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Abstract

Alternating pressure air mattresses play an essential role in the prevention of decubitus. Their presence and smoothless operation
reduces the risk of developing decubitus. Nursing homes in the Netherlands have residents with varying physical conditions, and
have therefore varying types of mattresses. The beds can be equipped with a sensor board that measures pressure and vibrations
continuously. This report presents the investigation in machine learning models that predict the presence of alternative pressure air
mattresses based on the sensor information. Working with a data set of a single nursing home, good accuracy results have been
obtained. Future investigations on explainability of the trained models, as well as testing on larger data sets is needed to improve
the robustness of the model.
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Contents monitoring and support. In the Netherlands, this situation is ag-
gravated by a growing shortage of caregivers. Al can support
M TIntreduction| 1 nurses in tasks considered to take place remotely from direct
patient interactions (I). One of the severe health care risks is
2 Goal 2

decubitus. Decubitus ulcers, also known as pressure ulcers or
bed sores, are localized damage to the skin and/or underlying
tissue that usually occur over a bony prominence as a result
of usually long-term pressure, or pressure in combination with
shear or friction. Often, enough damage is done to create the
basis for a decubitus ulcer after as little as 2 h of immobil-
ity, a situation which may be difficult to avoid if the patient
must undergo prolonged surgery or remain bedridden. Primary
prevention is to redistribute pressure by regularly changing the
person’s position. This can be achieved by an Alternating Pres-
sure Air mattress (APAM) (2} 3; 4). APAMs generate alter-
nating high and low interface pressure between the body and
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[B_Evaluation and Results| 4  support, by alternating inflation and deflation of air-filled cells

5. Training baseline modely . . . . .. ...... 4 (3). Investigations have shown that an APAM is more effective

5.1.1 Data set, features and hyper-parameters 4 in decubitus prevention than other mattresses (3} 5). In vari-

5.1.2 k-Nearest Neighbor] . . . . .. ..... 4 ous care homes in the Netherlands, the company QCare pro-

513 _ Decisiondree . . . . o o v oo 5 vides APAMs. Figure [T] shows a typical sample. Its operation

514 RandomForest . . . . . . ....... 5 is as follows: every other row is inflating simultaneously and

[5.2  Testing baseline models|. . . . . . ....... 5 the rows in between are deflating. After a couple of minutes,

[5.3 Training neural networkl. . . . . . . ... ... 6 the actions reverse. The frequency of inflating and deflating is

configurable, but typically 4-12 cycles per hour (cph).

6_Conclusions and Discussion) B A sensor system that detects the presence or absence of an

6.1 Interpretation of test results| . . . .. .. .. .. 6 APAM relieves the task of caregivers, especially in situations

0.2 Discussionf. . .. ... ; when there is a change of occupants in a room, or when an
[6.3 Futureresearchl . . . ... ...........

APAM is switched off accidentally. Such a sensor board is of-
fered by Momo Medical, see figure[2]

1. Introduction The Momo Bedsense has 4 FSR sensors (Force Sensitive

Caregiving institutions like nursing homes are challenged by
a global aging population since their residents need constant
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Resistors, measuring pressure/weight), 6 PE sensors (Piezzo-
Electric sensors, measuring movement like heartbeat and res-
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Figure 1: Alternating Pressure Air Mattress (source: QCare)

Figure 2: Momo Bedsense and its placement (source: AndersWerkenIlnDeZorg)

piration rate) and 1 accelerometer (measuring the angle of the
bed) (6).
Momo Medical has made a initial implementation of an
APAM detection system (unpublished); its accuracy is 0.89.
This research is part of the Europees Fonds voor Regionale
Ontwikkeling (EFRO) OPZuid project ’Predictie in de Ver-

pleeghuiszorg’ (7).

2. Goal

In the participating nursery home, a (major) part of the beds
have a regular, i.e. static, mattresses, the others have an APAM.
All beds have a Momo Bedsense, which sensor data is con-
stantly collected, and stored.

It is expected that the collected sensor data contains enough
information such that a machine learning model is able detect
the presence or absence of an APAM.

