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ABSTRACT

ARTICLE HISTORY

Purpose: People with intellectual disabilities often show challenging behaviour, which can manifest
itself in self-harm or aggression towards others. Real-time monitoring of stress in clients with
challenging behaviour can help caregivers to promptly deploy interventions to prevent escalations,
ultimately to improve the quality of life of client and caregiver. This study aimed to assess the impact
of real-time stress monitoring with HUME, and the subsequent interventions deployed by the care
team, on stress levels and quality of life.

Materials and methods: Real-time stress monitoring was used in 41 clients with intellectual disabilities
in a long-term care setting over a period of six months. Stress levels were determined at the start and
during the deployment of the stress monitoring system. The quality of life of the client and caregiver
was measured with the Outcome Rating Scale at the start and at three months of use.

Results: The results showed that the HUME-based interventions resulted in a stress reduction. The
perceived quality of life was higher after three months for both the clients and caregivers. Furthermore,
interventions to provide proximity were found to be most effective in reducing stress and increasing
the client’s quality of life.

Conclusions: The study demonstrates that real-time stress monitoring with the HUME and the
following interventions were effective. There was less stress in clients with an intellectual disability and
an increase in the perceived quality of life. Future larger and randomized controlled studies are needed
to confirm these findings.

> IMPLICATIONS FOR REHABILITATION

« Assistive technology such as real-time stress monitoring enables caregivers to timely intervene and
contributes to the reduction of challenging behaviour.

« Real-time stress monitoring contributes to the quality of life of clients and caregivers in healthcare.

» There is a reduction in the levels of stress of people with an intellectual disability by using
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stress-monitoring technology.

Introduction
Intellectual disability

Deficits in intellectual and adaptive functioning are the main
characteristics of intellectual disability [1,2]. The onset of intel-
lectual and adaptive deficits has their start during the develop-
mental period from infancy thorough adolescence [3]. The World
Health Organization classifies intellectual disability as; “Disorders
of intellectual development are a group of etiologically diverse
conditions originating during the developmental period charac-
terized by significantly below average intellectual functioning
and adaptive behaviour that are approximately two or more
standard deviations below the mean (approximately less than
the 2nd/3rd percentile), based on appropriately normed, indi-
vidually administered standardized tests” [4]. Persons with an

intelligence quotient (IQ) < 50 are considered to have severe
intellectual disability, whereas, persons with an IQ >50 are con-
sidered to have mild intellectual disability. Persons with profound
ID have 1Q less than 20-25 [5,6]. An underlying genetic, biolog-
ical or neurological can be identified in more than 75% of per-
sons with a severe intellectual disability [3]. Some disorders,
such as Autism Spectrum Disorder, Depressive Disorders,
Dementia, and Attention Deficit Hyperactivity Disorder, occur
more commonly than in the general population [5].

Challenging behaviour

People with an intellectual disability have deficits in cognitive
abilities, such as reasoning, problem-solving, learning, and under-
standing. These limitations can significantly affect individuals’ daily
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functioning and their ability to adapt to and to interact with their
environment. People with an intellectual disability show often
challenging behaviour [7,8]. Challenging behaviour is defined as
‘behavior of such an intensity, frequency or duration as to threaten
the quality of life and/or the physical safety of the individual or
others and is likely to lead to responses that are restrictive, aver-
sive or result in exclusion’ [9]. Examples of challenging behaviour
include aggression, apathy, self-injury, and resistance to care. A
recent survey among Dutch professional caregivers showed a
prevalence of 37—-86% of challenging behaviour in people with
an intellectual disability [10].

Challenging behaviour has negative consequences on quality
of life (QoL). The behaviour can harm other residents, makes care
difficult for healthcare professionals, and increases sick leave and
staff turnover [11,12]. Challenging behaviour is one of the most
important reasons for transitioning from community care to
expensive intramural care [13]. The exact costs of challenging
behaviour in care for people with an intellectual disability are
unknown, but they are related to self-harming, additional care
costs (psychotropic drugs), sick leave and staff drop-out [11].
Timely and effective prevention and management of challenging
behaviour may lower the burden on caregivers and may prevent
early admission to long-term care.

