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Abstract: Activities of daily living (ADLs) are fundamental routine tasks that the majority of
physically and mentally healthy people can independently execute. In this paper, we present a
Semantic Framework for detecting problems in ADLs execution, monitored through Smart Home
sensors. In the context of this work, we conducted a pilot study, gathering raw data from various
sensors and devices installed in a smart home environment. The proposed Framework combines
multiple Semantic Web technologies (i.e. ontology, RDE, triplestore) to handle and transform these
raw data into meaningful representations forming a Knowledge Graph. Subsequently, SPARQL
queries are used to define and construct explicit rules to detect problematic behaviours in ADLs
execution, a procedure that leads to generating new implicit knowledge. Finally, all available results
are visualized in a clinician dashboard. The proposed framework can monitor the deterioration of
ADLs performance for people in the spectrum of dementia, by offering a comprehensive way for
clinicians to describe problematic behaviors in the every-day life of an individual.

Keywords: Smart Home; sensors; ADLs; Semantic Web; ontology; Knowledge Graph; SPARQL rules

1. Introduction

Activities of daily living (ADLs) are essential and routine tasks that most healthy individuals
can perform without assistance. ADLs are divided into two major categories, Basic ADLs (BADLs)
and Instrumental ADLs (IADLs) [1]. BADLSs, also known as physical ADLs, are a category of daily
activities required of each individual to manage their basic physical needs. These activities include
self feeding, dressing, toileting, ambulating and any other physical action that is related to personal
hygiene. On the other hand, IADLs are more complex activities that people perform in order to be
functional and independent within society. Managing finances and medications, food preparation,
housekeeping and laundry are only some elementary examples of this category. Based on the literature,
cognitive and functional decline becomes tractable first in the IADLs due to their complexity [2]. Most
people who show early signs of cognitive decline tend to develop an abnormal behaviour that makes
them deviate from the correct execution of ADLs. This weakness exacerbates gradually and it is a
common phenomenon that patients who exhibit such cognitive decline do not perceive the occurred
deviation [1]. The inability to accomplish essential activities of daily living may be an indicator of
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an upcoming health problem [1][3]. Investigating the accuracy when performing daily activities can
contribute to tracking the health deterioration of people with chronic diseases such as dementia or
multiple sclerosis. Engaging in monitoring ADLs is motivated by the need to have an objective way
to assess whether there is a diminishing ability to perform certain tasks, compared to or as a ground
truth measure to an individual’s self-reporting. That process can offer meaningful insights to clinicians
when assessing ADLs to enhance patient care and management.

The ADL's assessment process could be classified into several stages, in which clinicians look
for different types of problems. Any observations or conditions during the execution of ADLs
that deviate from a reasonable and normal situation can be considered problems. The recurrent
existence of abnormal behaviours, like the need of excessive time to complete an ADL and difficulty
in comprehending instructions on the execution of a specific ADL when those are provided, are only
some of the different factors to be evaluated by clinicians. The complexity of monitoring and assessing
ADLs imposes the need to facilitate this procedure through the use of sensor technology in a semantic
framework.

There is a variety of affordable and accurate devices in the market that can be used to monitor
patients by collecting their daily life data [4]. Smartphone apps and wearable sensor devices, such as
smart watches, have been widely used to monitor heart rate, steps and sleep stages [5], [6]. Another
category of these devices are sensors that capture presence and motion in a room. Consequently, there
is a significant need for the establishment of a framework that would integrate, analyze and visualize
all available data in an efficient way. Such a framework would support the evaluation of the received
data by expert clinicians allowing them to draw useful conclusions. The introduction of Semantic Web
(Web 3.0) [7] and its constantly developing technologies such as Ontologies, RDF (Resource Description
Framework) [8], SPARQL [9], reasoning engines and triplestores provide us with all the essential tools
to construct a framework that could implement all the processes mentioned above.

