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Abstract. The WorkingAge project aims at improving the psycho-physical
condition of workers, with a special focus on ageing subjects. In this
context, a Decision Support System, based on a hybrid data-driven /
model-driven approach, fed with data coming from environmental and
wearable sensors, aims to provide personalised advises to the worker. In
this paper we briefly present the WorkingAge project and architecture,
and then focus on the decision-making pipeline that, starting from raw
data, generates the advises.
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1 Introduction

The increasing longevity of population in industrialized countries is shifting the
age distribution of the workforce. However, the aging process can lead to physio-
logical and cognitive changes that can affect the well-being and quality of life of
workers. Workplace design and organizational strategy can play a pivotal role in
maximizing the comfort and performance of occupants, as well as in promotion
healthy habits in working/living environments.

The ongoing EU project WorkingAge (Smart Working environments for all
Ages - https://www.workingage.eu/) – WA for short – focuses on these issues
and promotes healthy habits in working environments targeting people aged over
45. The aim of the project is to achieve a better understanding of well-being at
work and of factors that may inhibit or deteriorate prolonged employment [9].
The Working Age Of Wellbeing (WAOW) tool is under development to provide
workers with assistance in their everyday routine in the form of recommenda-
tions, risks avoidance and reminders. The WAOW tool monitors the worker’s
behavior, health data and preferences through continuous data collection using
Internet of Things (IoT) devices –sensors, interaction tools, wearable devices–
to provide recommendations on working habits, physical activities and social re-
lations. The core of the WAOW tool environment is a Decision Support System
(DSS), a reasoning system about the worker conditions and for early detection
of possible issues. The DSS supports workers in taking effective and personalized
decisions and interventions based on a set of measured indicators.

The paper is organized as follows. Section 2 reports related work; Section 3
provides an overview of the WAOW tool; Section 4 introduces the interven-
tion strategies to improve workers’ well being; Section 5 introduces the WAOW
Ontology-based data model; Section 6 shows how the DSS provide recommen-
dations to the workers; finally, Section 7 outlines conclusions and future work.

2 Related Work

Safety and well-being at work is recognized to be highly related to social, eco-
nomic, and environmental conditions [19]. These should be enhanced to improve
health and well aging [12], in the line of what recommended by the Occupational
Health and Safety (OHS) management system standard6 described in [6]. An in-
teresting overview of problems related to aging and well-being at work and in
societal environments is given in [13].

Working, even at a relatively advanced age, is considered good to maintain
physical and mental health [10]. However, not all workers benefit of favorable
conditions, due to dangerous or stressing work environments. Moreover, ageing
and shrinking of work forces [2] worsen the work conditions of many classes of
workers, due to staff shortage and lack of expertise in young generations [1]. New
working and living conditions are encouraged in many studies and experiences,

6 https://www.bsigroup.com/en-GB/Occupational-Health-and-Safety-ISO-45001/

https://www.workingage.eu/
https://www.bsigroup.com/en-GB/Occupational-Health-and-Safety-ISO-45001/
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centered around concepts of autonomy and quality of life [4,8] The WAOW tool
can be classified as a Self-Management Occupational Safety and Health Supervi-
sion System (SMOSHS System) [3]. The tool is being designed considering DSS
issues, in order to adapt its interface and functions to the user, in the line of
what proposed in [15] and considering that the partners involved in experiments
apply procedures compliant with GDPR.

Coming to the DSS, in the last years, DSSes have become quite popular in
health services, to enhance interaction between patients and their physicians [16],
in social care [5], and in many other areas, using technologies which commonly
draw on an existing knowledge base of evidence and guidelines to provide logical
reasoning-based expert advice. In [21], a DSS is described for workers with dis-
abilities who are more sensitive for stress at work and for the injuries connected
with non-adequate workplaces. Based on ontologies, many DSSes have been de-
veloped for business decision making, or for cyber-physical systems [17,18], which
are very similar to our application area. In fact, these systems tightly integrate
software, human, and physical components with the need to satisfy constraints
on performance and safety of the monitored activities, exhibiting a high degree
of automation for the management of their functionalities and decision making
processes. In general, there is a strong need for semantic models of the involved
application domains. In such a context, the clinical domain [14] witnesses an
increasing demand to develop knowledge-based DSSs employing medical knowl-
edge and expertise coming from different ontologies.

