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ABSTRACT

Human Digital Twin (HDT) is a powerful tool to create a virtual
replica of a human, to be used for example for designing interactions
with physical systems, preventing cognitive overload, managing
human capital, and maintaining a healthy and motivated workforce.
Building human twins is a challenging task due to the need to reli-
ably represent each corresponding human being, and the fact that
human beings notably differ from each other. Therefore, relying
solely on expert knowledge is insufficient, and human twins must
learn the specifics of each individual in order to accurately represent
them. This paper focuses on Al methods for modelling the mental
wellbeing of knowledge workers because the mounting cognitive
demands of both white-collar and blue-collar work lead to employ-
ees’ stress, and stress leads to diminished creativity and motivation,
increased sick leaves, and in severe cases, accidents, burnouts, and
disabilities. This paper describes the main building blocks of Al-
based detectors of mental stress and highlights the main challenges
and future directions of research., which are expected to be relevant
also for HDT learning in other domains because the high degree of
individuality is ubiquitous in all human activities.
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1 INTRODUCTION

Al-based human modelling is an active research area, with studies
aiming at learning preferences of humans (e.g., to use in recom-
mender systems and for user interface adaptation) and human
activities (e.g., to assist workers and dementia sufferers when they
do not know what to do next). Many studies aim also at recognising
human cognitive and mental problems, both for medical reasons
and for ordinary life. For example, detection of students’ stress dur-
ing online lessons may help to adapt study programme; detection
of employees’ stress may help to improve work culture, employee
motivation and health, whereas workplace problems can cause ac-
cidents, employee sicknesses, turnover, and early retirement. To
ensure successful collaboration between humans and Al in so-called
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hybrid intelligence systems, it is also important to recognise hu-
man stress, shortcomings and preferences, and to adapt interaction
accordingly.

A big problem in all these domains is human diversity, which
makes “one model suits all” approach infeasible. Factors, that
threaten mental wellbeing of each person (i.e., reasons for his/
her cognitive and physical overload, fatigue, boredom etc.), notably
differ between different individuals. For example, tasks, which some
humans perceive as easy, may cause stress in other humans; tasks,
which some humans perceive as interesting, may be perceived by
others as boring - and again, stressful, because insufficient variety
of work can also cause stress [1]. (In this work we will use the term
“stress” in a broad sense, such as “a state of mental tension and
worry caused by problems in your life, work, etc’!).

Digital Twins are a useful concept for this, as they have a 1-
to-1 relationship with an instance of a specific real-world entity
[2]. Obtaining digital twins of each employee solely via question-
naires would be infeasible, however, because human beings may
lack understanding of reasons for their stress, or may not be honest,
for example, because of fear of unemployment. Thus intelligent
systems should be able to learn by observing humans and their
context. Al methods to detect stress and stressors (i.e., factors that
may cause stress) from sensor data is an active research area now,
but this area has many research challenges. This work outlines the
challenges and future research directions on the example of stress
detection studies with students and knowledge workers, but they
can be generalised to other domains: for example, manufacturing
industries present increasingly more demands for cognitive abilities
of the employees. Currently, however, stress detection in manufac-
turing industries is less advanced than in the domain of knowledge
work [3].

First challenge in building human digital twin is to obtain ob-
servations and the corresponding ground truth. Observations are
sensor data, such as data from wearable devices, mobile phones,
computers, video cameras etc., and observations should be continu-
ous because digital twins must evolve together with the humans
they represent [4]. Ground truth in stress studies can be notes of
external observers, subjects’ biomarkers (e.g., cortisol) and self-
reports of the study subjects. In long-term real-life data collections
usually only self-reports of the subjects can be obtained, and even
this is not so easy because of reporting fatigue. Thus it is necessary
to develop Al methods to learn human models and to update them
when humans evolve, not requiring large quantities of self-reports,
and to develop convenient and acceptable for humans sensor-based
monitoring systems and applications to obtain self-reports.

To date, research into these problems is only emerging. The
overwhelming majority of stress detection studies are conducted in
the laboratories, where studies are usually short (a few hours) and
therefore focus on detection of acute stress. For example, typical
lab conditions to induce stress are requirements to perform mental
arithmetic quickly and/ or to write a text despite interruptions.
In real life, however, knowledge workers rarely perform mental
arithmetic and can disable email notifications to focus on writing.
Hence it is not clear to which extent lab studies can help to prevent
employee turnover or burnout in real work, moreover that in real
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work stress can be due to social relations, poor work-life balance,
mismatch between personal expectations and results, and even
boredom, depending on personality [1][5]. On the other hand, time
pressure, interruptions and multitasking can also play positive role.
For example, during 10 months long study, described in [6], the
test subjects were asked to provide on a daily basis self-reports
and, whenever possible, also free-form comments. Not stressful
days were often accompanied by the comments that subjects had
to perform difficult tasks on these days, but were “inspired and
did a lot”, whereas some stressful days were accompanied by an
explanation “I tried to write, but I wasn’t inspired”.