Individuals with intellectual disabilities often face challenges in
effectively expressing their level of perceived stress and in applying
coping strategies to navigate stressful situations. As a result, they
are particularly sensitive to stress. The presence of stress and com-
munication difficulties often contribute to challenging behaviour
in this population. A strong relationship between stress and chal-
lenging behaviour makes early notification of stress a meaningful
instrument for caregivers to adequately and timely respond to the
person with intellectual disabilities needs [14-18]. Insight into fac-
tors that cause stress and challenging behaviour will give caregivers
means for prevention and to improve care [19].

Stress monitoring

Stress is a pattern of both appraisal (cognitive interpretations) of
a stimulus and physiological reactions (arousal or tension) of the
body [20]. Stress is generally the result of a person’s reaction to
either internal or external stressors. Stressors can be defined as
stimuli that are perceived as a disbalance between the demands
of the stressor and the resources of the individual, needed to
meet those demands [21]. Stress can be determined by physio-
logical reactions (activation or arousal, for instance, increases in
heart rate), changes in activity in the autonomic nervous system
(ANS), blood pressure responses, skin responses, pupillary
responses, brain waves, and heart responses [22,23]. Several stud-
ies have shown that stress recognition is possible through a com-
bination of physiological parameters, such as heart rate (HR) and
electrodermal activity (EDA) [24-26]. Shu et al. [26] and Giannakakis
et al. [27] both present a comprehensive review on physiological
signal-based emotion recognition.

To make physiology-based stress detection useful for problem
behaviour, real-time physiology signals are needed via assistive
technology such as wearable sensors. A review of wearable sensors
for physiological parameters is described in [28], giving guidance
to relevant physiological parameters for stress detection. Mentech
developed the HUME, a system for real-time stress detection, based
on wearables to capture the time-resolved heart rate and skin
conductance, and trained artificial intelligence models to retrieve
stress predictions. The application of a sensor system to measure
stress levels was specifically beneficial for people with a severe

intellectual disability, who often have difficulty in verbally commu-
nicating their stress level. The sensor acted as an extra sense for
the caregiver to timely intervene in case of increase in development
of stress. The application of sensor-based stress detection in people
with a severe intellectual disability was described in detail in a
recent publication of the same authors [29]. Such assistive tech-
nology could enable caregivers to determine the client’s state or
needs based on empirical data.

The objective of the study was to assess the effect of real-time
stress monitoring with the HUME, and the interventions deployed
by the care team based on the assistive technology, on the
quality of life of both the care professional and the client.
Additionally, the interventions deployed by care teams were
grouped in clusters to investigate their effects on stress reduc-
tion and quality of life.

Materials and methods
Design of the study

A one-group pre-test and post-test design using a convenient
sample was used, with the application of real-time stress moni-
toring with HUME. Prior to the active use of stress monitoring, a
reference stress level was determined with HUME (baseline; one
month). The HUME was actively deployed during the subsequent
period of five months by caregivers. A period of five months
appeared to be sufficient to fully exploit the benefits of
stress-based interventions. Data collection was done between
January 2022 and July 2022.

Participants and setting

Clients with an intellectual disability were recruited from 16
long-term care (LTC) institutions in the Netherlands and Belgium.
These individuals experienced significant limitations in both intel-
lectual functioning and adaptive behaviour, and had a profound
or severe intellectual disability (IQ range 20 to 40). These individ-
uals require substantial levels of support and assistance in their
daily lives, including help with activities of daily living, social
interactions, and vocational skills. These LTC institutions were
interested in the HUME and therefore entered into a partnership
with Mentech. Care institutions were interested in the HUME and
therefore entered into a partnership with Mentech. The following
inclusion criteria were used to recruit the clients:

1. The client was diagnosed with an intellectual disability.

2. The client showed challenging behaviour.

3. The client accepted the wearable sensors, based on an
adjustment period before the start of the study (the accep-
tance was checked for approximately one daypart together
with Mentech and was closely monitored by the care team
for the following period).

