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Abstract

Background: Lifestyle diseases, because of adverse health behavior, are the foremost cause of death worldwide. An eCoach
system may encourage individuals to lead a healthy lifestyle with early health risk prediction, personalized recommendation
generation, and goal evaluation. Such an eCoach system needs to collect and transform distributed heterogenous health and
wellness datainto meaningful information totrain an artificially intelligent health risk prediction model. However, it may produce
a data compatibility dilemma. Our proposed eHealth ontology can increase interoperability between different heterogeneous
networks, provide situation awareness, help in data integration, and discover inferred knowledge. This “ proof-of-concept” study
will help sensor, questionnaire, and interview datato be more organized for health risk prediction and personalized recommendation
generation targeting obesity as a study case.

Objective: The aim of this study is to develop an OWL-based ontology (UiA eHealth Ontology/UiAeHo) model to annotate
personal, physiological, behavioral, and contextual data from heterogeneous sources (sensor, questionnaire, and interview),
followed by structuring and standardizing of diverse descriptions to generate meaningful, practical, personalized, and contextual
lifestyle recommendations based on the defined rules.

Methods: We have developed a simulator to collect dummy personal, physiological, behavioral, and contextual datarelated to
artificial participants involved in health monitoring. We have integrated the concepts of “ Semantic Sensor Network Ontology”
and “ Systematized Nomenclature of Medicine—Clinical Terms’ to develop our proposed eHealth ontology. The ontology has
been created using Protégé (version 5.x). We have used the Java-based “ Jena Framework” (version 3.16) for building a semantic
web application that includes resource description framework (RDF) application programming interface (API), OWL API, native
tuple store (tuple database), and the SPARQL (Simple Protocol and RDF Query Language) query engine. Thelogical and structural
consistency of the proposed ontology has been evaluated with the “Hermi T 1.4.3.x” ontology reasoner available in Protégé 5.x.

Results:  The proposed ontology has been implemented for the study case “obesity.” However, it can be extended further to
other lifestyle diseases. “UiA eHealth Ontology” has been constructed using logical axioms, declaration axioms, classes, object
properties, and data properties. The ontology can be visualized with “Owl Viz,” and the formal representation has been used to
infer a participant’s health status using the “Hermi T” reasoner. We have a so developed a module for ontology verification that
behaves like a rule-based decision support system to predict the probability for health risk, based on the evaluation of the results
obtained from SPARQL queries. Furthermore, we discussed the potentia lifestyle recommendation generation plan against
adverse behavioral risks.

Conclusions. This study has led to the creation of a meaningful, context-specific ontology to model massive, unintuitive, raw,
unstructured observationsfor health and wellness data (eg, sensors, interviews, questionnaires) and to annotate them with semantic
metadata to create a compact, intelligible abstraction for health risk predictions for individualized recommendation generation.
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Introduction

Overview

Lifestyle diseases are an economic burden to an individual,
household, employer, and government, and lead to financial
and productivity risks for poor and rich countries aike [1-3].
The key risk factors behind lifestyle diseases are the excessive
use of alcohol, inappropriate food plan, physical inactivity,
excessive salt intake, saturated fat consumption, and tobacco
use [1-3]. These result in excess weight gain, elevated blood
glucose, high blood pressure (BP), elevated total cholesterol in
the blood, and social isolation. Obesity is one of the foremost
lifestyle diseases that lead to other noncommunicable diseases
such as cardiovascular diseases, chronic obstructive pulmonary
disease, cancer, diabetes type |1, hypertension, and depression
[1-3]. eHealth monitoring has become increasingly popular,
providing information and communications technology
(ICT)—based remote, timely care support to patients and health
care providers [1-3]. An eHedth virtua coaching
recommendation system can guide people and convey the
appropriate recommendations in context with enough time to
prevent and improve living with lifestyle diseases. It requires
capturing physiological (vital signs such as BP, pulse, lipid
profile, glycemic response, BMI), behavioral (sleep, diet,
exercise), and contextual data (position, and weather) from
secure wearable sensors, manua interactions, feedback, and
customized questionnaires over time, to train an artificial
intelligence (Al) model for behavior analysis and early
prediction of wellness trends and risks [4-6]. However, data
collection from heterogenous sources may lead to data
interoperability, annotation, and semantization problem.

Background and Problem Description

Health and wellness data collected from heterogeneous sources
(eg, multimodal sensors, interviews, questionnaires) are of
different format and lead to well-known problems in health
informatics, which are related to logical data representation,
aggregation, data analysis, data standardization, and data
interoperability [7,8]. Targeted personal, habitual, physiological,
activity, and nutrition data are generally collected via secure
wearable sensors, manual interactions, interviews, web-based
interactions, smartphone apps, customized questionnaires, and
feedback forms over time. Weather application programming
interfaces (APIs) and external weather sensors are useful for
the collection of contextual weather data over time. The
wearable activity monitors need to connect to a persona
smartphone via Bluetooth nearfield communication technol ogy
(Bluetooth low energy [BLE]) [9,10]. The device can seamlessly
measure and transfer high-resolution raw acceleration data and
multiple activity parameters to a secure storage to process the
datafurther with amachineintelligence module[11]. High-end,
time-dependent activity data collection with wearable BLE
devices has become accessible and feasible for ubiquitous

https://www.jmir.org/2021/4/e24656

monitoring. Some of the activity data, such as nonwear time or
intensive activity details, are questionnaire dependent.

Physiological dataare collected either invasively (eg, glycemic
response, cholesterol level) or noninvasively (eg, weight, BP,
heart rate, body assessment data). The questionnaire-dependent
nutrition data are collected either daily or on an aternate day
or on aweekly basis. The assessment of nutrition data helpsto
determine the type of food, amount of food, conceptual
information (temporal/spatial), dietary pattern, and intake of
alcohol or energy drinks. Some baseline data (medical history,
habit, preference, personal details, initial weight and height,
initial BP, and initial body assessment data) are collected during
the initial recruitment of the participant or every month for
either demographic statistics or population clustering or
individual goal assessment. Each data have their unit and range
following a standard guideline based on the context and domain
(eg, data on temperature are applicable for both health and
environment domain with a different range, meaning, and
context). Therefore, each measurement process owns separate
challenges related to logical or semantic data representation,
proper usage of data, and improving data reusability. The data
usability involves the transformation of data into an
understandable computer format. It creates a challenge to
systematically and syntacticaly analyze health and wellness
data in aggregation with other clinical data. Incorporation of
physical activity, diet as a care procedure, or investigating how
it afflicts healthy outcomesinvolves amore detailed and diverse
representation of participant’sbehaviora level and physiological
condition [7,8,12,13].