We try to answer the following research questions in this pa-
per:

1. Does a Bedsense sensor registration carry enough infor-
mation to detect an APAM?
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Figure 3: 72-hour time series of the sensors for an APAM (a) four FSR sensors
(b) frequency spectrum of the FSR sensors (c) six PE sensors (d) frequency
spectrum of the PE sensors

2. What detection accuracy can be achieved by a baseline
machine learning model and a neural network (8)?

3. What hyper-parameter tuning is possible?

3. Data analysis

3.1. Data sets

A data set has been obtained from Momo Medical on 24 July
2024. Tt contains the bed sensor data of 860 beds of a nurs-
ing home in the Netherlands (province Noord-Brabant). The
ID of the Bedsense has been replaced by its hash, and all other
PII (Personally Identifiable Information, like names and room
numbers) of the residents have been removed. The data is la-
beled with the type of mattress (either a regular mattress or an
APAM). For each bed, the sensor information of the Momo
Bedsense over a three day period is covered, with a sample time
of one second. 96 of them have an APAM, 755 have a regular
mattress, and in 9 samples the sensors are not switched on (so
they are dropped in this investigation).

3.2. Exploratory Data Analysis

The inflating and deflating of the air cells in the APAM cause
a weight shift of the nursing home resident. Our hypothesis is
that the FSR sensors notice this as a regular pattern in sensor
values. In this way, a distinction can be made with a regular
mattress which doesn’t yield such a pattern. With a Fast Fourier
Transform a frequency spectrum of sensor time series can be
obtained. (9} [10)

In figures [3]and [] two examples are given for an APAM and
a regular mattress. The FSR-frequency spectrum of the APAM
shows a clear peak at 6 cph, together with its harmonics, while
the FSR-frequency spectrum of the regular mattress does not.
None of the PE-frequency spectra show a 6 cph peak. The PE
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Figure 4: 72-hour time series of the sensors for a regular mattress (a) four
FSR sensors (b) frequency spectrum of the FSR sensors (c) six PE sensors (d)
frequency spectrum of the PE sensors
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Figure 5: Zoomed in 1-hour time series of FSR sensors (a) a regular mattress
(b) an APAM

sensor information is therefor not used in the remaining inves-
tigations.

Zooming in on a 1-hour time series (@23h) for the same ex-
amples shows indeed a repeating pattern of approximately 6 cph
for the APAM, but not for the regular mattress; see figure[5]

Not all APAM samples show such a clear picture as in figure
[l The sensor values of one of the APAMs might highly resem-
ble a regular mattress, see for example figure[6] In this figure,
not all preferred peaks (i.e. the 6 cph and its harmonics) won’t
end up as features. So the machine learning algorithm will not
be a trivial task.

3.3. Feature extraction

Based on the Exploratory Data Analysis (EDA), two major
feature extractions have been performed.

For the baseline machine learning classifiers: sum the 4 FSR
sensor values together (since we are not investigating a left-
right position shift), perform a Fast Fourier Transform over the
full 72h time period, followed by a peak detection with a certain
prominence. For the largest peaks, their frequency and ampli-
tude are stored as new features.
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Figure 6: Exemplary APAM with less obvious peaks in the frequency spectrum
pattern
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Figure 7: Sequential process of the downsampling feature extraction (a) orig-
inal signal (black) and downsampled signal (red) (b) min-max scaled (c)
difference-values (i.e. the final features)

In the used data set, a majority of APAMs have an (approx.)
6 cph, so the model might be unable to detect other cph’s.
Therefor additional features are calculated: a peak’s relative
frequency (to the first peak). Furthermore, the peaks’ ampli-
tudes relatively to the average amplitude of the FFT are calcu-
lated.

For the neural network classifier: The time series are lim-
ited to 400 elements (to limit the size of the layers). It is done
by downsampling the original series with a period of 31 sec-
onds (so the average sensor value of 31 seconds become one
new time series element). A sample of 400 elements therefor
covers 400 - 31s = 3h26m40s. For each original 72h time se-
ries, nine non-overlapping samples are created, each with 400
features. Since the sensor values vary over the samples (due to
a.o. the occupants’ weight), the values are minmax-scaled. Fur-
thermore, offsets are removed by storing a feature’s difference
with its predecessor instead of its absolute value (example: two
sawtooth occurrences 21,23,25,27,21 (etc.) and 400-402-404-
406-400 (etc.) are both stored as features 0,2,2,2,-6 (etc.)).

Figure[7] visualizes the sequence of actions of this downsam-
pling. The red line in plot (a) indicates that no essential in-
formation is lost in the downsampling. Please note that the x-
values (representing the series-index) is 31x reduced in plot (b)
and (c).