4. Informed consent was given by the legal representatives
of the client.

5. The care team around the client was willing to
participate.

Reasons for rejecting to participate included lack of time for
the client (n=1), staff shortage (n=2), and physical limitations
that made it impossible to wear the sensor devices (n=2). A total
of 41 clients with their care teams were included in the study.
Male as well as female clients were included, with ages varying
between 14 and 70years.



Figure 1. Stress output of the HUME during a day of use.

Interventions based on real-time stress monitoring

The HUME was designed for people with intellectual disabilities
and validated in a clinic trial [29]. The HUME was selected for the
current study since alternative devices for stress detection were
based on heartrate only and were less suitable for the current
application. A SentiSock with sensors was used to capture the
galvanic skin response (EDA) at the inner side of the foot [30].
The real-time heart rate (HR) as well as the inter-beat interval (IBI)
was captured with an ECG sensor [31], attached to a strap or
patch. The real-time IBI was filtered using a method by Rand et al.
[32]. The signals were averaged using a sliding window of 20s
and decomposed into 30 different features describing the signals.
The HUME model architecture was based on two layers, a shared
layer for the general physiological changes related to stress, and
personal layers representing the person-specific physiological
changes related to stress. The HUME was trained with data from
over 200 healthy subjects who were exposed to stress-inducing
experiments (video, VR video and games, and exercises). The
model was validated with a 5-fold cross-validation method. The
balanced accuracy was 83.4%, with a sensitivity of 81.3% and a
specificity of 85.5% [29].

The HUME model outputs the likelihood of real-time stress of
a client in a number between 0 and 1. This stress index output
can be used for diagnostics to assess the effectiveness of an inter-
vention. The HUME model output can also be converted via a
threshold into a traffic light, displayed on a smartphone or tablet
to signal the caregiver in case of increased stress. A typical example
of HUME stress output during a day of use is given in Figure 1.The
upper plot displays the HUME stress output as a traffic light in
time. The lower plot displays the HUME output as a data trend.

Ethical considerations

The HUME was validated in a clinical study with 10 care institu-
tions for people with intellectual disabilities in the Netherlands
[29,33]. The study protocol was reviewed by the medical ethical
committee of the Amsterdam University Medical Center (VUmc,
the Netherlands, protocol number 2019-255), and deemed exempt
from the Medical Research Involving Human Subjects Act. The
HUME is registered as a class 1 medical device for stress detection.

Quality of life

The QoL of the caregivers as well as the QoL of the clients were
measured with the Outcome Rating Scale (ORS), consisting of
four questions about individual-, relational-, social- and general
well-being [34]. The caregiver rated the QoL of the clients due
to their considerable language and communication deficits, and
significant cognitive impairments. The ORS can be seen as a global
measure of QoL given its strong correlation with other ques-
tionnaires that measure QoL [35]. The ORS has proven to have
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excellent reliability and validity in comparison to other longer
questionnaires [36,37]. Moreover, the ORS was chosen given the
high work pressure of staff members after COVID-19 [34,36,37].
Answers were given on a 5-point scale, with the lowest score of
1 for very bad well-being and the highest score of 5 for very
good well-being. Although questions on the ORS are normally
answered via a slider, it has been used as a discrete scale before
[38]. Moreover, research found that changing the scale format does
not compromise the comparability of the data [39]. The questions
are given in Appendix A.

The QoL domain scores between the baseline and after three
months were statistically tested for both caregivers and clients.
It was decided to apply multiple one-sided T-tests and correct
for possible unequal variances using the Welch correction method.
The increase in type 1 error due to applying multiple T-tests was
addressed using the Holm-Bonferroni correction.