Furthermore, the challenges of reusing the existing physiological
and behavioral data of a participant within the el ectronic health
record remain and include concerns related to opacity and
semantic inconsistency [7,8]. Besides, these health and wellness
data are still mostly hidden in clinical narratives with highly
variable forms of expression. In this regard, ontology can
provide a framework to alow the mentioned heterogeneous
health and wellness data to be organized, compact, structured,
consistent, machine understandable, and queried through
high-level specifications. Ontology helps to annotate diverse
health and wellness data with semantic metadata to increase
interoperability among heterogeneous networks, dataintegration,
discovery, and situation awareness. An eHealth ontology can
reuse the concept of existing, proven, well-accepted ontologies
(eg, semantic sensor network [ SSN] ontology [14], Systematized
Nomenclature of Medicine—Clinical Terms [SNOMED CT]
ontology [15]) to enhance its vocabularies and better semantic
representation.

A rule-based decision support system (DSS) can use such an
eHealth ontology model to measure and predict health risks,
and to generate useful personalized recommendationsfollowing
proven clinical rules. If the collected health and wellness data
are not annotated accurately with semantic metadata in the
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medical domain, then the DSS may fail to deliver accurate
decisions to both physicians and patients or participants in the
form of incorrect recommendation plan, goal setting, and goal
evaluation. DSS decision inaccuracy may appear primarily due
to the following effects—improper design of knowledge base
(KB), the inadequacy of tools or technologies applied in the
execution of DSS, problems related to the ontology reasoning
engine, and issues associated with inferring new knowledge.

Aim of the Study

After studying existing ontology models, we found that many
ontologies and regul ated terminol ogies cover aspects of obesity
and related chronic illness domains, but concept analysisremains
incomplete. After reviewing relevant ontologies, we proposed
a freshly created OWL-based ontology to deal with different
data inputs (internet of things [loT] sensors, interviews, and
guestionnaires) and annotate them with semantic data. The
proposed ontology will support data interoperability, logical
representation of collected health and wellness data in context,
and to build arule-based DSS for health risk prediction related
to obesity and afterward generation of lifestyle recommendations
for a hedlthy lifestyle.

We have not evaluated the impact of the suggested
recommendations on participants as we executed the compl ete
scenario under asimulated environment. Still, we evaluated the
performance of the proposed ontology model. In the proposed
ontology, we annotated every participant’s data with semantic
web language rules and stored the generated OWL file in a
triple-storeformat for better readability (M ultimedia A ppendix
1). The proposed ontology model allows automatic inferencing,
efficient knowledge representation, balancing a trade-off
between compl exity and el oquence, and reasoning about formal
knowledge. The entire study is divided into the following 2
segments. (1) ontology design and development and (2) its
verification. This study addresses the following identified
research questions:

(RQ-1) How to annotate distributed, heterogenous health and
wellness data received from sensors, questionnaires, and
interviewsinto meaningful information to build a future machine
learning model for health risk prediction for obesity?

(RQ-2) How to integrate existing 10T and medical ontologies
to design and develop proposed eHealth ontology for obesity
study case?

(RQ-3) How to verify the proposed ontology with rule-based
behavioral recommendation generation?

For this set of semantic data, which will be considered as
asserted true facts, the primary goal of the paper is to trigger
logical rules of the shape (A IMPLIES B) or trigger rulesin a
logically equivalent way, that is, (NOT(A) OR B). If some
specific variables are inferred to be true, then some
recommendations shall be provided to the user from whom the
semantic data are originating.

Related Work

This section offers existing background knowledge applicable
for thisresearch. It includes (1) adiscussion of existing, relevant
eHealth ontology modelsfor chronicillness, health monitoring,
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and ontology-based DSS, (2) ontologiesin the loT domain for
modeling sensor data, and (3) ontologiesin the medical domain.

