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Abstract

Background: With 28%-35% of individuals aged 65 and older experiencing incidents of falling, falls are the second leading
cause of unintentional injury-related deaths globally. Limited availability of clinical staff often impedes timely detection and
prevention of potentia falls. Advances in artificia intelligence (Al) could complement existing fall risk assessment and help to
better allocate nursing care resources. Y et, many studies are based on small datasets from a single institution, which can restrict
the generalizability of the model, and do not investigate important aspects in Al model development such as fairness across
demographic groups.

Objective: This study aims to provide a comprehensive empirical evaluation of the potential of Al in nursing care, focusing on
the case of fall risk prediction. To account for demographic and contextual differencesin fall incidences, we anayze data from a
university and a geriatric hospital in Germany. To the best of our knowledge, these are the largest datasets for fall risk prediction
to date with heterogeneous data distributions. We focus on three key objectives: Does Al help in improving fall risk prediction?
Which approaches should be considered and how can Al models be trained safely across different hospitals? Are these models
fair?

Methods: This study used two datasets for fall risk prediction: one from a university hospital with 931,912 subjects, 3,351 of
whom experienced falls, and another from a geriatric hospital with 12,773 subjects, 1,728 of whom have fallen. State of the art
Al models were used within three experimental approaches. First, separate models were trained on the data from each hospital;
second, models were retrained on the respective other dataset; and Federated Learning (FL) was applied to both datasets for
collaborative learning. The performance of these models was compared to the rule-based systems for fall risk prediction.
Additional analysiswas conducted to test for model fairness.

Results: Our findings demonstrate that Al models consistently outperform rule-based systems across all experimental setups,
with AUROC of 0.735 (90% CI 0.727 - 0.744) for the geriatric hospital, and 0.93 (90% CI 0.928 - 0.934) for the university
hospital. FL did not improve the fall risk prediction in this setting. Our fairness analysis ruled out disparities in model
performance between different gender groups, but we found fairness infringements in age-based performance.

Conclusions: This study demonstrates that Al models consistently outperform traditional rule-based systems across
heterogeneous datasets in predicting fall risk. However, it also reveals the challenges related to demographic shifts and label
distribution imbalances, which limited the FL models ability to generalize. While the fairness analysis indicated promising
predictive parity and equal opportunity across gender subgroups, age-related disparities emerged. Addressing data imbalances
and ensuring broader representation across demographic groups will be crucial for developing more fair and generalizable
models.
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The Potential of Al in Nursing Care: A Multi-Center Evaluation in Fall Risk
Assessment

Abstract

Background: With 28%-35% of individuals aged 65 and older experiencing incidents of falling,
falls are the second leading cause of unintentional injury-related deaths globally. Limited availability
of clinical staff often impedes timely detection and prevention of potential falls. Advances in
artificial intelligence (AI) could complement existing fall risk assessment and help to better allocate
nursing care resources. Yet, many studies are based on small datasets from a single institution, which
can restrict the generalizability of the model, and do not investigate important aspects in AI model
development such as fairness across demographic groups.

Objectives: This study aims to provide a comprehensive empirical evaluation of the potential of Al
in nursing care, focusing on the case of fall risk prediction. To account for demographic and
contextual differences in fall incidences, we analyze data from a university and a geriatric hospital in
Germany. To the best of our knowledge, these are the largest datasets for fall risk prediction to date
with heterogeneous data distributions. We focus on three key objectives: Does Al help in improving
fall risk prediction? Which approaches should be considered and how can Al models be trained
safely across different hospitals? Are these models fair?

Methods: This study used two datasets for fall risk prediction: one from a university hospital with
931,912 subjects, 3,351 of whom experienced falls, and another from a geriatric hospital with 12,773
subjects, 1,728 of whom have fallen. State of the art Al models were used within three experimental
approaches. First, separate models were trained on the data from each hospital; second, models were
retrained on the respective other dataset; and Federated Learning (FL) was applied to both datasets
for collaborative learning. The performance of these models was compared to the rule-based systems
for fall risk prediction. Additional analysis was conducted to test for model fairness.

Results: Our findings demonstrate that AI models consistently outperform rule-based systems across
all experimental setups, with AUROC of 0.735 (90% CI 0.727 - 0.744) for the geriatric hospital, and
0.93 (90% CI 0.928 - 0.934) for the university hospital. FL. did not improve the fall risk prediction in
this setting. Our fairness analysis ruled out disparities in model performance between different
gender groups, but we found fairness infringements in age-based performance.

Conclusions: This study demonstrates that AI models consistently outperform traditional rule-based
systems across heterogeneous datasets in predicting fall risk. However, it also reveals the challenges
related to demographic shifts and label distribution imbalances, which limited the FL. models’ ability
to generalize. While the fairness analysis indicated promising predictive parity and equal opportunity
across gender subgroups, age-related disparities emerged. Addressing data imbalances and ensuring
broader representation across demographic groups will be crucial for developing more fair and
generalizable models.

Keywords: fall risk prediction; machine learning; artificial intelligence; federated learning; clinical
decision support; nursing care; fairness
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Introduction
Background

Falls are the second most common cause of unintended injury-related deaths worldwide, mostly
affecting elderly people. Globally, falls are responsible for approximately 680,000 deaths annually
[1,2]. Furthermore, falls have been identified as one of the most prevalent risk factors impacting
elderly people, especially inpatients [3,4]. In the United States the fall rate is 3.56 per 1000 patient-
days [5]. In Germany, an analysis of data from 55 institutions in 2004 reported that the fall rate in
hospitals was 4.2 per 1000 patient-days, while in nursing homes, it was 5.1 per 1000 patient-days [6].
According to [7], the average incidence of falls in nursing homes is 1.5 falls per bed per year, with a
range from 0.2 to 3.6 falls per bed annually.