Procedure

After the deployment of the HUME, the first period of approxi-
mately one month was used to define the baseline. HUME data
were collected, and the HUME output was blinded to the caregiver
(the caregiver did not see HUME data in this period). In the sub-
sequent months, the HUME was used as an early warning or
diagnostics instrument on 41 clients, and subsequently, care inter-
ventions were deployed. The intensity of data collection with the
HUME (duration and frequency) varied between clients and during
the study. The stress monitoring system was deployed on the
basis of the need. In case the HUME was used as an early warning
system, the HUME warned the caregiver via an acoustic signal
and colour change in the traffic light when a specific stress level
was exceeded. Upon HUME warning on the smartphone, the care-
giver deployed an intervention based on what he/she deemed
best (e.g., making contact, starting a conversation, providing com-
fort and proximity, starting an activity). In this way, stressful sit-
uations could be timely addressed, and escalations and aggression
could be prevented. In case the HUME was deployed as a diag-
nostics instrument, the caregiver used the HUME to assess the
effectiveness of an intervention. Levels of stress before the inter-
vention, during the intervention, and after the intervention were
measured with the HUME. In this way, the effectiveness of inter-
ventions could be assessed by the caregivers, and causes of stress
were identified. At intervals of one month, the HUME stress data
were analyzed. The averaged HUME stress data were based on all
collected HUME data in that specific month.

In addition, the QoL questionnaire (ORS) was administered at
the start of the deployment of the HUME to generate the base-
line. Subsequently, the QoL questionnaire was administered after
three months of use. To avoid too excessive burden on healthcare
workers, the ORS questionnaire was not administered again in
case the HUME was longer used than three months. The ques-
tionnaires were ideally administered face-to-face, but due to



4 S.HESSELMANS ET AL.

COVID measures answers were sometimes collected online
through Google Forms. The professional caregiver of the client
filled in the questionnaires, representing the opinion of the care
team around the client.

Moreover, the different interventions deployed by caregivers
were clustered and studied on their effectiveness. The content
about the various interventions was collected in collaboration
with caregivers. The timeframe of the various interventions was
established so that a comparison could be made between the
two periods. If the duration of the intervention was e.g., three
weeks, that period was compared to the stress measurements
before the intervention was deployed. Clustering was done inde-
pendently by several authors of the study based on their content,
after which the different clusters were made in agreement.

Data analysis

Data were pseudonymized and stored in a secured database.
Analyses were done with Pandas (v1.1.0) and Pingouin (v0.5.1),
both Python libraries. The data quality was analysed based on
box plots and interquartile ranges (IQR). Based on this analysis,
no outliers were identified, and all data were included in the
study. The selected variables included the average stress levels
over time, the ORS scores of the client, the ORS scores of the
caregiver, and the scores on the different clusters. The indepen-
dent variable was the period of use of HUME in number of
months. The average stress level during the first month of use
(reference period, plotted at zero months of use) was normalized
to 1. The stress measurements recorded in the subsequent months
were averaged for all clients and normalized in comparison to
the baseline value. To relate the identified intervention clusters
to measured levels of stress and quality of life, the Z-score was
calculated for the baseline and for the period in which the inter-
vention was deployed. The Z-score is the number of standard
deviations by which the value of a raw score is above or below
the mean value [40]. Thereafter, the effectiveness of an interven-
tion is expressed as delta, the difference between the values at
three months of deployment and the values at the start of the
deployment.

Results
Stress levels

An overview of the average measuring time each month is given
in Table 1. The measuring time is given in hours. The sample size,
standard deviation, median and interquartile values for each
month are given in the table as well.

Figure 2 shows the stress levels over a period of six months
of measurement. The normalized stress level showed a gradual

Table 1. HUME stress measurement statistics.

Month 0 1 2 3 4 5

n 41 41 40 32 18 9

Mean 16937 136.49 125.65 111.25 9423  97.75
Standard deviation ~ 124.70 84.14 9149 8439 56,59  40.95
First quartile 112.83 66.23  61.51 5576 4880 8191
Median 13833 11895 10786 96.73  85.09  88.19
Third quartile 197.85 209.03 17893 153.35 12635 110.02

Average measuring time and standard deviation of HUME deployment in hours
per month. M, n, and SD represent the mean, the number of clients, and the
standard deviation, respectively. Also, values for the median and interquartile
ranges are given. Note that the baseline is indicated as month 0.

