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Abstract

Background and Objective: The intricate connection between daily behaviours and health
necessitates robust monitoring, particularly with the advent of Internet of Things (IoT)
systems. This study introduces an innovative approach that exploits the synergy of in-
formation from various IoT sources to assess the alignment of behavioural routines with
health guidelines. The goal is to improve the readability of behaviour models and provide
actionable insights for healthcare professionals. Method: We integrate data from ambi-
ent sensors, smartphones, and wearable devices to acquire daily behavioural routines by
employing process mining (PM) techniques to generate interpretable behaviour models.
These routines are grouped according to compliance with health guidelines, and a clus-
tering method is used to identify similarities in behaviours and key characteristics within
each cluster. Results: Applied to an elderly care case study, our approach categorised
days into three physical activity levels (Insufficient, Sufficient, Desirable) based on daily
step thresholds. The integration of multi-source data revealed behavioural variations
not detectable through single-source monitoring. We demonstrated that the proposed
visualisations in calendar and timeline views aid health experts in understanding patient
behaviours, enabling longitudinal monitoring and clearer interpretation of behavioural
trends and precise interventions. Notably, the approach facilitates early detection of be-
haviour changes during contextual events (e.g., COVID-19 lockdown and Ramadan), which
are available in our dataset. Conclusions: By enhancing interpretability and linking be-
haviour to health guidelines, this work signifies a promising path for behavioural analysis
and discovering variations to empower smart healthcare, offering insights into patient
health, personalised interventions, and healthier routines through continuous monitoring
with IoT-driven data analysis.

Keywords: behaviour modelling; physical activity monitoring; process mining; synergy;
Internet of Things; multimodality
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1. Introduction

The study of human behaviour has gained increasing attention, particularly within
health and well-being in recent years. These fields acknowledge the close connection be-
tween human behaviour patterns and health conditions in a way that an improper lifestyle
or changes in daily habits can be early indicators of diseases [1,2]. For instance, physical
inactivity stands out as a significant risk factor for certain diseases such as obesity, diabetes,
and cardiovascular problems, underscoring the importance of accurately measuring activity
levels to identify individuals at risk [3]. Many research studies also have proved the utility
of monitoring daily activities to detect abnormal behaviours and discover deviations from
typical routines, signalling early stages of health problems (e.g., dementia, Alzheimer’s
disease, osteoporosis, arthritis) [4-6] or timely detection of hazardous incidents occurrence
(such as falls) [7].

Consequently, in light of this relationship between human activities and behaviours
with health conditions, global health associations and organisations regularly release
guidelines to encourage people to achieve healthier physical conditions through lifestyle
strengthening. These guidelines offer specific recommendations for individuals, mainly
concerning quantities and frequencies of particular activities. In this context, by understand-
ing people’s daily activities and behaviour routines, healthcare professionals can ensure
individuals engage in the right activities that are conducive to their health at the right times.
Therefore, a comprehensive insight into a patient’s health condition is a prerequisite for
healthcare experts if they aim to provide effective healthcare services.

The professionals can keep track of individuals” activities to inspect whether their be-
haviour aligns with the health guidelines. This information also allows the implementation
of more precise interventions to prevent the onset of diseases and enhance the accuracy of
medical treatments [2]. Moreover, on a broader scale, tracking daily behaviours facilitates
lifestyle monitoring, paving the way for offering personalised health solutions.

Daily behaviour refers to a recurring sequence of human movements, actions, or ges-
tures, and the patterns for these behaviours can provide insights into an individual’s daily
routines, habits, and activities [8,9]. Examples of behaviour patterns include sleep /wake cy-
cles, bathroom usages, meal times, and mobility routines [10,11]. Hence, the most common
way to study an individual’s behaviour is by monitoring everyday activities. Previously,
these activities were assessed manually through interviews and questionnaires, which
was time-consuming and prone to errors. Luckily, the introduction of IoT technologies
and the widespread use of smartphones and wearable devices have made automated
monitoring feasible and accessible and benefit this process by making it more efficient
and accurate [12,13]. Many consumers purchase a pedometer or wearable fitness device
in order to track their physical activity (PA), often in pursuit of a goal such as increasing
cardiovascular strength, losing weight, or improving overall health [14].

The main idea of 10T is to connect anything/everything (e.g., sensors, devices, ma-
chines, people, etc.) to gather intelligence from such objects [15,16]. In this way, the IoT
devices enable continuous monitoring of individuals and understanding of human be-
haviour by providing valuable objective data on their activities (possibly in real time) [13,17].
Sensor data are collected passively without human effort, allowing users to forget about
the device and continue with their day [18,19]. Meanwhile, using data mining techniques
on the collected sensor readings, different types of activities can be recognised and clas-
sified based on their unique sensor signatures, and in this way, behaviour patterns can
be extracted.

The activities that have been explored in the literature are different from the per-
spective of their impact on health status and difficulty of sensing, detecting, and per-
forming [8,20]. Therefore, different systems consisting of wearable and ambient devices
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equipped with various types of sensors are commonly used to identify activities and be-
havioural patterns. Caregivers and researchers are primarily interested in monitoring the
ability of individuals to perform two sets of activity classes: activities of daily living (ADLs)
and instrumental ADLs (iADLs), because of their role in health management and the assess-
ment of individuals” ability for living independently [21]. ADLs involve self-care tasks like
bathing, eating, walking, and sitting, while iADLs involve activities related to interacting
with the physical and social environment, such as food preparation, housekeeping, using
the telephone, and managing medications [12].

However, merely detecting the activities and visualising the behaviour patterns is not
enough, and individuals need complementary guidance and interpretation from health
professionals based on the data and monitoring results. Comparing behavioural routines
with desired guidelines to describe how, when, and for how long different activities should
or should not be carried out helps in achieving personalised healthcare and self-tracking
of adherence to a healthy lifestyle. Therefore, if IoT devices can offer comprehensive and
accurate insights into human activities and behaviours, health experts can intervene and
provide individualised health services. In this way, accurate recognition of activities and an
in-depth and comprehensive picture of behaviour patterns are essential for monitoring and
analysing behaviours [22,23]. Achieving this goal using sensors in off-the-shelf IoT devices
is a significant challenge for IoT systems in the healthcare domain.

The main problem is that raw data from IoT devices often have inadequate quality, and
each sensor type comes with limitations in detecting the activities, which can hinder the
full utilisation of IoT systems and data mining potential [24]. As a result, domain experts,
such as medical staff, may not fully rely on insights generated by IoT technology and its
corresponding analysis and may question the credibility of these systems [25]. Moreover,
the outcome of the analysis, e.g., behaviour models, can be hard to comprehend due to
their complexity.

This has motivated us to address the problem of using an IoT-based system for be-
havioural analysis. We aim to explore how understanding daily behaviour routines can
assist healthcare providers in their assessment. In our research, we identify daily activities
to model several routines for daily behaviour and then investigate how these routines align
with health guidelines. We have described our proposed approach for longitudinal monitor-
ing by considering elderly care daily behaviour and lifestyle monitoring in terms of having
adequate physical activity levels. We use an IoT system with several sensors to obtain a
comprehensive view of human behaviours to achieve this. In addition, we utilise process
mining (PM) techniques to highlight routine variations in a clear and understandable way
for clinical staff.

Indeed, we aim to investigate how using multiple sources of data and the synergy
of information from multiple data sources affects the quality and comprehensiveness
of behavioural modelling. We want to determine whether this approach increases the
readability and effectiveness of discovered behaviour models or adds to the complexity
of the models and makes them unreadable. Thus, to address the need for continuous
monitoring of behaviour routines and lifestyle, our paper contributes to:

e Integrating multimodal IoT data sources into a unified event log: We combine ambi-
ent sensors, smartphone usage, and wearable data to demonstrate the complementary
impact of using multiple input sources and the synergy of information for behaviour
modelling. Unlike prior studies that often rely on single-modality logs, this integration
enables a more comprehensive and reliable view of daily routines and their variations.

* Employing process mining techniques with a focus on interpretability: We gen-
erate behaviour models enriched with readability-oriented visualisations, including
calendar views with zoom levels, timelines with alert signs, and heatmap-enhanced
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TPAs. These visual tools move beyond conventional PM outputs to facilitate behaviour
analysis and make the results more understandable for healthcare professionals.

* Discriminating daily behaviours based on alignment with health guidelines: By
linking behaviour routines to guideline-based measures (e.g., daily step recommen-
dations), we show how the proposed approach can highlight the reasons for differ-
ent physical activity levels and provide actionable insights for supporting person-
alised healthcare.

* Demonstrating the approach in a real-life elderly care case study with contex-
tual events: Using a longitudinal dataset that includes contextual external events
(COVID-19 lockdown and Ramadan), we address the health-related issue of physical
inactivity. The case study illustrates how the framework can reveal behaviour changes
linked to external conditions that are both clinically relevant and practically useful for
health monitoring.

Compared with existing multimodal IoT research in elderly care, our approach places
particular emphasis on improving the interpretability and usability of behavioural insights
for health professionals. By combining multi-source data with process mining techniques
and visual tools, we not only model routines but also provide actionable, guideline-based
insights that can support clinical decision-making. The framework is not intended to replace
clinical judgement, but rather to act as a decision support tool: by linking daily routines to
health guidelines and presenting them through interpretable models and visualisations,
it enables healthcare professionals to assess adherence to healthy behaviours, identify
deviations, and plan tailored interventions.

The rest of the paper is organised as follows. In Section 2, some required background
knowledge and related works are mentioned. Section 3 introduces the proposed approach
and selected elderly care case study with detailed information on the used dataset. Then,
in Section 4, we illustrated our experiments on the use case dataset, and the results for
investigation of daily routines based on location and activities are represented. A discussion
on behavioural analysis is also provided in Section 5. Finally, Section 6 concludes the paper.

2. Background

In recent years, many efforts have been made to develop IoT systems in the healthcare
domain and to study human behaviours. In this section, the required background knowl-
edge for understanding these systems and a summary of conducted research based on the
type of sensors that are used in the IoT system are provided. Moreover, since PM is the
main idea and focus of this paper, the IoT systems which use this method for behaviour
analysis are briefly reviewed in Section 2.2.

2.1. IoT-Based Behaviour Analysis

With the advent of ambient and wearable sensors, many efforts have been made
by the academia and industry to leverage IoT and human-centric technologies such as
ambient assisted living (AAL), smart homes, and wearables in the healthcare domain
in order to address the increasing demand for higher quality of health and well-being
services [15-17,26]. These systems primarily target elderlies, patients with chronic diseases,
and individuals with disabilities to improve their quality of life and independence while
reducing the burden on caregivers and healthcare systems. Some examples include fall
detection, medication reminders, home automation, and social interaction platforms [27].

In many studies, IoT devices with built-in sensors have been used with machine
learning algorithms for continuous long-term monitoring, which refers to collecting data of
user’s activities on an ongoing basis without interruption or gaps in data collection [10].
Based on the collected data, the behaviour patterns (or markers) such as sleep/wake be-
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haviours, activities, or activity levels can be identified. These markers were used to predict
pain [28] or mobility, cognition, and depression symptoms in older adults [6]. Additionally,
the changes in behaviour patterns may also be indicative of health events or changes in
health status and provide insights into how individuals with chronic health conditions
manage their health [10,29]. Also, the detection of changes in behaviour, resulting from
treatment regimens for chronic conditions, could determine prescribed treatment regimen
adherence and impact [30]. In the following sections, more detailed information on the
benefits of using different sensors in IoT systems for behaviour analysis (Section 2.1.1) and
a summary of the proposed works (Sections 2.1.2 and 2.1.3) is provided.

2.1.1. Sensor Modalities in IoT Systems

As mentioned, multiple sensor types have been utilised in IoT systems for behaviour
monitoring so far. Ambient sensors are designed to collect data about the environment
and activities within a space without requiring direct interaction or intervention from
individuals. They are typically embedded or installed in everyday settings (i.e., homes or
buildings) and can monitor various aspects of the environment, including motion, light,
temperature, and door usage. On the other hand, wearable sensors are worn by users on
the body or clothes and require individuals to wear or carry them [10]. Accelerometers,
magnetometers, gyroscopes, or wearable cameras besides devices to measure physiological
variables like heart rate and blood pressure are examples of wearables that are used in the
existing works [13,17,20].