3 The WAOW Tool

The main goal of the WA project is designing and developing the WAOW tool.
Such tool provides feedback to the employers by means of warnings and advises.
Furthermore, the WAOW tool collects information useful to perform changes
in the workplace that may lead to an increased level of comfort for the work-
ers and new solutions to promote flexible and sustainable job longevity mea-
sures. The WAOW tool is focused on the usage of innovative Human Com-
puter Interaction (HCI) methods, including augmented reality, virtual reality,
gesture/voice recognition and gaze tracking. It will measure the user’s psycho-
logical/emotional/health state, collect data about the environmental conditions
of her/his workplace, and will provide advises taking into consideration also
gender, ethics and security aspects. The WAOW tool architecture can be di-
vided into three parts (see Fig. 1). Firstly, there are numerous sensors that are
deployed in the workplace or worn by the worker in order to acquire all the in-
formation (Raw data) required by the system; notice that, another input source
is provided by questionnaires administered to the worker by means of the WA
App, running on the worker’s phone. These pieces of information are then sent
via Wi-Fi or Bluetooth to the Edge Cloud (the second part of the architecture)
to be processed by means of different algorithms to the end of computing a rel-
atively small set of High-Level information regarding the well-being status of
the workers. Finally, High-Level information is sent to the WA App, where it is
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Fig. 1. The WAOW tool decision making pipeline.

stored into the Ontology and processed by the DSS, which generates advises to
the worker (see Section 6 for details).

4 The Intervention Strategy

The WA project intends to develop an e-coach system of interaction to implement
an intervention program with workers over 45 years to prolong their work ability
and autonomy, reduce strain in different working conditions and promote well-
being throughout different areas of their lives, promoting an inclusive approach
to the health at work. It seeks to increase awareness of workers on aspects such
as ergonomic conditions, occupational hazards, stress and its effects on health,
providing the worker with the knowledge and skills to reduce negative effects or
adopt healthier and safer behaviors.

The WA Intervention Framework is pillared on well-known models, such
as the CDC Workplace Health Model, the Plan-Do-Check-Act (PDCA) cycle
adopted by the Occupational Safety and Health Administration for the certifi-
cation process of the OHSAS 18001 management standard, and the Integrated
Risk Management (IRM) model, a set of practices and processes supported by
a risk-aware culture. It considers the multi-factorial nature of subjective well-
being and work ability to ensuring a holistic and comprehensive approach to the
individual. The WA Intervention Strategy designed so far considers wellness on
physical, emotional, intellectual, occupational, social and environmental dimen-
sions. The integrated approach fosters awareness on psycho-social and ergonomic
risk prevention measures, seeking to promote attitudinal and behavioral changes
towards healthy lifestyles. From this perspective, WA addresses four major areas
of intervention: Ergonomics & Physical environment (which promotes adequate
work postures and encourages healthy work habits), Worker’s health and per-
sonal characteristics (which encourages the user to follow and/or acquire health
promotion and disease prevention strategies), Psycho-social factors (which aims
at increasing the self-awareness about cognitive and emotional states of activa-
tion or discomfort) and Lifestyle & Health habits (which promotes the acquisition
and maintenance of healthy lifestyle habits). The goal of the WA Interventions
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is not limited to leveraging the power of technology for recommend practices
for safety and health but also for general well.being. Taking advantage of the
technological concept of WA the proposed intervention approach aims to change
the way the workers see and take care of their health, helping to better un-
derstand their own health, improving self-awareness of well-being, and changing
how workers access to assessment data and advice. For employers, WA provides
many opportunities for smarter health and well-being support. In the develop-
ment of the WA Intervention Framework and Strategies, a multidisciplinary team
of expert professionals designed the intervention around the following pillars.

Framework for stress and strain assessment and intervention. Strain is
an essential aspect for assessing the effects of work on a given person describing
her/his reactions to the set of working conditions. Stress describes the external
characteristics of a work situation that influences the working person. These
include, for example, physical and organizational working conditions. Within the
WAOW tool, there will be different sensors used to measure physical (muscular,
skeletal, cardiovascular and somatic) and psychological (mental and emotional)
strain, as defined in [20]. The analysis of these measures lets the WAOW tool to
generate a personalized advice, which aims at improving the worker’s condition,
based on the strain typology.