Figure 2. Averaged stress level as a function of months of use of the HUME.

Figure 3. Quality of life for client and caregiver.

decline at the time of deployment, with a small exception at three
months after the baseline, where a small increase can be seen in
the trend.

Quality of life

A total of 31 professional caregivers completed the ORS ques-
tionnaire at the baseline (with complete data on client and care-
giver). The averaged ORS numbers are given in Figure 3. For both
caregiver and client, the averaged QoL increased with the period
of use of stress monitoring. An increasing trend regarding the
quality of life of the client and caregiver can be seen throughout
the averaged values.

The scores for the personal, interpersonal, social, and general
constructs for both the caregiver and client are given in Table 2.
The mean scores and standard deviations at the baseline and at
the 3-month deployment are listed. All QoL scores showed a
positive increase for both caregivers and clients over time. For
the general QoL domain in the caregiver group, the increase was
significant. In the other groups, the statistics indicated moderate
effects with a trend in the expected direction.

Impact of different types of interventions

The interventions were subdivided into two types, reactive and
planned interventions. The planned interventions were divided
into two groups, namely proximity-related interventions (e.g.,
starting a conversation, having a walk together) and stimuli-related
interventions (e.g., another environment during a meal, giving a
toy during a transition). The reactive interventions were related
to the early warning use of the HUME. In the case of early



Table 2. Outcome Rating Scale results.
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Three months

Baseline (n=31) (n=26) Paired T-Test
Cohen-D effect

Participant Domain M SD M SD p-Value p-Value adjusted size
Caregiver Personal 3.767 0.667 4.080 0.483 0.027 0.186 0.520

Inter-personal 3.710 0.850 4.040 0.720 0.064 0.256 0.408

Social 3.903 0.689 3.960 0.662 0.380 0.394 0.082

General 3.581 0.610 4.080 0.483 0.001 0.006 0.880
Client Personal 2.806 0.965 3.231 0.799 0.040 0.200 0.467

Inter-personal 3.161 1.167 3.500 1.010 0.127 0.380 0.303

Social 2.645 1.002 2.885 1.050 0.197 0.394 0.230

General 2.871 0.942 3.346 0.917 0.032 0.193 0.502

M, n, and SD represent the mean, the number of clients, and the standard deviation, respectively. The paired T-test with p-value, p-value-adjusted and effect

size, was performed to assess the effectiveness after three months of use.

Figure 4. Overview of the impact of clusters on stress levels.

Figure 5. Overview of the impact of clusters on quality of life.

warning, the caregiver responded to a HUME alert by checking
on the client and performing a care intervention. There were
several interventions that a caregiver could perform after the
warning. A total of 25 cases used the early warning function as
an intervention. Six interventions were classified as “proximity”-re-
lated and five interventions were classified as “stimuli”-related.
The delta values are plotted in Figure 4 for the three types of
interventions. Proximity had the highest decrease in stress level
(M=-0.10, SD=0.09), followed by the early warning cluster
(M=-0.04, SD=0.20). Stimuli had hardly any effect on the mea-
sured averaged stress level (M=0.01, SD=0.13).

The effectiveness of an intervention can also be expressed in
the difference in QoL of the client and caregiver after three
months of HUME deployment compared to the QoL at the start
of the deployment (baseline). These delta values are given in
Figure 5 for the three different types of interventions. All groups
of interventions had an improvement in QoL, with the early-warning
intervention as the largest improvement (M=0.50, SD=0.68).

Proximity had a similar improvement (M=0.42, SD=0.52), whereas
stimuli-related interventions had a lower impact (M=0.06,
SD=0.61).