In this paper, we propose a Semantic Framework for detecting problems in ADLs monitored
through Smart Home sensors. This framework consists of different components that are responsible
for monitoring and modeling ADLs, executing specific rules to detect problematic behaviours in ADLs
performance and visualizing the results. In this way, we can detect problems related to cognitive
decline and observe the scale of patient deterioration within a period of time. Initially, we gather all raw
data provided from sensors and devices established in a smart home environment. Next, a specially
adapted ontology is developed to model and represent all the related information of this environment.
This includes information and data acquisition from patients, sensors, devices and rooms of the
smart home. Then, all collected data are converted to RDF triples and stored in a semantic database
constituting a Knowledge Graph. Furthermore, by using SPARQL queries we define and construct
explicit rules to detect problems, a procedure that leads to generating new implicit knowledge. Last
but not least, all available results are visualized in a clinician web dashboard.

The rest of the paper is structured as follows: Section 2 reviews the related work regarding the
use of Semantic Web technologies for e-health solutions. Section 3 describes the architecture of the
proposed Framework, illustrating all the background processes. Section 4 presents a case scenario
providing visualized results. Finally, Section 5 draws our conclusions and describes our intentions for
future work.

2. Related Work

The proposed Framework is positioned in a combination of multiple research fields including
the Semantic Web Technologies, ADLs recognition and monitoring through Smart Home sensors. In
this section, we examine previous related studies that incorporate these technologies and methods to
provide e-health solutions.

Wearable sensors are an affordable and effective solution in order to collect daily life data. Heart
rate, steps, and sleep data have been used as the data source in semantic frameworks aiming to health
problem detection in patients suffering from chronic diseases [10], [11].
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[10] proposes an assistive technology system based on wearable trackers to support the care
of people living with Multiple Sclerosis. This system collects unanimously daily life data through
wearable sensors and stores them in an ontology-based Knowledge Graph. It aims to detect problems
related to sleep, movement or heart rate for self-awareness purposes or for clinician experts to monitor
their patient’s progress. In this process, Semantic Web technologies such as reasoning engines, SPARQL
rules and triplestores are incorporated.

In [11], a rule-based Framework for the detection of health-related problems of people in the
spectrum of dementia is presented. This is a complete Semantic System that includes a component for
IoT data collection from wearable sensors and a Knowledge Ingestion process that translates received
data into RDF representations. It also proposes a novel OWL ontology as well as a set of SPARQL
Inferencing Notation (SPIN) rules to infer problems from collected data. It aims to provide clinicians
with information about people with dementia to support decision making for further care management.
Therefore, the system provides insights by visualizing measurements and results through a clinician
platform.

Moreover, ontologies and reasoners have been used for health group classification purposes [12].
In this study, the proposed Semantic System supports the supervision of people living with chronic
diseases and categorizes them in groups depending on their health status. It is worth to mention, that
this paper presents a modular ontology composed of several external public domain related ontologies.

In previous papers, a set of rules were applied to ontology based Knowledge Graphs in order
to derive implicit statements declaring a problematic health situation. However, the combination of
an ontology and a query language that implements rules has been also utilized in order to retrieve
explicit information about the environment that is modeled. [13] implements a rule-based approach
system to inform deafblind individuals about their surroundings and support them in increasing their
spatial awareness. In this case, the ontology models all objects involved in the users’ environment, and
a set of rules is applied on it so as to respond to their queries regarding their surroundings.

A complete rule based system that is capable to detect the type of a disease and recommend
suitable treatments is presented in [14]. This system receives real data from people suffering from
blood immune thrombocytopenia disease. The proposed ontology represents the knowledge of this
medical domain, while a set of rules alongside with a reasoning engine detects the disease type based
on real data received and suggests a suitable treatment.

Semantic Web technologies have been also applied in systems aiming to validate diagnoses of
medical experts in complex domains such as cancerous tumours [15]. This paper presents an ontology
based solution to model the international rules for various types of cancer. In this way, a defined set of
rules and axioms can be executed through a reasoner so as to validate the diagnosis of medical experts
based on the clinical results of each case.

However, these technologies can also indirectly contribute to e-health solutions by providing
medical experts with different aspects of patient’s health status. More specifically, [16] provides an
ontology based solution for ADLs recognition in a Smart Home environment. This study introduces a
System that is able to monitor ADL patterns by using a novel OWL ontology and a reasoning engine.
The proposed ontology represents the environment and the devices in a Smart Home, while the
reasoner is responsible to discover an ADL. This system uses a rule based reasoner that infers an ADL
when explicit statements are inserted in the Knowledge Graph and they satisfy the corresponding
declared rule.