Since real life is very different from lab studies, we believe that
it is necessary to learn human digital twins from real life data. This
paper is organised as follows: next section presents state of the
art in real life stress detection studies, Section 3 presents building
blocks of Al systems to learn human models, associated challenges
and future directions. Section 4 presents summary and conclusion.

2 STATE OF THE ART IN AI-BASED HUMAN
STRESS MODELLING

2.1 Database searches

Since we performed extensive literature searches for our previous
publications, such as [6][7], for this paper we only searched for
the recent studies. First, we searched ScienceDirect. In order not to
miss any recent developments, we conducted a very broad search:
by typing “stress detection” in the search window and by filtering
the results to include only recent works (years 2022, 2023, 2024).
Based on previous experiences, we did not use other filters in Sci-
enceDirect because in the past, filters removed relevant papers. This
search returned over 10000 results, and we checked the first 500
titles. Among them we found 16 mental condition assessment stud-
ies, relevant to our goal of detecting stress of ordinary employees
(not patients, not pilots etc.) for the goal to improve their mental
wellbeing, nine of which used real life data. Six of these works,
however, were analysing text, which creates high privacy threats,
and one study recorded data of students for a very short time: two
hours before the exam and then for a short time after holidays. The
latter approach seems to be very common, because a recent review
of stress detection in students reviewed 44 articles and concluded
that although stressors in many studies were real, measurements
were usually performed in the labs and thus the main challenge
is "to bring detection systems into the classroom” [8]. One more
study aimed at detecting stressful situations in manufacturing: the
system was first trained and tested in the lab with five subjects and
then tested in a field during one shift. System accuracy in a lab was
reported as 76%, whereas about real work performance the authors
concluded that “from a preliminary assessment, it appears that
the software framework can cluster rest conditions and potential
stress conditions for the user” Whether potential stress conditions
indeed caused stress, was not reported. In our view, this confirms
difficulties of developing and testing stress detectors in real life and
importance of finding ways to do it. Hence only one of the found
studies contributed to our summary Table 1.

Next, we conducted search in Springer database by typing the
same expression “stress detection” in the search window. We filtered
the results by years (2022 and beyond). Then we filtered results
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to belong to the area of Computer Science and to include only
journal articles. We got about 1000 journal papers, checked first
200 titles and found only one paper which employed real life data
in the form of facial images, obtained from the web, but these data
were used only for system training, whereas testing was done only
using acted video recording of various emotional expressions [9].
A similar search in IEEE Explore returned 278 journal articles; we
browsed first 200 titles and found one study that analysed sleep; one
study that analysed YouTube videos to recognise arousal/ valence,
but not stress; and one field study. Below we describe the found
long-term real life studies.

2.2 Summary of field studies

First stress detection studies, performed in the labs, demonstrated
that stress can be detected from physiological data, for example,
heart rate variability (HRV). Hence first field studies attempted at
transferring to real life methods, developed in laboratory studies,
but very soon found that physiological data are notably affected by
daily life activities, such as motion, eating, drinking, caffeine intake,
conversation and motion [10] and that test subjects are not always
happy to wear sensors. For example, Muaremi et al. [11] attempted
at collecting HRV data during bedtimes in addition to mobile phone
data, collected during daytimes, but even in this setup 12 subjects
did not wear physiological sensors for more than one night.

Many other real life studies employed mobile phone as the only
sensor [12][13][14][15][16][17][18][19] or in combination with
wearable devices [20][21]. These studies employed different types
of information from the phones: mobile phone usage data (e.g.,
applications and interaction types, such tap, scroll, swipe, and text
writing), physical activity data (e.g., phone acceleration, user loca-
tions) and social activity. These data are called behavioural data.
Phone condition also appeared to be useful for stress detection, e.g.,
temperature of batteries, number of operating apps and frequency
of changing display [16].

Use of mobile phones in stress detection does not bother end
users with the need to wear and charge any extra gadgets, but
data collection drains phone battery. Use of environmental sensors
instead of, or in addition to, mobile phones would help to reduce
phone battery consumption and/ or to increase stress detection ac-
curacy. Recent real-life studies, performed to date with environmen-
tal sensors, include analysis of motion trajectories, obtained from
depth cameras [6] and analysis of indoor environmental quality
data [7]. In addition, there were numerous short-term studies into
stress detection via analysis of computer data (keyboard/ mouse),
for example, lab study in [22] and real life study into stress of stu-
dents during exams [23], and lab studies with various kinds of other
sensors, e.g., depth and thermal cameras and pressure sensors.