Discussion
Stress detection with wearables

The objective of the study was to assess the effect of real-time
stress monitoring with the HUME, and the interventions deployed
by the care team based on the assistive technology, on the quality
of life of both the care professional and the client. The real-time
stress was provided as a traffic light on a smartphone, to warn
the caregiver in case a client showed increased levels of stress,
ultimately to deploy interventions to prevent for instance escala-
tions or self-mutilation. In addition, stress monitoring was used
for diagnostics, to measure the stress levels before and after the
deployment of care interventions.

Principle findings

A stress-detection system for individuals with severe intellectual
disabilities has the potential to help caregivers identifying signs
of stress. Early notification allows for prompt interventions.
Patterns of stress can provide valuable insights into stress triggers
and coping mechanisms, enabling caregivers to tailor the required
support more effectively. Also, it can improve the quality of care
since stress detection with wearables provides an objective mea-
sure of stress. However, when utilizing wearables to mitigate stress,
privacy, ethical, and practical issues need to be considered.
Measurement of stress might infringe on autonomy and dignity
of people with an intellectual disability [29].

The use of HUME to detect stress hardly presented any practical
problems. The smart sock integrates well into the daily rhythm
of dressing and undressing. The printed electrodes on the inside
could not be felt by the people during use. Also, the actions
required to deploy and use the stress detection sensors did not
place any additional burden on the client in terms of distracting
attention. Stress detection based on wearables was also accepted
by healthcare providers. After instruction and training, they use
the stress detection system as an extension of their actions. They
valued the technology as equally valuable as an objective tool
to determine the stress level of someone with limited verbal
communication capabilities. The use of wearables for stress detec-
tion also did not pose any ethical problems. We used informed
consent to inform and request consent from the clients’ legal
representatives. The data is treated carefully and stored anony-
mously according to a data management plan (GDPR-proof).
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All legal representatives recognized that the outcome of stress
detection in terms of quality of life and better care outweighed
the release of physiological and personal data.

The measurements over time show a gradual reduction in the
average stress level of clients with an intellectual disability. An excep-
tion is at three months of use, which showed a slight increase.

Most caregivers indicated an improvement in QoL after the
usage of the HUME, both for themselves and their clients. All
constructs improved for the caregivers as for the clients.
Caregivers improved the most in their general well-being. Clients
improved most greatly in their personal well-being and general
well-being.

The early-warning cluster and the proximity-related cluster
appeared to contribute the most to the perceived increase in
QolL. Also, the stress reduction was most noticeable for the
early-warning cluster and the proximity-related cluster.

The paired T-test analysis supported the findings that
stress-based interventions had a positive impact on the QoL of
both the client and caregiver. Although not significant for all
constructs, the paired T-test outcome indicated that the QoL
increased in time for both caregiver and client.

Comparison to Prior work and relevance of current work

Dillon et al. [41] found a reduction in stress for healthy adults
in a short intervention using biofeedback through a smartphone.
The same study mentioned the potential scalability of working
with smartphones that give biofeedback. In the current study,
the results over a longer period create a similar image. Another
study by Nath et al. [42] stated the potential of a physiological
stress detection device to counteract the harmful effects of stress
on health. Ultimately, it could prevent cognitive decline.
Moreover, earlier research found that interpersonal relations were
the most referenced indicator of QoL [43]. The improvement on
the interpersonal relations found in this study can have a mutu-
ally positive effect if the improvement relates to the relationship
with the clients. Moreover, the results found on the clustered
interventions fit well with earlier results from Heyvaert et al.
[44] on people with an intellectual disability, stating the positive
effects of several social-contextual interventions in studies with
small sample sizes.

Because of higher work pressure in health care after COVID-19,
AL-Abrrow et al. [45] found that there is a significant impact on
the attitudes of caregivers to quit the health sector and start
working in other sectors. The impact of COVID-19 on health is
still very present, but it also enhances the need for technological
solutions [46]. As stated by Marschollek et al. [47] there is a need
for validation that wearable monitoring provides valuable infor-
mation and can have an additional impact. The work of Taj-Eldin
et al. [48] added that when selecting a wearable device the valid-
ity and effectiveness of the device are important. The validity of
a stress detection system was already investigated by several
researchers [29,33,49,50], and the first step toward its effectiveness
is made in this study.