The incidence of falls among the elderly population not only causes significant physical health risks,
including fractures and head injuries, but also results in psychological and social consequences, such
as fear of falling, which can impair quality of life [1,4]. Moreover, this also leads to increased
healthcare costs and longer hospital stays [5]. The limited availability of professional resources such
as physical therapists, nurses, and doctors hinders timely detection and prevention of potential falls
[8]. In Germany, nursing care wards are understaffed with an estimated shortage of 100,000 to up to
520,000 nurses by 2030 [9]. According to recent reports this will continue to increase until 2049 with
280,000 to 690,000 missing nurses [10]. At the same time, according to [2], 28% [11] to 35% [12] of
individuals aged 65 and older experience at least one fall, a rate that increases to 50% for those aged
80 years and older. In addition, it is estimated that by 2030 one in six individuals will be aged 60 or
older [4]. Therefore, it is crucial to develop highly effective assessment tools for predicting fall risk
in patients to reduce the number of people who experience falls and to enable nurses to make more
informed decisions regarding fall risk management [13,14].

Existing rule-based fall risk assessment tools, such as The Expert Standard for Fall Prophylaxis
(ESFP) [15] and the World Guidelines for Falls Prevention (WGFP) [16], are built on existing
literature and focus on a broad range of indicators. ESFP focuses on demographic parameters, risk
indicators such as fear, fractures, lack of mobility and balance, contracture, diabetes, calcium
deficiency, overweight, depression, mobility aid such as walking stick, wheelchair or knee tutor,
dementia or cognitive impairment, and the Timed "Up & Go" (TUG) test [17]. WFGP is based on a
set of rules that cover mobility related risk factors such as the fear of falling, mobility aid such as
walking stick, wheelchair or knee tutor and the TUG test, sensory functioning indicators such as
dizziness, glasses, acuity, contract perception, hearing aid, then the Barthel index (BI) [18], a
measurement for Activities of Daily Life (ADL), the cognitive function rules, such as the Mini-
Mental State Examination (MMSE) [19], presence of delirium, behavioral patterns such as
excitement, focus, apathy, tendency to stray, then autonomous functions such as orthostatic
hypotension, nocturia or incontinence, medical history such as signs of Parkinson or depression, and
nutrition history and vitamin D deficiency.

In contrast to these guidelines using a broad range of indicators, others often focus on a smaller set of
indicators, for example, the Morse Fall Scale [20], the Hendrich II Fall Risk Model [21], and the St.
Thomas Risk Assessment Tool [22]. Often those use specialized tests such as TUG or Tinetti [23]
evaluate whether patients have balance or walk impairments. In addition to traditional risk
assessment tools, there have been attempts to develop machine learning (ML) and artificial
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intelligence (AI) (we use ML and AI interchangeably) models for better fall risk assessment [3—
5,8,14,24-32]. Multiple studies leverage data from wearable devices [8,24,25] and camera motion
tracking data [29,31] for fall prediction. For example, the authors of [31] use a camcorder to gather
data, and they base their analysis on different types of falls. Other studies focus on tabular data
[3,4,14,28,30,32,33], such as demographic information, initial diagnosis, risk factors (such as history
of falls, Activities of Daily Living (ADL), medication and/or cognitive impairments. The most
commonly used models for tabular data in these studies were Support Vector Machines (SVM),
Logistic Regression, Decision Trees, Random Forrest and Gradient Boosting Trees. Of these,
Random Forests and Gradient Boosting Trees have been shown to perform better on tabular data
[34].

However, these studies rely on data from a single hospital, which could restrict the models’ ability to
generalize to datasets from other hospitals. These generalization issues stem from fundamental
demographic differences between datasets and emphasize the importance of inclusive data collection,
as different distributions often carry distinct risk factors [27,35]. Achieving broader population
representation for training AI models can be challenging, particularly in hospital settings, where data
privacy is important. However, there are potential solutions, such as retraining of models on local
data [36], Federated Learning (FL) [37] and variations thereof [38]. In such collaborative learning,
multiple participants or institutions simultaneously train a common AI model. FL often shows
advantages in the medical domain, addressing key challenges such as data privacy, data scarcity, and
the need for collaborative research. Numerous studies [39-42] have shown that FL. can help in
developing joint models by leveraging data from multiple centers.

Obijective

In this study, we use two large-scale tabular datasets, coming from one of the largest hospitals of
Germany and from a smaller geriatric hospital. We explore the potential of Al in addressing one of
the key challenges in modern healthcare systems: developing data-driven Al models which can
handle heterogeneous data distributions, such as those arising from age variations. Our study focuses
on three primary research objectives. First, we examine whether AI models can provide
improvements over traditional rule-based fall risk assessment tools used in nursing care. Second, we
explore approaches for training Al models to collaborate on two large-scale datasets. Lastly, we
assess if the models are fair across diverse demographic groups. To the best of our knowledge, this
study represents the most comprehensive evaluation on the potential of ML for fall risk assessment in
terms of data size, and no existing related studies have specifically focused on investigating the
fairness aspect of a fall prediction model on such a large-scale dataset in Germany. -

Methods
Datasets
General Data overview

We used two anonymized datasets extracted from a large university hospital and a geriatric hospital
in Germany. Both datasets contain central demographic information (age and sex), diagnoses,
procedures, and fall risk assessment scores obtained from tools like the TUG test or the Jones Index
[43]. The procedures, which are interventions performed by a healthcare professional to diagnose,
treat, monitor, or prevent a health condition, follow the standardized German Operationen- und
Prozedurenschliissel (OPS) [44]. The diagnoses follow the International Statistical Classification of
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Diseases, 10. Revision, German Modification (ICD) [45], representing the patients’ most common
diagnosis in their electronic health records (EHR).