3. Semantic Framework

This section presents the proposed Semantic Framework for monitoring ADLs in a smart home
environment with the aim of detecting problems related to their execution performance. An overview
of the architecture of this Framework is shown in Figure 1. The first stage of the pipeline is the IoT data
collection from sensors in a Smart Home setting to monitor ADLs. IoT data collection is the process of
collecting data from sensors connected to the Internet Of Things (IoT), which is the interconnected
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network of physical devices, capable to exchange large amounts of data [17]. Next stage includes the
pre-processing of the raw data and their conversion to RDF triples. The combination of RDF data and
the implemented ontology that defines their structure constitute the Knowledge Graph. Afterwards,
predefined rules in SPARQL format are applied to the Knowledge Graph aiming to detect problems in
ADLs execution. Finally, the visualization of the results in a clinician dashboard concludes this whole
procedure.

. K led Rule Based T
loT Data Collection nowe. ge Knowledge Graph Hie Base - Visualization
Ingestion Problem Detection

fretsden) =

Figure 1. Architecture of the proposed Framework.

3.1. Monitoring of ADLs in a Smart Home environment

For the purposes of the present work, the CERTH-ITI Smart Home premises were used [18].
The Smart Home is a prototype and novel technologies demonstration infrastructure resembling
a real domestic building where occupants can experience actual living scenarios. Alongside their
accommodation, they can explore various innovating smart IoT-based technologies provided with
Energy, Health, Big Data, Robotics and Artificial Intelligence (AI) services. In the context of a pilot
study, 40 participants with varying cognitive status in the spectrum of dementia were invited, for
a daily visit or staying overnight in the Smart Home. Prior to their enrollment, a neuropsychiatrist
with expertise in dementia established participants” diagnoses (Healthy Controls - HC, participants
with Subjective Cognitive Decline - SCD and participants with Mild Cognitive Impairment - MCI).
Diagnoses were set taking into account participants’ medical history, structural magnetic imaging
(MRI) and a detailed neuropsychological evaluation. The MCI group fulfilled the Petersen criteria [19],
while the SCD group met IWG-2 Guidelines [20] as well as the SCD-1 Working Group instructions [21].
They were instructed to execute a protocol including three ADL activities (namely, Task 1 - Hot Meal
Preparation, Task 2 - Hot Beverage Preparation and Task 3 - Cold Meal Preparation). The protocol was
accompanied by a detailed, step-by-step description for each Task. For example, in Task 3, participants
were instructed to get a plate, bread, cheese and turkey from appropriately labelled cabinets and the
fridge, and prepare their sandwich. Afterwards participants were instructed to turn on the appliance,
place the sandwich on the toaster and remove it once ready. In order to monitor participants’” ADLs we
installed a set of Smart Home devices, including multiple types of sensors that are able to perform
functions such as monitoring, controlling or alerting. For our research purposes we equipped the Smart
Home environment with wall plugs, motion, door and flood sensors. Wall plugs are consumption
monitoring devices in which all other electrical appliances are plugged. Motion sensors are responsible
for capturing presence or movement in a room, door sensors detect the opening and closing of doors,
drawers and cabinets, flood sensors detect any water leaks or flooding. For safety reasons, a panic
button sensor was also installed so as to provide a quick way to trigger an alarm in case of emergency.
It is important to mention that there are many solutions in the market for smart home devices that can
be used in similar studies. In our study, we have selected the "Fibaro" solution [22] which provides
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its Home Center software allowing users to control and collect data from all devices through a single
interface. All above devices are listed in Table 1.

Table 1. Set of devices installed in Smart Home.

# Device Description Data type

1 Motion sensor Presence/motion capture Boolean (0,1)
2 Door/drawer/cabinet sensor Door/drawer/cabinet opening - closing  Boolean (0,1)
3 Flood sensor Water leaks or flooding Boolean (0,1)
4 Panic button Emergency alarm triggering Boolean (0,1)
5 Wall plugs Consumption monitoring Float number

Fibaro’s raw data consists of two time series, one for "Signal" and one for "Consumption”. Signal
is generated by the motion, door, flood and panic sensors, while Consumption is generated by wall
plugs. Both Signal and Consumption time series represent changes in the values that occurred at a
specific point in time. Signal, in contrast to Consumption, takes into account the previously reported
values in addition to the current values.

