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Abstract

Introduction

Each year, 33% of people aged 65 and older in the Netherlands experience a fall, often with serious
consequences. To prevent fall incidents, early and reliable identification of older adults at risk of
falling is essential. This report describes the development of a new fall-risk prediction model
based on Machine Learning (Neural Network, NN). The aim is to create a more accurate model
compared to the current model used by Smart Floor. In developing the NN, the potential added

value of previously unused input variables is also investigated.

Method

In this exploratory cohort study, between February 2023 and May 2025, a total of 4852 gait
sessions were collected from 461 adults aged 65 and older by (geriatric) physiotherapists. Gait
parameters were measured with the Smart Floor, and a POMA test was administered. Based on

these data, a NN was designed, trained, and tested.

Results

The NN using gait speed, stride length, stride frequency and Gait Stability Ratio (GSR) as input
variables identified individuals with an increased or high fall risk more accurately compared to
the current model (sensitivity 0.756 and 0.707 vs 0.663 and 0.593, respectively). Furthermore, the
NN misclassified fewer individuals as having a low fall risk compared to the current model

(specificity for low fall risk 0.932 vs 0.829).

Conclusion
Based on the insights from this study, the newly developed NN using gait speed, stride length,
stride frequency and GSR as input variables has been selected for implementation. This model

aligns best with the goal of the Smart Floor to identify individuals at risk of falling.
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1. Introduction

On January 1st, 2025, the Netherlands had more than 3.7 million residents aged 65 and older (1).
Among this group, falls are a frequent and serious problem. Each year, 33% of adults aged 65+ in
the Netherlands experience a fall. This has major consequences for their health, independence,
and healthcare costs (2,3). To prevent fall incidents, it is essential to identify older adults at

increased risk of falling early and reliable, in order to apply interventions.

Since 2023, fall prevention for older adults has been a responsibility of Dutch municipalities. This
was established in the Integrated Care Agreement (IZA) and the Healthy and Active Living
Agreement (GALA) (4,5). Municipalities may opt for fall prevention through a so-called chain
approach, in which detecting fall risk in older adults is the first step. The Smart Floor is an
innovative system that uses a sensor-embedded floor and a wearable sensor to objectively
measure various gait parameters. Based on these parameters, a fall risk profile (SF-FRP) is
calculated. This profile can be used to offer older adults the appropriate next steps within the fall
prevention chain approach. In August 2023, the first Dutch municipalities started to use one or
more Smart Floors in this context. By August 1, 2025, more than 150 municipalities in the

Netherlands are making use of the Smart Floor.

Until now, a multiple regression model based on gait speed, stride length, and stride frequency has
been used to calculate SF-FRP scores. The validity and reliability of SF-FRP has been compared
with the Performance-Oriented Mobility Assessment (POMA), a widely used test for assessing fall
risk in older adults (6-8). Every year, Smart Floor conducts research in collaboration with various
universities of applied science and healthcare institutions. The availability of an increasing
amount of data created opportunities for developing a new prediction model, aiming for more

accurate fall risk predictions.

This report describes the development and testing of a new prediction model based on Machine
Learning, specifically a Neural Network (NN). A NN is an algorithm inspired by the functioning of
the human brain. It consists of different interconnected layers and can recognize complex patterns
and relationships in data. Whereas a linear regression model assumes a linear relationship
between input variables and the outcome, a NN can also detect non-linear relationships based on
training data. This enables more accurate prediction of outcomes from multiple, potentially subtly

interrelated variables (9).

In developing the NN, the potential added value of previously unused input variables will also be
examined. One measure used to assess the stability of gait in older adults is the Gait Stability Ratio
(GSR). This ratio is calculated by dividing cadence (steps per second) by gait speed (m/s). Several

studies have found a significant positive association between GSR and fall incidents, with higher



GSR values being linked to an increased likelihood of falls up to 78.2% (10,11). Therefore, in this

study, GSR will be investigated as a potential input variable for the NN.

Another input variable to be explored is stride time variability (STV). This value reflects the
variation in time between successive strides. In a one-year prospective study, STV was found to
correlate significantly with factors such as strength, balance, gait speed, functional status, mental
health, and lastly it was predictive of fall incidents (12). Other research found significantly higher
STV values among older adults who had already experienced falls (13). For this reason, STV will

also be investigated as a potential input variable in this study.