Ambient sensors operate passively and unobtrusively, allowing continuous and long-
term data collection, while wearable sensors can track activities regardless of user loca-
tion [7]. Moreover, both wearable and ambient sensors have their limitations. Ambient
sensors work in a limited area, and using a system with pure ambient sensors is less capable
of identifying detailed changes and elaborate actions. Another limitation is that they must
be well placed in the environment to record data regularly and accurately [11,31]. When
the conditions are not suitable for these sensors, or when they are not installed correctly, the
collected data will be incomplete or incorrect [24]. On the other hand, wearable-based solu-
tions also come with the complexity of sensor placements, higher cost, and obtrusiveness
for users [32]. Also, wearables rely on battery resources and need to be correctly positioned
on the body. If these two things are not performed correctly, wearable-based data collection
will be disrupted.

Therefore, each type of sensor has its limitations when used separately. Consequently,
the challenges that both sensor types have lay the foundation for developing hybrid
sensory systems to tackle these problems [13]. By combining data from multiple sources
in healthcare, professionals can make more informed decisions and improve diagnostic
accuracy [3]. However, utilising multiple sensors for monitoring massively increases the
quantity of available data for analysis, bringing a new complexity level. Regardless of the
challenges for storage management, the variety and volume of data complicate the analysis
process as it takes time to select the right sensor to detect a specific activity [33].

2.1.2. IoT Systems with a Single Type of Sensor

Ambient sensors have the potential to provide new insights into how individuals such
as patients with chronic health conditions manage their health at home. They are used
to monitor the behaviour patterns, daily routines, and activities of individuals within the
home areas to support timely interventions for optimal health outcomes. For example,
movements, sleep interruptions, bathroom usage, and time spent out of the home are listed
as behaviour markers in [10]. In this study, these behaviour markers and their descriptive
statistics were calculated using sensors in participants” homes to aid in recognising falls,
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bowel issues, urinary tract infections, and disrupted sleep. The results represent pieces of
evidence that continuous sensor-based monitoring of patient behaviour in home settings
can use to provide automated detection of health events, the events that may be difficult to
detect through traditional clinical assessments [10].

In another study by Lago et al. [34], behaviour patterns were divided into three types;
temporal, location, and frequent activity sets. This study highlights that inferred patterns
can change over time due to various factors such as health conditions, new activities, and
personal interests. Hence, a one-size-fits-all approach may not be effective, and personalised
classifiers capturing the changing behaviour patterns and timely correlations (e.g., weekly,
monthly) are recommended [34].

Moreover, wearable devices are also used to provide insights into different aspects of
individuals’ daily lives. An investigational method combining physiological and location
data gleaned from a wristband is used in [35] to identify daily activities that participants
struggled with, providing a more comprehensive understanding of the participants” experi-
ences. Rodrigues et al. in [36] present a review of techniques based on IoT for healthcare,
based on the most recent publications and industrial products available in the market.

2.1.3. Multimodal IoT Systems

As mentioned, to overcome the challenges of different sensors and due to accuracy
issues, in some health applications, systems with multi-sensor modalities have been utilised.
Various data fusion methods and their applications in different areas have been proposed
and reviewed so far. Pires et al. in [27] built a roadmap for achieving the identification
of ADLs such as walking, sitting, and sleeping by combining data from accelerometers,
gyroscopes, and magnetometers on mobile devices. In addition, a combination of RFID
devices for tagging key objects and a single accelerometer on the dominant wrist was used
for accurate activity recognition [12].

Also, in a study by Garcia et al. [7], the authors show that if different types of sensors
are deployed together in a well-designed and precise manner, the system can provide
better accuracy for ADL recognition and behaviour monitoring than if these sensors were
utilised separately. They utilised a combination of contact sensors, thermal sensors, and
accelerometers. Contact sensors were attached to objects such as doors, cups, kettles,
cupboards, and containers, while thermal sensors were used to collect ambient sensor data
and accelerometers were used as wearable sensors.

In 2011, EMUTEM (Environment Multimodal pour la Télésurveillance Médicale) was
proposed as a multimodal system for in-home healthcare monitoring [37]. It integrates
various sensors, including microphones, a wearable device (RFpat), infrared sensors, and
home automation sensors, to collect elderly physiological and behavioural data, acoustic
environment information, and environmental conditions. Then, each modality’s data is
analysed using specific algorithms, and a fusion approach based on fuzzy logic and medical
recommendations are employed to combine the outputs from different subsystems. This
multimodal fusion enhances the system’s reliability by detecting distress situations and
offers a powerful tool for in-home healthcare monitoring.

Crispim-Junior et al. proposed a multi-sensor system to diagnose early-stage
Alzheimer’s patients [33]. This multi-sensor surveillance system integrates video recordings
and accelerometer data to identify activities within a medical clinical protocol, specifically
focusing on iADLs. The system aims to assess the independence, executive functions, and
cognitive abilities of older individuals, particularly in relation to Alzheimer’s disease. The
inclusion of a wearable accelerometer improved event detection performance and enhanced
the accuracy and effectiveness of activity recognition compared with a system relying solely
on video data.
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In a work by Wang et al. [32], wearable sensors were used to identify specific daily
activities and ambient sensors were used to show the user’s daily routine at a room level. In
fact, the whole task of recognising all defined activities was divided into several sub-tasks
according to the room-level location information captured by infrared sensors. In this way,
the computational time drops for each room-level sub-task and the recognition accuracy
improves due to avoidance of misclassification for some confusing activities by separating
them into different room groups.

In a study by Z. He et al. [38], an elderly care system was proposed, using video
processing technology as the core, combined with sound, infrared, and pulse detections.
The system aimed to detect abnormal activities, such as falling or staying too long in the
toilet, and notify their relatives in case of any unexpected occurrence. Additionally, Cook
et al. in [22] utilised ambient and wearable sensors to collect data and extract a set of
behaviour markers on a daily basis. This research is associated with the CASAS project
and its smart home systems that use binary sensors for behaviour modelling and health
monitoring. The study examined behaviour markers to determine whether they contain
insights into an individual’s daily routines. The findings indicate a significant connection
between these behaviour markers and health status, suggesting that they can be used to
track and predict changes in health over time.

2.2. Behaviour Process Mining

Typical pattern recognition algorithms use computational techniques to identify com-
mon patterns in datasets, leading to mathematical representations or models. While these
algorithms have achieved high accuracy in modelling human behaviour, the complexity
of the models often makes them difficult for experts to understand and refine. A crucial
aspect of modelling human behaviour and habits is the readability and interpretability of
the resulting models, which directly impacts an expert’s ability to validate the model [39].
Understandable data-driven systems are therefore preferred, as they allow experts to grasp
the reasoning behind the system’s recommendations and provide clues for better decisions
in daily practice.

Process mining is a discipline that aims to discover, monitor, and improve real pro-
cesses by extracting knowledge from event logs (an event log is a set of events within a
time interval with every single event occurring at a given point in time [40,41]). Its key
goal is to transform event data into actionable insights, using discovery algorithms that
prioritise model readability and interpretability. A process is an ordered series of activities
that are executed (repetitively) with the aim of achieving a specific goal. Thus, the notion
of the process can be leveraged to describe most of the behaviours we adopt in our daily
life [42]. As such, PM techniques are increasingly applied to human behaviour modelling,
where they allow for the creation of graphical models based on sensor logs—enabling the
discovery of structured, understandable representations of human daily routines [2].

In addition to discovery, PM also enables conformance checking, which allows for
comparing observed behaviours against reference models or guidelines. This can help
assess individuals’ daily routines in satisfying a particular goal, discover the deviations in
doing the activities, and even verify the possible ignorance of specific steps [43]. Real-time
PM-based monitoring frameworks, such as Viola [44], extend this capability to streaming
data by enabling online detection of behavioural conformity.

However, applying PM to raw sensor data presents several challenges. Sensor data
typically exists at a much lower abstraction level than process-level activities [45,46]. As
a result, bridging the abstraction gap between low-level sensor events and high-level
behaviour models is a necessary step for meaningful PM applications. To address this,
a wide range of techniques have been proposed, including complex event processing
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(CEP) [47], LLM-based log abstraction and integration [48], clustering-based activity seg-
mentation [45], and community detection [49]. For example, de Leoni and Pellattiero [50]
emphasise the importance of aggregating IoT data to the right granularity for PM, while
Weyers et al. [46] introduce “activity signatures” to capture recurring event patterns from
sensor streams. These efforts collectively represent the growing body of research on adapt-
ing PM techniques to IoT environments and contribute to the broader domain of complex
event processing [47].

In line with this, a number of PM discovery algorithms have been adapted to create
behaviour processes, as reviewed in a study by Ma’arif et al. [2]. The heuristic miner [51]
and fuzzy miner [39] are two popular techniques that simplify process models by removing
infrequent transitions, thereby improving their readability. PALIA (parallel activity log
inference algorithm) [52] is another discovery algorithm that utilises syntactical pattern
recognition techniques to derive expressive workflow models known as TPAs (timed
parallel automatons) [53]. TPAs are formal representations capable of encoding parallelism,
frequency, and temporal patterns and are known for their low grammatical complexity
while maintaining high expressiveness. Unlike traditional PM algorithms, which often
overlook infrequent behaviours, PALIA retains rare but potentially meaningful events—
such as missing a medication dose that occurs once a week—making it particularly suitable
for behavioural analysis and elderly care applications [43].

PALIA has been successfully used in diverse healthcare contexts, such as follow-
up protocols of patients with diabetes [54] and behaviour modelling within elderly care
scenarios [43]. In a study by Lull et al. in [55], an interactive PM system using PALIA was
applied to passive infrared (PIR) sensor data from a solo-resident home. The modelled TPAs
enabled analysis of intra-subject variability and detection of behaviour changes through
daily process comparisons.

While previous studies have shown the utility of PM techniques in interpreting human
behaviour from IoT sensor data [2], they typically focus on single-modality event logs
or assume structured sensor data. Recent works have introduced abstraction and fusion
methods, but the applicability of PM to truly multimodal datasets that merge low-level,
heterogeneous sensor data streams into a unified behavioural process model remains
underexplored. Moreover, most existing approaches produce complex models that are
difficult for clinicians to interpret in practice.

In contrast, this work expands on existing foundations by proposing a pipeline that
combines insights across multiple sensor modalities, applies PM to discover behavioural
routines, and enhances interpretability through innovative visualisations. This enables not
only the detection of routine variations but also the communication of clinically meaningful
insights to healthcare professionals, as demonstrated in our proof-of-concept case study
focused on elderly care.

3. Behaviour Analysis and the Elderly Health Monitoring Case Study

Our proposed approach aims to tackle the issue of using IoT systems for behavioural
analysis. It involves using well-known health measures to group daily data into several
days, with labels representing alignment with health guidelines, (e.g., healthy and un-
healthy labels). We then examine whether different behaviour routines support achieving
health goals and how closely they align with established guidelines. The behaviour routines
are modelled and extracted based on a subject’s daily activities and movements, making
them highly representative of that person’s habits and characteristics.

The design of the approach explicitly targets healthcare professionals as end users.
The models and visualisations are intended to support decision-making by highlighting
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behaviour patterns that align with or deviate from recommended health guidelines, thereby
facilitating the assessment of patient lifestyles and informing possible interventions.

It is important to note that daily routines can change over time due to changes in
behaviour (intentionally or unconsciously), health-related issues, or external factors and
occasions. These changes in behaviour result in different variants in behaviour models,
which can be challenging to identify if the changes are insignificant. In this section, we
first provide an overview of our proposed approach and then describe the specifics of the
behaviour monitoring case study that we have chosen for evaluation.

3.1. The Proposed Behaviour Analysis Approach

The proposed behaviour analysis approach aims to explore how understanding be-
haviour routines and using loT-based systems can assist healthcare providers in their
assessment. A schematic representation of it is presented in Figure 1.