Stress detection models can be (1) general, i.e., trained on data
of multiple subjects; (2) cluster-based, i.e., trained on data of simi-
lar subjects (which requires a good metrics of similarity between
humans and (3) person-specific, i.e., trained using only data of each
end user. Due to differences between human beings, person-specific
models are usually the most accurate, provided that the end users
supply large numbers of stress labels to train the system (stress
label is information whether a person was feeling stressed or not
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and (possibly) information regarding stress severity). Average dif-
ferences between accuracies of person-specific and general models
exceeded 20% in cases of using mobile phone usage data in [13], ac-
celerometer data in [14], posture data in [24] and keyboard/ mouse
data in [23], but such accuracy gains required nearly 100 labels
instances per person in [13][24]. The work [25] also demonstrated
that accuracies of person-specific stress detection models, using
physiological data, can be improved by about 10% if additional
100 labels per person are available. Unfortunately, requiring so big
number of labels per person is unrealistic approach.

Table 1 summarises long-term real-life studies that we found. As
we believe that real life studies should last long enough to include
sufficient variety of human tasks and conditions, we included in
Table 1 only studies that lasted at least four weeks and involved at
least four persons. Table 1 shows that during 2013 - 2016 there were
five studies [11][12][13][14][17], which experimented with more
than 30000 days of data, whereas six studies [6][15][18][20][21][25],
performed after 2017, experimented with less than 15 000 days of
data. Probably, later studies were affected by COVID, but never-
theless, the trend does not feel right. Table 1 also shows that only
half of the studies, performed during 2018-2022, did not use fully
supervised Al methods, which means that importance of reducing
user labelling effort is not yet fully acknowledged.

2.3 Studies into reducing the need in
self-reports

Despite impracticality of fully supervised learning of behavioural
models, not so many studies into stress detection aimed at finding
solutions to this problem. A good illustration of this situation is a
recent review [26] that focused only on supervised methods.

The majority of the studies into reducing the need of self-reports
of the target user explored the possibility to use data of similar per-
sons [14][17]. As these works also employed fully supervised train-
ing, they required obtaining large sets of labelled data of multiple
non-target individuals, and also labelled data of a target individual,
although in smaller quantities than person-specific training would
require. It was found, however, that success of using data of other
individuals depends on similarity between these individuals and
the target person: if they are similar enough, accuracies may be by
5- 12% higher than accuracies of general models [14][17], but use of
data of not-so-similar persons may result in lower accuracies [17].

Recently, Taylor et al. [20] employed more modern method to ex-
ploit similarity between human beings: multi-task learning, which
is a type of transfer learning. In this approach deep network is
trained so that some parameters are shared between all tasks (a
human can be considered a task), whereas other parameters are
task specific. This approach requires to collect data from many
persons: in [20] data of 104 persons were used in training, and
they were clustered based on pre-study questionnaires, such as Big
Five features and gender. Hence multi-task learning is a promising
approach for cases when data of many persons can be collected
and shared, but the drawbacks are data sharing (it may hinder user
acceptance because of potential privacy threats) and the need to
answer questionnaires, required for user clustering. It would be
beneficial to study the ways to cluster people based on their sensor
data instead.
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Table 1: Summary of long-term real life stress detection studies to date

Ref Study duration Number of Sensors Al approach
subjects

[11] 4 months 35 Phones and wearables ~ Supervised

[12] 6.5 months 117 Phones and weather Supervised

[13] 6 weeks 28 Phones Supervised

[14] 8 weeks 30 Phones Supervised

[17] 8 weeks 30 Phones Transfer learning

[15] 4 weeks 25 Phones Supervised

(6] 10 months 4 Depth cameras Unsupervised

[21] 4 weeks 65 Phones and wearables ~ Unsupervised

[20] 1 month 104 Phones and wearables ~ Multi-task learning

[25] 1-3 months 14 Wearables Supervised

[18] 8 weeks + 10 weeks 30 + 48 Phones Supervised

Unsupervised stress detection, to the best of our knowledge,
was studied only in a few long-term real-life studies: Tervonen et
al. [21] used self-organising maps and Vildjiounaite et al. [6][19]
used Hidden Markov Models. Unfortunately, unsupervised meth-
ods are difficult to control: they are much more likely to produce
completely wrong results than supervised methods, and they are
far less accurate: Tervonen et al. [21] reported only 60% accuracy of
stress detection on daily basis; the work [6] reported 67% accuracy,
but the proposed method was tested on long-term data of a few
persons only and hence it is unknown how well it can work for
larger population. Semi-supervised methods would be a good com-
promise because they would allow more control than unsupervised
Al methods while requiring fewer labels than supervised methods,
but we are not aware of any stress detection studies, employing
semi-supervised methods.