Normal ageing is accompanied by the decline of various physiological systems such as the
musculoskeletal system, cardiovascular system, vision, and vestibular system. All these changes
increase the risk of falls (14). In addition, age-related conditions such as arthritis, diabetes, a
history of cerebrovascular disease, and impaired vision are significant predictors of functional
limitations, which are strongly associated with an increased risk of falls (15). In another study, fall
incidents were found to be significantly more frequent among women than among men (16). For
the reasons mentioned above, the impact of including age and gender on the validity of the NN will

be examined.

The hypothesis is that a Neural Network, trained on the newly expanded dataset, will be able to

predict fall risk more accurately than has so far been possible with the multiple regression model.



2. Method

2.1 Design

This report describes an exploratory cohort study. To ensure optimal methodological quality, the
STROBE (Strengthening The Reporting of Observational Studies in Epidemiology) guidelines and
the quality standards of the Physical Therapy Journal (PT]) were followed (17).

Participants were not required to perform behaviors or tasks that would temporarily alter their
usual lifestyle (18,19). Because of that, the study does not fall under the Medical Research
Involving Human Subjects Act (WMO). Ethical review by an independent medical ethics committee

was therefore not required.
2.2 Participants

Participants were included and assessed by five research partners: De Posten,
Archipel/Fysiotherapie Zuiderpark, Vitalis, Medifit Oss, and De Fysioclub. Recruitment was

carried out by the (geriatric) physiotherapists employed at these organizations.

Participants over 65 years of age with a Functional Ambulation Categories (FAC) score of 23 were
included. Participants recruited by de Posten, Archipel/Fysiotherapie Zuiderpark and Vitalis were
institutionalized residents. Participants from Medifit Oss and De Fysioclub were community-
dwelling older adults. Participants were excluded when they had a markedly asymmetrical gait

pattern (e.g., post-stroke hemiparesis, lower-limb amputation, ...).

All participants, and where applicable their legal representatives, received written information
regarding the study. Written informed consent was obtained from each participant or their legal
representative. Depending on the research partner, participants consented either to a single
measurement or to repeated monthly data collections. Measurements were conducted by
physiotherapists, as described below. Participants also provided written consent for the use of

their data in future research.

2.3 Data Collection

2.3.1 Procedure

Data collection took place across the participating organizations during different time periods
(Table 1). All physiotherapists involved received both oral and written instruction on the
functioning and application of the Smart Floor. To reduce inter-rater variability, the number of

physiotherapists per site was limited to a maximum of two.

For each participant, demographic and relevant medical data were recorded. At each assessment,

both a Smart Floor measurement and a POMA were performed. Ideally on the same day, with a



maximum interval of two days between them. All data were stored in the Smart Floor Vitality
environment. Some participants underwent multiple measurements at intervals of at least one
month, with a maximum of six assessments. These assessments were always conducted at the

same location and under the same protocol.
Data from previously conducted studies were also incorporated into the present analysis (20).

Table 1: Overview of data collection periods per research partner

Organization Period

Fysio Van der Knaap & Postmus* 02-2023 - 07-2023
Vitalis 04-2024 - 07-2024
Archipel /Fysiotherapie Zuiderpark 04-2024 - 10-2024
De Posten 06-2024 - 08-2024
De Fysioclub 09-2024 - 02-2025
Medifit Oss 11-2024 - 05-2025

*Previously conducted research

2.3.2 Smart Floor

The Smart Floor is composed of a floor with integrated sensor foil and an ankle-worn gait sensor
equipped with motion sensors (8). The sensor foil is either embedded in a mobile floor or installed
beneath an existing floor (fixed), both of which function identically. The gait sensor interacts with
passive RFID-tags embedded in the floor’s sensor foil during walking. The resulting sensor data
are transmitted to the Smart Floors platform, which processes and interprets them to extract gait
parameters such as gait speed, stride length and stride frequency. Smart Floor holds an
international patent for performing movement analyses using this method (International

Publication Number WO 2018/088894 A1).