ICD and OPS

ICD and OPS are hierarchical classification systems. For example, ICD 121.4 encodes "acute
subendocardial myocardial infarction", which belongs to "acute myocardial infarction" (I124). This
broader category is itself part of "ischemic heart diseases" (120 to 125) that fall under the umbrella of
"diseases of the circulatory system" (I00 to 199). Preliminary experiments with different levels
showed best results when using the fourth level (i.e., 121.4) if available, otherwise level three (Z11).
Similarly, for OPS, we use the third level. For example, "diagnostic catheter examination of the heart
and circulation" (1-27) belongs to "examination of individual body systems" (1-20 to 1-33), which is
part of "Diagnostic Measures" (1-10 to 1-99).

Fall Risk Assessments

Fall risk assessments are conducted manually by nursing staff during the admission process after
hospitalization and updated regularly (at least every five days). The goal is to gather information to
determine whether patients have an increased risk of falling to apply preventive measures. Both
hospitals’ assessments are motivated by ESFP and WGFP described above. Therefore, they similarly
ask for past fall incidences, mobility impairments, cognitive impairments, excretions, and certain
medications, such as psychotropic drugs or sedatives. However, they use different measurements to
determine patients’ impairments.

The university hospital adheres to the patient classification system introduced by Jones [43], which
assess the patients’ independence in different dimensions of daily life, such as, feeding, personal
toilet, and walking. On the other hand, the geriatric hospital employs a suite of measurements
specialized for specific aspects. The TUG test measures the time (in seconds) required for a patient to
stand up from a chair, walk 3 meters, turn, walk back, and sit down again. A TUG score of >20
seconds is indicative of a mobility impairment. The Mini-Mental State Examination (MMSE) [19]
test is a series of questions and verbal and written commands to test for cognitive impairments.
Patients can achieve up to 30 points (more is better), where MMSE <23 is considered a cognitive
impairment. Finally, the Tinetti test assesses patients’ balance (15 points) and gait (13 points) to
determine their risk of falling. A score of <20 (out of 28) points is indicative of an increased fall risk.

University Hospital Data

The university hospital dataset comprises of 931,912 Electronic Health Records (EHRs) ranging
between 2016 and 2022. The patients range in age from 19 to 124 years, with a mean age of about 58
years and a median age of 59 years. About (496,588/931,912, 53%) of the patients are female. A
mere (3351/931,912, 0.36%) of patients have experienced at least one fall incident, which occurs
more often for older patients.

Geriatric Hospital Data

This dataset is considerably smaller, with only 12,773 patients between 2019 and 2022.
Furthermore, the prevalence of fall incidence is higher, (1,728/12,773, 13.53%), and the patients are
older, ranging between 62 and 102 years (mean: 79, median: 80). Additionally, this dataset includes a
measure of the patients’ independence, the Barthel index [18]. The index considers various daily
activities such as, feeding, personal toilet, walking, etc., and computes a score between 0 and 100,
where 100 indicates full independence and 0 indicates full dependence on help.

Common Data Schema

In this study, we encountered the challenge of integrating data from two different sources, the
geriatric hospital and university hospital, which initially had distinct data schemata. To develop a
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comprehensive and effective predictive model, it was crucial to harmonize these datasets into a
unified format. This process involved identifying common features between the two hospitals’ data
schemata and aligning them accordingly. To achieve a unified dataset schema, we mapped the
common features across both hospitals, ensuring that each corresponding attribute hold the same type
of information and adhered to the same format. For example, the indicator if a person is wearing
orthosis in one dataset is listed under "medical items", and in the other under "mobility", both
defined as text fields. We mapped both columns to a common binary feature. For the features unique
to either geriatric or university hospital, we incorporated them into the combined schema by
assigning null values where the data is not available. This approach ensures that no information is
lost while preserving the dataset's integrity. The common data schema consisted of 124 columns. By
carefully managing the disparities in data schemata, we ensured that our fall prediction model can
perform well across both hospital environments.

Ethics Approval

The ethics committee of the Charité — Universitdtsmedizin Berlin, Germany approved this data
analysis (EA2/184/21). Due to the retrospective design of the study using data from standard care the
need for informed consent was waived. The data protection officers of the Charité and the EGZB
advised on data protection rules to ensure compliance with those rules. Data from the Charité were
anonymized using standard procedures involving their Health Data Platform, while the EGZB
anonymized their data according to internal procedures prior to analysis. We consulted the guidelines
for developing and reporting machine learning predictive models in biomedical research [46].

Experiments
Baselines

Expert Standard for Fall Prophylaxis

The ESFP is curated by the German Network for Quality in Nursing (DNQP) [15] and the German
Board of Trustees for the Elderly (KDA) [47]. The aim of the ESFP is to determine the risk of falls
for people in need based on a selection of risk factors. These factors include the history of falls and
fractures, fear from falling, mobility impairment (strength, balance, endurance, flexibility) and
cognitive impairments. They recognize three additional types of risk factors: personal fall risk
factors, like vision impairment or cognitive impairment, medication-related fall risk factors, like
psychotropic drugs which affect mental processes, and environmental fall risk factors, e.g., obstacles
on the floor. This guideline is used by nurses who should assess patients for all potential risk factors
and note their severity. Patients who are at high risk of falling should receive help that prevents falls.