Step 2: Behaviour Categorisation Step 3: Discovering Behaviour
based on Health Alignment Models

Step 1: Multi-Modal IoT System|
Deployment

Separate events of different

. types in dataset
[ Select a health metric, (e.g. location and activity)
defined by guidelines 3
b
& &
S

Use Process Mining (e.g. PA-
( ) LIA) to discover behaviour
($(R)
= 9 -
S~—~

models for types of events
% g '=b

Categorise time-based 4

instances of behaviours Present models in under-
standable and informative

format (like coloured TPAs)

Goal: log data with different types
ofevents during daily activities

Goal: Distinguish healthy and
unhealthy behaviour groups

IGoal: identify multiple models for

[behaviour routines within each category

Step 4: Clustering of Behav-
iour Models

Step 5: Visualisation of behav-
iour insights

Multi-dimensional clustering
of behaviour models

2 g

Extract main character-
istics of each cluster

Represent behaviour charac-
teristics with timelines

2 8

Calendar view of behaviour
clusters and characteristics

Goal: identify similarities and

Goal: showcase behaviour var-

ivariations of behaviour clusters iations over time

Figure 1. The schematic view of the proposed five-step approach, from multimodal IoT data collection
to behaviour visualisation and analysis.

To gather information about individuals and their surroundings during daily activities
that possibly affect behaviour routines, our first step involves deploying an IoT system
equipped with various sensors and devices. This system should be designed to be mul-
timodal, tapping into different sources to provide a more complete understanding of an
individual’s actions and their environment. Picture it like having a team of sensors, each
offering a unique perspective on what is happening. By aggregating these diverse view-
points and leveraging the synergy of information, we create a holistic and thorough picture
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of the person’s behaviour and surroundings. This comprehensive understanding serves as
a solid foundation for our behaviour analysis.

It is important to note that our framework does not aim to develop an activity recog-
nition algorithm. Instead, we assume that raw sensor events can be abstracted into basic
activities and contexts (e.g., using TV, presence in the kitchen) through event abstraction
methods, as commonly performed in smart home studies. These activities are then treated
as building blocks of daily routines. Our analysis focuses on modelling and comparing
these routines over time, linking them to health guidelines, and identifying deviations that
may indicate lifestyle or health-related changes.

The second step involves using a specific measure as a marker to distinguish between
healthy and less healthy behaviours based on their alignment with health guidelines. To
achieve this, we establish distinct groups based on how well behaviours align with these
guidelines. We categorise behaviours into different groups—one (or more) for those that
meet the guidelines and other groups for those that deviate, based on their distance from
the expected healthy pattern. We then apply this categorisation to time-based instances
of behaviour routines, such as daily or weekly periods, according to the health measure
values available in our data. It is essential to choose health indicators that are regularly
monitored, as this allows us to consistently categorise behaviour routines. For example,
with daily measurements, we can evaluate daily routines, while weekly measurements
enable us to assess weekly behaviour patterns. By systematically comparing and studying
behaviour routines over different periods, we gain insights into how each period of routines
influences health outcomes.

Thirdly, we discover behaviour models for each set of behaviour routine instances,
categorised based on the defined health measures. We consider all of the traces and their
corresponding behaviour models in each category to better understand the patterns within
that group. This step involves looking at different types of events recorded by our system,
like the location of the person and the activity they are engaged in at a given time, and
linking them together based on their time correlation. In fact, multiple event types can
describe a single behaviour, which assists us in acquiring multiple models for each be-
haviour routine, highlighting more information to create comprehensive behaviour models.
This approach lets us consider the diverse facets of a person’s behaviour in an intercon-
nected way. By leveraging PM techniques, particularly the PALIA algorithm, we create
easy-to-understand models in the form of TPAs. These TPAs, equipped with heatmaps
representing duration, reveal differences between routines in a clear and understandable
manner for healthcare professionals.

Next, when we discovered the behaviour models for each group, we conducted multi-
dimensional clustering. In this step, clustering comes into play to identify similarities within
each health-related group, aiming to uncover common patterns and dominant events that
define a particular class more accurately. Clustering is a classic and widely used pattern
recognition technique that enables the grouping of traces (or their corresponding process
models) based on structural and behavioural similarity [56]. Importantly, considering the
entire set of traces at once can often result in highly complex, spaghetti-like process models
that are difficult to interpret [57]. To overcome this, we cluster the traces so that each cluster
represents a more coherent set of behaviour patterns, which can be effectively summarised
using a single process model.

In behaviour analysis, the duration and frequency of events within discovered models
shape the meaning of processes, influencing the corresponding behaviours and the vari-
ations. By clustering behaviour models and closely examining the model of each cluster,
we can reveal commonalities in behavioural routines and gain insights into which activi-
ties contribute to variations, as well as which variations align more closely with physical
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health guidelines. This approach provides a detailed understanding of the differences in
behaviours, guiding us in pinpointing the elements that are most beneficial for health.

Ultimately, it is essential to present the outcomes of data analysis in a clear and
understandable format for further review by experts. The insights extracted from data
only become valuable when they can be easily comprehended and utilised for informed
decision-making without requiring extensive data knowledge. To achieve this goal, our
proposed approach prioritises visual clarity by opting for PM techniques known for their
effectiveness in communicating findings straightforwardly. Our contribution extends to
this visualisation aspect by adopting iconic representations of behaviours instead of relying
on numerical data; colours are used to indicate durations for easier interpretation. Since
we are exploring behaviour variations, presenting these differences over time through a
calendar view and timelines of the behaviour instances proves to be an effective solution.
These user-friendly illustrations represent the main characteristics of behaviour classes and
changes in patterns over time. It acts as a powerful aid for healthcare staff by aggregating
all the insights.

3.2. Elderly Care Behavioural Monitoring Case Study

To investigate the feasibility and validate the effectiveness of our proposed approach
in discovering insights, we conducted an in-depth case study to analyse behavioural
routines and highlight variations in daily activities. We utilised an loT dataset, the DAMMI
dataset [58], which captured the behaviour of a 60-year-old woman living independently
in her apartment. The data has been collected using ambient sensors installed throughout
the house, as well as a wristband and a smartphone.

3.2.1. Data Collection

The sensors in the house are used to perceive the environment, e.g., the activities
performed by the resident, during the day. The installed devices are 15 binary sensors
positioned on furnishing elements, appliances, and doors. Indeed, the ambient sensory
information includes readings from multiple PIR sensors showing the presence of the
subject in different areas of the solo-resident house and some activities performed in these
areas (like praying or using telephone), a power usage sensor indicating TV usage, contact
sensors highlighting the opening and closing of the bathroom, WC, and closet doors, and
a gas detection sensor detecting cooking activity. In addition, with the aid of a mobile
application, smartphone usage information is collected to show the timestamps of mobile
usage and the names of the used applications. Also, the subject wore a wristband (Xiaomi
Mi Band 3) to track daily walking steps during data collection.

All data modalities were collected for 146 days between 9 January 2020 and 2 June
2020. During this time, several exciting events occurred, which are likely to have influenced
the resident’s behaviour. On the 40th day, the COVID-19 pandemic started, and the region
went into lockdown. Additionally, from the 109th day to the 137th day, it was the month of
Ramadan, a religious month for Muslims. During this time, the resident likely changed
her habits, such as meal times, praying times and duration, and sleeping intervals, due to
fasting from sunrise to sunset.

3.2.2. Dataset Pre-Processing and Event Log

The ambient sensors have collected data on the user’s daily activities and locations
in the form of a sensor log. Each event in this log represents a measurement taken by
a sensor and includes the record’s timestamp, the sensor’s name, and its value (i.e., the
measurement or on/off state). The dataset encompasses sensors’ raw readings at a low
level of abstraction, representing the presence of the subject near appliances, the open
or closed state of doors, and the use of the stove. Since the goal is to monitor the user’s
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behaviour in terms of daily activities, the dataset needs to be abstracted. To accomplish
this, we applied a set of simple rules to the records from PIR and contact sensors to infer
the user’s presence in different areas of the home, as well as the time spent there. Each
sensor was mapped to its specific installation location. For instance, a record triggered
by a sensor in the bedroom closet indicated the user’s presence in the bedroom, while
a sensor associated with kitchen appliances indicated both their presence in the kitchen
and the performance of related activities, such as cooking. By analysing sequences of
sensor activations and their timestamps, we derived continuous events, with duration
calculated as the time from the first sensor activation in a location or for a specific activity
until movement was detected in another area or a different activity start. In this manner,
the raw records were abstracted into location-based and activity-related events for the
entire dataset period, which were subsequently used to create an event log. This event log
features records that include Case ID, activity name, start timestamp, and end timestamp,
suitable for further process mining analysis.

After creating the abstracted events, we performed error correction to handle missing
records and noise. Specifically, we applied the hybrid error-correction framework proposed
in [24], which combines rule-based and PM-based correction methods. In this approach,
errors are first identified by analysing invalid travelled paths and inconsistent sequences
of visited areas, considering the intrinsic specifications of the sensors (e.g., sensing range,
sampling rate). Rule-based checks are then applied to highlight and correct likely errors
based on these patterns. The cleaned log is further processed using an interactive PM-based
correction technique, which validates event sequences against a reference model of the
house layout and corrects deviations by enforcing admissible transitions. This combined
rule-based and PM-based strategy enables reconstruction of missing events, filtering of
noisy or duplicated records, and overall improvement in the completeness and reliability
of the event log for subsequent analysis.

Furthermore, the mobile usage events from the smartphone log were also inserted into
this event log, with events labelled as “UsingMobile” to treat all mobile usage events
as similar activities. We then added daily steps data from the wristband to create a
single multimodal IoT dataset after cross-checking the events. At the end, the event
log includes location events from seven different locations: Bedroom, Bathroom, WC,
Corridor, LivingRoom, Kitchen and Entrance, and the activity events are Eating, Eating and
Watching, Chores, Sitting, Sitting and Watching, Using the Telephone, Praying, Sleeping,
and Using Mobile.

Since we are only analysing a single subject (case) in this scenario, we will examine
daily behaviour models by considering dates as Case IDs. This will enable us to discover
a process map for each day. It is important to note that we have trimmed the events that
started on one day and ended on the next day at midnight and split them into two events.
As a result, we have collected events for each day from 00:00:00 to 23:59:59. A part of the
sensor log, the extracted location events and the final resulting event log after integration
of mobile usage and wristband events are represented in Figure 2.
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Date vV Telephone  TV_Chair | Dining_Chair WC [Closet PrayingChair |Refrigrato| Fridge i i i S KitchenCupboard |label
1/8/2020 23:09:20, 0 0 0| 0| 0| 0 0| 0| 0 0. 0| 0| 0| 0 0

1/9/2020 0:49:38, 1 0 0 0| 0| 0 0| 0 0 0, 0| 0 0| 0 0
1/9/2020 0:50:20} 1 0 0 0] 0| O 0 0 0 1 0 0 0 0 0
1/9/2020 0:50:29| 1 0 0 0| 0| 0 0| 0 0 0 0| 0| 0| 0 0
1/9/2020 0:51:31! 1 0 0 0] 0| O 0 0 0 1 0 0 0 0 0
1/9/2020 0:51:34 1 0 0 0| 0 0 0| 0| 0 0 0| 0| 0| 0 0
1/9/2020 1:37:05' 0 0 0 0| 0| 0 1] 0 0 0 0| 0| 0| 0 0
1/9/2020 4:45:46 0 0 0 0 i o o 0 0 of o 0 o 0 0ltoilet begin
1/9/2020 4:49:16/ 0 0 0 0| o o 0 0 0 0 0 0 o o 0ltoilet end
1/9/2020 4:54:03 0 0 0 0] 0| O 0 0 1 0 0 0 0 0 O|prayering begin
1/9/2020 6:05:21' 0 0 0 0] 0 0 0| 0 0 0 0| 0| 0| 0 0|prayering end
1/9/2020 8:26:25' 0 0 0 0| 1 0 0| 0 0 0 0| 0| 0| 0 O|toilet begin
1/9/2020 8:28:39] 0 0 0 0] 0| O 0 0 0 0 0 0 0 0 Oftoilet end
(a) Ambient sensor log

Source Event (Activity/Location) |Date StartTime EndTime Duration |Value

Wristband | W-Daily Steps 1/9/2020| 1/9/2020 0:00:00| 1/9/2020 23:59:59|  23:59:59! 9939

Wristband |W-Activity Time 1/9/2020| 1/9/2020 0:00:00| 1/9/2020 23:59:59 1:51:00

Location _ [Kitchen 1/9/2020| 1/9/2020 0:50:00| 1/9/2020 1:36:59 0:46:59

Location |Livil 1/9/2020| 1/9/2020 1:37:00| 1/9/2020 1:37:01 0:00:01

Location _[Corridor 1/9/2020| 1/9/2020 1:37:02| 1/9/2020 1:37:03 0:00:01

Location [Bedroom 1/9/2020| 1/9/2020 1:37:04| 1/9/2020 4:44:59 3:07:55

Activity BR-Sleeping 1/9/2020| 1/9/2020 1:37:04| 1/9/2020 4:27:05 2:50:01

Mobile Tools 1/9/2020| 1/9/2020 4:27:05| 1/9/2020 4:27:28 0:00:23

Location _[Corridor 1/9/2020| 1/9/2020 4:45:00| 1/9/2020 4:45:01 0:00:01

Location |Bathroom 1/9/2020| 1/9/2020 4:45:02| 1/9/2020 4:48:59 0:03:57

Location [Corridor 1/9/2020| 1/9/2020 4:49:00| 1/9/20204:53:59|  0:04:59!