During each measurement, participants walked across the Smart Floor at their self-selected
comfortable walking speed. Depending on the length of the mobile floor (6m or 10m), participants
walked back and forth either twice (6m) or once (10m). When turning, participants remained on
the floor. When a fixed floor was used, participants walked across the floor without turning. If a
participant used a walking aid in daily life, it was also used during both the Smart Floor

measurement and the POMA.

In everyday measurements, one of the four “single walks” (in the 6m floor protocol) is selected as
the most representative for calculating the Smart Floor Fall Risk Profile (SF-FRP). In the present
study, however, all single walks were retained, each constituting a footstep session. Consequently,

a correctly executed 6m protocol yielded four footstep sessions, while a 10m protocol yielded two.



2.3.3 POMA
The Performance-Oriented Mobility Assessment (POMA) is a widely used and recommended tool
for evaluating fall risk in older adults (3,6,7). Its validity has been extensively documented in prior

research (20).

The POMA consists of two subscales: a balance subscale and a gait subscale, both designed to
evaluate motor performance and identify potential fall risks. The balance subscale consists of nine
tasks, including sitting, standing and response to balance perturbations. The gait subscale consists
of seven items, including gait initiation, step length, and gait continuity. Each task or item is scored

on a scale of 0-1 or 0-2, where 0 indicates severe impairment and 2 indicates no impairment.

The total POMA-score ranges from 0 to 28, with lower scores indicating greater fall risk. Risk

categories are shown in Table 2 (7,21-23).

Table 2: Fall risk categories

POMA-score Fall risk category
<19 High

>19-<25 Increased

=25 Low

2.4 Data-analysis

2.4.1 Datacleaning

All data were checked, and demonstrably incorrect data were removed. If a participant performed
the Smart Floor walking protocol incorrectly, this was visible in the footstep session. For example,
if the participant stopped walking during the measurement, the time between two strides will be
abnormally long. Figure 1 shows a footstep session where the time between stride 1 and 2
(At=4339ms) deviated substantially from the others (At=977ms, 1453ms, and 1210ms). This

footstep session was therefore removed and not included in the analysis.
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Figure 1: Example of footstep session with measurement error

In total, 67 footstep sessions were excluded, resulting in a cleaned dataset of 4852 footstep

sessions.
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2.4.2 Descriptive Statistics

Following the data cleaning, descriptive statistics were computed from demographic information
and measurement results. Numerical variables were assessed for normality and screened for
outliers using histograms, QQ plots, and Kolmogorov-Smirnov tests. For normally distributed
continuous variables, mean values with standard deviations (SD) are reported. For non-normally
distributed continuous variables, median values with interquartile ranges (IQR) are presented.

Categorical variables are expressed as absolute counts and percentages across categories.

Each footstep session was linked to a corresponding POMA-score. The distribution of footstep

sessions across fall risk categories is shown in Table 3.

Table 3: Number of footstep sessions per fall risk category

Fall-risk category Footstep session (n)
Low 3239

Increased 1186

High 427

Correlations were assessed using Pearson correlation coefficient (r) for normally distributed data,
and the Spearman correlation coefficient (R) for non-normally distributed data. All confidence
intervals (CI) were set at 95%. Correlations coefficients were interpreted according to the
following thresholds: 0.00-0.09 negligible, 0.10-0.39 weak, 0.40-0.69 moderate, 0.70-0.89 strong,
and 0.90-1.00 very strong (24).

To test for group differences, ANOVA was used for normally distributed data, with Tukey HSD as
post hoc test. For non-normally distributed data, the Kruskal-Wallis test was applied, with Mann-
Whitney U test and Bonferroni correction for post hoc analyses. For all results, a p-value <0.05 was

considered statistically significant (25).

2.4.3 Neural Network

Internal research indicated that, given the available dataset size, a Neural Network (NN) was
suitable as the model for fall risk prediction (Figure 2) (9). Various input variables were tested
using separate training and testing datasets. These variables were either directly measured or
derived from directly measured gait parameters. The input variables with the strongest
correlations with the POMA were selected for the final predictive model. In addition to gait
parameters, demographic variables such as ‘age’ and ‘gender’ were evaluated as potential input

variables.