World Guidelines for Falls Prevention

The WGFP [16] is the product of a worldwide collaboration of 96 experts. While developing the
guidelines, they incorporated input from elderly people and final decisions were reached through a
minimal voter consensus. Initially, the guidelines have two ways of assessing the fall risk. First, there
is the opportunistic case finding which includes people who fell in the last 12 months. This approach
has low sensitivity as it does not take any risk factors into account but can be used for certain
patients, for whom more information is not available. The other, more recommended tool from the
guideline, applies to patients who have fallen in the past year, or feel unsteady when standing or
walking, or worry about falling. Then, an additional assessment identifies the risk of falling. The
overall assessment is rule-based, and the end outcome is the indicator if a patient needs an additional
help. Its decisions are based on some risk factors such as injury or loss of consciousness, as well as
some directly measured values, like a TUG test resulting in longer than 15 seconds.
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Implementation

To implement these rule-based systems, we followed the well-known scikit-learn[48] API for ML
models, which offers a fit, predict, and predict_proba method. Since these baselines follow fixed
rules, the fit method only exists for interoperability and does not do anything. We implemented these
rule-based systems based on the available data, described in Section Datasets, which predict
increased risk of falling if any of the rules apply. However, in our implementation predict_proba
computes how many of the predefined rules apply. For some of the features, e.g., diabetes and
depression, we looked up whether the patient had ICD codes associated with them.

Al Model and Experimental Frameworks

Al model

Random Forests and Gradient Boosting Trees are recognized for their performance on tabular data,
as evidenced by recent research [34]. Among these techniques, XGBoost has distinguished itself as a
particularly effective algorithm for handling tabular datasets and has been used in the specifically the
medical domain [3,28]. In our study, initial experiments indicated that tree-based models outperform
other model classes (Multimedia Appendix, Table 8). Therefore, in this study, we chose XGBoost as
our Al model and its python implementation [49] accordingly.

Federated Learning FL [37] is a collaborative learning approach wherein multiple participants
or institutions simultaneously train a machine learning model. Instead of collecting training
data in a central repository, the sensitive data stays within the respective institution and
instead of the data, model parameters are shared between institutions, thus maintaining data
privacy. This approach is particularly advantageous when individual institutions lack sufficient
data to independently train a robust model. Each participant then sends their model updates to
a central server to aggregate them and create a unified common model. The unified model is
then sent back to all participants for additional training. FL often shows advantages in the
medical domain, addressing key challenges such as data privacy, data scarcity, and the need for
collaborative research. Numerous studies [39-42] have shown that FL can help in developing
joint models by leveraging data from multiple medical institutions. For our FL experiments, we
used Flower [50], a community-driven python tool that supports XGBoost. Flower facilitates FL
by enabling multiple clients to collaboratively train a model without sharing their raw data. We
chose this tool because of the community support and the ease of implementing such a
complex framework.

Experimental Setup

Baselines

We included the WGFP and ESFP as baselines against which we benchmarked our models. As our
first key objective included comparison with these rule-based models, we applied them to each
dataset to assess whether Al models can provide improvements over the established rule-based fall
risk assessment tools for nursing care.

Separate Models

One model for each dataset was trained exclusively on that data, providing a baseline for hospital-
specific performance. The reason behind these sets of experiments was two-fold. First, we wanted to
compare each hospital individually with the baselines and conclude the assumptions in the first
objective. Second, with this experiment, we partially focused on our second objective: Approaches
for training AI models for collaboration of two large scale datasets. These results served as a baseline
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comparison for our other approaches in training AI models. It is important to acknowledge that in a
setting where hospitals do not collaborate with each other, this is the only viable experiment on a
single-institution basis. We will hereinafter refer to these models as Separate.

Retrained Models

Initially trained on data from one hospital, each of the two models was subsequently retrained using
data from the other hospital, allowing us to assess the benefits of knowledge transfer between
hospitals. This approach was particularly useful when notable domain shifts exist between
institutions, as it allowed the models to better represent a broader, real-world population. The idea
behind this experiment was to gain intuition on how two different large-scale hospital datasets, with
considerable demographic shifts within the age distributions, can complement each-others
knowledge. With this experiment, we partially focused on our second objective and showed an
approach for collaboration of two large scale datasets: Is FL. more advantageous than model
retraining from one hospital to another? We will refer to these experiments as Retrained.

FL Model

This model was trained simultaneously on data from both hospitals. As detailed in Section Federated
Learning, FL is a collaborative model training across multiple institutions while preserving privacy,
which allows models to benefit from diverse data sources. We performed this experiment to
determine whether combining these two different large-scale datasets could contribute to a more
effective model by leveraging the collective knowledge from both institutions. We will refer to this
model as Federated.

Table 1. Al model—range of hyperparameter values.

Parameter Range
num_parallel_tree (10, 210)
eta (5e-3, 0.2)
max_depth (3, 11)
colsample_bytree (0.5, 1)
min_child_weight (1, 6)

Data and Models Environment

The Experiments were conducted using a single machine to simulate a distributed environment. For
the retrained experiments, the model was initially trained on one dataset and then saved to disk.
Subsequently, the model was loaded from disk, along with a second dataset, and further trained. In a
practical distributed setting, instead of saving the model to disk, it would be digitally transferred to
another hospital or accessed via a shared infrastructure. For the FL experiments, a central server
managed the secure distribution of models to participating clients. Again, all three processes were
run on a single machine, with two clients simulating hospitals, each accessing a single dataset and
communicating solely with the central server. This single-machine simulation is functionally
equivalent to a distributed system with machines communicating over the internet.