Location [Bedroom 1/9/2020| 1/9/2020 4:54:00| 1/9/2020 8:25:59 3:31:59

Activity BR-Praying 1/9/2020| 1/9/2020 4:54:03| 1/9/2020 6:05:21 1:11:18

Mobile UsingSi tphone 1/9/2020| 1/9/2020 5:53:04| 1/9/2020 5:53:26 0:00:22|Religious

Activity BR-Sleeping 1/9/2020| 1/9/2020 6:05:21| 1/9/2020 8:25:59 2:20:38

(b) Final event log

Figure 2. A view of the experimental IoT dataset.

4. Behaviour Analysis Based on Physical Activity Levels

As explained in Section 3.1, in order to implement the proposed approach, it is nec-
essary to group the behaviour routines into separate categories or classes based on their
characteristics or a measurable parameter, such as healthy or unhealthy routines. This
categorisation enables us to distinguish between the routines belonging to different classes
and identify the dissimilarities between them.

Regular physical activity is one of the critical factors in the prevention or treatment
of diseases, as well as enhancing overall public health and well-being [19,59]. Thus, an
individual’s level of physical activity can serve as a useful indicator of their lifestyle and
health condition. Therefore, to show how our proposed approach works, physical activity
is used as a measurable parameter to determine different healthy and unhealthy categories,
and we aim to explore how daily behaviour routines impact reaching desirable physical
activity levels for maintaining good health. To achieve this, we examined the physical
activity levels across different days and identified variations in daily behaviour routines
that may contribute to these levels. We conducted a two-dimensional clustering to create
behaviour models with location and activity information. The following steps outline how
we carried out the proposed approach:

1.  Define three levels for physical activity: “Insufficient”, “Sufficient”, and “Desirable”.

2. Use a physical activity-based marker (e.g., daily steps) to determine three levels of
physical activity and the thresholds for each level.

3. Assign alabel to each day within the experiment period based on the thresholds.

-

Group the days with identical labels.

5. Apply a process discovery technique (PALIA) to location and activity events to dis-
cover separate process models for each group.

6. Use a clustering technique (QTC algorithm) to cluster the days of each physical
activity category based on the structural similarity of their location- and activity-
based process models.

7. Analyse process maps of the location and activity clusters to identify the dominant

characteristics and behaviours of each group.
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By following this approach, we determined what types of activities and daily routines
are more effective in increasing or decreasing the daily physical activity level and, therefore,
are more useful for physical health.

4.1. Defining Levels for Physical Activity

Walking is the most common form of physical activity, and many health initiatives
have promoted it as a key strategy for encouraging an active lifestyle. A meta-analysis
in [60] has demonstrated a significant inverse relationship between daily step count and
both cardiovascular disease and all-cause mortality. With advancements in wearable
technology, tracking step count has become increasingly accessible through wristbands,
enabling individuals to monitor adherence to such recommendations.

However, the recommended daily step count varies across studies, typically ranging
between 4000 and 18,000 steps. Among these, a target of 10,000 steps per day has been
widely recognised as a reasonable benchmark for healthy adults [61]. Recent large cohort
studies (including [62]) also suggest that benefits begin at around 4000 steps/day, with
higher increments providing greater protection against mortality risks.

In our study, we therefore defined two thresholds based on both the literature and the
observed distribution of step counts in our dataset. Days with less than 4000 steps were
categorised as Insufficient, 4000-10,000 as Sufficient, and higher than 10,000 as Desirable.
This categorisation reflects both established guidelines and the variability in our case study;,
while acknowledging that the ideal thresholds may vary depending on age, weight, and
overall health status [60,61]. The daily step count data collected by the wristband is used
to determine three distinct physical activity levels:

* Insufficient Level: For daily steps less than 4000;
*  Sufficient Level: For daily steps between 4000 to 10,000; and
*  Desirable Level: For daily steps more than 10,000.

Figure 3 illustrates the distribution of daily step counts over 146 days, along with two
guidelines representing the thresholds of 4000 and 10,000 for the three physical activity
levels. By applying these thresholds, we categorised each day in our dataset according
to its corresponding physical activity level, which resulted in three groups: Insufficient
(50 days), Sufficient (74 days), and Desirable (22 days), each representing a different level
of physical activity.

Steps

4

L L N & o
& S & & ) 59 S
¥ ® “ s 97 o 9

Number of Daily Steps

Figure 3. The variation of daily steps in our dataset. The guidelines for specifying physical activity
levels are marked with red (4000 daily steps as the threshold between insufficient and sufficient) and
green colour (10,000 as the threshold between sufficient and desirable).
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4.2. Discovering Behavioural Routines for Physical Activity Level Groups

As mentioned in Section 2.2, PALIA is a syntactic process discovery algorithm specif-
ically designed to infer workflows from temporal sequences of activities. It generates a
readable model of the process in the form of a formal automaton called TPA. PALIA has
been successfully applied to indoor locations systems and smart homes to analyse people’s
movements and monitor behaviours [43,55]. It provides valuable insight for long-term
behaviour monitoring and anomaly detection. In our case study, we have employed PALIA
to model the processes of location and activity events for each group.

We then clustered the days in each physical activity level group into multiple clusters
based on the similarity of their process models and extracted the main behavioural charac-
teristics of the days within each cluster. By clustering the process models, we are able to
group the most similar location/activity behaviour patterns together, and then the models
of clusters are used in association with statistical analysis to inspect the possible correlation
between behaviour patterns and physical activity levels.

In this regard, the quality threshold clustering (QTC) algorithm is utilised to cluster
the discovered behaviour process models. QTC has been used effectively in behavioural
analysis literature [55,57] as it allows control over intra-cluster similarity while avoiding the
need to predefine the number of clusters, making it well suited for exploratory behaviour
analysis. The algorithm requires two parameters: (i) a similarity threshold, which specifies
the maximum distance allowed between traces within the same cluster; and (ii) a minimum
density threshold, which defines the minimum proportion of traces required to form a
valid cluster. If this density requirement is not met, the traces are considered outliers and
excluded from clustering [55].

In this study, we explored different parameter settings and selected values that pro-
vided meaningful and interpretable clusters while balancing cluster granularity and outlier
rates. For location-based process models, similarity and join thresholds of 25% and 5% were
chosen, which produced clusters with adequate homogeneity without excessive fragmenta-
tion. However, for activity-based clusters, due to the higher variability of activity routines,
higher similarity thresholds were applied to partially embrace the inherent fluctuations
in behaviour routine and avoid an excessive number of small clusters. These parameter
choices were empirically validated by testing multiple configurations and selecting those
that yielded the most representative clusters for subsequent behavioural analysis. In the
following sections, the results of discovering the location and activity-based process models
and their clustering are presented.

4.2.1. Group 1: Insufficient Physical Activity Level Clusters and Main Routines

This group pertains to the 50 days where the subject did not cover the required
4000 steps and her physical activity was not enough. Therefore, we analyse the daily
behaviour routines of these days to understand the activities and the areas of the house that
the subject spent time on to identify the patterns responsible for the lack of physical activity.

Location-Based Clustering

The process model based on the location events by considering all of the 50 days
within the insufficient physical activity group is illustrated in Figure 4a. It is apparent that
the person mostly spent her time in the Bedroom (half of the day) and the LivingRoom is
the second most stayed place. Additionally, there were many transitions observed between
the kitchen and the LivingRoom.

The location-based process maps within the insufficient physical activity level group
are clustered into two main groups of 38 days and 6 days, while the other 6 days are ignored
and labelled as outliers due to their lack of similarity with other models. The process maps
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for these clusters are presented in Figure 4b,c, and the primary characteristics and followed
routines for each cluster are summarised in Table 1. It should be noted that the nodes and
transitions in the cluster maps are coloured relative to the basic location process map.

(a) The basic TPA
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(b) Insufficient-L1 TPA (c) Insufficient-L2 TPA

Figure 4. The TPA models for the location-based clusters of days within the insufficient physical
activity group. Nodes in each TPA represent different locations of the home, and arrows indicate
the transitions.

Table 1. The location clusters of the Insufficient group.

Cluster No. of Days Main Characteristics

Bedroom = 12.5 h, LivingRoom ~ 5.5 h, Kitchen ~ 3 h and

Insufficient-L1 38 Out-of-Home ~ 2 h
Insufficient-L2 6 Bedroom ~ 11 h, LivingRoom ~ 7.5 h, Kitchen ~ 3.5 h and

Out-of-Home =~ 1 h

Outlier 6 No specific pattern

The difference between process maps and statistics of these two clusters highlights that
for the days with insufficient physical activity, we have a pattern related to the Insufficient-
L1 cluster, in which the subject spent almost more than 12 h of the day in the Bedroom and
about two hours Out-of-Home. On the other side, for the days in the Insufficient-L2 cluster,
the behaviour pattern is different and the times for these places decreased, and instead,
time spent at the LivingRoom (>7 h) and Kitchen (~3.5 h) almost increased by 25% and
15%, respectively. In addition, the transitions between almost all areas of the house are
decreased relative to the basic model. Therefore, the proportion of the day that the person
went out and was active was small compared with the proportion that they were at home.
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Activity-Based Clustering

The process model based on activities for the Insufficient group is also discovered
in order to provide insight into the impact of different activities on physical activity. The
result is provided in Figure 5, and Sleeping is the most frequent activity in this group.

The clustering based on activity process maps also divided the days with insufficient
activity levels into two main clusters (the clustering was based on similarity and join
parameters of 35% and 5%, respectively). One cluster had 31 days, another cluster had
6 days, and 13 days remained unclustered. Figure 5 displays the process maps for the
derived clusters, and Table 2 outlines the main characteristics of each cluster. Both clusters
show that the subject slept for about 8 h and spent approximately 2 h Cooking and 1.5 h
using her smartphone. However, the second cluster had more time allocated for Praying
and Watching TV.

(a) The basic TPA
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(b) Insufficient-A1 TPA (c) Insufficient-A2 TPA

BR-Sleeping

Figure 5. The activity-based TPA models for the clusters of activity routines within the Insufficient
physical activity group. Nodes in each TPA represent performed activities in a day, and arrows
indicate the transitions.

The location and activity-based clusters clearly highlight that on days that are recog-
nised as days with insufficient physical activity, the subject was mostly inactive throughout
the day. She spent the largest portion of the daytime in a sedentary state, engaging in activ-
ities like Sleeping and Sitting (for Praying and Watching TV) and only leaving the home
for a short period. Additionally, the transitions inside the home were also low, and these
routines are aligned with the expectations for the days with insulfficient physical activity.
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Table 2. The statistics and main characteristics of clusters within the Insufficient group based
on activity.

Cluster No. of Days Main Characteristics

Sleeping ~ 8 h, Praying ~ 3 h, Watching TV ~ 4 h, Cooking ~ 2 h
and Using phone ~ 1.5h
Sleeping ~ 8 h, Praying ~ 3.5 h, Watching TV ~ 5 h, Cooking ~ 2 h
and Using phone ~ 1.5h

Insufficient-A1 31

Insufficient-A2 6

Outlier 13 No specific pattern

4.2.2. Group 2: Sufficient Physical Activity Level Clusters and Main Routines

The same approach for clustering based on locations and activities is also applied to
the 74 days with the label of Sufficient physical activity level, the days with values between
4000 and 10,000 for measured daily steps.