3.4. Data augmentation

Since the data set is unbalanced (755 regular mattresses vs.
96 APAMs), augmented APAM data is generated.



For the baseline machine learning classifiers: for each APAM
sample three additional FFTs are calculated by splitting the 72h
time series into the three 24h periods. They will slightly differ
from the original sample because of physical movements of the
occupant during the separate days.

For the neural network classifier: the time series are down-
sampled with other periods (being 27 and 23s, i.e. relative
prime numbers to avoid repetitive patterns in the resulting
downsamples). It has a further advantage that the new samples
represent different cph’s.

4. Methodology and Implementation

4.1. Research methodology

This research employs a quantitative approach to model the
detection of alternating pressure air mattresses, as used in care
homes in the Netherlands. The data is retrieved by Momo Bed-
sense devices, being in operation under all mattresses in said
care homes. The company Momo collects that data and stores
it for later use. In this investigation, exploratory data analy-
sis is performed, which leads to meaningful feature extractions.
Due to the unbalanced class distribution, data augmentation is
performed by feature extraction over different time periods.

The data set is split over a training set and a test set (in a
commonly used ratio 0.7/0.3).

The training of a classifier is done with a 5-fold cross-
validation of the training set (where 5 is a commonly used value
for cross-validation). This is repeated several times (with iden-
tical hyper-parameters but with different randomized partition-
ing of samples over the folds), and their results are averaged.

Testing on the test set yields various metrics, such as a confu-
sion matrix, feature importance, ROC/AUC plots and a LIME
analysis.

4.2. Design

The design is split into the following activities: (a) EDA, to
characterize the data, (b) Fast Fourier Transformation, to in-
vestigate the feasibility of the resulting frequency spectrum (in
fact an EDA activity as well) and the extraction of the peaks
into new features including augmentation, (¢) Downsampling,
as a feature extraction and data augmentation for the neural net-
work, (d) Baseline machine learning, to run models such as De-
cision Tree, Random Forest and Nearest Neighbor with various
parameters, (e) Neural Network modeling, to train and run a
Neural Network model with various constellations.

In selecting a Neural Network architecture for time-series
analysis (L1), a CNN has been chosen over an RNN. For RNN,
samples with older timestamps have less influence on the pre-
dictions (which is beneficial in stock markets and weather fore-
casts), while in our investigation, all timestamps are equally
contributing to the classification.

The neural network is constructed with the following con-
secutive components: (a) a Dropout (12), (b) a configurable
number of hidden layers, each consisting of sequentially: a 1D
Convolution with a configurable number of filters, a Normal-
ization, a ReLU activation, (c) a Dropout, (d) a Global Average
Pooling for final classification (13)).

baseline classification | overall size training test
size 1111 777 334
regular mattresses 764 534 230
APAMs 347 243 104

Table 1: Used data sets for baseline classifiers

number of accuracy
neighbours

1 0.975

3 0.977

5 0.973

7 0.968

9 0.967

Table 2: Results of the training accuracy scores of knn models

4.3. Implementation

The models are implemented in Python with five Jupyter
notebooks. The used libraries are: pandas, numpy, sklearn,
matplotlib, seaborn, keras (14515 165 175 185 [19)).

The Jupyter notebooks and the data sets, including labels
and extracted features, are available in a public git repository
at https://gitlab.com/j.geurts/bedsense.

Methods are implemented to be configurable by their param-
eters, e.g. begin time, end time, downsample period, type of
classifier, number of kernels/hidden layers. This facilitates fur-
ther experimenting.

The execution of the Jupyter notebooks is done in the SURF
Research Cloud environment (20), running Ubuntu 20.04 with
two A10 GPU’s; thanks to a Small NWO Grant.

5. Evaluation and Results

5.1. Training baseline models

5.1.1. Data set, features and hyper-parameters

The used data set is a concatenation of both original data
set and augmented data set. The characteristics are depicted in
table

The features as used for training and testing are: the relative
frequencies, relative amplitudes of the peaks, and the average
FFT signal (which are extracted features as described in para-
graph[3.3).

For each classifier model, various trainings are executed,
each with its specific hyper-parameters. The range of values
is extended such that an overfit is expected (i.e. that an increase
of the model’s complexity doesn’t lead to an increase of accu-
racy any more). This is visible in the results below.