Cross Validation

To determine the optimal set of hyperparameters in each experiment, we conducted random search
[51] for each dataset, selecting certain ranges for each hyperparameter (Table Error: Reference
source not found). We performed a nested 5-fold cross validation to optimize for the best set of
hyperparameters, consisting of: a learning rate (eta) of 0.0089, 97 parallel trees (num_parallel_tree),
maximum depth (max_depth) of 5 for each tree, the minimum child weight (min_child_weight) was
set to 3, and the 57.8% (0.578) of all features were used by each tree (colsample_bytree). These
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parameters provided the best results across both institutions. In the outer loop of our 5-fold cross
validation we evaluated the models’ generalization and robustness by comparing the test set scores
over every fold. In contrast to other studies [5,30,52], we trained and tested on stratified splits
derived from the original dataset distribution. We did not remove positive samples from the
distribution nor performed Synthetic Minority Oversampling Technique (SMOTE) to account for the
imbalanced classes.

Evaluation Metrics

In our model evaluation strategy, we aimed at comparability with previous work and evaluated all
relevant metrics but focus primarily on the established metrics. We chose AUROC for optimization
and model evaluation similarly to previous studies on fall risk assessment [3-5]. Given that our
models were optimized for the highest AUROC score, we needed a calibrated threshold and a better
suited metric for the binary decisions when directly comparing the models. To perform a calibrated
evaluation, we selected a fixed decision threshold based on the F1 score, since it is a combined
metric of both precision and recall, which were further used for fairness analysis as well.

Fairness Metrics
Equal Opportunity

While there are a sizeable number of fairness metrics available [53], in this study we focused on the
most established ones [54]. Equal Opportunity specifically focuses on ensuring that the False
Negative Rate (FNR) is equal across the different groups. The False Negative Rate is the probability
that a subject in the positive class is incorrectly predicted to be in the negative class [54]. Equal
Opportunity requires:

FNR= FN

FN+TP
where FN is the number of false negatives and TP is the number of true positives. For Equal

Opportunity to be satisfied, we need:
FNR,,, ~=FNR

Mathematically, a classifier with equal FNR will also have equal True Positive Rate (TPR). In this
study we used TPR to express equal opportunity as it is directly translated into recall.

To give an example on how equal opportunity is relevant for this study, consider two patients in our
geriatric ward: one is 70 years old female with a high risk of falling, and the other is 70 years old
male with the same risk level. Suppose the predictive model has missed that the female patient is at
high risk of falling and thus this patient does not get timely intervention. Equal opportunity then
requires that the model should similarly estimate that the male patient should not be at risk, thus a
potential gender inequality would be excluded from the model in this scenario.

Group B

Predictive Parity

Predictive Parity examines whether the probability that a subject with a positive predictive value
(PPV) truly belongs to the positive class (or precision) is equal across different subgroups [54]. The
precision is measured as:
TP

PPV =

TP+FP
where TP is the number of true positives FP is the number of false positives. For Predictive Parity to
hold, we need:
PPV ;0pa=PPV

Group B

In this work we choose this metric as it is directly translated into Precision.
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To explain how predictive parity would be relevant in this setting, consider two patients in our
geriatric ward: one is 70 years old with a high risk of falling, and the other is 90 years old with the
same risk level. Suppose the predictive model has identified the 90-year-old patient is at high risk of
falling and thus this patient needs additional preventive measures. Predictive parity then requires that
the model should similarly identify the 70-year-old patient as high risk so this patient would not be
excluded from intervention, no matter their age.

Feature importance

To investigate potential causes for difference in predictive performance between the established rule-
based systems and Al models, we used SHapley Additive exPlanations (SHAP) to finding the most
important features for our models. It is a commonly used approach among researchers for
interpreting AI models [3,14]. SHAP calculates the average marginal contribution of each feature by
considering all possible combinations of features, providing a comprehensive measure of each
feature’s influence on the prediction. It is especially important in clinical settings, ensuring that the
Al model decisions are explainable. In this study we used shap [55], a widely used python
implementation for SHAP analysis.

Results

Al models and FL outperform the rule-based models in fall risk
prediction

The Precision-Recall (PR) curves (Figure 1) illustrate the performance of all three experiments
conducted on both datasets. For both hospitals, the areas under the PR curves indicate that the Al
models achieve a substantial improvement over the baselines, and in case of the university hospital
the baseline models do not yield any positive results. For the geriatric hospital (Figure 1a), there is a
consistent performance across the different experiments: Separate, Retrained and Federated, even
after incorporating data from the university hospital. FL. does not improve results in any of the
settings explored. In the case of the geriatric hospital, FL. does not improve predictive performance.
For the university hospital (Figure 1b), there is a notable decline in performance in the FL
experiment, suggesting that the Federated approach disadvantages this hospital. Similarly, the
Retrained models also fail to improve performance over the Separate models.

To further investigate this, we also compare the models’ AUROC scores (Table 2). Based on the
distributions of performance scores across the 5 cross-validation folds we computed medians and
90% confidence intervals (CIs) (5th and 95th percentile) for each of the three experiments: Separate,
Retrained and Federated. For the geriatric hospital, we observe no improvement over the Separate
model from the other models. In contrast, FL results in a decrease in AUROC score for the university
hospital, dropping from 0793 with the Separate model to 0.75. Overall, our findings indicate that
retraining and FL can result in models "unlearning" crucial information at the hospital level, thereby
failing to outperform the Separate Models. In this setting, FL. does not offer advantages over
retraining models either. That indicates that FL is unable to effectively leverage the knowledge from
the two hospitals, which have considerably different demographic distributions. Consequently, we
continue our analysis based on the Separate models.