Location-Based Clustering

The extracted location-based process map for the Sufficient group is illustrated in
Figure 6a. According to the TPA model, the days within the sufficient physical activity
group follow the daily routines where the most time is spent in the Bedroom, LivingRoom,
and Entrance (outside of the home and Kitchen, respectively). Similar to the preceding
group, frequent transitions between the Kitchen and the Living Room are evident.

The location-based process maps associated with the days exhibiting sufficient physical
activity levels are grouped into three primary clusters, containing 53 days, 6 days, and
4 days. Conversely, the remaining 11 days are categorised as outliers. Figure 6b—d show the
process maps for these clusters, while Table 3 provides a summary of the key characteristics
and routines followed in each cluster.

- § B I i ] [ B ]

(b) Sufficient-L1 (c) Sufficient-L2 (d) Sufficient-L3

Figure 6. The location-based clustered TPA models for the days within the Sufficient physical
activity group.
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Table 3. The main characteristics of clusters within the Sufficient group based on location.

Cluster No. of Days Main Characteristics
Bedroom ~ 11.5 h, LivingRoom ~ 5.5 h, Kitchen ~ 3 h and

Sufficient-L1 53 Out-of-Home ~ 3 h
- Bedroom ~ 10 h, LivingRoom ~ 4.5 h, Kitchen ~ 2 h and
Sufficient-1.2 6 Out-of-Home ~ 6.5 h
- Bedroom ~ 15 h, LivingRoom ~ 4.5 h, Kitchen ~ 1.5 h and
Sufficient-L.3 4 Out-of-Home =~ 2.5 h
Outlier 11 No specific pattern

The differences in daily routines between the clusters in the Sufficient and Insufficient
activity groups reveal valuable insights into the subject’s behaviour. Specifically, within
the Sufficient-L3 cluster (which includes 4 days), we observed that, on average, the subject
spent approximately 15 h in the Bedroom—an unusually high duration compared with all
other clusters in both the Sufficient and Insufficient groups. However, despite this extended
time spent in a single room, likely engaged in sedentary activities, the subject also recorded
around 2.5 h spent outside the home. This outdoor activity likely contributed to reaching
at least 4000 steps, leading to the classification of these days within the Sufficient activity
group. Thus, the prolonged inactivity period is not reflected in the daily step count, as it is
compensated by sufficient activity during other parts of the day.

Conversely, the Sufficient-L2 cluster (which includes 6 days) is characterised by consid-
erable time spent out of the home. While extended Out-of-Home duration often correlates
with higher activity levels, these days were still classified as Sufficient rather than Desirable.
This suggests that although the subject was outside for extended periods, some of this time
may have been spent in low-activity states, leading to moderate overall physical activity
levels rather than optimal levels.

Therefore, these examples highlight the importance of multimodal analysis, demon-
strating that relying solely on step count or location-based analysis may not always give a
complete picture of physical activity levels.

Activity-Based Clustering

The process model based on activities for Sufficient group is shown in Figure 7a, which
indicates that Sleeping is the most frequent activity in this group, just like the Insufficient
group. Also, the process maps for the three derived clusters are provided in Figure 7b—d,
respectively, and Table 4 summarises the main characteristics of each cluster.

Table 4. The main characteristics of behaviour routines based on activities for the clusters in the
Sufficient group.

Cluster No. of Days Main Characteristics

Sleeping ~ 8 h, Praying ~ 2 h, Watching TV ~ 3.5 h,

Sufficient-Al 5 Cooking ~ 1.5 h and Using phone ~ 1.5 h
—— Sleeping ~ 8 h, Praying ~ 1.5 h, Watching TV ~ 2.5 h,
Sufficient-A2 8 Cooking ~ 2 h and Using phone ~ 1.5 h
Sufficient-A3 5 Sleeping ~ 8 h, Praying ~ 3 h, Watching TV ~ 3.5 h, Cooking ~ 1 h
and Using phone ~ 2 h
Outlier 6 No specific pattern

From an activity perspective, the days with sufficient physical activity level are clus-
tered into three classes. The first cluster, Sufficient-Al, consists of 55 days with around
8 h of Sleeping, more than 2 h of Praying, 3 h of Watching TV, and 1.5 h of Cooking and
Using Mobile. This pattern is almost repeated for the majority of the days with sufficient
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activity levels. However, for 8 days in the second cluster, Sufficient-A2, there is an increase
in Sleeping and Cooking, but less time is spent on Praying. Oppositely, the third cluster,
Sufficient-A3 consists of 5 days belongs to the behaviour models with more Praying and
Using Mobile, but less Cooking. Additionally, there are six outlier days that do not fit into
any of the three clusters.

(a) The basic TPA
(=) =]
== =L
(b) Sufficient-A1 TPA (c) Sufficient-A2 TPA (d) Sufficient-A3 TPA

Figure 7. The activity-based TPA models for the clusters of activity routines within the Sufficient
physical activity group.

4.2.3. Group 3: Desirable Physical Activity Level Clusters and Main Routines

There are 22 days in our dataset that have more than 10,000 covered daily steps,
and they are included in the Desirable group. Thus, to highlight the correlation between
locations and activities with the high physical activity level of these days, the same analyses
based on the proposed approach are applied to the location- and activity-based behaviour
models of these days.

Location-Based Clustering

The location-based process maps associated with the physical activity level group
exhibiting desirable levels are grouped into three primary clusters, containing 15, 2, and
2 days, and the remaining 3 days are categorised as outliers. Figure 6b—d show the process
maps for these clusters, while Table 1 provides a summary of the key characteristics and
routines followed in each cluster.

Regarding the 22 days with desirable physical activity levels (i.e., the days that have
more than 10,000 daily steps), it is expected that the subject spends more time out of the
home. As shown in Figure 8a, the TPA models indicate that the days falling within this
category mostly follow daily routines. These days are typically spent for approximately
10 h in the Bedroom and around 6 h outside the home. Similar to the previous group, there
are significant movements between the Kitchen and the Living Room.
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The desirable physical activity level group’s associated process maps are classified
into three primary clusters, which last for 15 days, 2 days, and 2 days, respectively. The
residual 3 days are identified as outliers. The process maps for these clusters are displayed
in Figure 8b—d, while Table 5 summarises the main features and behaviour followed in
each cluster.

Kitchen

(b) Desirable-L1 TPA (c) Desirable-L2 TPA (d) Desirable-L3 TPA

Figure 8. The location-based clustered TPA models for the days within the Desirable physical
activity group.

Table 5. The main characteristics of location-based clusters in the Desirable group.

Cluster No. of Days Main Characteristics
Desirable-L1 15 Bedroom = 10 h, Iélzlltr_lgfl_{l(_)l(z)r; : :45;’[,11 Kitchen ~ 3 h and
Desirable-1.2 2 Bedroom > 8.5 h,éi:/ti_rgilg)c());nez 21g,hKitchen ~3hand
Desirable-13 5 Bedroom ~ 10 h/éxi.l;%?—?:rﬁez 472, }Ifitchen ~2hand
Outlier 3 No specific pattern

The resident for the days in Desirable-L1 cluster spent roughly 5 h outside of the home
each day, and this time is even higher for other clusters. By contrast, less time spent in
different areas of the home include Bedroom, LivingRoom, and Kitchen in relation to the
clusters for other groups. This underscores the importance of leaving the house to engage
in physical activity.

Activity-Based Clustering

To examine the impact of activities on achieving desirable physical activity, the process
models of days in the Desirable group are discovered by taking into account the activity
events. Two classes were identified after clustering analysis—Desirable-Al with 14 days,
Desirable-A2 with 5 days, and 3 days that did not fit into these clusters. The TPAs for the
behaviour models based on the activities are illustrated in Figure 9, and Table 6 highlights
the main features of the clusters. The results show that Sleeping for about 7.5 h and
Watching TV for about 3—4 h are the activities with the highest duration. The main difference
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between the days in the Desirable-Al and Desirable-A2 clusters is that the subject spent an
additional hour on Watching TV and Cooking on the days in the latter cluster.

(a) The basic TPA

it

LR-Sitting

K-Eating and K-Eating and
Watching TV LR-Sitting and Watching TV

Watching TV LR-Sitting and

Watching TV

K-Chores LRCUsing K-Chores &
Telephone
L™

@ : @ “
Using Mobile Telephone
= @ i
Lo

BR-Praying

(b) Desirable-A1 TPA (c) Desirable-A2 TPA

Figure 9. The activity-based TPA models for the days within the Desirable physical activity group.

Table 6. The main characteristics of activity-based clusters in the Desirable group.

Cluster No. of Days Main Characteristics
Sleeping ~ 7.5 h, Praying ~ 1.5 h, Watching TV ~ 3 h,

Desirable-Al 14 Cooking ~ 1.5 h and Using phone ~ 1.5h
. : Sleeping ~ 7.5 h, Praying ~ 1 h, Watching TV ~ 4 h,
Desirable-A2 > Cooking ~ 2.5 h and Using phone ~ 1.5 h
Outlier 3 No specific pattern

4.3. Calendar and Timeline View—Looking into the Variations of Behaviour Routines over Time

To effectively summarise the behavioural analysis and investigate variations over
time, we propose a refined visualisation approach that includes a calendar view and a
series of timeline representations. These visualisations provide a structured and illustrative
method for examining behaviour patterns while allowing for different levels of granularity.
With the calendar view, all key findings based on the physical activity level analysis and
discovered clusters for daily behaviour routines, in association with daily step counts,
are visualised in a single unified calendar (Figure 10). Days categorised into Insufficient,
Sufficient, and Desirable activity level groups are represented with distinct and contrasting
colours (ranging from light blue to dark blue). Additionally, clustering details related
to time dedicated to different activities and locations are presented through coloured
icons, where darker shades indicate a great duration spent on that specific event for the
corresponding day.

Furthermore, the calendar view incorporates contextual markers by displaying icons
for external influencers, enabling intuitive exploration of their impact on daily routines.
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To enhance clarity and reduce complexity, only selected icons based on expert recommen-
dations for key activities are shown in the the high-level calendar view (Using Mobile,
Sleeping, and Out-of-Home activities). This summarised calendar view ensures readability
while capturing essential behavioural trends.
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Figure 10. A calendar to visualise all the extracted information in a single view. Daily routines in the
calendar view are represented with cells that are coloured based on the physical activity level. In each
cell, the icons with mark selected location: Out-of-Home; and activities: Sleeping and Using Mobile.

In addition, to enable multiple levels of granularity, the calendar visualisation tool allows
zooming into specific periods for a detailed analysis of behavioural patterns. To illustrate
this functionality, we created detailed calendar views for February and March (Figure 11a,b),
allowing researchers and health professionals to focus on specific months as needed. The
high-level calendar provides a broad summary, while the detailed calendar version offers a
comprehensive breakdown of daily activities and behaviour variations. This structure ensures
flexibility, allowing users to seamlessly transition between a general overview and more
detailed insights, facilitating a balance between clarity and comprehensiveness.

To further improve clarity and accessibility, we incorporated timeline plots that illus-
trate behavioural trends over time in an intuitive and structured manner. These timelines
enable a quick assessment of trends by representing each day’s attributes using three
shades of a single colour, where darker shades correspond to higher event durations. Daily
physical activity levels are plotted in Figure 12a, which highlights periods of inactivity and
changes in physical activity trends. Additionally, to support early detection of prolonged
inactivity, an alert sign (e.g., a red warning symbol with a border) is displayed when there
are extended sequences of insufficient activity (e.g., more than seven consecutive days). The
time spent on different activities and in different locations (based on the identified cluster
for each day) are illustrated in Figure 12b,c, respectively, over all days of data collection.
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Figure 11. A detailed calendar view for selected months (February and March) to visualise all the
extracted information in a single view. With the start of the COVID-19 pandemic and subsequent
lockdown in the region (represented with a mask icon in the calendar), the number of days categorised
as having desirable physical activity levels has drastically declined.
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Figure 12. A timeline view to represent variations of (a) Timeline of daily activity level over data
collection period with an alert sign for more than 7 consecutive days with insufficient activity,
(b) Timeline of activity events and (c) Timeline of location events. The intensity of colours indicates
the physical activity group and duration for each location or activity. The red alert sign marks an
extended insufficient activity period, which can be linked to spending less time out of home and
more time on engaging in sedentary activities in the Bedroom.
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Upon examining the calendar and timeline views, and taking into account the start
of the COVID-19 pandemic (which began on 20 February) and subsequent lockdown in
the region, it is obvious that the number of days categorised as having desirable physical
activity levels has drastically declined. Notably, in March, the subject did not reach desirable
physical activity levels on any day, with daily values for out-of-home events showing only
low to medium durations, marked in light red or red. This suggests the subject stayed at
home during the lockdown, as expected. In parallel, the duration spent in the Bedroom has
increased, contributing to the decrease in overall physical activity.