5.1.2. k-Nearest Neighbor

The k-Nearest Neighbor classifier is investigated for various
settings of the number of neighbours. Table[2]shows the settings
and the resulting accuracy of the training.



max depth accuracy
1 0.931
3 0.963
5 0.968
7 0.966

Table 3: Results of the training accuracy scores of decision tree models
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Figure 8: Grid search results of the training accuracy scores of random forest
models

5.1.3. Decision Tree

The Decision Tree classifier is investigated for various set-
tings of the maximum depth. Table[3]shows the settings and the
resulting accuracy of the training.

5.1.4. Random Forest

For Random Forest, a grid search over the parameters max-
depth and number-of-estimators is performed. Figure 8] shows
the obtained accuracy values.

5.2. Testing baseline models

For each of the algorithm as evaluated above, the one with
the best performance on the training is taken for testing its per-
formance on the test set (i.e. unseen data). The results are col-
lected in table [

In order to get a better insight of the operation of the models,
auxiliary metrics are collected. For the sake of brevity, each
metrics is only shown on one of the models.

The accuracy score (as mentioned in the sections above) is
one of the metrics to charactery a learned model. Other metrics

model accuracy accuracy

in training on test set
decision tree, max-depth=3 0.963 0.958
k-nn, nbr-neigh=3 0.977 0.979
random forest,max-depth=5, 0.976 0.988
nbr-neigh=10

Table 4: Results of the accuracy score during training and on the test set for
various baseline classification models

Prediction

Positive Negative
Positive true pos: | true neg: | recall :
Actual - %8 6 0.94
Negative | false pos: | true neg:
1 229
precision :
0.99

Table 5: Confusion matrix of the test set results for a k-nn classifier with nbr-
neighbours=3
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Figure 9: Internal tree of a trained Decision Tree with max-depth=3

are precision, recall and fl-score. They can be derived from
a confusion matrix, as depicted in table 5] The corresponding
fl-score is 0.96. A fl-score is particularly interesting when the
class distribution of a data set is unbalanced.

Displaying the internal tree of a trained Decision Tree clas-
sifier (with max-depth=3) enhances the explainability of the
model. Figure[9shows such a tree.

Most classifier models provide the importance of the features
during the training. Figure [T0]shows a plot of the Random For-
est with max-depth=5, n-estimators=5.

With the predicted probabilities of the test set samples, a
ROC curve (Receiver Operating Characteristic) can be calcu-
lated; it shows the relation between the false positive and true
positive rate for various thresholds. Figure[IT|shows ROC curve

rel_frq_4
rel_frg_5
rel_ampl_3
fit_ave
rel_frq_2
rel_ampl_2
rel_ampl_5
rel_ampl_1
rel_ampl_0
rel_ampl_4
rel_frg_1
rel_frq_0
rel_frg_3

0.00 0.05 0.10 0.15 0.20 0.25

Figure 10: Overview of the importance of the involved features for a Random
Forest with depth=5 and estimators=5
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Figure 11: ROC curve for a Random Forest with depth=5 and estimators=5
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Figure 12: LIME-analysis of a false negative sample for a Random Forest with
depth=5 and estimators=5

of the Random Forest with max-depth=>5, n-estimators=5. The
corresponding AUC (Area Under the Curve) is 0.952.

LIME (Local Interpretable Model-Agnostic Explanations)
(21) helps in explaining the predictions of a trained model lo-
cally around a single sample. Figure [T2] depicts a plot of the
LIME-analysis of a false negative sample in a Random Forest
with max-depth=5, n-estimators=5. It shows how each feature
contributed to the classification predictions.

5.3. Training neural network

The used data set is a concatenation of both the original data
and the augmented data samples. The characteristics are shown
in table

Figure [T3] shows the history of one training experiment.
Since this figure shows that the results stabilize from epoch 12
onwards, for further experiments in this research the number of
epochs is set to 12.

A grid search on the following hyper parameters is done: (a)
the number of convolution layers, either 1, 2 or 3, (b) the num-
ber of filters per layer, either 4, 8, 16, 32, 64, (c) the kernel size,

neural network overall training  test
classification

size 6525 4567 1958
regular mattresses 5220 3654 1566
APAMs 1305 913 392

Table 6: Data sets as used for training and testing for the neural network

accuracy for model: 1-layer/nrof-filter=16/kernel-size=3
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Figure 13: History over the epochs of achieved training and validation accura-
cies for a CNN model with settings: nbr-layers=1/nbr-filters=16/kernel-size=3
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Figure 14: Accuracy results of the CNN grid search, split over the number-of-
layers setting: (a) one convolution layer (b) two convolution layers (c) three
convolution layers

either 3, 5,7, 9.