For a calibrated evaluation and for the fairness analysis, we select a fixed decision threshold based

on the F1 score, a combination of both precision and recall. Our analysis confirms that the AI models
consistently outperform the rule-based models (Multimedia Appendix, Table 1 and 2).
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Figure 1 The AI based models (Separate, Retrained and Federated) substantially outperform the
baseline rule-based models (ESFP, WGFP). FL (gray curves) struggles to effectively integrate
knowledge from the two hospitals with considerable demographic shifts, leading to reduced
performance for the university hospital.
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Table 2. Median AUROC scores and 90% CI (5th and 95h percentile): FL fails to enhance
performance, with a notable decrease in AUROC scores at the university hospital from 0793
(Separate and Retrained models) to 0.75, and no improvement over the Separate and Retrained

models for the geriatric hospital.

Geriatric hospital

University hospital

https://preprints.jmir.org/preprint/71034

ESFP 0.556 (0.533, 0.598) 0.712 (0.709, 0.717)
WGFP 0.606 (0.572, 0.608) 0.500 (0.500, 0.500)
Separate 0.735 (0.727, 0.744) 0.930 (0.928, 0.934)
Retrained 0.735 (0.724, 0.744) 0.927 (0.925, 0.930)
Federated 0.735 (0.725, 0.741) 0.750 (0.708, 0.759)

Demographic fairness analysis of fall prediction
Fairness analyses across demographics

To assess fairness across the demographic factors of age and gender, we examine predictive parity
(related to precision) and equal opportunity (related to recall) as shown in (Figure 2). For each
demographic group within both datasets, we compute five PPV and five TPR scores from 5-fold
cross-validation. Fairness is evaluated by calculating the median ratio of scores between two groups
within each demographic. A ratio of 1 indicates equal performance between the groups, while a ratio
greater than 1 suggests that Group 1 performs better, and a ratio less than 1 suggests Group 1 is
disadvantaged. In terms of gender, the models show fairness for predictive parity and equal
opportunity on both datasets, in both statistical tests and ratio point estimates (Multimedia Appendix,
Table 3). However, when looking at age, there are noticeable disparities in performance between age
groups. To support these findings, we apply a Wilcoxon signed-rank test for both age and gender
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subgroups (Multimedia Appendix, Table 4, 5, 6, 7). While the test results suggest fairness across all
use cases, they do not fully align with our point ratio estimates (Figure 2). We attribute this
discrepancy to the tests not reaching significance, likely due to the limited sample sizes.

Figure 2 Fairness analysis indicates infringements of Al fall risk assessment models for some age
groups. Models demonstrate lower precision for patients aged 100-110, indicating overestimation of
fall risk, particularly in the geriatric hospital (a, c). However, this fairness disparity is less
pronounced in the university hospital, where the precision score is closer to parity. In contrast, the
geriatric hospital model shows reduced recall for patients aged 90-100 (b), failing to accurately
identify those patients who fall, in comparison to patients aged 100-110. In the university hospital
model (d), the recall score for patients aged 90-100 and 100-110 is also lower, though still near
parity. The ratios represent the score of Group 1 over the score of Group 2. Darker shades indicate
that Group 1 has a lower score than Group 2, a lighter shade indicates that Group 1 has a higher
score than Group 2, a score of 1 indicates that both groups have equal scores.
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Fairness in the Geriatric Hospital

For predictive parity in the geriatric hospital dataset (Figure 2a) patients aged 100-110 show lower
precision, meaning there are more false positives in this age group. This could lead to unnecessary
interventions, such as prescribing treatments for patients who are not actually at high risk of falling.
However, it is important to note that this age group consists of only 12 patients (0.09% of the
dataset). For equal opportunity (Figure 2b), patients aged 90-100 are less likely to be correctly
identified as high risk compared to those aged 100-110. This suggests that patients in the 90-100 age
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range may not receive timely interventions, increasing their fall risk.
Fairness in the University Hospital

In the university hospital dataset, predictive parity (Figure 2c) shows a similar trend, with the 100-
110 age group having lower precision, though the difference is less pronounced than in the geriatric
hospital and closer to parity. For equal opportunity (Figure 2d) both the 90-100 and 100-110 age
groups have lower TPR scores, indicating that these patients would be less likely to be correctly
identified as high fall risk. However, here again the disparity is smaller compared to the geriatric
hospital dataset and approaches parity more closely.

Figure 3 Predictive parity comparison—geriatric hospital. The AI model and the ESFP
demonstrate lower precision for patients aged 100-110, indicating overestimation of
fall risk, particularly the AI model (a). However, this fairness disparity is lower for the
ESFP (b). In contrast, the WGFP model shows higher precision for patients aged 100-
110 (c), having more false positives for the rest of the groups. The ratios represent the
score of Group 1 over the score of Group 2. Darker shades indicate that Group 1 has a
lower score than Group 2, a lighter shade indicates that Group 1 has a higher score than
Group 2, a score of 1 indicates equal scores across both groups.