A similar change in behaviour routines is expected during the month of Ramadan due
to fasting and altered meal schedules. The analysis revealed that during Ramadan, cooking
durations were categorised as medium on only five days, while 21 days were classified as
low-duration cooking days. In contrast, after Ramadan, there was a significant increase
in cooking time, with four out of ten days being classified as high-duration cooking days,
compared with only nine days out of one-hundred seventeen before Ramadan.

This has motivated us to also compare the number of days for each physical activity
group according to prior-known events, which is reported in Table 7. The results are aligned
with the findings from the calendar and timelines.

Table 7. The number of days based on the groups.

Type of Days Insufficiant Sufficiant Desirable Total
Regular 2 22 19 43
COVID and lockdown 48 52 3 103
Ramadan 8 21 - 29
New Year Holidays 13 - - 13

In summary, the evaluation of this elderly care case study demonstrates the potential
of the proposed approach for behavioural analysis in tracking behaviour routines and
assessing adherence to health guidelines, such as physical activity recommendations. Con-
tinuous data collection via IoT devices and behavioural process model discovery enables
the identification of behaviour patterns, making it easier to detect lifestyle changes and de-
viations from normal routines. The proposed visualisation tools enhance the understanding
of behaviour variations over time by combining calendar-based and timeline-based views.
This hybrid approach offers a flexible and intuitive method for tracking daily routines
and identifying potential concerns, which hold practical value for health practitioners
in detecting behaviour shifts early and recommending appropriate interventions when
necessary. For instance, it becomes easy to identify days or weeks when a person did not
engage in adequate physical activity and to determine the reasons and daily routines that
led to this lack of activity. Future extensions of this work could include automated alerts for
significant behavioural deviations, ensuring timely responses to critical changes in activity
or lifestyle patterns.

5. Discussion

Our activities and behaviours have a profound impact on our physical health, forming
a crucial connection between daily routines and our health status. In this study, we
showcased the potential of conducting behavioural analysis to gain an understandable
picture of health conditions. To perform this, we focused on leveraging information from
daily life, collected by IoT devices, and proposed a method to extract insightful knowledge
on behaviour routines. By inspecting daily routines in terms of locations and activities,
we were able to investigate how closely individuals aligned with well-known health
guidelines, such as recommended values for daily steps. Our analysis demonstrated that
identifying daily routines provides a comprehensive view of individuals” habits and is a
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critical foundation for further health investigation. This comprehensive view empowers
health experts to understand the actual patterns followed by patients in reality. As a result,
they can provide more accurate interventions and enhance the potential for timely and

effective health monitoring and treatment.

Beyond the specific findings of this study, the potential of behaviour analysis is not

restricted to the example and solution presented in this article. It offers a wide scope for

the development of innovative healthcare systems. The interplay between behaviour and

health can be explored and investigated from various perspectives that require additional

research and inquiry in the future. In the following, we will briefly mention some of

these perspectives.

In-depth behaviour exploration: Physical inactivity poses a significant health risk,
and while tracking daily steps (as considered in our case study) is a simple measure, it
only captures the absence of walking or running activities. However, there are other
dimensions to physical activity, such as prolonged periods of remaining stationary or
engaging in sedentary behaviours, which can also impact health negatively. Therefore,
a comprehensive investigation into extended periods of sedentary routines and the
effects of both sedentary and active tasks on overall health is another crucial aspect in
discovering the experienced physical inactivity. For instance, as a future work in our
case study, we plan to quantify this type of inactivity by accounting the time spent in
activities that are conducted while seated, such as watching TV, eating, praying, and
using the telephone.

Besides physical activity, exploring the influence of certain daily life habits on be-
haviour and health, like the following examples, may also be of interest:

-  Examining sleep patterns, including the time, frequency, and quality of sleep, and
their impact on both physical and mental health, as well as subsequent behaviours.

- Investigating the correlation between dietary habits, calorie intake, and expendi-
ture and their implications for overall health and weight control.

—  Inspecting smartphone usage, along with exploring various mobile-based activi-
ties like gaming or social media, and their effects on physical health.

-  Assessing the impact of the work environment on behaviour and comparison of
patterns in week and weekend days.

Early spotting of behaviour changes: Gaining a thorough understanding of indi-
viduals” daily patterns and behaviour evolution allows for the timely detection of
deviations, particularly valuable in monitoring conditions such as dementia and
Alzheimer’s disease. In these cases, labelling daily behaviours as healthy or unhealthy
and discovering the clusters that deviate from health guidelines could assist in iden-
tifying the main reasons for behaviour changes. Also, visualisation tools like the
calendar and timelines can illuminate the onset of changes. Moreover, by harnessing
online data collection, these types of behaviour analysis and monitoring approaches
support the prompt identification of behavioural shifts, paving the way for early
medical interventions that have the potential to impede the progression of diseases.
This proactive strategy enhances our ability to address health concerns at an early
stage, contributing to improved outcomes and quality of life for individuals affected
by these conditions.

Longitudinal monitoring and tracking adherence to therapy: Regularly monitoring
the behaviour of patients over time is an effective way to keep track of chronic diseases.
This approach facilitates identifying any unusual patterns that may indicate health
problems, which is particularly important for conditions such as cardiovascular disease
and diabetes. The insights gathered on the behavior patterns can be summarised and
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presented in daily, weekly, and monthly reports. These reports can be used as a
foundation during regular follow-up appointments with health experts to gain an
overall view of the patient’s condition and what has transpired between sessions.
Instead of relying solely on what patients report, the doctors can refer to actual data to
determine if they are taking their medications as advised and figure out how effective
the treatment is. This helps them make adjustments to medications, try alternative
prescriptions, and ensure patients receive the appropriate care.

Moreover, behavioural analysis can provide valuable insights into the recovery
progress of people after surgery or rehabilitation from a health problem. Early de-
tection of any issues in treatment is critical, and tracking adherence to therapy and
recovery progress can facilitate this process. It enables physicians to monitor the
health of their patients and provide timely care when needed.

e Lifestyle Monitoring and staying informed: Many people today are interested in
staying healthy and following routines and diet plans to keep fit. The increasing
popularity of wearable devices, smart scales, and health apps that track food and
workouts is a testament to the fact that people are interested in being more self-aware
about their health. In this situation, a system that utilises a behaviour modelling
approach, like the proposed one, can create easy-to-understand reports that visualise
daily routines and behaviour. It helps them keep track of their routines and see how
well they are following health guidelines. It allows individuals to audit adherence to
health guidelines, and then the insights gained can contribute to refining and updating
these guidelines based on new discoveries. This system can look at behaviours and
lifestyles, considering events and outside factors. If it notices any unhealthy changes, it
can alert the user and provide feedback to return to a healthy lifestyle. It is like having
a friendly reminder to stay on track and make choices that are good for your health.

The proposed approach has a wide range of applications beyond just health-related
perspectives. It is not limited to analysing human behaviour; it also holds significant
potential in various other fields. The steps and operations of this approach are versatile
and can be adapted for diverse applications, such as analysing consumer behaviour, busi-
ness processes, or societal trends. By utilising information about processes, routines, and
trends and grouping them according to guidelines or preferences, clustering techniques
can be applied to uncover patterns and characteristics in any dataset where categorisation
guidelines exist. For instance, targeted marketing strategies can be developed by analysing
customers’ purchase history, and the productivity and inefficiencies within work environ-
ments can be assessed by examining employee behaviours, activities, and interactions. The
ability to provide a comprehensive view of trends and visualise the evolution in diverse
datasets underscores the universal applicability of behavioural analysis, like the proposed
one. As long as guidelines exist to categorise and align data, this approach becomes a
valuable tool for extracting meaningful insights and facilitating informed decision-making
in various domains.

Beyond exploring behavioural analysis possibilities and use cases, it is crucial to
understand the technology that makes these applications work, as it directly impacts the
effectiveness of healthcare services. Our case study showcased the power of using IoT
systems for data collection and demonstrated how information from various sources gives
us a more complete picture for behavioural analysis. We collected daily steps from a wrist-
band, tracked smartphone usage, and observed movements and activities through ambient
sensors, allowing us to analyse behaviour based on locations and activity clusters. Moving
forward, we can extend this approach by tapping into smartphones to capture social inter-
actions, smart home devices for entertainment data, sleep patterns, and even physiological
variables like blood pressure and heart rate through wearables. A multimodal IoT system
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with diverse data types collected from different devices can bring together much of this
information in order to not only provide a thorough understanding of physical activities
but also shed light on the context and situations individuals experience, broadening the
scope for a more comprehensive analysis.

Building on these possibilities, another important strength lies in the synergy of
information from multiple sensors, which creates a stronger and more reliable picture
than any single source can provide. Multiple sources of information could complement
each other. Our case study demonstrated this synergy by using the data from inside the
home (gathered by ambient sensors), combined with the wristband and smartphone info
when the person is outside. This combination gives us a more complete view, preventing
us from relying too much on just one perspective. For example, we noticed some days
(four days in the Sufficient-L3 cluster, “Location-Based Clustering” part in Section 4.2.2)
with adequate steps, labelled as days with sufficient physical activity. However, the ambient
data showed that during those days, the person spent a long time in the Bedroom, mostly
doing sedentary stuff—not so great for health. This problem is something we would not
catch if we only looked at the steps and showed the impact of conducting multimodal
monitoring. Combining data from different sources helps us spot patterns, like being
inactive for a long time and then suddenly being super active, which is not good for health.
Our case study and the contribution in aggregating information from various sources
clearly showed that it is feasible to achieve a more detailed and reliable analysis. This can
reveal the complex dynamics of behaviours and their impact on health.

Ultimately, there is no doubt that innovative approaches for behavioural analysis,
like the one proposed in this article, not only enhance the understanding of individual
behaviours but also open avenues for personalised healthcare interventions, promoting a
healthier and more informed lifestyle. However, these systems and the use of IoT devices
for monitoring personal life still need more widespread acceptance. People must embrace
the idea of using IoT devices to track their daily lives, while health experts welcome these
systems and are willing to use them. This acceptance is the key to making smart healthcare
solutions successful and widely used in our society.

However, acceptance alone is not sufficient. Security, privacy, and ethical consid-
erations are critical to ensuring that such systems gain trust and adoption. Continuous
monitoring inevitably generates highly sensitive personal data, and protecting this informa-
tion against unauthorised access and misuse is essential. The widespread acceptance of IoT
systems—and the future deployment of frameworks like the one we propose—depends on
embedding these safeguards as integral components to guarantee responsible and ethical
use of IoT-based monitoring in healthcare. Data must therefore be collected, processed, and
analysed with security- and privacy-aware solutions; otherwise, large-scale real-world im-
plementation cannot be expected. Addressing these challenges is a prerequisite to moving
from proof-of-concept studies to broader validation and clinical uptake. Finally, adoption of
such frameworks in practice requires integration into healthcare workflows and appropriate
training for clinicians, which represent non-trivial barriers to real-world deployment.

In addition to these adoption challenges, it is important to note that there are also
methodological limitations in the current study. While this study qualitatively demon-
strated the added value of integrating multiple modalities, such as revealing prolonged
sedentary periods that would not be detected through step counts alone, we did not include
a quantitative metric for assessing multimodal gains. This limitation is acknowledged as
necessary evaluations require structured comparisons between single-source and multi-
modal analyses, as well as systematic assessments by healthcare professionals over time.

Additionally, the current evaluation is based on a single case study, which, while
limited, is considered acceptable. This case study serves as a proof of concept, highlighting
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the strengths of our framework in analysing behaviour and identifying changes. Beyond
this specific scenario, the proposed pipeline is inherently generalisable and can be applied
to any use case where a multimodal IoT system generates an event log. For example, in
multi-user contexts, each individual can be represented with a separate case identifier in
the event log, allowing for clustering techniques to be applied both within and across users.
This approach enables experts to investigate inter-subject variability, assess population-level
behaviour models, and explore how behavioural PM can support personalised monitoring
and group-level health insights.