WA focuses the design of the intervention in a goal-oriented approach, where
coaching is “essentially about helping individuals regulate and direct their inter-
personal and interpersonal resources to better attain their goals” [11]. Specific,
Measurable, Achievable, Relevant Time bound (SMART) goals will be progres-
sively tuned around the user profile, promoting behavioral changes, improving
the healthy habits of the worker, taking into account behavioral, environmental
and personal factors. Moreover, a specific set of interventions will be developed
to meet the different SMART goals along the WA tool usage.

The Recommendation System. The DSS, incorporating the framework de-
picted above, will generate the appropriate recommendation. Relevant informa-
tion for the DSS will come from measurements, from SMART goals and from
questionnaires (see Section 6). The DSS will propose an advice at any moment,
and/or in response to a specific measure, indicative of a possible risk to the user’s
health. The recommendations are focused on ergonomics, psycho-educational
and emotional activation control techniques, and behavioural modification.

5 The Ontology

The WA Ontology represents the data model for the High-level information sam-
ples generated by Edge Cloud servers. Starting from such pieces of information,
the DSS will generate personalized advices to the workers.

The Ontology is represented by means of the OWL2 DL language. In the
OWL language, a concept is represented as a class, if it can be seen as a set;
the relationships between classes are named object properties; the attributes
belonging to a class are named datatype properties; finally, individuals define the
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Worker

UserID: string
AddOnDate:
YYYYMMDD

hasMeasurement

Sensor

hasSocialEnvironment

SocialEnvironment

hasActivity
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providesFeedback

Feedback

refersTo
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Timestamp:
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0..N0..N
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0..N

0..N 0..N

Probability: 0..1

hasProfile Profile

Gender: {Male,
Female, Other}

Birthday:
YYYYMMDD GeneralHealthBegin: { Much_better_now,

 Somewhat_better_now, About_the_same, 
Somewhat_worse, Much_worse}

measuredDuringActivity

GeneralHealthEnd: {Much_better_now, 
Somewhat_better_now, About_the_same, 
Somewhat_worse, Much_worse}

WorkPosition: {Production_worker,
Office_worker, Teleworker}

Height:
nonNegativeInteger

Weight: nonNegativeInteger

Fig. 2. Description of the worker, and related classes.

instances of a class, i.e., elements of a set. For providing the best privacy, the
resulting OWL file is stored on the worker’s phone, into the WA App.

In our Ontology each datatype property corresponds to a specific High-level
information, and whenever a new High-level information is added to the Ontol-
ogy, a new individual is created. In the following, we describe the five parts that
compose our Ontology, using a simple graphical language, where squares repre-
sent classes, arcs show object properties and “pins” depict datatype properties.
A dotted square denotes a “link” to a class that is described into other drawings.

Worker. This part is the “core” of the Ontology and describes the profile of
the worker, as well as the connections to all the relevant information provided
by other parts of the Ontology (see Fig. 2). The Worker class, together with
the Profile class, describe the basic characteristics of the worker. Notice that
UserID is described as a key for the class Worker, meaning that such a datatype
property will be used by the WAOW tool to identify a specific worker. A worker is
associated with zero or more advices, and can provide a corresponding feedback.
advices are associated with a probability; this is due to the fact that any High-
level information is, in general, generated by data-driven classifiers. We leverage
that characteristic by providing not only the classifier output (which corresponds
to a High-level information to be stored into the corresponding datatype property
of a specific class) but also the related probability. Thus, the ProbLog engine
can provide a probabilistic advice; such probability can be seen as a reliability
score associated with the advice. Finally, the worker is associated with several
sensor measurements, social environments, activities, and SMART goals. Note
that a sensor measurement happens in the context of a given activity; in fact, a
worker can be measured at the workplace or during free time.

Sensor. This is the most complex part of the Ontology and describes the
High-level information samples calculated from the Edge Cloud servers, about a
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Fig. 3. Information derived from several body and environmental sensors
(Questionnaires class omitted).

worker. The taxonomy in Fig. 3 shows the sensor typologies that the WAOW tool
leverages for collecting information about the worker and her/his environment.
Each measurement is provided with a timestamp and a probability value; over
the time, we collect an ordered sequence of High-level information samples, of
various typologies, associated with various reliability values (adopting the same
interpretation described for advices). The DSS will reason on this sequence.
Sensors are subdivided into environmental sensors, body sensors, and other ty-
pologies (which include questionnaires and user location). Questionnaires, which
will be administered to the worker by means of the WA App, are considered as
a special case of sensors, and provide daily, weekly or monthly “measurements”.