3 CHALLENGES AND FUTURE DIRECTIONS
FOR HDT LEARNING IN REAL LIFE

Figure 1 presents the main building blocks of Al-based stress detec-
tors. They are created, and their parameters are adjusted, during
system training. These main blocks are as follows:

e Data: sensor data and ground truth data, used to train and
test the system.

e Pre-processor: a module performing data filtering (e.g., re-
moving corrupted data), data segmentation (e.g., in fixed time
windows of a certain length or splits data into segments that
have some meaning: for example, separates gestures from
not moving hands)

o Feature extractor: a module that extracts from data seg-
ments selected features (e.g., maximum value of data in a
segment) and, if needed, normalises them.

o Feature selector: a module that selects “best” features from
all extracted features. This module is not needed if the set of
features is determined and fixed during system development.
It is needed, however, if the “best for each user” feature set
is determined during system operation separately for each
user, or the system removes on features with low variation
in their values
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o Classifier: a module that takes selected features as an input
and outputs its conclusions in a form of a class or a score
(for brevity, we will not distinguish between classification
and regression models here).

o Fusion: a module that combines data from different sources
(e.g., different sensors or different persons). Fusion can be
done on feature level: features from different sources are com-
bined and used by the classifier in the same way as features
from a single source. This approach requires availability of
features from all sources in each data segment. Fusion can be
also done on classifier level: in this case, outputs of different
classifiers (in a form of scores or decisions) are combined,
for example, scores can be summed up or used as an input
to another classifier; decisions can be combined by voting.
This approach does not require availability of features from
all data sources in each data segment, but often, its accuracy
is lower than that of feature-level fusion.

Al systems can also employ a single deep learning network to
perform feature extraction, feature selection and classification, but
training of such networks usually requires large sets of labelled
data, which are difficult to collect in real life. Below we will describe
challenges and future research directions, related to learning human
models in real life.

3.1 Overall system design

System design should consider the following aspects:

1. Choice of sensors: a trade-off between system accuracy and
privacy. Usually, the more accurate information the sensor can pro-
vide, the more privacy-threatening it can be. For example, video
cameras allow to obtain facial expressions and to instantly detect hu-
man surprise or anger, but they are more privacy-threatening than
depth cameras because currently, depth cameras cannot recognise
people. Depth cameras, however, cannot recognise human mood
as well as video cameras. Another example: human confusion can
be recognised from interactions with the software, for example,
if a user tries the same commands repeatedly. If the user listens
music, however, repeating the same commands may mean that the
user wants to listen the favourite song again. Hence interaction
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analysis would be more reliable if the system would know which
software and which commands the person uses, but this knowledge
increases privacy risks. In addition, accuracy depends on required
granularity of results because aggregation of data over time can
increase accuracy [6].

Therefore, choice of sensors (and provided information details)
should depend on user acceptance and on application requirements,
such as minimum acceptable accuracy and granularity of human
condition assessment. Users should “opt in” for using the system,
and should be able to choose which sensors to use, if to use any. For
example, the users may in the beginning opt-in for using the most
privacy-safe sensors, then become curious about other sensors and
start using them too, if they will develop trust in the system - that
the system will not harm their work situation.

2. How to process data along timeline. Data usually arrives
as a stream, which is split by a pre-processor into segments. Each
time segment can then be treated as an independent data instance,
i.e., classified separately from other data segments. Such instant
classification results can be later combined along timeline. An alter-
native way is to use sequential classifiers, i.e., methods that process
consecutive data instances together. Such methods can, for example,
learn that stress state does not instantly transform into a calm state,
and use this knowledge to classify a state after stress also as stress,
even if instant classification would classify it as a calm state. Which
methods would work better, instant or sequential, remains to be
studied because the majority of the current approaches employ
instant classifiers. The work [6] employed sequential classifier (Hid-
den Markov Models), but did not compare it with instant classifiers.
The work [18] compared sequential classifier LSTM (long short-
term memory network) with instant classifiers (Decision Tree and
AdaBoost) and observed that instant classifiers achieved higher
accuracies in the majority of cases, but data size was probably too
small for LSTM.

3. How to process data of multiple persons. Usually, data of
many test subjects are collected, so it is possible either to learn
model of each human being independently or to use data of many
persons together. In the former case, i.e., learning of person-specific
models, the very important choice is, how to minimise number of
self-reports, used in system training. For example, is it more benefi-
cial to use a limited number of self-reports for feature selection or
for classifier training? To the best of our knowledge, studies into
this problem are not abundant, and not concerned with the problem
of limited availability of labels. Furthermore, most probably stud-
ies with one data type cannot be generalised to other data types
because no Al method performs well on any data.

In the latter case, adaptation to each person can be done via trans-
fer learning, and the system developers should choose, whether to
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use all available data together or to cluster test subjects and to train
different cluster models independently on each other. Apparently,
clusters should reflect similarity between different human beings,
and how to find similar persons, is an open research question. The
work [20] clustered people by personality (Big Five factors) and
genders, but apparently this is rather coarse clustering, and it re-
quires people to answer questionnaires. Ideally, clustering should
be based on sensor data.