Study limitations

The caregivers labelled moments of stress and relaxation during the
reference period (first month of use) to train a personalized stress
detection model. Therefore, caregivers needed to label moments of
stress and relaxation during the reference period (first month of use)
to train a personalized stress detection model. The number of labels
given by caregivers could be limited and placed at the wrong

moment in time, whereas unlabelled data collection is enormous
[51]. Moreover, during moments of escalation, the caregiver was
occupied with mitigating the situation rather than labelling the stress.
In these cases, the stress events were retroactively labelled which
could have introduced errors. This effect was mitigated by fine-tuning
the model during the deployment of HUME. Semi-supervised learning
in combination with active labelling will further improve the accuracy
and reliability of stress detection.

Another limitation of this study is that the physiological
responses to stress can also be provoked by physical activity [52].
For instance, there is a noticeable difference in average heart rate
between standing and sitting [53]. The trained stress models can
only partly compensate for physical activity. Therefore, stress esti-
mations may be influenced by physical activity and can lead to
wrong interpretations of stress. A similar problem in stress rec-
ognition is the difference between eustress and distress. Where
eustress is the “healthy” stress response, distress comes with neg-
ative feelings and physical impairment [54]. The used stress mod-
els were trained for distress and were therefore not suitable for
measuring eustress.

The accuracy and reliability of stress predictions depend on the
quality and availability of data. Data quality relates to the application
of wearables to capture real-time physiological responses to stress.
If the wearables are not correctly worn, data might be compromised
and contaminated with noise and movement artifacts. This is a prob-
lem because bio-signals are very sensitive to noise and the stress
estimations could therefore be affected [27]. If the connection with
the cloud is lost, data are not properly transmitted, also leading to
malfunctioning of stress prediction.

Another point that needs attention is one of the side effects
of using wearables. By attaching wearables to a client, the client
gets attention. Proximity is very important in the well-being of
persons with ID so the stress level will also be related to this [55].
The results found in the average levels of stress, as well as the
results found in the QoL questionnaires, may be influenced by
proximity. Invisible garment-integrated sensors might mitigate
this effect.

Seasonality is a possible limitation of this study. Sharif and
Riaz [56] for example found that participants experienced more
stress during autumn. Moreover, structured life is very important
for people with ID and sudden loss of structure can lead to
reduced self-resilience [57]. During the holiday season and public
holidays (for instance Christmas) people with ID often lose their
daily structure, e.g., due to flex workers who are not familiar with
the daily routine. The period in which the HUME was deployed
was between January and July 2022. Since a lot of data were
collected during the summer holiday season, this could have had
an impact on the results.

Since caregivers needed to get familiar with stress monitoring
and needed to implement it in their daily care process, it can be
assumed that in particular the early warning interventions were
not always strictly deployed. In addition, client care was typically
provided by a team of different caregivers, which introduced a
variance in the type of intervention. The support and interest of
caregivers in using assistive technologies to provide better help
and personalized care was essential for the course of this study.
Also, interventions were mostly adapted to the personal needs
of a client. The project team provided training and instruction
material for optimum acceptance and use of the stress-detection
system during this study.

Finally, we used a rather small convenient sample and no
comparison group, which makes the claims about the effectiveness
of the HUME and the effect on the QoL preliminary on group
level. To be able to make stronger claims, a larger sample size is



recommended. However, on individual level, we see encouraging
evidence of the effectiveness of stress-based interventions. A ran-
domized controlled trial study could better support the claims
made in this study.

Conclusions

The deployment of HUME for real-time stress detection, to timely
intervene in case of increased levels of stress, or to analyze the
impact of interventions, led to less stress in clients with an intel-
lectual disability. In addition, HUME-based interventions increased
the perceived Qol, both of the caregiver and of the client.
Proximity interventions and early warning appeared to be the
most effective interventions in the reduction of stress and had
the strongest effect on the improved QoL of clients.
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