Expanding our research to multi-user datasets and developing quantitative measures
to assess the effectiveness of this integration are significant directions for future work.
These steps will not only strengthen the evaluation of the framework but also enhance its
applicability across a broader range of healthcare contexts.

6. Conclusions

The paper underscores the potential of innovative behavioural analysis in understand-
ing individual behaviours and tailoring healthcare interventions. By leveraging information
from multimodal IoT systems and aggregating the data, we can obtain a comprehensive
view of physical health. We have investigated this potential in our study by considering
a use case and data collected by a multimodal IoT system, including ambient sensors in
the house, a wristband, and a smartphone. The proposed approach for behaviour anal-
ysis involves grouping daily routines based on their alignment with health guidelines.
These routines are then modelled by process mining techniques and clustered to highlight
similarities between daily routines from several days. We also provided calendars and
timelines to visualise all extracted information in an understandable format and illustrate
how it can be used to discover the relation between several activities and health guidelines.
The impact of external events on the behaviour can also be identified. The outcome of
behavioural analysis and the resulting comprehensive view can empower health experts to
provide more accurate interventions based on actual behavioural patterns. This enhances
the potential for timely and effective health monitoring and interventions.

Author Contributions: Conceptualisation, M.S. and Z.A.; methodology, M.S. and Z.A ; software, Z.A.
and J.L.B.-M,; validation, M.S. and Z.A.; formal analysis, M.S.; investigation, M.S.; resources, C.F.-L.
and Z.V.-R; data curation, M.S.; writing—original draft preparation, M.S. and Z.A.; writing—review
and editing, all authors; visualisation, M.S. and Z.A.; supervision, C.E-L. and Z.V.-R.; project admin-
istration, M.S., C.E-L. and Z.V.-R.; funding acquisition, C.E-L. and Z.V.-R. All authors have read and
agreed to the published version of the manuscript.

Funding: This research received no external funding.
Institutional Review Board Statement: Not applicable.
Informed Consent Statement: Not applicable.

Data Availability Statement: Data is not available publicly and it is only available for research
upon request.

Conflicts of Interest: The authors declare no conflicts of interest.

1. Fleury, A.; Vacher, M.; Noury, N. SVM-based multimodal classification of activities of daily living in health smart homes: Sensors,
algorithms, and first experimental results. IEEE Trans. Inf. Technol. Biomed. 2009, 14, 274-283. [CrossRef]
2. Ma’arif, M.R. Revealing daily human activity pattern using process mining approach. In Proceedings of the 2017 4th International

Conference on Electrical Engineering, Computer Science and Informatics (EECSI), Yogyakarta, Indonesia, 19-21 September 2017;
IEEE: New York, NY, USA, 2017; pp. 1-5. [CrossRef]


http://doi.org/10.1109/TITB.2009.2037317
http://dx.doi.org/10.1109/EECSI.2017.8239160

Sensors 2025, 25, 5619 30 of 32

10.

11.

12.

13.

14.

15.

16.

17.

18.

19.

20.

21.
22.

23.

24.

25.

26.

27.

Qi, J.; Yang, P.; Newcombe, L.; Peng, X.; Yang, Y.; Zhao, Z. An overview of data fusion techniques for Internet of Things enabled
physical activity recognition and measure. Inf. Fusion 2020, 55, 269-280. [CrossRef]

Santacruz, K.S.; Swagerty, D. Early diagnosis of dementia. Am. Fam. Physician 2001, 63, 703-714.

Enshaeifar, S.; Barnaghi, P.; Skillman, S.; Markides, A.; Elsaleh, T.; Acton, S.T.; Nilforooshan, R.; Rostill, H. The Internet of Things
for dementia care. IEEE Internet Comput. 2018, 22, 8-17. [CrossRef]

Alberdi, A.; Weakley, A.; Schmitter-Edgecombe, M.; Cook, D.].; Aztiria, A.; Basarab, A.; Barrenechea, M. Smart home-based
prediction of multidomain symptoms related to Alzheimer’s disease. IEEE ]. Biomed. Health Inform. 2018, 22, 1720-1731.
[CrossRef] [PubMed]

Garcia-Constantino, M.; Konios, A.; Mustafa, M.A.; Nugent, C.; Morrison, G. Ambient and wearable sensor fusion for abnormal
behaviour detection in activities of daily living. In Proceedings of the 2020 IEEE International Conference on Pervasive Computing
and Communications Workshops (PerCom Workshops), Austin, TX, USA, 23-27 March 2020; IEEE: New York, NY, USA, 2020;
pp- 1-6.

Cook, D.J.; Krishnan, N. Mining the home environment. |. Intell. Inf. Syst. 2014, 43, 503-519. [CrossRef] [PubMed]

Palipana, S.; Pietropaoli, B.; Pesch, D. Recent advances in RF-based passive device-free localisation for indoor applications. Ad
Hoc Netw. 2017, 64, 80-98. [CrossRef]

Fritz, R.; Wuestney, K.; Dermody, G.; Cook, D.]. Nurse-in-the-loop smart home detection of health events associated with
diagnosed chronic conditions: A case-event series. Int. |. Nurs. Stud. Adv. 2022, 4, 100081. [CrossRef]

Shirali, M.; Bayo-Monton, J.L.; Fernandez-Llatas, C.; Ghassemian, M.; Traver Salcedo, V.1462 Design and Evaluation of a
Solo-Resident Smart Home Testbed for Mobility Pattern Monitoring and Behavioural Assessment. Sensors 2020, 20, 7167.
[CrossRef]

Stikic, M.; Huynh, T.; Van Laerhoven, K.; Schiele, B. ADL recognition based on the combination of RFID and accelerometer
sensing. In Proceedings of the 2008 Second International Conference on Pervasive Computing Technologies for Healthcare,
Tampere, Finland, 30 January-1 February 2008; IEEE: New York, NY, USA, 2008; pp. 258-263.

Cornacchia, M.; Ozcan, K.; Zheng, Y.; Velipasalar, S. A survey on activity detection and classification using wearable sensors.
IEEE Sens. |. 2016, 17, 386—403. [CrossRef]

Sprint, G.; Cook, D.J.; Schmitter-Edgecombe, M. Unsupervised detection and analysis of changes in everyday physical activity
data. . Biomed. Inform. 2016, 63, 54—65. [CrossRef] [PubMed]

Rayes, A.; Salam, S. Internet of Things from Hype to Reality: The Road to Digitization; Springer International Publishing: Cham,
Switzerland, 2022. [CrossRef]

Whitmore, A.; Agarwal, A.; Da Xu, L. The Internet of Things—A survey of topics and trends. Inf. Syst. Front. 2015, 17, 261-274.
[CrossRef]

Swan, M. Sensor Mania! The Internet of Things, Wearable Computing, Objective Metrics, and the Quantified Self 2.0. J. Sens.
Actuator Netw. 2012, 1, 217-253. [CrossRef]

Morita, PP; Sahu, K.S.; Oetomo, A. Health Monitoring Using Smart Home Technologies: Scoping Review. JMIR mHealth uHealth
2023, 11, €37347. [CrossRef] [PubMed]

Sztyler, T.; Volker, ].; Carmona Vargas, J.; Meier, O.; Stuckenschmidt, H. Discovery of personal processes from labeled sensor data:
An application of process mining to personalized health care. In Proceedings of the International Workshop on Algorithms &
Theories for the Analysis of Event Data, Brussels, Belgium, 22-23 June 2015; pp. 31-46.

Wang, A.; Chen, G.; Wu, X;; Liu, L.; An, N.; Chang, C.Y. Towards human activity recognition: A hierarchical feature selection
framework. Sensors 2018, 18, 3629. [CrossRef]

Krishnan, N.C.; Cook, D.J. Activity recognition on streaming sensor data. Pervasive Mob. Comput. 2014, 10, 138-154. [CrossRef]
Cook, D.J.; Schmitter-Edgecombe, M. Fusing ambient and mobile sensor features into a behaviorome for predicting clinical health
scores. IEEE Access 2021, 9, 65033-65043. [CrossRef]

Sheth, A.; Jaimini, U.; Yip, H.Y. How will the internet of things enable augmented personalized health? IEEE Intell. Syst. 2018,
33, 89-97. [CrossRef]

Shirali, M.; Ahmadi, Z.; Ferndndez-Llatas, C.; Bayo Montoén, J.L.; Di Federico, G. An Interactive Error-correcting Approach for
IoT-sourced Event Logs. ACM Trans. Internet Things 2024, 5, 21. [CrossRef]

Sheth, A.; Anantharam, P; Thirunarayan, K. Applications of multimodal physical (IoT), cyber and social data for reliable
and actionable insights. In Proceedings of the 10th IEEE International Conference on Collaborative Computing: Networking,
Applications and Worksharing, Miami, FL, USA, 22-25 October 2014; IEEE: New York, NY, USA, 2014; pp. 489-494.

Dohr, A.; Modre-Opsrian, R.; Drobics, M.; Hayn, D.; Schreier, G. The internet of things for ambient assisted living. In Proceedings
of the 2010 Seventh International Conference on Information Technology: New Generations, Las Vegas, NV, USA, 12-14 April
2010; IEEE: New York, NY, USA, 2010; pp. 804-809.

Pires, LM.; Garcia, N.M.; Pombo, N.; Flérez-Revuelta, F. From data acquisition to data fusion: A comprehensive review and a
roadmap for the identification of activities of daily living using mobile devices. Sensors 2016, 16, 184. [CrossRef]


http://dx.doi.org/10.1016/j.inffus.2019.09.002
http://dx.doi.org/10.1109/MIC.2018.112102418
http://dx.doi.org/10.1109/JBHI.2018.2798062
http://www.ncbi.nlm.nih.gov/pubmed/29994359
http://dx.doi.org/10.1007/s10844-014-0341-4
http://www.ncbi.nlm.nih.gov/pubmed/25506128
http://dx.doi.org/10.1016/j.adhoc.2017.06.007
http://dx.doi.org/10.1016/j.ijnsa.2022.100081
http://dx.doi.org/10.3390/s20247167
http://dx.doi.org/10.1109/JSEN.2016.2628346
http://dx.doi.org/10.1016/j.jbi.2016.07.020
http://www.ncbi.nlm.nih.gov/pubmed/27471222
http://dx.doi.org/10.1007/978-3-030-90158-5
http://dx.doi.org/10.1007/s10796-014-9489-2
http://dx.doi.org/10.3390/jsan1030217
http://dx.doi.org/10.2196/37347
http://www.ncbi.nlm.nih.gov/pubmed/37052984
http://dx.doi.org/10.3390/s18113629
http://dx.doi.org/10.1016/j.pmcj.2012.07.003
http://dx.doi.org/10.1109/ACCESS.2021.3076362
http://dx.doi.org/10.1109/MIS.2018.012001556
http://dx.doi.org/10.1145/3680289
http://dx.doi.org/10.3390/s16020184

Sensors 2025, 25, 5619 31 of 32

28.

29.

30.

31.
32.

33.

34.

35.

36.

37.

38.

39.

40.

41.
42.

43.

44.

45.

46.

47.

48.

49.

50.

Fritz, R.L.; Wilson, M.; Dermody, G.; Schmitter-Edgecombe, M.; Cook, D.]. Automated smart home assessment to support pain
management: Multiple methods analysis. |. Med. Internet Res. 2020, 22, 23943. [CrossRef]

Sprint, G.; Cook, D.J.; Fritz, R. Behavioral differences between subject groups identified using smart homes and change point
detection. IEEE |. Biomed. Health Inform. 2020, 25, 559-567. [CrossRef]

Sprint, G.; Cook, D.J.; Shelly, R.; Schmitter-Edgecombe, M. Using smart homes to detect and analyze health events. Computer
2016, 49, 29-37. [CrossRef] [PubMed]

Teh, H.Y.; Kempa-Liehr, A.W.; Wang, K1.K. Sensor data quality: A systematic review. J. Big Data 2020, 7, 1-49. [CrossRef]
Wang, Y.; Cang, S.; Yu, H. A data fusion-based hybrid sensory system for older people’s daily activity and daily routine
recognition. IEEE Sens. |. 2018, 18, 6874-6888. [CrossRef]

Crispim-Junior, C.F.; Bremond, F.; Joumier, V. A multi-sensor approach for activity recognition in older patients. In Proceedings of
the Second International Conference on Ambient Computing, Applications, Services and Technologies-AMBIENT 2012, Barcelona,
Spain, 23-28 September 2012.