To summarise, systematic real-life studies are needed to address
the following research problems:

e What kind of accuracy/ granularity/ privacy trade-offs
can be achieved with different sensors and how different
sensors can be used together. This requires multi-sensor
data collections, which to date were mainly performed in
the labs, while the majority of long-term real life studies
employed only one sensor, as Table 1 shows.

e How to perform mental conditions assessment continu-
ously: whether sequential or instant classifiers suit better
for this task and how past human conditions affect present
conditions. To date, use of “past” data for stress detection
was rarely studied; most often each time period was assessed
independently on the previous periods.

e How to minimise number of self-reports, required from
each end user for system adaptation to each individual: for
example, whether it is more beneficial to use the self-reports
for feature selection of for tuning of classifier parameters.
Another approach is to use data of multiple persons to-
gether, and this approach requires to study acceptability
of data (or features) sharing and development of similarity
metrics between different individuals

Below we will describe other aspects of the building blocks, which
need to be addressed for real life learning of human models.

3.2 Datasets

As our information search shows, many current stress detection
studies are still performed in the labs, but stress and calm conditions
in the labs differ from that in real life. In lab studies stresses are
usually induced by giving test subjects relatively short tasks that are
preceded by a relaxation phase; hence, lab conditions do not well
represent long strenuous days at work. Non-stressed conditions in
a lab may also notably differ from normal office work: for example,
in [27] non-stressed state of test subjects was induced by showing
them movies of swans and ducks in a lake.

A good example of difficulty to transfer results of lab studies
to real life is stress detection on the basis of physiological data.
Studies, conducted in the labs, report very high accuracies, e.g.,
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combination of EMG (electromyography) and ECG (electrocardio-
gram) data allowed to achieve 97-100% accuracies in classifying
two-three stress classes [28]. On the other hand, a large-scale (1002
subjects) study with test subjects, monitored in the course of their
normal lives during five days, reported less optimistic results [29]
for three-class stress classification: data of 43% of subjects appeared
unsuitable for stress detection. In leave-one-subject-out tests on
the remaining dataset a fully supervised classifier (Random Forest)
achieved an average F-score 0.43, which is not a high accuracy. The
main reasons for so notable difference between lab and real life
results are influence of human activities (motion, food intake etc.)
on physiological parameters and motion-induced sensor shifts.

The most interesting result of Smets et al. [29], however, is find-
ing that the highest classification accuracies (F-scores above 0.66)
were achieved for the test subjects who did not experience stress
very often: on average, they reported 86% of “no stress”, 12% of
“light stress” and 2% of “high stress” cases. On the other hand, F-
scores for the most stress-prone subjects (who reported 26% of “no
stress”, 45% of “light stress” and 29% of “high stress” conditions
on average) were below 0.33, i.e., performance as good as random.
This means that stress detection on the basis of physiological data
may be not the best method for the most high-risk group of people,
who experience stress often. Therefore, researchers should aim at
collecting real life data with different sensor types.

Long-term data collections in real life require test subjects to
regularly provide self-reports, as self-reports are the most common
method to obtain data labels in such studies. Unfortunately, hu-
man beings usually fail to provide large numbers of self-reports:
for example, in 10-day study [30] test subjects on average pro-
vided 28% of self-reports they were prompted to provide, and in
five-day study of Smets et al. [29] (supplementary material) test
subjects provided 42% of self-reports they were expected to provide.
Therefore long-term data collections need methods to motivate test
subjects to provide self-report and not to drop off. In many studies,
the subjects are given a small reward in the end, but continuous
motivation during study duration could be more useful. A poten-
tial candidate could be gamification, but we are not aware of any
studies, employing gamification for data collections in workplaces,
where self-reporting should take very little time.

To summarise, the major shortcomings of lab data collections,
which complicate transfer of lab results to real life, are the following:

o Types of human conditions. In the labs usually only short-
term conditions, such as acute stress, are studied, although
long-lasting stress of low intensity may have equal or greater
impact on health as a short-term high stress [31]. In real life,
stressors include also long-lasting problems, for example,
lack of support from colleagues or boring repetitive tasks,
which cannot be studied in the labs. Most probably such
types of long-lasting stressors cannot be detected using any
single sensor. Therefore, the studies should be designed to
last long enough to include long-lasting problems, and also
to employ different sensor types, to find out which human
conditions and which stressors can be detected by which
Sensors.