1.20
70-80 1.15
1.10
— 80-90 1.05
[oF
g 1.00
O 90-100 0.95
0.90
100-110 0.85
MRS 0.80
60-70 70-80 80-90 90-100 60-70 70-80 80-90 90-100 60-70 70-80 80-90 90-100
Group 2 Group 2 Group 2
(a) Separate (Al) (b) ESFP (c) WGFP

Fairness comparison between Al models and rule-based models

To provide a better perspective on the AI models’ fairness, we compare their performance with the
two baseline models, the ESFP and WGEFP. In the university hospital dataset, no considerable
fairness issues were found when applying either model. However, in the geriatric hospital dataset, we
observe differences in the Predictive Parity metric, particularly across age groups (Figure 3). As
previously discussed, the AI model (Figure 3a) results in lower precision for patients aged 100-110,
although this age group represents only 0.09% of the dataset. This trend is also present, though less
pronounced, in the ESFP (Figure 3b). The WGFP (Figure 3c), however, shows a different trend. In
this model, patients aged 100-110 have a higher precision score compared to other age groups,
suggesting a lower fall risk estimate for this group. This implies that in a real-world scenario, the
WGFP would treat patients aged 60-100 as higher risk than those aged 100-110, potentially leading
to overtreatment. However, it is important to note that, unlike the AI model, the ESFP and WGFP do
not undergo training on our dataset. Their rules are predefined outside of this study, meaning that
fairness outcomes are more likely due to the models’ inherent design rather than the data distribution.
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Feature Importance
Geriatric Hospital

In (Figure 4) we visualize the most important features for fall risk prediction from the geriatric
hospital data, highlighting the influence of each feature on the model’s output. The most influential
features are procedure, the billable diagnosis code (DRG), has_dementia_or_cognitive_impairment,
secondary_diagnosis (as ICD code), age, the tinetti score, and MMSE. If a patient has dementia or
cognitive impairment, they have a higher risk for falling. If a patient has a higher tinetti score, they
have a lower risk of falling. In comparison to the baselines, this feature importance analysis suggests
that the model overlaps with the ESFP in four decisive features, sex,
has_dementia_or_cognitive_impairment, age and TUG, and an overlap of five features with the
WGFP, TUG, MMSE, barthel_index, has_delirium and has_parkinson. This shows that the Al
models diverge in certain aspects from the rule-based models when assessing fall risk.

University Hospital

In (Figure 5) present the most influential features for fall risk prediction from the university hospital
data. The most influential features are procedure, has_decubitus_admission, age, the walk jones
score, has_decubitus_atm and secondary_diagnosis (as ICD code). If a patient has decubitus on
admission or at the moment when the assessment is done, they are of lower risk for falling. In
comparison with the baselines, this feature importance analysis suggests that the model overlaps with
three decisive features with the ESFP, age, sex and has_cognition_impairment, and no overlapping
features with the WGFP. Again, as for the geriatric hospital, the Al models diverge from the baselines
with the most decisive features.
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Figure 4 Geriatric hospital—each point along the x-axis represents a single patient and indicates its
SHAP value for that feature. Red color means that the feature has higher value, and a blue color
means that the feature has lower value. Categorical features are shown as gray points. The most
important features include procedure, has_dementia_or_cognitive_impairment, the billable diagnosis
code (DRG), secondary_diagnosis, age, the Tinetti score, and MMSE. Individuals with dementia or
cognitive impairment face a higher fall risk (red points along the X axis). Patients with higher Tinetti
scores are mostly at lower risk of falling.
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Figure 5 University hospital—each point along the x-axis represents a single patient and indicates its
SHAP value for that feature. Red color means that the feature has higher value, and a blue color
means that the feature has lower value. Categorical features are shown as gray points. The most
influential features are procedure, has_decubitus_admission, age, the jones score, has_decubitus_atm
and the secondary_diagnosis. Individuals who have decubitus on admission or at the moment of the
assessment are at lower risk of falling (red points along the X axis).
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In this study, we compared three Al based approaches with traditional rule-based systems, ESFP and
WGFP, for predicting fall risk across two hospital datasets with considerable demographic shifts. Our
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results show that Al based models consistently outperform rule-based models, with the university
hospital dataset achieving an AUC-ROC score of 0.93 compared to 0.712 and 0.5 for the ESFP and
WGFP models, respectively. In the geriatric hospital, the Al model similarly outperformed the rule-
based models, with an AUC of 0.735 compared to 0.556 for ESFP and 0.606 for WGFP. The
improvements in recall over the rule-based models used in practice translates into more accurate
identification of patients at risk for falls. The higher precision scores of the Al models mean that they
would reduce the number of false positive patients if these models were used in clinical settings. This
would lead to an improvement in nurse staffing. Our experiments also included training separate
models for each dataset, retraining models across datasets, and applying FL to combine knowledge
across both datasets. Neither retraining nor FL offered improvements over the separate models,
particularly when faced with large demographic shifts. In fact, the application of FL led to a notable
drop in performance for the university hospital dataset, where the AUC dropped from 0.93 to 0.75.
Our fairness analysis focused on two key metrics: predictive parity and equal opportunity across
demographic subgroups, particularly age and gender. We found that the AT model shows fairness for
predictive parity and equal opportunity on both datasets across the gender subgroups, but age-related
disparities were more pronounced in certain subgroups of elderly patients. Nonetheless, the
Wilcoxon signed-rank tests for age and gender subgroups did not indicate significant fairness
disparities, although the test may not have reached significance due to limited sample size.

Limitations and Future Directions
Data Integration challenges

Because our analysis required integration of heterogeneous data schemata, not all information was
available for all patients, leading to data quality problems such as missing data. These issues project
further towards the experiments and analyses, specifically the FL. model and the fairness analysis.

Challenges with FL

While FL is considered effective for collaborative model training, it did not lead to improvements in
our case. Many FL algorithms are built under the assumption that the data is independent and
identically distributed (IID) across clients [56,57]. When the data distribution differs across
institutions, the performance of the FL. model can be impacted negatively [57-59]. There are several
reasons why data distributions differ across institutions and not all of them can be easily alleviated.
For example, there could be demographic shifts across institutions, nursing homes and wards. Also,
there could be different pathologies and diseases more frequently expressed in individual patient
populations across institutions, leading to shifts in EHR data. Other shifts are due to data
infrastructure and data processing and collection. Here one might opt for other solutions than FL,
like coordination among participating institutions, or mitigating feature noise while collecting and
processing data. If not handled timely, these discrepancies can then propagate when converting
EHRs into structured tabular data.