A Signal data object for a device (motion, door, flood, panic) is a pair of Boolean values that
represent its change of state. If a data object has a new value of 1 and an old value of 0, it generates a
new Signal and the timestamp of the data object acts as the starting point, while the next data object
with opposite values represents the end of this Signal.

Consumption data, on the other hand, are Float values of wattage consumption. Most household
appliances consume electricity even when they are idle. We have set a minimum threshold of 5 watts
to mark the beginning and the end of a consumption event. This is an empirical threshold we set after
careful study and analysis of the generated data. If the wattage of the data object exceeds the threshold,
we assume that the appliance is switched on, and if the wattage is below the threshold, the appliance
is considered "not in use" (i.e. idle).

All sensor data are transferred to our databases through APIs, in order to be gathered and
processed. In that way, the data are grouped together and can be further processed by conducting
validity checks in order to identify and normalize false negative signals (i.e. Cabinet didn’t fully
close due to brakes but sensor failed to recognize it). This procedure of validity checking ensures the
reliability of the collected data which is necessary for their analysis.

3.2. Sensor Data Knowledge Ingestion

The raw data described in the previous section are in a complicated form making them
incomprehensible and confusing. Therefore, further analysis is necessary to group them in clusters
depending on their timestamps and their source devices. Each cluster consists of raw data that indicate
a single event inside the Smart Home environment. For instance, if a motion sensor in the kitchen
detects presence in a specific timestamp while a door sensor detects the opening of a kitchen drawer
at the same or subsequent time, then it is reasonable to conjecture that someone was in the kitchen
and opened the drawer at that time. By manually inspecting and clustering all raw data into specific
meaningful events, we can proceed to the next step of data processing which is the recognition of an
entire activity. Figure 2 is a chart that presents all events derived from raw data in a specific period of
time for a specific patient. The names of the events are shown in the y-axis while the x-axis presents
the duration of each one. More specifically, Figure 2 shows a sporadic use of kitchen drawers and
cabinets, an almost continuous human presence in the kitchen and the simultaneous operation of the
electric cooker for several minutes.

Following the same procedure, we can create some larger clusters that consist of correlated events
corresponding to the room of the Smart Home and the time series that occurred. For instance, grouping
events that occurred in the kitchen, such as motion detection in space, opening and closing of drawers
and operation of the electric cooker in a specific period of time composes a sequence of events for a
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hot meal preparation activity. This activity is depicted on Figure 3 with the horizontal light blue line.
Below that line some of the previously mentioned events that reveal the cooking activity are included.
Similarly, we can identify all different ADLs that patients were instructed to perform based on the
protocol, during their accommodation in the Smart Home.
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Figure 2. Events representation in a Gantt Chart.
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Figure 3. Activity representation in a Gantt chart.

In order to test the effectiveness and reliability of the sensors and the developed platform, the
activities collected were compared to ground truth information. For this, during the study, researchers
gathered information through free-text notes on participants’ activities, serving as ground truth. In
Figure 4 activities defined by the platform are compared to the ground truth information collected.
Discrepancies are noted due to power/internet outages (missing “Meal Preparation” and “Beverage
Preparation” activities) or sensor connectivity issues (two missing “Cold Meal Preparation” activities)
in the Smart Home.
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Figure 4. Comparison between the number of activities per Task recorded by the platform and the
available ground truth data.

Having completed all the necessary pre-processessing of the raw data, it is imperative to translate
our unstructured clustered data into meaningful interlinked graph representations. In this way, our
data are linked through meaningful relationships that are humanly understandable, establishing a
knowledge base capable to infer complicated implicit relations. This procedure is called Knowledge
Ingestion (KI) and is achieved through the conversion of our data to RDF statements. An RDF
Statement is a triplet that links a subject with an object via a predicate. The subject and the object
elements represent the two entities that are linked together and the predicate element strictly defines
their relationship. Multiple RDF statements create a larger linked graph that depicts all possible entities
and relations that exist in each case we try to model. However, before converting our data to RDF
triplets we have to define a precise schema that all of them should follow.