Lago, P; Jiménez-Guarin, C.; Roncancio, C. A case study on the analysis of behavior patterns and pattern changes in smart
environments. In Proceedings of the Ambient Assisted Living and Daily Activities: 6th International Work-Conference, INAAL
2014, Belfast, UK, 2-5 December 2014; Proceedings 6; Springer: Berlin/Heidelberg, Germany, 2014; pp. 296-303.

Shin, J.h.; Her-Xiong, Y.; Tredinnick, R.; Ponto, K. Toward understanding everyday lives of older adults: A methodological
exploration. Gerontologist 2021, 61, 1241-1253. [CrossRef]

Rodrigues, ].J.; Segundo, D.B.D.R.; Junqueira, H.A.; Sabino, M.H.; Prince, R.M.; Al-Muhtadj, J.; De Albuquerque, V.H.C. Enabling
technologies for the Internet of health Things. IEEE Access 2018, 6, 13129-13141. [CrossRef]

Medjahed, H.; Istrate, D.; Boudy, J.; Baldinger, J.L.; Dorizzi, B. A pervasive multi-sensor data fusion for smart home healthcare
monitoring. In Proceedings of the 2011 IEEE International Conference on Fuzzy Systems (FUZZ-IEEE 2011), Taipei, Taiwan,
27-30 June 2011; IEEE: New York, NY, USA, 2011; pp. 1466-1473.

He, Z.; Ly, D.; Yang, Y.; Gao, M. An elderly care system based on multiple information fusion. J. Healthc. Eng. 2018, 2018, 4098237.
[CrossRef]

Sora, D.; Leotta, F.; Mecella, M. An Habit Is a Process: A BPM-Based Approach for Smart Spaces. In Proceedings of the Business
Process Management Workshops, Barcelona, Spain, 10-11 September 2017; Teniente, E., Weidlich, M., Eds.; Springer: Cham,
Switzerland, 2018; pp. 298-309.

Van der Aalst, W.M.; Van Dongen, B.F.; Herbst, ].; Maruster, L.; Schimm, G.; Weijters, A.J. Workflow mining: A survey of issues
and approaches. Data Knowl. Eng. 2003, 47, 237-267. [CrossRef]

Van Der Aalst, W. Process Mining; Springer: Berlin/Heidelberg, Germany, 2016. [CrossRef]

Di Federico, G.; Burattin, A. Do You Behave Always the Same? A Process Mining Approach. In Proceedings of the International
Conference on Process Mining, Bozen-Bolzano, Italy, 23-28 October 2022; Springer: Berlin/Heidelberg, Germany, 2022; pp. 5-17.
Ferndndez-Llatas, C.; Benedi, ] M.; Garcia-Gémez, ]. M.; Traver, V. Process mining for individualized behavior modeling using
wireless tracking in nursing homes. Sensors 2013, 13, 15434-15451. [CrossRef]

Di Federico, G.; Meroni, G.; Burattin, A. Viola: Detecting Violations of Behaviors from Streams of Sensor Data. In Proceedings of
the Business Process Management Workshops, Utrecht, The Netherlands, 11-15 September 2023; De Weerdyt, ., Pufahl, L., Eds.;
Springer: Cham, Switzerland, 2024; pp. 118-130.

Janssen, D.; Mannhardt, F.; Koschmider, A.; van Zelst, S.J. Process Model Discovery from Sensor Event Data. In Proceedings of
the Process Mining Workshops, Padua, Italy, 5-8 October 2020; Leemans, S., Leopold, H., Eds.; Springer: Cham, Switzerland,
2021; pp. 69-81.

Weyers, E; Seiger, R.; Weber, B. Method to Identify Process Activities by Visualizing Sensor Events. In Proceedings of the Business
Process Management Workshops, Miinster, Germany, 11-16 September 2022; Cabanillas, C., Garmann-Johnsen, N.F.,, Koschmider,
A., Eds.; Springer: Cham, Switzerland, 2023; pp. 76-88.

Soffer, P.; Hinze, A.; Koschmider, A.; Ziekow, H.; Di Ciccio, C.; Koldehofe, B.; Kopp, O.; Jacobsen, A.; Stirmeli, J.; Song, W. From
event streams to process models and back: Challenges and opportunities. Inf. Syst. 2019, 81, 181-200. [CrossRef]

Shirali, M.; Sani, M.E,; Ahmadi, Z.; Serral, E. LLM-Based Event Abstraction and Integration for IoT-Sourced Logs. In Proceedings
of the Business Process Management Workshops, Krakow, Poland, 1-6 September 2024; Gdowska, K., Gémez-Lépez, M.T., Rehse,
J.R., Eds.; Springer: Cham, Switzerland, 2025; pp. 138-149.

Callisto De Donato, M.; Fornari, F.; Armas-Cervantes, A. From IoT Event Logs to Human Routines via Community Detection
Algorithms. In Proceedings of the Business Process Management Workshops, Krakow, Poland, 1-6 September 2024; Gdowska, K.,
Gomez-Lopez, M.T., Rehse, ].R., Eds.; Springer: Cham, Switzerland, 2025; pp. 113-124.

de Leoni, M.; Pellattiero, L. The Benefits of Sensor-Measurement Aggregation in Discovering IoT Process Models: A Smart-House
Case Study. In Proceedings of the Business Process Management Workshops, Rome, Italy, 6-10 September 2021; Marrella, A.,
Weber, B., Eds.; Springer: Cham, Switzerland, 2022; pp. 403—415.


http://dx.doi.org/10.2196/23943
http://dx.doi.org/10.1109/JBHI.2020.2999607
http://dx.doi.org/10.1109/MC.2016.338
http://www.ncbi.nlm.nih.gov/pubmed/39897437
http://dx.doi.org/10.1186/s40537-020-0285-1
http://dx.doi.org/10.1109/JSEN.2018.2833745
http://dx.doi.org/10.1093/geront/gnab045
http://dx.doi.org/10.1109/ACCESS.2017.2789329
http://dx.doi.org/10.1155/2018/4098237
http://dx.doi.org/10.1016/S0169-023X(03)00066-1
http://dx.doi.org/10.1007/978-3-662-49851-4
http://dx.doi.org/10.3390/s131115434
http://dx.doi.org/10.1016/j.is.2017.11.002

Sensors 2025, 25, 5619 32 of 32

51.

52.

53.

54.

55.

56.

57.

58.

59.

60.

61.

62.

Weijters, A.; Ribeiro, J.T.S. Flexible heuristics miner (FHM). In Proceedings of the 2011 IEEE Symposium on Computational
Intelligence and Data Mining (CIDM), Paris, France, 11-15 April 2011; IEEE: New York, NY, USA, 2011; pp. 310-317.
Ferndndez-Llatas, C.; Meneu, T.; Benedi, ].M.; Traver, V. Activity-based process mining for clinical pathways computer aided
design. In Proceedings of the 2010 Annual International Conference of the IEEE Engineering in Medicine and Biology, Buenos
Aires, Argentina, 31 August—4 September 2010; IEEE: New York, NY, USA, 2010; pp. 6178-6181.

Fernandez-Llatas, C.; Pileggi, S.F,; Traver, V.; Benedi, ] M. Timed parallel automaton: A mathematical tool for defining highly
expressive formal workflows. In Proceedings of the 2011 Fifth Asia Modelling Symposium, Manila, Philippines, 24-26 May 2011;
IEEE: New York, NY, USA, 2011; pp. 56-61.

Concaro, S.; Sacchi, L.; Cerra, C.; Stefanelli, M.; Fratino, P; Bellazzi, R. Temporal data mining for the assessment of the costs
related to diabetes mellitus pharmacological treatment. In Proceedings of the AMIA Annual Symposium Proceedings, San
Francisco, CA, USA, 14-18 November 2009; Volume 2009, p. 119.

Lull, J.J.; Bayo, J.L.; Shirali, M.; Ghassemian, M.; Fernandez-Llatas, C. Interactive Process Mining in IoT and Human Behaviour
Modelling. In Interactive Process Mining in Healthcare; Springer International Publishing: Cham, Switzerland, 2021; pp. 217-231.
[CrossRef]

Duda, R.O.; Hart, PE,; Stork, D.G. Pattern Classification; John Wiley & Sons: Hoboken, NJ, USA, 2006.

Bose, R.J.C.; Van der Aalst, WM. Context aware trace clustering: Towards improving process mining results. In Proceedings of
the 2009 SIAM International Conference on Data Mining, Sparks, NV, USA, 30 April-2 May 2009; SIAM: Philadelphia, PA, USA,
2009; pp. 401-412.

Rad, M.F;; Roudposhti, K.K.; Khoobkar, M.H.; Shirali, M.; Ahmadi, Z.; Fernandez-Llatas, C. DAMMI: Daily Activities in a
Psychologically Annotated Multi-Modal IoT dataset. arXiv 2024, arXiv:2410.04152.

Blair, S.N.; Church, T.S. The fitness, obesity, and health equation: Is physical activity the common denominator? JAMA 2004,
292, 1232-1234. [CrossRef]

Banach, M.; Lewek, J.; Surma, S.; Penson, PE.; Sahebkar, A.; Martin, S.S.; Bajraktari, G.; Henein, M.Y.; Reiner, Z.; Bielecka-Dabrowa,
A.; et al. The association between daily step count and all-cause and cardiovascular mortality: A meta-analysis. Eur. J. Prev.
Cardiol. 2023, 30, 1975-1985. [CrossRef] [PubMed]

Tudor-Locke, C.; Craig, C.L.; Brown, WJ.; Clemes, S.A.; De Cocker, K.; Giles-Corti, B.; Hatano, Y.; Inoue, S.; Matsudo, S.M.;
Mutrie, N.; et al. How many steps/day are enough? For adults. Int. J. Behav. Nutr. Phys. Act. 2011, 8,79 . [CrossRef] [PubMed]
Paluch, A.E.; Gabriel, K.P; Fulton, J.E.; Lewis, C.E.; Schreiner, PJ.; Sternfeld, B.; Sidney, S.; Siddique, J.; Whitaker, K.M.; Carnethon,
M.R. Steps per Day and All-Cause Mortality in Middle-aged Adults in the Coronary Artery Risk Development in Young Adults
Study. JAMA Netw. Open 2021, 4, €2124516. [CrossRef] [PubMed]

Disclaimer/Publisher’s Note: The statements, opinions and data contained in all publications are solely those of the individual

author(s) and contributor(s) and not of MDPI and/or the editor(s). MDPI and/or the editor(s) disclaim responsibility for any injury to

people or property resulting from any ideas, methods, instructions or products referred to in the content.


http://dx.doi.org/10.1007/978-3-030-53993-1_13
http://dx.doi.org/10.1001/jama.292.10.1232
http://dx.doi.org/10.1093/eurjpc/zwad229
http://www.ncbi.nlm.nih.gov/pubmed/37555441
http://dx.doi.org/10.1186/1479-5868-8-79
http://www.ncbi.nlm.nih.gov/pubmed/21798015
http://dx.doi.org/10.1001/jamanetworkopen.2021.24516
http://www.ncbi.nlm.nih.gov/pubmed/34477847

	Introduction
	Background
	IoT-Based Behaviour Analysis
	Sensor Modalities in IoT Systems
	IoT Systems with a Single Type of Sensor
	Multimodal IoT Systems

	Behaviour Process Mining

	Behaviour Analysis and the Elderly Health Monitoring Case Study
	The Proposed Behaviour Analysis Approach
	Elderly Care Behavioural Monitoring Case Study
	Data Collection
	Dataset Pre-Processing and Event Log


	Behaviour Analysis Based on Physical Activity Levels
	Defining Levels for Physical Activity
	Discovering Behavioural Routines for Physical Activity Level Groups
	Group 1: Insufficient Physical Activity Level Clusters and Main Routines
	Group 2: Sufficient Physical Activity Level Clusters and Main Routines
	Group 3: Desirable Physical Activity Level Clusters and Main Routines

	Calendar and Timeline View—Looking into the Variations of Behaviour Routines over Time

	Discussion
	Conclusions
	References