e Sensor data quality. Lab studies are often designed to ob-
tain high quality sensor data, which is impossible to achieve
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in real life. For example, in the labs test subjects are usually
positioned so that cameras have frontal view on their faces
or whole bodies, and the distance to the cameras is fixed.
In real life, on the other hand, humans turn and move, and
furniture may obstruct view. For example, in a lab study
[24] depth cameras were recording data of the whole body,
while in real life study [6] only head trajectories were col-
lected because office furniture obstructed the view on the
bodies. Another example: stress detection studies, analysing
computer usage data, recorded many data details, e.g., dif-
ferentiated between letters, numbers, space key, shift key
etc., whereas in real work collecting detailed data would rise
privacy and security concerns, and high level of details can
compromise passwords.

o Labels quality. In lab studies distinction between stress
and non-stress conditions is defined by study protocol and
is therefore very clear. In addition, labels are well balanced,
because study protocols usually place test subjects in stress
conditions for about half of the study, and in non-stressed
conditions also for about half of the study. In real life, labels
are usually self-reports of the subjects and are often missing,
while available labels are noisy, because the subjects may
hesitate what to report and/ or make mistakes in report-
ing. Labels are also often imbalanced because some subjects
might be almost never stressed, whereas others may be al-
most always stressed. Durations of different human states
(e.g., stress vs. non-stress) in real life studies also vary a lot,
and it is not known when transitions between the states
occur because test subjects do not provide self-reports each
time their conditions change. In long studies, labels can be
obtained only one-two times per day, otherwise the subjects
would drop off from the studies. Problems with labels lead
to a situation when researchers are aware of real life data
availability, but chose not to use it. For example, recently
a real life data of nurses at work was published [32], but
the work [33] decided against using it in the experiments
because the authors “found a substantial number of marked
sections that exceeded the expected duration of the event,
with a further number of short events with no potential for
a cooling down period to separate the perceived stressful
event from a subject baseline (non-stressed)”.

3.3 Data pre-processing

As described in the previous section, in the lab studies distinction
between stress and non-stress conditions is clear, and labels are
assumed to be trustworthy because they are determined by study
protocols. In real life, clear cuts between human states are miss-
ing because data contains human states of unknown duration and
transitions between states of unknown duration. Labels are usu-
ally collected periodically, and in case of stress label it is unclear
whether stress occurred in the beginning of reporting period or in
the end, or maybe even during previous reporting period (real life
study [6] reported comments of the test subjects, which suggest
that tiredness during previous day may cause stress next day even if
the next day is nothing special by itself). Labels can be also wrong,
and very often, labels are missing.
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A typical data pre-processing approach is to segment data into
chunks of a fixed length: for example, each label can be predicted
using data, collected a few hours before the label (while other day
data can be ignored), or the whole day is split in time windows of a
fixed length. Most often, each day is processed independently on
the previous day. The problem of noisy labels is often addressed by
employing noise-robust classifiers, e.g., SVM, but these classifiers
remain noise robust only if they get not so small numbers of labels.

Pre-processing would benefit from the following studies:

e How to segment data into meaningful chunks and to
ignore unclear transitions between human states because
including such transitions reduces ability of data features to
discriminate between important states. For example, “mean-
ingful” may mean a chunk of a continuous work on the same
application, or any continuous activity, or using data of the
work week instead of processing each day separately. De-
tection of “continuous activity” may require multi-modal
data; hence, it would be beneficial also to study, which data
types would be most helpful for data segmentation (these
data types can be then used as auxiliary, i.e., only for seg-
mentation, or also for stress detection).

e How to obtain meaningful labels without requesting
end users to provide many labels. Although large number
of labels should help to ignore unclear transitions in the data
and to increase noise robustness of classifiers, from practical
point of view it is infeasible to request a lot of labels from
end users. Hence stress detection would benefit from devel-
oping novel approaches to assess trustworthiness of labels.
It would be feasible also to develop novel approaches to ac-
tive learning, for example, to detect frequent behavioural
patterns and to ask for labels for these patterns. (A typical
active learning would require to ask a user for a label when
classifier confidence in its result is low, but great variety of
human activities may result in low confidence due to a new
activity, not necessarily due to stress).

3.4 Feature extraction and selection

Real life stress detection would require addressing the following
research problems:

e Privacy-safe features: currently, lab studies use for stress
detection features which would be impossible to collect in
real life, e.g., computer data logs storing all typed characters,
phone calls data, logs of facial data or facial expressions
etc. Privacy protection requires finding privacy-safe data
features and storing only them.

o Features robust to changes in real life conditions. Video
analysis is a well-established research area, and features, ro-
bust to light and face orientation changes, are already known,
but occlusions remain a problem. Computer data analysis is
a very young research area, with mainly lab studies. With
the current trend of hybrid work, people can use different
screens, keyboards and mice at work and at home, but we are
not aware of any studies into the problem of using different
types of keyboards on different days because this problem
never occurs in the lab studies. Analysis of depth camera
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data is also a relatively young research area, which lab stud-
ies analysing data of the whole body [24], whereas in real
life occlusions only allow to track head locations [6].

e Person-adaptive feature selection: Numerous studies
have shown that different people react at stress differently:
for example, some people freeze, others fidget [24]. Re-
actions may also depend on stress reasons, for example,
some tasks may require intense interactions with computers,
whereas other tasks may require communications with hu-
mans. Therefore methods to choose for each person features,
most indicative of his/ her problems, are necessary to learn
models, suitable for large varieties of personalities and tasks,
but current feature selection methods usually require large
number of labels and do not perform well when number of
labels is small.