The NN was trained using a train-test split approach, whereby the dataset was divided into two

subsets. The training set was used to optimize the model, while the test set was used to evaluate



performance and control for overfitting. For this study, an 80% training and 20% testing split was

applied.

The validity of different variants of the newly developed NN was compared to the existing Smart
Floor Fall Risk Profile (SF-FRP) model. Sensitivity and specificity were used as primary evaluation
metrics. Sensitivity reflects the proportion of correctly identified positive cases (i.e., the
percentage of individuals correctly classified into a fall risk category). Specificity reflects the
proportion of correctly identified negative cases (i.e., individuals not belonging to a certain
category were not incorrectly assigned to it). The sensitivity and specificity of the NN were
benchmarked against the POMA-based fall risk categories defined in Table 2. For this purpose, the
One-vs-All method was applied (26).

3

Figure 2: Example Neural Network
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3. Results

3.1 Descriptive statistics

A total of 468 individuals participated in this study, accounting for 4919 footstep sessions. After
data cleaning, 461 participants and 4852 footstep sessions were retained for analysis. Exclusions
were due to measurement errors and incorrect execution of the walking protocol. Table 4 provides
an overview of the number of participants included per research partner. Table 5 presents

demographic characteristics.

Table 4: Overview of participant inclusion per research partner

Organization Included participants (n) Measurements per
participant

Vitalis 44 1

De Posten 50 1

Archipel /Fysiotherapie Zuiderpark | 28 1-16

Van der Knaap & Postmus 185 1-6

Medifit Oss 50 1-6

De Fysioclub 104 1

Total 461

Table 5: Demographic characteristics

Gender Participants Age (Years)
n (%) Median [IQR]
Man 174 (37.7%) 79.5 [9.75]
Woman 287 (62.3%) 81.0 [12.00]
Total 461 81.0 [11.00]

3.2  Results gait parameters
The footstep sessions were categorized into fall risk groups according to their corresponding
POMA-scores (Table 3) (23). Table 6 shows the mean or median values of gait parameters

measured by the Smart Floor for all three fall risk categories.

Strong correlations with the POMA-score were observed for gait speed (r=0.74,95% CI 0.72-0.75),
stride length (r=0.73, C1 0.72-0.74), and GSR (r=-0.74, CI -0.75- -0.72). Stride frequency showed a
weak correlation (r=0.38, CI 0.36-0.41). The correlation between STV and the POMA was also
weak (R=-0.12, CI -0.15- -0.10). All correlations were statistically significant (p<0.05), as seen in
Table 6.

Significant differences were found across all gait parameters between the three fall risk categories
(p<0.05). Post hoc analyses confirmed significant pairwise differences between all groups

(p<0.001).

11



Table 6: Gait parameters per fall risk category

High risk Increasedrisk | Low risk Correlation
(n=427) (n=1186) (n=3239) coefficient vs. POMA
(95% CI)
Normally distributed parameters
Gait speed 0.47 (0.15) 0.71 (0.16) 1.00 (0.18) 0.74* (0.72-0.75)
(m/s)
Stride length 0.65 (0.19) 0.89 (0.18) 1.16 (0.17) 0.73* (0.72-0.74)
(m)
Stride 0.75 (0.16) 0.80 (0.12) 0.88 (0.09) 0.38* (0.36-0.41)
frequency (/s)
GSR 1.71 (0.58) 1.19 (0.30) 0.90 (0.14) -0.74* (-0.75--0.72)

Non-normally distributed parameters

STV (s) 0.16 [0.17] 0.14 [0.08] 0.13 [0.04] -0.12* (-0.15--0.10)

High risk: POMA <19; Increased risk: POMA 219 - <25; Low risk: POMA=25
GSR=Gait Stability Ratio; STV=Stride Time Variability
Normally distributed data: Pearson (1), non-normally distributed data: Spearman (R)

*p<0.001

3.3 Neural Network

Based on the gait parameter results, two variants of the NN were developed and compared:
Variant 1: Gait speed, stride length, stride frequency, GSR
Variant 2: Gait speed, stride length, stride frequency

Due to its weak correlation with POMA, STV was excluded as an input variable.