Existing eHealth Ontology Models

Different research groups have conducted different studies on
eHealth ontology modeling for chronic illness, health
monitoring, and ontol ogy-based clinical decision support system
(CDSS). For example, Kim et al [16] developed an ontology
model for obesity management with the nursing processin the
mobile device domain for spontaneous participant engagement
and continuous weight monitoring. The scope of the obesity
management included behavioral interventions, dietary
recommendations, and physical activity, and for this purpose,
the study included assessment data (BMI, sex, and hip-to-waist
circumference), inferred datafor representing diagnosisresuilts,
evaluations (cause of obesity, success, or failure of behavioral
modifications), and implementation (education, suggestion,
intervention). Sojic et a [17] modeled an obesity
domain—specific ontology with OWL to design inference
patternsto individualize health condition assessment as age and
gender specific. The ontology helped classify personal profiles
based on the changes of personal behavior or feature over time
and infer persona hedth status automatically, which are
important for obesity evaluation and prevention. The ontology
ruleswerewritten in semantic web rulelanguage (SWRL). Kim
et al [18] proposed an ontology model for physical activity
(PACO) to support physical activity data interoperability. The
ontology was developed in Protégé (version 4.x), and the
FaCT++ reasoner verified its structural consistency. Lasierra
et al [19] developed an automatic ontology—based approach to
manage information in home-based scenariosfor telemonitoring
services based on the automatic computing paradigm, namely,
MAPE (monitor, analyze, plan, and execute). They proposed
another 3-stage ontol ogy-driven solution [20] (stage 1: ontology
design and implementation; stage 2: ontology application to
study personalization issues; and stage 3: software prototype
implementation) for giving personalized care to chronic patients
at home. The proposed ontology was designed in OWL DL
language in Protégé-OWL version 4.0.2 ontology editor and
was verified using FACT++ reasoner. The ontology
development involved data from heterogeneous sources, such
asclinical knowledge, datafrom medical devices, and patient’s
contextual data. Yao and Kumar [21] proposed a novel
CONFlexFlow (Clinical cONtext based Flexible workFlow)
approach using ontology modeling for incorporating flexible
and adaptive clinical pathwaysinto CDSS. They developed 18
SWRL rulesfor practical explanation of heart failure. The model
was verified with the Pellet Reasoner Plug-in for Protégé version
3.4. Additionally, they devel oped a* proof-of-concept” prototype
of the proposed approach using the Drools framework. Chi et
al [22] constructed achronic disease dietary consultation system
using web ontology language (OWL) and SWRL. The KB
involved heterogeneous sources of data and interaction of
factors, such as the illness stage, the physical condition of the
patient, the activity level, the quantity of food intake, and the
critical nutrient constraints. Rhayem et a [23] proposed an
ontology-based system (Healthl oT) for patient monitoring with
sensors, radiofrequency identification devices, and actuators.
They claimed that data obtained from medically connected
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devices are enormous, and thereby lack repressibility and
understandability, and are manipulated by other systems and
devices. Therefore, they proposed an ontology model to
represent both the connected medical devices and their data
based on a semantic rule, followed by model evaluation with
theproposed 10T Medicare system that supports decision making
after analyzing the vital signs of the patients. Galopin et al [24]
proposed an ontol ogy-based prototype CDSS to manage patients
with multiple chronic disorders following clinical practice
guidelines. The KB decision rules were based on the “if-then”
rules following clinical practice guidelines and patient
observation data. Sherimon et al [25] proposed an ontology
system (OntoDiabetic) using OWL 2 languageto support aCDSS
for patients with cardiovascular disease, diabetic nephropathy,
and hypertension following clinical guidelines and “if-then”
decision rules. Hristoskova et a [26] proposed another
ontology-driven ambient intelligence framework to support
personalized medical detection and aert generation based on
the analysis of vital signs collected from the patients diagnosed
with congestive heart failure. The DSS system can classify
personalized congestive heart failure risk stages, and thereby,
notify patientsthrough ambient intelligence'sinference engine.
Riafio et al [27] proposed an ontology-based CDSS for
monitoring and intervening chronically ill patients to prevent
critical conditions, such as incorrect diagnoses, undetected
comorbidities, missing information, and unobserved related
diseases. Jin and Kim [7] designed and implemented an eHealth
system using the IETF YANG ontology based on the SSN
concept. The approach assisted in the autoconfiguration of
eHealth sensors (responsible for collecting body temperature,
BP, electromyography, and galvanic skin response) with the
help of internet and communication technologies and querying
the sensor network with semantic interoperability support for
the proposed eHealth system. The proposed eHealth system
consisted of 3 main components: SSN (eHealth sensors, patient,
unified resourceidentifier [URI]), internet (eHealth server, KB),
and eHealth clients (patient, and professionals). The proposed
semantic model used a“ YANG to JSON trandlator” to convert
YANG semantic model data to JSON semantic model data for
semantic interoperability before storing them in the database
(KB). Ganguly et a [28] proposed an ontology-based model to
manage semantic interoperability problems in eHealth in the
context of diet management for diabetes. The development of
the framework included rules of dialogue games, DSSwith KB
(rule base and database), a dialogue model based on decision
mechanism, the syntax of dialogue game, decision mechanism,
and trangdlational rules.

Ontologiesin the Internet of Things Domain

Ontology [29] provides a framework for describing sensors.
SSN-XG (W3C Semantic Sensor Network Incubator Group)
developed the SSN ontology to model sensor devices, systems,
processes, and observations. SSN annotates sensor data with
semantic metadata (semantic sensor web) to increase
interoperability among diverse networks, data integration,
discovery, and situation awareness. The Sensor Model Language
(SensorML) was devel oped by the Open Geospatial Consortium
(OGC), which provides syntactic descriptions using XML to
describe sensors, observations, and measurements. While
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SensorML provides an XML schema for defining sensors, it
lacksthe repressibility provided by ontology languages such as
OWL [30-32]. Semantic sensor web, a combination of sensor
and semantic web technologies, helps to annotate spatial,
temporal, and thematic semantic metadata for the more artistic
representation of sensor data, advanced access, formal analysis
of sensor resources, and data standardization. SSN ontology is
used to describe sensor devices,; sensing; sensor measurement
capabilities;, and sensor observations, process, and systems
[30-32]. SSN allowsits network, sensor devices, and datato be
installed, structured, managed, queried, and controlled through
high-level specifications. Sensors Annotation and Semantic
Mapping Language offers XML schemato transfer sensor data
and sources into the instances of SSN ontology based on a
predefined XML-based document (resource description
framework [RDF]), which is achieved automatically with sensor
data to RDF mapping algorithm [33]. “M3 Ontology”
(machine-to-machine) was developed based on the “SenML”
protocol (designed for simple sensor measurement), which is
an extension of SSN, to enable the interoperable design of
domain-specific or cross-domain-specific applications which
aretermed as Semantic Web of Things[13]. AeroDAML, KIM,
M3 Semantic Annotator, MnM, and SemTag are different
available semantic annotators for sensor observations for their
corresponding semantic models (DAML, KIMO, M3, Kmi, and
TAP) [34]. Like SSN, there are other loT-based contextual
ontologies, such as l0T-Ontology, loT-Lite, and 10T-O [35].
SCUPA, CoBrA-Ont, CoDAMoS, PaSPOT, the delivery
context ontology, and Fuzzy-Onto are different loT-based
ontologies for activity recognition [34]. URI, HTTP, HTMLS5,
REST, SOAP, Web Socket, Web feed, MQTT, CoAP, and
AMQP are some standard 10T protocols applicable to Web of
Things [14,34,36,37]. In this study, we integrated the concept
of SSN ontology to model sensor observations.