Challenges in Fairness analysis challenges

Finally, although our fairness analysis did not reveal statistically significant differences in
performance across gender and age groups, the overestimation of fall risk in the small group of older
patients should be reconsidered on a larger scale.

Future directions

To address our limitations, future analysis will require larger sample sizes across different subgroups
to conduct a more refined fairness analysis. Addressing the issues with missing data could also lead
towards an improved FL model. Moreover, handling the data imbalance could also enhance the
model’s ability to collaboratively learn across hospitals, ultimately leading to a more robust and
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generalizable model.

Comparison With Prior Work

In addition to traditional risk assessment tools, there have been attempts to develop Al models for
fall risk assessment. We find our work mostly related with [3,4,28,32], which we share a common
data format with. However, many studies are constrained to datasets comprising only a few hundred
data points, which poses significant challenges in developing models that accurately reflect real-
world scenarios. In contrast to some studies [5,30,52], we keep the original data distribution. We do
not remove positive samples from the distribution nor perform SMOTE to account for the
imbalanced classes, in both train and test splits. Additionally, most of these studies focus on data
from a single institution, which limits opportunities to improve model robustness and generalizability
through multi-institutional data collaboration. While these studies provide valuable insights and risk
factors for fall risk prediction, they differ from our study in several key aspects: Firstly, this study
focuses on data from two distinct institutions that cannot be shared, aiming to train a shared Al
models while retaining privacy across institutions. Secondly, we leverage real-world and large-scale
heavily imbalanced datasets which substantially differ in their age distributions, thus providing a
more realistic scenario. Finally, none of these studies prioritize fairness metrics across demographics,
whereas our goal is to investigate whether the model delivers fair predictions across all demographic
groups.

Conclusions

This study demonstrates the potential of Al models in predicting fall risk, consistently outperforming
traditional expert systems across two hospital datasets. However, it also reveals the challenges
related to demographic shifts and label distribution imbalances within the datasets, which likely
limited the FL. models’ ability to generalize. Additionally, while the fairness analysis indicated
promising predictive parity and equal opportunity across gender subgroups, age-related disparities
emerged. To enhance model performance and fairness in future research, addressing data imbalance
and ensuring broader representation across demographic groups will be crucial for developing more
fair and generalizable models.
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ADL: Activities of Daily Living

Al: Artificial Intelligence

AUROC: The area under the receiver operating characteristic
BI: Barthel Index

CI: Confidence Interval

DNQP: German Network for Quality in Nursing

EHR: Electronic Health Record

ESFP: Expert Standard for Fall Prophylaxis

FL: Federated learning

FNR: False Negative Rate

ICD: International Statistical Classification of Diseases
IID: Independent and Identically Distributed
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OPS: Operationen und Prozedurenschliissel (Operation and Procedure Classification System)
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TPR: True Positive Rate

TUG: Timed Up & Go

WGFP: World Guidelines for Falls Prevention
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The Al based models (Separate, Retrained and Federated) substantially outperform the baseline rule-based models (ESFP,
WGFP). FL (gray curves) strugglesto effectively integrate knowledge from the two hospitals with considerable demographic

shifts, leading to reduced performance for the university hospital.
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Fairness analysis indicates infringements of Al fall risk assessment models for some age groups. Models demonstrate lower
precision for patients aged 100-110, indicating overestimation of fall risk, particularly in the geriatric hospital (a, c). However,
this fairness disparity isless pronounced in the university hospital, where the precision score is closer to parity. In contrast, the
geriatric hospital model shows reduced recall for patients aged 90-100 (b), failing to accurately identify those patients who fall,
in comparison to patients aged 100-110. In the university hospital model (d), the recall score for patients aged 90-100 and
100-110 is a'so lower, though still near parity. The ratios represent the score of Group 1 over the score of Group 2. Darker
shades indicate that Group 1 has alower score than Group 2, alighter shade indicates that Group 1 has a higher score than
Group 2, ascore of 1 indicates that both groups have equal scores.
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Predictive parity comparison—geriatric hospital. The Al model and the ESFP demonstrate lower precision for patients aged
100-110, indicating overestimation of fall risk, particularly the Al model (a). However, this fairness disparity is lower for the
ESFP (b). In contrast, the WGFP model shows higher precision for patients aged 100-110 (c), having more fal se positives for
therest of the groups. The ratios represent the score of Group 1 over the score of Group 2. Darker shades indicate that Group 1
has alower score than Group 2, alighter shade indicates that Group 1 has a higher score than Group 2, ascore of 1 indicates
equal scores across both groups.
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Geriatric hospital—each point along the x-axis represents a single patient and indicates its SHAP value for that feature. Red
color means that the feature has higher value, and a blue color means that the feature has lower value. Categorical features are
shown as gray points. The most important features include procedure, has_dementia_or_cognitive_impairment, the billable
diagnosis code (DRG), secondary_diagnosis, age, the Tinetti score, and MM SE. Individuals with dementia or cognitive
impairment face a higher fall risk (red points along the X axis). Patients with higher Tinetti scores are mostly at lower risk of

falling.
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University hospital—each point along the x-axis represents a single patient and indicates its SHAP value for that feature. Red
color means that the feature has higher value, and a blue color means that the feature has lower value. Categorical features are
shown as gray points. The most influential features are procedure, has_decubitus_admission, age, the jones score,
has_decubitus_atm and the secondary_diagnosis. Individuals who have decubitus on admission or at the moment of the
assessment are at lower risk of falling (red points along the X axis).
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