Activity and social environment. The class named “Activity” describes
the relevant characteristics of the activity associated with a worker. Worker’s
activities are split into two main parts, as Fig. 4 shows: Task and FreeTime.
In fact, the WAOW tool will measure workers at the working place, and during
their activities at home or in other places. By “social environment” we mean the
relevant social characteristics of the working environment as captured by classes
in Fig. 5.

SMART Goals. This part describes the so-called SMART goals about healthy
habits that the worker is encouraged to adopt (see Fig. 6). According to the
worker’s context, a SmartGoal will be set for each individual worker. The Ontol-
ogy stores the current state of the individual worker as well as the goals that are
identified to be met by the worker. These personalized goals can help the work-
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Task

Office

isA

Assembly

isA

Teleworking

isA

FreeTime

isA

Typology: 
{rough, medium-fine, 
precise, very_delicate}

Structure: 
{No_structure, Little_structure, 
Medium_structure, High_structure,
Very_high_structure}

Repetitiveness: 
{Very_low, Low, Moderate, 
High, Very_high}

Timestamp:
YYYYMMDDHHMMSS

IsTheLastMeasure: bool
Activity

isA

Typology: 
{manager, prevention_engineer,
informatics, clerk}

Typology: 
{teleoperator,
informatics, clerk}

Fig. 4. Information about activities of the worker.

Organisational

isA

Social

isA

isA isA

Interactions

isA isA

WorkingTime

Typology: {Fabric_related, 
Abstract, Human_related}

Typology:
{Regular_daily, Shift_system, 
Flexible, Irregular}

Typology: {Human-Human, 
Human-Machine}

Typology: {None, Low,
Medium, High}

Timestamp:
YYYYMMDDHHMMSS

SocialEnvironment
IsTheLastMeasure: bool

TypeOfWork Conflicts

Fig. 5. Information about social characteristics of the working environment.

ers improve their working and living conditions. The Class GoalState shows
the worker’s progress towards the set SMART goal, which is updated weekly.
These goals are mostly related to nutrition, sleep, and social relations, and aim
at challenging the workers in terms of behavioural change, and of motivating
them to adopt a healthier lifestyle.

6 The Decision Support System

One of the central components of the WAOW tool is the DSS; such a system
supports the worker while dealing with working activities. The DSS we developed
is based on a model-driven approach – in particular, it’s a rule-based engine –
but it is able to work with the results of the Edge Cloud algorithms, which
generate a probabilistic output. Thus, the whole “decision-making pipeline”, as
Fig. 1 shows, is actually based on a hybrid data-driven/model-driven approach.
We opted for this design as for the models working on Raw data we found feasible
corpora that permitted to leverage data-driven models. For generating advices,
however, no feasible corpora existed, and creating our own dataset was not an
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nonNegativeInteger
RecommWaterIntakeDay: 
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7

Fig. 6. Information about the SMART goals.

option. Thus, we decided for a model-based approach. Model-driven approaches
refer to methods that are able to reason over existing and infer new knowledge
based on a given model of the domain at hand. These solutions are often referred
to as expert systems. A typical model is often expressed as a set of rules, which
describe how to derive new facts, as it happens in well-known declarative pro-
gramming languages like Prolog. Declarative model-driven approaches are also
used for case-based reasoning, to provide insights based on previously occurred
instances. Given a model, the computation is performed by the reasoning engine,
that applies the model to user-provided data to infer new knowledge regarding
the domain.

Research in model-based reasoning focus in various areas, including the core
engine optimizations, debugging, expressivity of rules and knowledge representa-
tion in general. Recent research included uncertainty in their proposed models,
leading to engines able to handle probabilistic rules [7]. In the design of the
WAOW tool, we determined that uncertainty was needed in order to represent
aspects of the model which cannot be predicted in a deterministic way. For in-
stance the confidence that an expert may give to a specific suggestion, or the
measure of a sensor, may not be always equal to 100%. This is why we chose
ProbLog as the inference engine for the DSS.