To the best of our knowledge, the majority of stress detection stud-
ies to date employed handcrafted features. An interesting feature
extraction/ selection alternative could be autoencoders. Autoen-
coders are privacy-safe because they can extract features from the
data of each person separately without the need in his/ her labels,
and humans cannot easily interpret the extracted features. Whether
autoencoders can provide any meaningful features, and whether
they can help with adaptation to specifics of each individual or only
for dimensionality reduction, however, remains to be studied.

3.5 Classifiers

Realistic real life stress detectors should not require many labels
from each end user because users would not provide them. Ap-
proaches to achieve this goal fall into two major groups, and none
of them is mature enough. First approach is to use in training data
of multiple users, where users can be all available users (in this
case the resulting model is called general model) or users, most
similar to the target person. Maxhuni et al. [17] trained a supervised
classifier (Decision Tree) using a mixture of data of a target user
and users, most similar to the target user. This approach required
about 60 labels of each target person, however, which is not so small
number. Multi-task learning [20] also uses data of multiple persons
in training of a neural network. Hence these approaches require
data sharing between different persons, which is not perfect from
privacy viewpoint.

The second approach would be semi-supervised learning of
person-specific models. To date, the majority of person-specific
stress detectors were trained in fully supervised ways, so semi-
supervised stress detection is even less mature than the first ap-
proach.

Advanced Al methods, such as deep neural networks and trans-
formers, can integrate three major steps: feature extraction, feature
selection and classification, but they typically require many labels
for training and hence were not used for human behaviour analysis
to date.

From privacy viewpoint, learning of a digital twin of each person
should be performed on a personal device of this individual and
should use only data of this user for training, but in this case Al
method should require not so much device memory and computing
power, and should not require many self-reports from the user. The
following AI approaches may have potential for doing it:



PETRA ’23, July 05-07, 2023, Corfu, Greece

o transfer learning approaches, requiring only data of
the target person: for example, to pre-train a general model,
using data of big number of persons, and then move this
model to the personal device and to fine-tune it using a small
number of labels of the target person.

e cascaded classification: for example, first Al method,
trained on data of multiple persons, is employed to recog-
nise facial expressions, or to extract heart rate, or certain
behavioural patterns. Then the outputs of the first stage are
adapted to each user by, for example, determining heart rate
variability thresholds in person-specific ways (stress usually
manifests itself in lower heart rate variability, but how much
lower, depends on individuals) or by finding which sequences
of facial expressions or behavioural patterns correspond to
normal and stressed states of different persons.

e conventional semi-supervised training of person-
specific models: first, there are intrinsically semi-
supervised classifiers, which handle a mixture of labelled
and unlabelled data simultaneously (e.g., semi-SVM). Then,
there are self-training and co-training methods, which work
as follows: first a supervised classifier (or a set of supervised
classifiers) is trained using a small set of available labelled
data, next the trained classifier(s) classify unlabelled data
samples, and the most confident labels are used to re-train
the same supervised classifier(s) and so on, until some stop-
ping criteria are met. In case of self-training (when only one
classifier participates in the process), most confident labels
can be ones located far away from decision boundary. In
case of co-training (when several classifiers are employed),
different classifiers can be trained on different data modal-
ities or on different subsets of data of the same modality.
Usually, the most confident labels are the labels on which all
or majority of the classifiers agree [34].

e cascaded semi-supervised learning of person-specific
models: on the first stage, a model is trained in unsuper-
vised way, and after that its parameters are fine-tuned using
a limited set of labels of each person. Alternatively, first stage
model can be created using expert knowledge (for example,
a regression model). To date, however, studies, that used un-
supervised learning [6][19][21], did not attempt at studying
next step — a possibility of using small number of labels to
increase accuracies of unsupervised classifiers. Generally,
semi-supervised learning remains practically unexplored
area.

3.6

To date, not so many stress detection studies employed fusion of
data from multiple sources. When “multiple data sources” are other
human beings, fusion is usually performed on feature level, i.e.,
classifiers are trained on combined features of multiple persons. The
work [17] compared this approach with an alternative approach:
first person-specific models of different individuals were trained
independently on each other, and then for predicting stress of a
target person a weighted ensemble of models of similar individuals
was used, where weights reflected degrees of similarity to the target
person. This weighted ensemble achieved higher accuracy than

Fusion
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classifiers, trained on combined data of multiple persons, which
is an interesting funding because different works reported that
feature-level fusion can achieve higher accuracies than classifier-
level fusion at least when “multiple data sources” are different
Sensors.