3.3. Ontology-based knowledge representation

In the Semantic Framework introduced in this paper it was essential to construct an Ontology
representing all entities involved in our research. Indicatively, the Events and Activities that were
generated after the pre-processing of the raw data, the Smart Home sensors as well as the patients
that participated in that study constitute our primary entities. Therefore, an ontology named "ADL
Recognition Ontology" was designed and developed in OWL 2 language with the usage of the
open-source software Protégé 5.5.0. OWL (Web Ontology Language) is an ontology language for the
Semantic Web with well defined meaning that can model and represent complex knowledge [23].
In addition, OWL offers more modeling primitives than RDF Schema and has quite clean formal
semantics, which assign an unambiguous meaning to its logical statements. Formal semantics precisely
describe the meaning of a language which means that semantics can not be interpreted in more than
one way. Also, formal semantics are a prerequisite for automatic reasoning support which is of primary
importance, since it allows us to check the correctness of our ontology with respect to it’s consistency
and the existence of unintended relations between classes. Moreover, a reasoner is able to infer logical
consequences combining explicit knowledge with the formal semantics of the ontology’s language. In
other words, a reasoner generates new relations between the entities that are classified according to the
ontology. This mechanism helps us avoid declaring explicitly a vast amount of necessary statements,
which we would inevitably have to do if we had a classic relational database schema instead of an
ontology.

Figure 5 shows the OWL classes constituting the "ADL Recognition Ontology". This ontology
is an adapted and extended version of the Semantic Sensor Network (SSN) ontology and the
Sensor, Observation, Sample, and Actuator (SOSA) ontology [24]. The combination of these two
well-established ontologies is intended to provide a comprehensive framework for describing sensors
and their corresponding observations. This combined ontology has been used as a fundamental core
in other applications [25]. The utilization of these well established representation models ensures the


https://doi.org/10.20944/preprints202312.1310.v1

Preprints (www.preprints.org) | NOT PEER-REVIEWED | Posted: 18 December 2023 doi:10.20944/preprints202312.1310.v1

8 of 15

interoperability of our framework. One of our primary goals was to develop an extensible ontology
in order to be flexible to support more scenarios in the future by adding further subclasses to each
class category. For instance, the "Sensor" class can represent any other sensors, that may be used in
a Smart Home environment. Likewise, this ontology could be enriched with additional "Activity"
subclasses depending on the cases being studied. Furthermore, the structure of the "Problem" class
gives us the opportunity to add more problem types that may have occurred during the execution
of an activity. In our ontology The "Problem" class has four subclasses, each modeling a specific
problem that may be observed by assessing an Activity execution. As mentioned in previous sections,
these problem types are related to deviations from the protocol that Smart Home participants were
instructed to follow. After consulting clinicians, we ended up modeling four problem types with the
corresponding "Problem" subclasses. These problem types are divergence from the protocol of an ADL,
observation of extra or missing steps in each ADL protocol and excessively long duration of an Activity
until it is completed. Generally, the "Observation" class represents an event that was monitored by a
"Sensor" instance. Consequently, the "Activity" class represents an activity that was synthesized by
one or more "Observation" instances. Each "Observation" is linked to a specific "FeatureOfInterest"
that describes what is being observed or measured by a sensor. In the "ADL Recognition Ontology",
this class is exteneded with four subclasses that specify the type of the sensor that generated each
observation. The "ObservableProperty" class is associated with "Observation" class and represents the
attributes captured by a sensor. For example, in case of a sensor capturing a presence in a room, the
timestamp and the switch from 0 to 1 value are the attributes of this observation. The classes "Sensor",
"Observation”, "FeatureOfInterest” and "ObservableProperty", along with their associated relationships
are important components of the SSN/SOSA ontologies. These classes have been expanded with
numerous subclasses and linked to new classes to fulfill the representation requirements of our study.

¥ owl:Thing
v-- @ Activity
ColdMealPreparation
HotBeveragePreparation
E HotMealPreparation
V- FeatureOfinterest
Appliance
DoorCabinet
RoomPresence
TapWater
----- {0 Observation
¥ Problem
DivergenceFromProtocol
Extrasteps
MissingSteps
: TooLongDuration
V00 Property
. {0 ObservableProperty
¥4 System
¥ Sensor
=l DoorCabinetSensor
' FloodSensor
' MotionSensor
' PanicButton
- WallPlug
r- @ User
: Patient

4l

Figure 5. Owl Classes of ADL Recognition Ontology.