To evaluate performance, the validity of both NN variants and the current predictive model were
tested for validity. Table 7 provides an overview of sensitivity and specificity compared with the

POMA-score, classified in fall risk categories.
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Table 7: Validity of the different NN-variants with gait parameters and the current predictive model
with respect to the POMA

Sensitivity Specificity

Variant 1: Gait speed, stride length, stride frequency, GSR

e Low (n=3239) 0.662 0.932

e Increased (n=1186)  0.756 0.670

e High (n=427) 0.707 0.957
Variant 2: Gait speed, stride length, stride frequency

e Low (n=3239) 0.690 0.921

e Increased (n=1186) 0.742 0.692

e High (n=427) 0.686 0.958
Current model: Gait speed, stride length, stride frequency (multiple logistic regression)

e Low (n=3239) 0.785 0.829

e Increased (n=1186) 0.663 0.765

e High (n=427) 0.593 0.970

Variant 1 yielded the highest sensitivity for both the increased-risk group (0.756) and the high-
risk group (0.707). The highest sensitivity for the low-risk group was achieved by the current
model. Furthermore, Variant 1 demonstrated the highest specificity for the low-risk group (0.932).
For the increased risk group, the current model showed the highest specificity (0.765). Specificity
for the high-risk group was high across all models (>0.95).

3.3.1 Ageand gender
Besides the addition of gait parameters, two models were investigated using age and gender as

input variables respectively, and finally one model using both age and gender.
Variant 3: Gait speed, stride length, stride frequency, GSR, age
Variant 4: Gait speed, stride length, stride frequency, GSR, gender
Variant 5: Gait speed, stride length, stride frequency, GSR, age, gender

The validity of these models was assessed in the same way as Variant 1 and 2. The results were

compared with Variant 1, which previously yielded the best results (Table 8).
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Table 8: Validity of different NN-variants with gait parameters and demographic characteristics and
Variant 1 with respect to the POMA

Sensitivity Specificity

Variant 3: Gait speed, stride length, stride frequency, GSR, age

e Low (n=3239) 0.650 0.937

e Increased (n=1186) 0.761 0.659

e High (n=427) 0.698 0.956
Variant 4: Gait speed, stride length, stride frequency, GSR, gender

e Low (n=3239) 0.666 0.927

e Increased (n=1186)  0.758 0.674

e High (n=427) 0.710 0.959
Variant 5: Gait speed, stride length, stride frequency, GSR, age, gender

e Low (n=3239) 0.687 0.931

e Increased (n=1186)  0.758 0.693

e High (n=427) 0.710 0.957
Variant 1: Gait speed, stride length, stride frequency, GSR

e Low (n=3239) 0.662 0.932

e Increased (n=1186)  0.756 0.670

e High (n=427) 0.707 0.957

The sensitivity and specificity values of Variant 3, 4 and 5 are comparable to those of Variant 1

across all risk categories.
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4. Discussion

The aim of this study was to develop a novel fall risk prediction model (SF-FRP) using Machine
Learning, specifically a Neural Network (NN). The primary objective of the model was to
accurately identify older adults with increased or high fall risk. To achieve this, different variants

incorporating gait parameters and demographic characteristics were evaluated and compared.
Gait parameters

First, the extent to which different gait parameters correlate with the POMA-score was
investigated. A strong correlation was found for gait speed, stride length and GSR. In addition, a
significant weak correlation was found between stride frequency and the POMA-score. These
strong correlations were also found in previous Smart Floor research and are confirmed here (8).
The gait parameters gait speed, stride length and stride frequency are part of the multiple
regression model that has been used so far to calculate the SF-FRP score. The strong correlation
of the GSR with the POMA-score is consistent with existing literature, where a higher GSR is
associated with an increased risk of falling (10,11). Therefore, GSR was tested as a possible

additional input variable for the Neural Network.