Figure [I4] shows the results; for improved visibility of a
three-dimensional grid, the data is split over the three settings
for the number of layers.

6. Conclusions and Discussion

6.1. Interpretation of test results

With machine learning classifiers, APAMs can be detected
by the sensor information as obtained from a sensor board like
a Momo Bedsense. Furthermore, tuning the models’ hyper-
parameters influence the results according expectations, where
overfitting can be avoided. The performed experiments show a
high accuracy result value.

For the decision tree classifier, the model seems to overfit at
a depth of 5. This is in line with the feature importance infor-
mation, where the fifth feature’s importance is approximately
5%. Initially, we expected that the decisions would focus on
the first peak, being around 6 (cph), with rather high amplitude,
combined with a low FFT average, as derived from pictures 3]
and [ It is surprising that the results showed that the fourth
and fifth peaks are the most importance features (representing
harmonics of approx. 24 resp. 30 cph). Since they hardly rise



above the average FFT level, we fear that they don’t really rep-
resent a key characteristic of the underlying signal. As a result,
we are not yet fully convinced of the stability of the model. It
resembles the urban legend about a tank image classifier model,
where it turned out that the classification made the distinction
between snowy/out-of-focus (Warsawpact tanks) versus glossy-
advertisement (Nato tanks), instead of detecting the true tank
characteristics (like size of the gun barrel, type of armour, etc.)
22).

The results of the Random Forest grid search are according
expectations: an increase of estimators and depths initially in-
creases the accuracy, but later gets overfitted. The top four fea-
tures explain approx. 80% of the prediction.

The LIME analysis seems to be of little usefulness. Normally
it indicates what level of change is needed for a feature value to
switch to another prediction class (like in text sentiment anal-
ysis, where one more occurrence of a certain word turns the
sample into e.g. a spam message). In our domain, it is not that
obvious how the fourth or fifth harmonic can be influenced to
improve prediction probabilities.

On the Convolutional Neural Network classifier, the per-
formed experiments even show a higher accuracy. The third
layers seems to overfit the data. In this research, it is not inves-
tigated what the trained features are in the filters of the various
layers, i.e. if they represent key characteristics or accidental,
overfitted artifacts.

6.2. Discussion

In a nursery home, an APAM is just one of the factors in de-
cubitus prevention, besides (a.0.) skin inspection at regular in-
tervals, balanced nutrition, amount of daily activities, and care-
ful handling of the caregivers. The use of an APAM is triple-
tradeoff between (a) effectiveness of the applied technology, (b)
welfare of the resident, and (c) work load of the caregiver. After
all: an APAM yields a proven relieve in skin pressure, but the
constant movements of the air pressure chambers decreases the
sleep quality of the resident, and intensifies the caregiver’s task
of helping a resident in- and out of bed.

The investigations in this report have been done with fully
anonymized data. However, when applied in a larger decubi-
tus prediction model (with the aforementioned factors), privacy
issues become prominent. A resident’s name and room num-
ber can be anonymized, but other information (even when tech-
niques like Aggregation (23) have been applied) remains vul-
nerable for re-identification, e.g. by combining data sources.

6.3. Future research

Future research need be conducted into the following issues:

o In this research, a sample and its augmented children are
treated as independent; so they might be divided over the
training, validation and test sets during the experiments. It
is to be investigated whether they are really independent,
to avoid information leakage from training to either vali-
dation and/or test.

o Investigate if a prediction can be done based on shorter
time series (e.g. based on a 30min time series), and estab-
lish the relationship between the length of the time series
and the probability of correct detection.

e Perform a case study on various false positive and false
negatives to find improvement opportunities for hyper-
parameter tuning and/or additional feature extraction.

e Analyze the trained filters of the neural network (i.e. ex-
plain the model) to validate that the prediction is not based
on coincidental effects.

e Perform exhaustive tests with larger data sets, over a
longer time, from more nursery homes and with a larger
variety of mattresses.

o Investigate how the current presented (offline) models can
operate on real time data, and how it can be integrated ef-
ficiently in the daily flow of nursery homes.
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