Ontologiesin Medical Domain

SNOMED CT, 11th edition of the International Classification
of Diseases (ICD-11), Unified Medical Lexicon System (UMLS
semantic network), Foundational Model of Anatomy, OpenEHR,
Gene Ontology, DOL CE, Basic Formal Ontology, Cyc's upper
ontology, Sowa's top-level ontology, the top level of GALEN,
and Logical Observation Identifiers Names and Codes (LOINC)
are biomedical ontologies introduced to deliver semantic
interoperability and complete knowledge rel ated to the specific
biological and medical domains [38]. Most laboratory and
clinical systemssend out datausing the HL 7 (version 2) protocol
and in an HL7 message, the LOINC codes represent the
“question” for alaboratory test or experiment and the SNOMED
CT code represents the “answer.” In this study, we have reused
the SNOMED CT ontology for modeling the health condition
based on health and wellness data, and recommendation
generation [8]. SNOMED CT was designed in 1965 as a
controlled medical vocabulary licensed and supported by the
International Health Terminology SDO. It is an organized list
of awide variety of clinical terminology defined with unique
codes (ICD). It covers a wide range of medical terminologies
for disorders and findings (what were observed!), procedures
(what was donel), events (what happened!),
substance/medication (what was consumed or administered!),
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and anything related to medical data. It offersa shared language
that enables areliable way of indexing, storing, reclaiming, and
accumulating clinical data across fields and care sites. It is a
complete, multilingual clinical terminology that gives clinical
content and clarity for clinical documentation and reporting
[8,38,39].

As described above, most studies have developed ontologies
using OWL to solve the data interoperability problem. Still,
integration among the electronic health data, semantic rules,
semantic annotation, clinical guidelines, health risk prediction,
and personalized recommendation generation remains an issue
in eHealth. This study addresses it and proposes a prototype
ontology model for obesity as a case study, to integrate data
from heterogeneous sources (eg, sensor, questionnaire, and
interview) in order to enable data interoperability, information
search and recovery, and automatic interference. We integrated
SSN and SNOMED CT ontologies into our proposed eHealth
ontology because of their vast vocabularies, appropriateness,
and semantic capabilities as discussed above [40-43].

Methods

Basics of Ontology

Ontology commenced as a philosophical discipline studying
the existence and being and expanded into information
technologies. Ontology is a formalized model for specific
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domains with the following essential elements:
individuals/objects, classes, attributes, relations, and axioms.
A class diagram of a program written in object-oriented
programming [44] is a visua representation of an ontology.
Ontology is a philosophy that has been around for thousands
of years, and it allowsfor design flexibility by reusing existing
ontologies[45]. It followsthe open world assumption knowledge
representation style using OWL, RDF, and RDF schema (RDFS)
syntaxes. It can be optimized with ontology patterns, and its
logical and structural consistency is verified with ontology
reasoners.

Overview

The proposed eHealth ontology encompasses the following
steps: (1) ontology design approaches and used vocabularies;
(2) ontology modeling in Protégé; (3) defining the scope; (4)
integrating existing |oT and medical ontologiesin the proposed
ontology to annotate sensor and clinical observations; (5)
ontology implementation (mapping the conceptsto the proposed
ontology classes and their properties in Protégé); and (6) rule
expression (rule base) and basic SPARQL queries as a part of
ontology verification. We further discuss how rule-based
lifestyle recommendation messages (regarding activity and
nutrition) could be delivered to the participants following an
asserted hierarchy in the proposed eHealth ontology model, as
depicted in Figure 1.

Figure 1. Asserted hierarchy for lifestyle recommendation for obesity management.

owl:Thing Pe=s=S—~" Recommendation

Ontology Design Approachesand Used Ter minologies

Ontology design approaches can be classified into the following
5 categories: inspirational, inductive, deductive, synthetic, and
collaborative [46]. We adopted a combination of inspirational
and deductive approaches in our ontology design and
development. Theinspirational approach helped usidentify the
need for the ontology (what to design?) and obtain expert views
to create the ontology (how to design?). The deductive approach
helped us to adopt and adapt general principles to create the
intended ontology tailored toward obesity as a study case. It
includes the general notions being filtered and refined to be
personalized to a specific domain subset (obesity). The overall
approaches are divided into 5 phases asfollows: in phase 1, we
performed a systematic literature review to understand the need
for an ontology to support the logical representation of
observable and measurable data for hedthy lifestyle
management targeting obesity as a case study. In phase 2, we
consulted experts with aresearch background in ICT, eHealth,
nursing, and nutrition for designing the ontology. In phase 3,
we developed the ontology to model and annotate health and
wellness data observations with semantic metadata to create a
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lightweight, intelligible abstraction for health risk predictions
for the personalized generation of recommendations based on
rule-based decision making. In phase 4, we created rules for
SPARQL queriesand personalized recommendation generation
(rule-based deduction). In phase 5, we verified the ontology
with simulated data based on rule-based decision support.

The semantic web is W3C recommended, and it allows the
specification of metadata that permit automatic reasoning
[47,48]. The W3C-maintai ned specificationsrelated to this study
are XML, URI, RDF, turtle, RDFS, ontology web language
(OWL), SPARQL Protocol and RDF Query Language
(SPARQL), and SWRL. The following terminologies are
relevant for our eHealth ontology representation and processing:
propositiona variable (an atomic name of atruth value that may
change from one model to another), constant (the unique
propositional variables TRUE and FAL SE such that their truth
value cannot be changed), and operators (the set of logical
connectors in each logic). Besides, in this case, we use the
operators (NOT, AND, OR, IMPLIES, and EQUIV); quantifiers
(the set of logical quantifiersin agiven logic; FORALL for the
universal quantifier and EXISTS for the existential quantifier);
quantified clause (aset of propositional variableslinked together
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by operators and quantifiers); clause (aquantified clause without
any quantifiers); formula(acollection of clausesand quantified
clauses related together by logical operators); and model of the
procedure (a group of assignments for each propositional
variable, such that when simplified, it leads the procedure to
the constant TRUE).