Feature-level fusion remains a common approach also when
“multiple data sources” are different sensors: in [12] even weather
features were used together with phone data features and personal-
ity features, the latter being derived from the questionnaires. As
feature-level fusion requires simultaneous availability of data from
all sources, this approach may be not universally suitable for real
life. Real life studies would benefit from research into the following
problems:

o Classifier-level fusion and its personalisation. Classifier-
level fusion for real life data was studied in [11] and [21], ex-
actly because data from different sources were not available
simultaneously. In both works phone data were collected dur-
ing day times, and physiological data were collected at night.
Studied fusion methods were not complicated, however: in
[11] fusion was performed as weighted sum of day and night
stress scores, and in [21] it was “OR” and “AND” fusion of
decisions of classifiers for day and night data. More sophisti-
cated fusion approaches were not tested on real life data to
date, to the best of our knowledge. For example, stacked clas-
sifiers approach would be to train a classifier using outputs
of single data source classifiers; classifier selection approach
would be to train several classifiers on different data sources
or different features and then to select the best classifier for
each user. Weighted sum of scores from different classifiers
may be also a feasible approach if weights are personalised.
Development of personalised fusion methods would be a fea-
sible future research direction, and it would require sizable
datasets.

Fusion along timeline. To the best of our knowledge, the
majority of studies treat each day as a standalone entity,
independently on other days, even though in real life previ-
ous day(s) often affect next day(s). Muaremi et al. [11] used
first order low-pass filtering to compute long-term stress
score of each day. In this approach, long-term stress score
of each day was a sum of two values, first value being a
long-term stress score of a previous day. Second value was
the difference between instant score of the current day and
the long-term stress score of a previous day, multiplied by a
filter coefficient to limit the maximum difference between
scores of the consecutive days. The work [6] summed up
stress detection results of different days to obtain stress score
of a month. More studies into long-term stress assessment
would be needed in future because employees fall sick or
resign because of long-lasting stress.

Concept drift detection. Fusion methods could help to
detect when human has evolved, and hence his/her twin
should be updated. For example, disagreement between the
classifiers, trained on the past data, and classifiers, trained on
the most recent data, may be indicative of change. Research
into detecting human changes is future direction because to
date, no studies reported collecting relevant data.
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4 SUMMARY AND CONCLUSIONS

A survey of early stress detection methods, conducted in 2016,
concluded that methods, suitable for long term use in real life, did
not exist yet [35]. Our survey resulted in a conclusion that although
more studies were performed after that and more methods were
proposed, there are still many open research problems to be solved
to develop methods to learn human digital twins for long-term
real-life use.

First, the majority of existing works study short-term stress. As
long-lasting stress of low intensity may have equal or greater impact
on health as a short-term high stress [31], recognition of just short-
term stresses could not suffice for wellbeing monitoring. It was also
observed that detection of stress is easier in people that experience
stress rarely, than in people who experience stress frequently [29],
but solution to this problem is yet to be found. Hence recognition of
long-term stress is an important future research direction, including
considering influence of the previous day(s) on the next day(s). For
this purpose, it is important to collect in future large datasets of
real-life data. In addition, larger datasets could allow to employ also
modern deep networks, which are currently rarely used in stress
detection because of insufficient data sizes, except for video data
analysis.

Second, the majority of existing studies are still performed using
lab data because it is easier to collect; it is clearly labelled, and
labels are equally distributed between different classes. In real life
studies, on the other hand, labels are noisy and imbalanced, and
it is not clear when stress started and ended, and data includes
notable greater variety of human activities. These problems lead to
anecdotical situation when researchers are aware of real-life data
availability but chose not to use it. Therefore, in future methods to
deal with noisy labels and lack of clear transitions between human
states should be developed.

Third, a large share of studies to date employed single data source.
For better acceptance, end users should have the option to choose
which sensors to use. Therefore, more studies to compare different
sensors are needed, and more fusion methods to process data, not
available simultaneously.

Last but not least, stress perception and manifestation (espe-
cially in behavioural data, but also in physiological data) are highly
person-dependent, and many works reported that person-specific
models achieve notably higher accuracies than “one-fits-all” mod-
els. In addition, privacy considerations may hinder data sharing.
Considering that human digital twins should evolve together with
humans, these problems will emerge again and again during hu-
man life. Development of Al methods to learn specifics of each user,
requiring neither data sharing nor notable self-reporting efforts,
remains an important and largely unsolved research problem. It is
also necessary to develop AI methods to recognise when human
models should be updated.

We believe that the above-listed challenges and research prob-
lems should be addressed, and then learning of human digital twins
should allow to support human employees in increasingly more
cognitively demanding work in different work domains.
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