ProbLog. ProbLog [7] is a probabilistic logic programming proposed by the
DLAI group at the KU Leuven University (Belgium), heavily inspired by Prolog.
It reuses the Prolog syntax but allows probabilistic labeling of rules and facts,
allowing not only inference of certainly-true facts (according to the usual declar-
ative models), but also derive the level of confidence for that specific inferred
fact. An interesting property of ProbLog is that it does not require to specify an
exact Bayesian Network, relying instead on a sort of best-effort approximation
whenever some nodes and edges of the full causal graph are missing. It can also
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compute marginal probabilities of any number of ground atoms in the presence
of evidence, therefore recomputing probabilities whenever new data is provided.
This is important since in many real applications, including those in the context
of the WA project, many aspects of the causal dependencies cannot be modeled
exactly, and so a level of approximation must be handled by the tool. As the
original Prolog, ProbLog uses procedural interpretation of Horn clauses, in this
case labeled with probabilities. As we show next, we use these probabilistic rules
to model scenarios in the context of working environments.

The DSS. As Fig. 1 shows, the DSS is fed by High-Level information generated
by the data-driven models running into the Edge Cloud. The Ontology acts
as a data model with the aim of describing all the possible worker’s physical,
cognitive and emotional states.

The DSS leverages the OWL definition of the Ontology to check for correct-
ness and consistency the coming High-level information. Individuals, however,
are not described in terms of OWL syntax elements: for best efficiency, they are
directly created as probabilities facts, following the ProbLog syntax. The outputs
of the DSS will be highly supported by the Interventions platform, described in
Section 4. The suggestions and interventions implemented in the WAOW tool
are provided by experts. Such suggestions and interventions proposed to the user
will be implemented as probabilistic rules by the DSS: the selection is carried
out taking into account the probability associated to each worker’s state. Such a
probability is modulated by the High-Level information provided by each sensor
integrated into the WAOW tool and by the feedback provided by each worker
toward the interaction with the DSS.

The rules leveraged by the DSS will consider different factors that may af-
fect the well-being of the worker, such as the environment (e.g., loudly, incorrect
lighting), wrong behaviour at work (e.g., use of wrong tools or used in a wrong
way, posture), worker’s habits and state (including out-of-work elements such
as food, sleep). The DSS will interact with different entities integrated in the
WAOW tool. In particular, the DSS will receive in input the descriptions of the
worker’s physical and mental states, with the support of the Ontology, and will
produce recommendations based on the worker’s current state and on her/his
history (both stored by the DSS as probabilistic facts). Notice that the worker
can provide feedback to the DSS which, in turn, can update the rules to cus-
tomise them to the worker’s preferences. For instance, if a given suggestion in
the past (e.g. the use of earmuffs) did not produce an expected benefit (e.g.
“decrease in user stress recorded through sensors”), the DSS may then explore
other suggestions with the given user (e.g., “take a pause of X minutes”).

Action Rules: a simple example for user suggestions. Let’s assert, in
Prolog, that Jack is a worker and every worker is also a person:

worker(jack).

person(X) :- worker(X).

The left hand side of the rule is called head, the right hand side is the body. Up-
percase X is a variable. Whenever the body holds, the head holds too. With this
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simple representation, the DSS can automatically infer that Jack is a person,
that is, person(jack) holds. In our experiments, we modelled many possible
aspects of different working environments, from worker profile –for example, ed-
ucation or activity typology– to time constraints, and even complex behavioural
knowledge; as an example, the following rule:

0.3::suggestion(take_pause,W) :-

worker(W), isShown(stressed,W),

env(env_discrete_volume_serious_hazard),

isUsing(W,use_noise_reduction_safety_ear_muffs).

generates the take pause suggestion whenever a worker in an excessively loud
environment is stressed despite using safety ear muffs, giving to the rule a weight
of 0.3. The final probability associated to the suggestion takes into account
the probability associated to each proposition in the rule body. More than one
suggestion could be generated by the DSS. Thus, the associated probability helps
in ranking them and select the best one. Moreover, if the selected suggestion is
associated with a probability lower than a given threshold, the DSS could simply
give up, avoiding to flood the worker with useless advices. Finally, the generated
suggestion –for example, take pause– is translated into human language: “The
working area is too noisy and you look tired, it’s time to take a pause.”

7 Conclusion

The paper has described the WA project and tools, aimed at providing smart
assistance to elder workers. The paper has focused on the Ontology and the
DSS portions of WA, which will generate recommendations about risk avoidance
and well-being at work. Experiments about DSS are being conducted via in-
company use cases, testing the proposed solutions by collecting sensor data and
by improving the learning and smart capabilities of the DSS.
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