Protégé, TopBraid Composer ($), NeOn Toolkit, FOAF editor,
WebOnto, OntoEdit, Ontolingua Server, Ontosaurus, and
WebODE are some popular ontology editors [49]. These
ontology editors are open-source ontology development tools
with OWL support. A reasoner is a crucial component for
working with OWL ontologies. It derives new truths about the
conceptsthat are being modeled with OWL ontology. Practically
all querying of an OWL ontology (and its import closure) can
be done using areasoner [50,51]. That iswhy knowledgein an
ontology might not be explicit, and a reasoner is required to
deduce implicit knowledge so that the correct query results are
obtained. The OWL APl includes various interfaces for
accessing OWL reasoners. For accessing reasoner viathe API,
a reasoner implementation is necessary. Reasoners can be
classified into the following groups: OWL DL (Pellet 2.0*,
HermiT, FaCT++, RacerPro), OWL EL [CEL, SHER, snorocket
(%), ELLY], OWL RL [OWLIM, Jena, Oracle OWL Reasoner
(%)], and OWL QL (Owlgres, QuOnto, Quill) [50-57]. In this
study, we utilized Protégé ontology editor and HermiT reasoner
to create and validate the structure of the ontology.

Apache Jena is a Java-based framework used for building
semantic web applications. It provides an API to extract data
from and write to RDF graphs. A Jena framework includes the
following: (1) RDF API to parse, create, and search RDF models
in XML, N-triple, N3, and Turtle formats. Triples can be stored
in memory or database; (2) ARQ Engine/SPARQL API, which
isaquery enginefor querying and updating RDF models using
the SPARQL standards; (3) tuple database engine as a
high-performance RDF store on asingle machine; (4) ontology
API for handling OWL and RDFS ontologies; and (5) Apache
Jena Fuseki, which isthe SPARQL server for supporting query
and update. It istightly integrated with tuple databaseto deliver
arobust, transactional persistent storage layer. The framework
has internal reasoners and an OWL API [58,59]. In this study,
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we used Apache Jena Fuseki for SPARQL processing withtriple
database.

Knowledge representation in computer-understandable formis
well accepted among Al communities. Knowledge
representation with symbols facilitates inferencing and the
creation of new elements of knowledge. By contrast, the KB is
adatabase for knowledge management. It provides ameansfor
information to be collected, organized, shared, queried, and
utilized for inferring new information. Knowledge engineering
helps to obtain specific knowledge about some subject and
representsit in aquantifiable form. KB consists of terminology
models or TBox (atomic and complex) and assertions model
instance or ABox (asserted and inferred). Inferred statements
comeasalogical outcome of the asserted statements and logical
rules[35,60,61]. A KB isapair (T, A) where T isa TBox and
A is an ABox. The idea behind this paper is that the TBox
concepts and relations are coming from the freshly created
ontology and the ABox isalist of clausesassigning truth values
to some variables. The TBox is coming from integration with
the SSN Ontology and the SNOMED CT ontology plus
additional concepts specific to the recommendation test case
considered. The ABox is the semantic data, coming from the
different data inputs (loT sensors, interviews, and
guestionnaires). The satisfiability of the KB, and thusthe model
output, is obtained by using the hyper-tableau-based [62]
reasoning solver Hermi T [55]. The whole approach has been
tested with 4 generated test cases to ensure that the whole
mechanism can indeed set the propositional variables to true
and thus send the corresponding recommendation messagewhen
needed.

Ontology Modeling

An ontology can be modeled with the following 2 ways in
Protégé: frame based and OWL based. The Protégé frame editor
ensures ontol ogy devel opment following the Open Knowledge
Base Connectivity Protocol with the help of classes, properties,
relationships, and instances of classes (objects). By contrast,
the Protégé OWL editor (applied in this study) enablesontology
development for the Semantic Web with the help of classes,
properties, instances, and reasoning. We have used the steps
detailed in Textbox 1 to model our proposed OWL-based
eHealth ontology using the Protégé OWL editor.
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Textbox 1. Stepsto model the proposed OWL -based eHealth ontology.

Step 1

Create a new empty OWL project in Protégé and save it as alocal file with “owl” or “ttl” extension (“ttl” signifies the turtle resource description
framework [RDF] format).

Step 2

Create named classes under the “owl:Thing” super class following consistency
«  Create agroup of meaningful and required classes

o Definedigoint classes

«  Define subclasses and disjoint subclasses

Step 3
Create OWL properties

«  Object properties (associates object to object)

.  Dataproperties (relates object to XML schema datatype or rdf:literal)

«  Annotation properties (to add annotation information to classes, individuals, and properties)

Step 4

Define object propertiesif they are subproperties, inverse properties, functional properties, inverse functional properties, transitive properties, symmetric
properties, and reflexive properties.

Step 5
Define property domain and ranges for both object and data properties (it is used as axioms in reasoning).
Step 6

Define property restrictions as follows:

o Quantifier restrictions (existential and universal)

«  Cardindlity restrictions (one or many)

« hasValue restrictions (eg,, string/integer/double)

Step 7
Ontology processing with areasoner to check consistency in OWL DL, and to compute the inferred ontology class hierarchy.
. Bluecolor classintheinferred hierarchy signifies that the class has been reclassified.

« Redcolor classin theinferred hierarchy signifies an inconsistent class.

Step 8

Remove inconsistencies beforeimporting the ontology filein Apache Jenafor further processing, querying (Simple Protocol and RDF Query Language
[SPARQL]), and storing it into tuple database for persistence. Tuple database supports the full range of Jena application programming interfaces. It
can be used as a high-performance RDF store on a single machine.

system will have 2 main modules, as depicted in Figure 2: a

Scope of the Proposed Ontology data collection module and a data annotation module. The data