Both "ADL Recognition Ontology" and converted linked data compose our Knowledge Graph
which is hosted in an instance of the GraphDB, a semantic database offered by Ontotext [26]. GraphDB
is a highly efficient and scalable RDF database that can handle massive loads of triples, queries and
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OWL inferencing in real time. In addition, it supports all RDF syntaxes for data insertion and retrieval
and it also offers the capability to submit all types of SPARQL queries. One major benefit that led us to
choose GraphDB as our triplestore is that it can perform semantic inferencing at scale, allowing users
to derive new semantic statements from existing facts due to the existence of an integrated reasoner.

Figure 6 visualizes an example of the RDF data in our Knowledge Graph. In this example, the
central red node is an instance of the "Activity" class as it is described in the purple node. The four
edges with label "consists of" end up in the four different instances of the "Observation" class that
constitute the main Activity. In order to comprehend better this graph instance, we can consider the
red node as a "Hot Beverage Preparation” activity. The "Observation" objects represent the events that
occurred during this activity execution. In this case, these events are the opening of specific kitchen
drawers and cabinets, as well as turning on the coffee machine. Last but not least, the yellow node
represents the patient that performed this activity. The graph pattern presented in Figure 6 is just one
instance of the thousands that are linked together to construct the entire Knowledge Graph.
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Figure 6. Knowledge Graph: Visual example of an Activity instance and its relations.

3.4. Problems detection based on daily activities

The primary aim of the proposed framework is to be able to detect problems related with the
execution of ADLs. To achieve this we had to define a set of rules as they are presented in Table 2.
These rules define upper or lower limits to filter out activities that deviate from a normal execution.
The "correct order" and "correct count” variables that appear in the table refer to the predefined protocol
instructions that all patients had to follow. The structure of the rules and the numerical values of the
thresholds were decided after consultations with clinicians. By setting these thresholds, our intention is
not to categorize patients into health groups, but individually monitor their performance and compare
it with their former results. In Semantic Web these rules can be formulated with SPARQL queries. We
used the interface of GraphDB Workbench, an admin web application offered by GraphDB, to compose
and execute a set of SPARQL CONSTRUCT graph patterns to derive problematic situations expressed
in RDF triples and enrich the Knowledge Graph.

Table 2. Rule table for problems detection.

# Variables Rule Problem

1 activity duration activity duration > threshold ~ Activity takes too long
2 order of events given order != correct order  Divergence from protocol
3 count of events given count != correct count Took extra steps

4  count of distinct events  given count < correct count Missing steps
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The following code blocks show an example of the form and structure of SPARQL rules which
are responsible to derive problematic situations in "Hot meal preparation” activities. The first one
is a rule for "Too Long Duration" problem. Applying this query, constructs four new RDF triplets
that are related with the problem, the patient to whom it is referred, the date that it occurred and the
total duration of the problematic activity. In this example, the condition that must be satisfied for the
activity is a total duration of more than 2100 seconds (35 minutes).

SPARQL rule for "TooLongDuration’ problem

CONSTRUCT{
?problem a :TooLongDuration;
:isProblemOf ?patient;
:problem_date ?start;
:problem_rate ?duration.
JWHERE {
?activity a :Activity;
ractivity_pk ?activity_pk;
ractivity_start ?start;
ractivity_end ?end;
ractivity_name ’‘Hot Meal Preparation’;
:refersToUser ?patient.
BIND((?end - ?start) as ?duration)
FILTER( ?duration > "2100"""xsd:duration )

The second rule is for the "Extra Steps" problem. Similarly, it constructs four new triplets
describing the problem, if the total count of steps needed to complete the activity was higher than 20.

SPARQL rule for “ExtraSteps’ problem

CONSTRUCT{

?problem a :ExtraSteps;

:isProblemOf ?patient;

:problem_date ?start;

:problem_rate ?steps.

