence of
these conditions can be explained by older age, focusing risk management efforts on people
with this specific comorbidity profile may be an effective approach [18].

Our finding that younger patients with higher levels of deprivation were at higher risk of falls-
related hospital admission is meaningful in the context of limited existing evidence evaluating
this relationship [19], [31], [32]. This finding is particularly significant when considering the
complex interactions between depression, obesity, and fall risk. Depression can impair
cognitive and motor functions, while obesity contributes to balance issues and reduced physical
activity. The interconnected nature of these factors suggests that targeted interventions
addressing mental health, weight management, and socio-economic barriers could potentially
reduce fall-related hospitalisation. By understanding these multifaceted risk factors, healthcare
providers can develop more comprehensive strategies to prevent falls and improve patient's
outcomes, especially among vulnerable younger adults experiencing economic hardship.

We observed that a high proportion of patients in the high-risk clusters were White, whilst Asian
or British Asian ethnicity was highly prevalent in the low-risk groups. We observed that a high
proportion of patients in the high-risk clusters were White, whilst Asian or British Asian ethnicity
was highly prevalent in the low-risk groups. While few studies have considered differences in
falls-related hospital resource utilisation between ethnic groups, our results align with pre-
existing evidence of differences in fall prevalence between ethnic groups [33]. Potential
explanations for these observed differences remain poorly understood. The interaction
between ethnicity, deprivation, and clinical risk is complex and likely reflects both differential
access to preventive care and variation in the prevalence of underlying conditions across
communities. In Cluster 2, which had the highest proportion of Black or Black British patients
alongside high deprivation levels, the elevated falls-related hospital risk may partly reflect
socio-economic barriers to community-based falls prevention. These interactions warrant
further investigation in dedicated analyses with appropriate statistical adjustment.



Each cluster profile suggests a distinct priority for preventive action: older, multimorbid patients
(Clusters 3-4) are suited to clinical medication review and multidisciplinary falls assessment,
while younger, deprived patients (Cluster 2) are better targeted through community-based and
social prescribing approaches.Targeting older patients with specific comorbidity profiles could
be more effective for falls prevention than generalized prevention programmes. Integrated
Care Boards should concentrate resources towards polypharmacy, particularly among older
patients with multi-morbidity, leveraging digital tools to identifying and prioritise patients for
SMR [34], [35]. For example, a recent study leveraged EHR data to create a prediction tool for
fall-related hospital attendance based on multifactorial risk [36]. This kind of prediction tool
could be used to prioritise high-risk patients in greatest need of SMR. Our results highlight the
need for such a tool to be calibrated to the local population, as we were able to identify
homogenous clusters of patients based on risk factor profiles and demographic features specific
to NWL population. Population-based approaches using social prescribing interventions directed
towards younger patients could target obesity, anaemia, and vitamin D deficiency by
addressing lifestyle factors such as healthy eating, physical activity, and spending time
outdoors. However, further research is needed to determine the effectiveness of social
prescribing in relevant areas such as chronic disease management and frailty prevention [37],
[38]. Exercise referral schemes are a promising avenue towards increasing physical activity
[39], not only for improving mobility amongst frail populations, but also to reduce prevalence
of obesity, itself a falls risk factor [28]. Overall, older, multimorbid segments (Clusters 3-4) can
be proactively prioritised for Structured Medication Reviews (with FRID deprescribing prompts)
and multidisciplinary falls-clinic referral, while the younger, high-deprivation segment (Cluster
2) is suited to community interventions (social prescribing, weight management,
anaemia/vitamin D optimisation). These FRID prompts can be aligned with STOPPFall, the
consensus tool for identifying fall-risk-increasing prescriptions in older adults [40]. Although
these programmes are widely available across locai authorities in England and Wales, further
research is required to assess their effectiveness tocwards health outcomes [41]. Finally, our
findings highlight the need for further research to understand how consideration of social
deprivation and ethnicity could lead to more eifective population level falls risk management
strategies in diverse communities such as NWL.

Strengths of this study include the large and diverse sample of adult patients and data from
linked patient records across primary and secondary care. The study population is drawn
exclusively from North West London, but NWL serves a diverse population of 2.1 million
people annually, with sociodemographic characteristics summarised in Table S3. Moreover,
the methodology, rather than the specific cluster parameters, is intended to be transferable
to other Integrated Care Systems or health systems with comparable linked EHR
infrastructure. We sought to add to the evidence base by evaluating patterns of risk factors
and how they interact to increase the risk of a falls-related hospital encounter; it was not
possible to draw conclusions about the effects of individual risk factors with our study design.
The prevalence of certain falls risk factors could be underestimated in our dataset, which only
contains records of falls risk factors where clinically coded. It is likely that some risk factors are
coded inconsistently - for example, we observed a low rate of coded mobility problems despite
a high prevalence of frailty. We attempted to mitigate against variation in coding practices by
using standard code lists from the QOF and the eFl, where possible. Due to coding practices,
our analyses may not have captured all patients attending the ED after a fall; we suspect that
falls are not coded consistently in the ED as many of the patients coded for a fall during their
initial hospital admission were not coded for a fall while in the ED. Healthcare cost data were
not available within the current data access approval; future studies with access to HRG-
level cost data could provide a more complete picture of the economic burden by cluster.
Although more granular information (e.g., fracture types and other injuries) were available,
these were intentionally aggregated into clinically defined falls-related risk factors (Table
S1) to ensure consistency with established clinical assessment frameworks and to reduce
sparsity across low-frequency subcategories. Given that falls appear to be undercoded in the
ED, our outcome measure likely underestimates the true burden of falls-related hospital use.
A formal sensitivity analysis varying the outcome definition was not feasible within the current



study design and will be explored for future work. Since only GP prescriptions are included in
the WSIC database, our analyses do not include medications prescribed in other settings.
Finally, we used the eFl to determine frailty prevalence as the tool uses validated code lists.
However, the eFl is known to overestimate frailty [42]. As with all EHR-based studies, the
findings are subject to limitations arising from coding completeness, consistency, and
accuracy. Formal stability analysis of the cluster solution (e.g., via bootstrap resampling) was
not conducted and represents a direction for future validation work. These findings should be
interpreted in the context of the study design. Prospective evaluation of targeted
interventions based on these risk profiles will be needed to establish their effectiveness in
reducing falls-related hospital use. Formal stability analysis of the cluster solution (e.g., via
bootstrap resampling) was not conducted and represents a direction for future validation
work. Future work also should seek to replicate this methodology in rural populations and
health systems with different demographic profiles. Integration of real-time monitoring data
such as sensor-based measurements alongside EHR-derived risk profiles represents a
promising direction for improving the precision of individual-level risk assessment.

Conclusions

Population-level falls risk factor profiles can be determined using coded data from linked EHR.
This study has identified distinct clusters of adult patients in the NWL population based on
sociodemographic characteristics and falls risk factors that are coded in patients’” EHR. Older,
multi-morbid patient groups with a high prevalence of arthritis and diabetes are much more
likely to require hospital-based care and stay in hospital longer following a fall relative to
younger, fitter population clusters. Amongst younger patient groups, patients with higher
deprivation are more likely to require hospital-based care than patients with lower
deprivation. This study highlights the potential of unsupervised machine learning on routinely
collected EHR data as a scalable, practical approach tc uncovering high-risk profiles and
informing more effective, data-driven falls prevention strategies.
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