We have planned to integrate the proposed eHealth ontology
into a simulated eCoach system used for automatic rule-based
recommendation generation to inspire individuals to manage
healthy lifestyleswith early health risk predictions. The planned

https://www.jmir.org/2021/4/e24656
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collection module will collect identified fabricated set of habit,
baseline, nutrition, personal, contextual, activity, and
physiological data over time via a simulator, as depicted in
Figure 3.
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Figure 2. Proposed eCoach system architecture for data semantization.
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Figure 3. Types of datato be collected from participants.
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The accumulated data were annotated with semantic metadata
(RDF triple store graph) and stored in tuple database in turtle
format. The DSS, rule base, SPARQL, risk prediction, and
recommendation generation modules are not the core, and they
are used for ontology verification as a test engine. The scopes
of DSS are as follows: (1) periodic querying of the ontology
with Jena framework using preset SPARQL queries [63-65] to
assess the health condition; and (2) mapping the query result to
preset clinical rules in “rule base” to generate lifestyle
recommendations. This study involves 4 different user types:
administrator, researcher, participants, and health professionals
(eg, nurses; Figure 4). The ontology is protected from personal
identity disclosure as no unique identifiers (eg, national
identifiers) of participants were collected and stored in the
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simulated environment in accordance with the Norwegian Centre
for Research Data guidelines [66]. Core eCoach and DSS
concepts, Al integration for health and wellness data (activity
and nutrition) analysis, real-world data collection from actual
participants through web applications/mobile apps, real-life
personalized recommendation generation, goal evaluation,
preghancy, genetics, child obesity, and obesity in older adults
are beyond the scope of this study. This study’s primary focus
is to design and develop an eHealth ontology for the obesity
case and to verify it with artificial data and behavioral
recommendation generation with a rule-based DSS. Defined
rules for test setup may vary with change in the context and is
not the key focus of this paper.
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Figure 4. Different types of usersinvolved in the eCoach System.
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We simulated habit, nutrition, contextual, activity, and
physiological datafor 4 dummy participants (2 healthy weight
[N] and 2 overweight [O] participants aged between 18 and 40)
for the very first day (day-n; n>0); see Multimedia Appendix
2. We assumed all the dummy participants are from the same
region, so the contextual information is the same. Rule-based
recommendations based on data analysis on “day-n" will be
carried out by targeted participants on “day-(n+1).”
Recommendations inform individual participants about their
daily activity (sedentary or not), dietary intake, and
activity/dietary plans. For dietary assessment, we have relied
on the daily self-reported questionnaire, rather than on direct
calorie calculation for basal metabolic rate. Baseline data help
to compare (at the end of each month until the process ends)
whether any improvement or deterioration occurred as aresult
of behavior change based on lifestyle recommendations. For
example, reduction in BMI and BP for a person who is
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obese/overweight, and maintaining safe BMI and BP for a
person with healthy weight upon following the behavioral
recommendations is agood indication of maintaining a healthy
lifestyle. We consulted with 5 experts with a research
background in ICT, eHealth, nursing, and nutrition for
simulating activity and nutrition data. Obesity-related
information and guidelineswere obtained from the World Health
Organization (WHO) [67], the National Institutefor Health and
Care Excellence (NICE) [68], and the Norwegian Dietary
Guidelines [69].

Integration With SSN Ontology and SNOMED CT

Weintegrated the SSN ontology [30,36,70-72] into our proposed
eHealth ontology to describe sensors (activity sensors and
external weather sensors), their observations, and methods
adopted for sensing individual activitiesand context (Figure 5).
Observation data related to activity and external weather are
annotated with SSN ontology concepts and object properties.
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Figure5. Asserted hierarchy for sensor-based data collection with OWLViz.
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process part,” “deployed on platform,” “deployed system,” “is
property of,” “feature of interest,” “observation result time,”
“observation sampling time,” “observed property,” “quality of
observation,” “sensing method used,” “includesEvent,” and
“observedBy.” The SSN ontology is constructed on the
foundation of a central ontology design pattern, so-called the
stimulus—sensor—observation pattern to describe relationships
between sensors, stimulus, and observations [30], and the same
concept isreused in our proposed eHealth ontology model. The
perspectives of SSN ontology can be classified asfollows[30]:
a sensor perspective, an observation perspective, a system
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perspective, and afeature and property perspective. Namespaces
for the SSN and DUL ontologies are reused in our ontology
prefixing concepts and properties as ssn: and dul:, respectively.
“PhysicalDeviceThing” (aclass), which behaves asasuperclass
of classesrelated to sensor-based observations, is a subclass of
“owl:Thing,” the universal ontology superclass.

We incorporated selected concepts from SNOMED CT [73]
into our proposed ontology model to define how information
about the participant’s state is to be structured and processed.
The SNOMED CT ontology combines hierarchical “is-a
relationships and other related relationships for vital signs,
process, body measurements, and observations to describe
clinical attributes as depicted in Figure 6. SNOMED CT
simplifies the search for respective diseases, process, function,
clinical state, measurements, and vital signs, and every concept
isidentified withan SCTID or SNOMED CT identifier with an
object property “hasSCTID” (eg, Obese finding hasSCTID
value “414915002" Mxsd:long) [74].
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Figure 6. Asserted hierarchy of SNOMED_CT concept with OWLViz.
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Figures 7-9 describe the class hierarchy to process participant’s
clinical information using the SNOMED CT hierarchy for the
vital signs (eg, BP, pulse) and body measurement (eg, obese or
overweight) based on the observable entities [ 75-79]. Observable
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entitiesand clinical findingsare linked with the objectProperty:
isFoundBy. The proposed ontology model can be extended for
additional clinical findings [73,74].
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Figure7. SNOMED CT class hierarchy based on selected concepts.
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Figure8. SNOMED CT ontology visualization with OntoGraf based on selected concepts.
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Figure 9. Selected concepts from SNOMED CT Ontology for vital signs, body measurement, and observations.
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Ontology | mplementation