\WHERE {

?activity a :Activity;
ractivity_name ’‘Hot Meal Preparation’;
ractivity_pk ?activity_pk;
:consistsOf ?event;

:refersToUser ?patient.
BIND(count(distinct ?event) as ?steps)
FILTER( ?steps > 20 )

JGROUP BY ?activity_pk ?patient

The third rule implements the "Missing Steps" problem, following the same logic with the previous
rules. The condition that must be satisfied in this rule is the total count of steps needed to complete the
activity to be lower than 10.

SPARQL rule for "MissingSteps’ problem

CONSTRUCT{

?problem a :MissingSteps;

:isProblemOf ?patient;

:problem_date ?start;

:problem_rate ?steps.
JWHERE {

?activity a :Activity;
ractivity_name ’‘Hot Meal Preparation’;
ractivity_pk ?activity_pk;
:consistsOf ?event;

:refersToUser ?patient.

BIND(count(distinct ?event) as ?steps)
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FILTER( ?steps < 10 )
JGROUP BY ?activity_pk ?patient

The last rule implements the "Divergence from protocol" problem. This rule helps us comprehend
the value of utilizing a powerful language such as SPARQL when implementing a more complex
query, instead of performing a simple threshold comparison. In this query, we formulate a set of
rules that must be strictly satisfied, which refer to the chronological sequence that certain steps were
implemented. More specifically, this rule intends to detect the occurrence of any divergence from the
protocol that instructs participants to firstly open the food cabinet, then the cooker and lastly the fridge
door. Therefore, this query retrieves all activities that consist of these steps and then checks their time
sequences by assigning to them a "correct” or "wrong" status. Finally, it filters out all activities having
only correct sequences of these three steps and returns the activities that had at least one divergence
from the protocol.

SPAROQL rule for ‘DivergenceFromProtocol” problem

CONSTRUCT{

?problem a :DivergenceFromProtocol
:isProblemOf ?patient;
:problem_date ?start;
:problematicActivity ?activity.

WHERE({

?activity :consistsOf ?eventl;
ractivity_start ?start;
ractivity_name "Hot Meal Preparation";
:refersToUser ?patient.

?eventl :observation_start_time ?timel;
:refersToDevice ?devicel.

?devicel :device_name "Cabinet (Food)".

?activity :consistsOf ?event2.

?event2 :observation_start_time ?time2;
:refersToDevice ?device2.

?device2 :device_name "Cooker".

?activity :consistsOf ?event3.

?event3 :observation_start_time ?time3;
:refersToDevice ?device3.

?device3 :device_name "Fridge Doorl".

BIND(IF (?timel <?time2 && ?time2<?time3,
"Correct", "Wrong") AS ?status)
FILTER EXISTS{FILTER(? status!="Correct")}
JGROUP BY ?activity
HAVING (COUNT(?eventl) >= 1 && COUNI(?event2) >= 1 && COUNI(?event3) >=1)

4. Evaluation

The Smart Home Study lasted for a few weeks, so each participant could take part in our study
only once. Therefore, we could not monitor participants’” ADLs performance for a long term, in order
to have enough results to compare them individually. However, for the evaluation of the proposed
Semantic Framework we consider the following case scenario, in which we examine the procedure of
monitoring ADLs, analyzing the data and detecting problems for two different participants.

The first participant, who was diagnosed with MCI, stayed at the Smart Home on the 1st December
of 2021, while the second one, who was categorized in HC group, stayed on the 11th February of 2022.
Both participants followed the same ADLs protocol and were monitored during its execution. After
the collection and the analysis of the data, we compared the duration results for the execution of the
"Hot meal preparation” and "Hot beverage preparation” activities, as they are shown in Table 3. In both
activities, a significant longer duration in completion time for Participant 1 was observed, compared to
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Participant 2. Based on the protocol, the maximum normal duration for the first and second activity
was set to 2100 seconds (35 min) and 240 seconds (4 min), respectively. As a result from the activity
duration rule (Rule 1), the Framework automatically generates an "Activity takes too long" problem
for both activities for Participant 1, while the same rule did not detect any problem for Participant 2.

Table 3. Activities duration comparison for Participant 1 and Participant 2.