The goal of the SF-FRP is to correctly identify older adults with an increased or high fall risk. The
NN with gait speed, stride length, stride frequency and GSR as input variables (Variant 1) performs
best in this regard, with a sensitivity of 0.756 and 0.707 for elevated and high fall risk individuals,
respectively. This means that the model correctly predicts the largest number of individuals, who
according to the POMA have an elevated or high fall risk. The sensitivity for low fall risk of Variant
1 (0.662) is lower than in the current model (0.785) and Variant 2 (0.690). This indicated that the
model including GSR is stricter in the assessment of SF-FRP for individuals with a low fall risk

compared to the current model and the model without GSR.

The specificity for low fall risk of Variant 1 (0.932) is higher than in the current model (0.829) and
Variant 2 (0.921). This means in Variant 1, 93% of the individuals who according to the POMA do

not have a low fall risk, are also not classified as low fall risk by the model.

The main goal of the model is to correctly identify individuals at risk of falling, and therefore this

has been an important factor in the choice of Variant 1 as the final model.

Although in existing literature stride time variability (STV) seems to predict fall incidents (12), in
this study it showed only a weak correlation with the POMA-score. A possible explanation is the
relatively small number of consecutive strides in the footstep sessions. Whereas in the

abovementioned study, participants performed a couple hundred strides, a Smart Floor
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footstepsession usually consists of 4 to 6 strides. Therefore, STV was not included as an input

variable for the NN.
Personal characteristics

In various studies, age is associated with fall risk (14,15). Here, an increase in age is said to be
accompanied by an increase in fall risk. A variant of the NN with ‘age’ as an extra input variable
was tested and compared to Variant 1. Sensitivity and specificity were comparable between both
variants. This may be due to other input variables that were included in the model. A higher age is
often associated with a lower gait speed, shorter stride length, and higher stride frequency
(27,28). Since these gait parameters are measured and already serve as input variables of the

model, the addition of age may be redundant.

Research has found differences in fall incidents between genders, with more fall incidents
occurring among women (16). Therefore, in this study the influence of the input variable ‘gender’

was evaluated. Comparing this NN variant with Variant 1 also showed similar validity.

Finally, a variant of the model with both ‘age’ and ‘gender’ was evaluated and compared. This

variant also showed similar sensitivity and specificity values as Variant 1.

Implementing personal characteristics in the prediction model is a challenge. Users would need
to enter characteristics such as gender and age for every individual measured. For many, this
would require a change in the current workflow. This, in combination with the comparable validity
of the variants with and without personal characteristics, led to the decision to choose the model

without personal characteristics.
Strengths and limitations

A strength of the current study is the high number of validated measurements. With more than
4800 data points, Machine Learning could be applied to develop the new model. Because the
measurements were performed by (geriatric) physiotherapists, the likelihood of assessor bias was
reduced. The dataset is heterogenous due to the inclusion of both community-dwelling

participants and nursing home residents.

At present, there is no golden standard for estimating an individual’s fall risk (6). The POMA is a
widely used instrument and contains elements for both balance and gait (7). In future research it
may be interesting to compare different fall risk tests with each other and with the SF-FRP score,

with the aim of further developing the model.

Several studies have indicated that the time of day can affect postural control and gait pattern

(29,30). For a small number of participants (n=2), the POMA could not be administered directly

16



after the Smart Floor measurement. The period between the POMA and the Smart Floor
measurement was a maximum of two days. The geriatric physiotherapist knew these participants.
It was verified that both the POMA-score and the Smart Floor outcome corresponded with the

subjective fall risk assessment of the geriatric physiotherapist.

Currently, the Smart Floor is implemented in more than 150 Dutch municipalities. Therefore, the
implementation of the newly developed NN has immediate practical value. Results indicate the
new model performs better than the current algorithm, particularly in correctly identifying
individuals with an elevated or high fall risk. In practice, this increased accuracy will contribute to
more effective fall prevention. Transitioning to the new prediction model will not only enhance
the reliability of the Smart Floor, but also strengthen its added value for healthcare and welfare

professionals.

Conclusion

Based on the insights mentioned above, implementation of the newly developed fall risk
prediction model (SF-FRP), with gait speed, stride length, stride frequency, and Gait Stability Ratio
as input variables, has been chosen. This model is expected to best align with the objective of the

Smart Floor, identifying individuals at risk of falling.
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