In Figure 10 we describe how we implemented the proposed
eHealth ontology for our future eCoach system with required
classes, object properties, and data properties to annotate
collected data The administrator, health professionals,
researchers, and participants are subclasses of the “Human”
class. They have their designated role, password, and userld to
authorize themselvesin the system with the following associated
objectProperties: hasRole, hasPassword, and hasUserld,
respectively. Administrator, heglth professionals, and researchers
have their office address (hasOfficeAddress), and personal data
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(hasPersonal Data) to describe themselves. Their office address
consists of a phone number, a postcode, and a room number
with the following associated dataProperties. hasOfficePhone,
hasOfficePostCode, and hasRoomNo, respectively. Their
personal data include age, designation, email, first name, last
name, gender, and mobile number with the corresponding
dataProperties  hasAge, hasDesignation, hasEmail,
hasFirstName, hasLastName, hasGender, and hasMobile. The
“Participant” is an important class and participants are at the
core of the system. Participants havetheir health record, personal
data obtained through interview process by trained health
professiond s, status (active/inactive), and recommendation with
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the associated objectProperties hasHealthRecord,
hasl nterviewPersonal Data, hasStatus, and
hasReceivedRecommendation as depicted in Figure 11.
“ActivityData,” “BaselineData,” “HabitData,” “NutritionData,”
“PhysiologicalData” are subclasses of the
“ParticipantHealthRecord” class as depicted in Figure 11.
Activity data are an observable entity and are planned to be
collected via activity sensors (activity bouts, steps, sleep time,
activity duration, sedentary bouts, metabolic rate, nonwear time)
and questionnaire (duration of intensive activity and honwear
sensor time) daily. Intensive activities are running, weightlifting,
cycling, swimming, and skiing. Based on the activity type,
participants can be classified into the following 4 groups:
sedentary, light active, moderate active, and active. Baseline
data (blood glucose, waist-to-hip ratio, BP, lipid profile, height,
weight, BMI, and physical condition) are planned to be collected

Figure 10. Proposed eHealth Ontology implementation in Protégé 5.x.
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by trained health professionals at the time of recruitment of
participants and on a monthly basis following an interview
process. Habit data (smoking, snus, and alcohol consumption)
and nutrition data (types of foods and drinks with amount) are
planned to be collected daily with a pre-set questionnaire.
Physiological data (pulse, weight, and BMI) are planned to be
collected daily via activity sensors and pre-set questionnaire,
asdepicted in Figure 12. Personal data (age, gender, education,
mobile, email, income group, socia participation status, habit,
deep duration, and postcode) of healthy participants are planned
to be collected following an interview process by trained health
professionals during recruitment. Gender, education, income
range, and social participation are essential for demographic
classifications. The data propertiesrelated to data collection are
depicted in Figure 13.
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Flgure 11. Theclasshi erarchy of the proposed eHealth ontology and the description of participant class.
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Figure 12. The asserted class hierarchy of participant’s health record with OWLViz.
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The asserted class hierarchy of the methods used for
participant’s data collection is depicted in Figure 14. Each
method ensures a collection of simulated data sequences,
maintaining a timestamp as depicted in Figure 15. Contextual
dataare observable weather-rel ated data (weather status, current
temperature, rain forecast, snow forecast, storm forecast, sunny
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forecast, high and low temperature forecast, fog forecast), which
are planned to be collected daily via sensing devices. The
relationship between dataand data collection methods arelinked
with  the objectProperty: hasBeenCollectedBy  and
hasConductedBy (for interview).
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Figure 14. The asserted class hierarchy of participant’s data collection methods with OWLViz.
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Behaviora recommendations for a healthy lifestyle can be
classified in thefollowing 2 categories: activity (A) and dietary
(D). Each recommendation is personalized and contextual.
Therefore, the recommendation generation depends on
evaluating participants health status (health risk, vital signs,
body measurement data) and contextual information. Each
generated recommendation consists of a message and the
corresponding timestamp (Figure 16). A bad habit (H) has a
significant impact on healthy dietary practice. Activities are
related to the context (C). Contextual data help recommend
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participants to plan for indoor/outdoor activities based on the
following day’s external weather conditions. The data properties
of “RecommendationMessages’ for  activities are
“hasActivityMessages’ and “ hasContextual M essages,” whereas
those for the diet are *“hasDietaryMessages’ and
“hasHabitRelatedMessages.”  The  identified set  of
recommendation messages for test setup (ontology verification)
is presented in Multimedia Appendix 3, and is prepared based
on the positive psychology [ 79] and the persuasion [80] concept.
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Figure 16. Ontology for recommendation generation.
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Description logic [35,81] isaformal knowledge representation
of the ontology language that offers a good trade-off between
expressivity, complexity, and efficiency in knowledge
representation and reasoning about structured knowledge. To
ensure that the paper is perfectly understood, we have the
propositional variables with their linked recommendation
messages. Now, we need aset of clauses such that some models
will assign these variables to true and thus trigger the sending
of a recommendation. The description logic SROIQ [82,83],
which islogic providing aformal underpinning of OWL2, has
been used astheformal logic to reason in this paper (Multimedia
Appendix 4).

Rule Creation for Querying, Recommendation
Generation, and Ensuring Satisfiability

A rule consists of a premise (antecedent) and a conclusion
(premise). For every condition mentioned in Multimedia
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Appendix 3, DSS executes SPARQL queriesdaily to determine
what type of recommendation message is to be delivered to
each participant as depicted in the unified modeling language
sequence diagram (Figure 17). The execution of every
predefined semantic rule as specified in Multimedia Appendix
4 relies on the SPARQL query execution, and the rules are
created following clinical guidelines, as stated in Multimedia
Appendix 5 [62,84-92]. In this study, 20 semantic rules are
subdivided into activity-level classification (8), habit-related
classification (3), dietary classification (4), weather-level
classification (1), obesity-level classification (3), and
satisfiability (1) (please also see Multimedia Appendix 4).
Moreover, except for the aready-existing ontologies used, to
ensure some consistency regarding what a participant is, what
arethe participant health records, etc., the concepts and therules
added are relatively easy to follow, and therefore they will be
relatively easy to use.
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Figure 17. UML sequence diagram for recommendation generation and delivery.
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The observable and measurable parameters associated with
activities, habit, nutrition, and context (as described in
Multimedia Appendix 4) for individual participants on a
timestamp are obtained based on the execution of SPARQL
gueries by DSS on a daily scheduled interval as specified in
Multimedia Appendix 6. The rules 17-19 in Multimedia
Appendix 4 assign truth values to variables that ensure
consistency with concepts already existing in the SNOMED
CT ontology, where the body measurement is defined. We have
confirmed with HermiT that for 4 specific cases the correct
recommendation messages are triggered. However, one would
need to ensure that there is not a combination of variables such
that the wholeformulais unsatisfiable (ie, no model can satisfy
the procedure). One would also need to ensure that only 1
message can be triggered at a time. In this study, we have a
formal guarantee that 2 “once-a-day” messages can neither be
triggered simultaneously nor for every possible combination of
variables, there is, every time, a model output by HermiT. If
we put the different variables used in the first 19 rules
(Multimedia Appendix 4) into propositiona variables, wewould
have an exponential number of “possible participants” One
formal way to ensure a model’s existence is to negate all our
rules and ensure the same. Then, the formula is indeed
unsatisfiable. As 2 messages cannot be triggered at the same
time, and to satisfy the same, we added arule (rule 20) on the
variables used in the recommendations started “once-a-day.” If
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rule 20 isfalse, then the whole set of rules (considered asalarge
conjunction) will be set to false. It will result in “ no execution”
of the proposition (see Multimedia Appendix 3) and will help
us to debug our defined semantic rules (rules 1-19) as defined
in Multimedia Appendix 4. If it is set to true, we have aformal
guarantee that no 2 “once-a-day” messages can be triggered at
the same time, no matter the truth values we put into our ABox.