Participant1 Participant 2

Hot Meal Preparation 3083 1432
Hot Beverage Preparation 263 174

Another aspect that we measured and evaluated for this case, were the total number of events
that each participants needed to complete the "Hot meal preparation” activity. Their performance
is presented in Figure 7a and Figure 7b. In these Figures we depict two similar graph instances
having a central red node, representing the activity, which is linked with the multiple blue nodes,
representing the events occurred during this activity. It is evident from the depicted graphs that
Participant 1 took considerably more steps than Participant 2. Based on the protocol, the maximum
normal count of events for this activity was set to 20. As a result from the count of events rule (Rule 3),
the Framework automatically generates a "Took extra steps” problem for Participant 1, while the same
rule did not detect any problem for Participant 2. In both aspects that were examined in this example,
our Framework confirmed the initial claim for the participant’s health groups by detecting specific
problematic cases only for the MCI participant.
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Figure 7. Count of events for "Hot meal preparation” activity.

The above analysis can be scaled to all participants who took part in our study. Table 4 shows
the percentage of participants from the three groups (HC, SCD, MCI) for whom our framework
detected problems regarding the activity "Hot Meal Preparation”. A significant difference in "Too Long
Duration" problem is observed among the three groups. The activity duration rule (Rule 1) generated a
problem for the 18.18% of the HC participants, while almost half of the SCD participants (45.45%) and
62.5% of the MCI were detected with the same problem. The results related to protocol divergences are
particularly interesting, given that 81% of both HC and SCD participants exhibited deviations, and all
MCI participants did as well. These especially high percentages reveal that despite the specific protocol
instructions, most participants executed the activity in a more intuitive and subjectively natural way,
due to its simplicity and flexibility. Regarding the count of events rule (Rule 3), the framework detected
the "Extra Steps" problem in 12.5% of participants from both the HC and SCD groups, with an increase
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to 37.5% in the MCI group. It is worth noting that the framework did not detect any "Missing Steps"
problems in any of the participants from the three groups. This result may indicate that none of the
participants quit the activity without successful completion.

Table 4. Problems detected for the activity "Hot Meal Preparation”.

Too Long Duration (%) Divergence (%) Extra Steps (%)

HC 18.18 81 12.50
SCD 45.45 81 12.50
MCI 62.50 100 37.50

This case scenario shows the ability of our Framework to handle and process data from Smart
Home sensors, translate them into meaningful representations of events and ADLs and finally detect
problems in the execution of these ADLs. In this way, our Framework can be used as a helpful tool, for
monitoring the deterioration of ADLs performance for an individual by collecting more long-term
observations for each participant of the study. These results can be used as an alert mechanism warning
the clinician, when there is a deterioration of the participant in the performance of executing ADLs.

5. Conclusions - Future Work

In this paper we present our semantic approach to detect problems in ADLs execution, that are
monitored through Smart Home sensors. The proposed Framework combines different Semantic Web
technologies (i.e. ontology, triplestore, SPARQL) to handle and transform Smart Home sensor data
into meaningful representations forming a Knowledge Graph. The main purpose of our Framework
is to detect problematic conditions in ADLs execution by applying predefined rules to the generated
Knowledge Graph. The main architecture of this framework and its components was analytically
presented. In order to validate our system, we have also provided a proof-of-concept case scenario
that utilizes real life data from participants who took part in the Smart Home study:.

It is of high importance that our Framework offers an easy to comprehend way for clinicians to
describe the problematic cases that are observed in a patient. Instead of observing a generic functional
and cognitive decline, it can specify the actual problems relying on patients” data. In addition, it
is a modular framework that can easily scale-up with more features, activities and problems while
preserving the integrity of its core logic.

As a future work, we plan to enrich the problematic situations that this Framework can detect,
by defining more rules evaluating different and more complicated aspects in ADLs performance.
Moreover, we aim to adjust it to support input data from other similar IoT sensors that are available in
the market. Our intention is for our framework to be adopted by clinicians as an objective measure for
detecting the progression of cognitive decline, in an unobtrusive and natural way:.
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Abbreviations
The following abbreviations are used in this manuscript:
ADLs  Activities of Daily Living

BADLs Basic Activities of Daily Living
IADLs  Instrumental Activities of Daily Living

RDF Resource Description Framework
OWL Web Ontology Language

IoT Internet of Things

HC Healthy Controls

SCD Subjective Cognitive Decline

MCI Mild Cognitive Impairment

SSN Semantic Sensor Network

SOSA Sensor, Observation, Sample, and Actuator
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