Results

The test setup to verify the proposed eHealth ontology’s
performance and reliability consisted of a DSS module (health
risk prediction and recommendation generation for a healthy
lifestyle), SPARQL, and rule base. As an outcome of ontology
verification, we generated personalized and contextua
recommendations (behavioral) following semantic rules to
balanceindividua weight change with adopting healthy behavior
to balance a trade-off between physical activity, healthy habit,
and ahealthy diet as depicted in Figure 18. We executed all the
semantic rules as stated in Multimedia Appendix 4 in the form
of SPARQL queries using the Jena ARQ engine on each
participant's simulated data as mentioned in Multimedia
Appendix 2. Wethen determined what type of recommendation
messages would be required to be delivered for each participant
to manage hig’her healthy lifestyle. These findings are detailed
in Table 1.
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Figure 18. Behavioral recommendation generation (pivot) for the management of healthy lifestyle (atrade-off between physical activity, healthy habit,

and healthy diet).

Healthy Habit

and Healthy
Diet

Healthy

Weight

Physical

Activity

Pivot

Behavioral Recommendations

Table 1. Recommendation generation for participants for Day-(n+1) [n>0].

Participant Profile SCTID Hedlthy habiton  Healthy diet on Physically active Recommendation(s) for Day-(n+1)
Day-n Day-n on Day-n
Individual_1 Normal weight 43664005 No No Yes H-1, D-2, D-3, A-4,C-1
Individual_2 Normal weight 43664005 No Yes No H-1, H-2, D-4, A-3,C-1
Individual_3 Overweight 162863004 No No No H-2, D-1, D-2, D-3, A-2, A-5,C-1
Individual_4 Overweight 162863004  Yes No No D-1,D-2, A-1,C-1
Discussion (D-1, D-2, D-3), and to become more physicaly active (A-2)

Principal Findings

According to Table 1, “Individua_1" and” Individual_2" are
healthy weight participants, and “Individua_3" and
“Individual_4" are overweight participants as assessed based
ontheir daily (“Day-n") BMI (weight/height?) value. According
to Figure 1, a healthy weight is a trade-off between healthy
habits, healthy diet, and physical activity. On “Day-n" (n>0),
“Individual_1" hasbeen physically active, and thisisthe reason
he has been encouraged to keep up the same activity level (A-4).
By contrast, he has shown some addi ction toward “ snus,” sweet
beverages, and fried/processed foods, which might grow
negative behavior in the participant and increase his weight.
Therefore, he has been recommended to reduce tobacco
consumptions (H-1) and to refrain from discretionary food items
(D-2 and D-3). The simulated data for “Individual_2" has
demonstrated that she is inclined to a healthy diet (D-4), but
growing some negative behavior with consumption of alcohol
and tobacco (H-1, H-2). Sheisjust one step behind to become
physically active (A-3). Hence, she has been recommended to
take a healthy dietary plan, refrain from tobacco and alcohal,
and increase activity level to become active. “Individual_3" is
neither physically active nor adhered to healthy habits or healthy
dietary plans. He is addicted to alcohol, fried/processed foods,
sweet beverages, sweet food/milk products. His consumed
number of vegetables and fruits is not adequate for a healthy
diet (<400 g). Therefore, he has been recommended to reduce
alcohol consumption (H-1), to follow a healthy dietary habit

https://www.jmir.org/2021/4/e24656

with adequate sSleeping (A-5). The fabricated data for
“Individual_4" has shown that she has an unhealthy diet plan,
and she is mostly leading a sedentary lifestyle. Therefore, she
has been recommended to stay away from discretionary food
items (D-2), to incline on “core-foods’ (D-1), and to increase
activity level by one step (A-1). The analysis of contextual data
reveals that the weather on “Day-(n+1)” is suitable for outdoor
activities. The purpose of the individualized recommendation
generation is to guide and encourage individual participantsto
keep up a healthy lifestyle by maintaining a balance between
healthy habit, healthy diet, and physical activity. It encourages
people with a normal weight to maintain their healthy weight,
and those with obesity/overweight to reduce their weight.

The rule-based decision support has generated personalized and
contextual recommendations (Table 1) using SPARQL queries,
asdepicted in Figure 19, based on the proposed ontol ogy without
any “false-positive” case. The proposed ontology’s reasoning
time has been measured as <30.0 seconds in Protégé with
HermiT reasoner without reporting any inconsistencies. The
reading time of the ontology after loading it in the Jena
workspace was about 2.0-3.5 seconds with the
“OWL_MEM_MICRO_RULE_INF" ontology specificationin
the “TTL” format (OWL full), “in-memory” storage, and
“optimized rule-based reasoner with OWL rules” Then, we
queried ontology classes, ontologies, “predicate, subject, and
object” of every statement using Jena in <1.5 seconds, <0.5
seconds, and <3.5 seconds, respectively. Each ontology model
(complete RDF graph) isrelated to adocument manager (default
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global document manager: “OntDocumentManager”) to assist
with the processing and handling of ontology documents. All
the classes in the ontology API that represent ontology values
have “OntResource” as a common super-class with attributes
(versioninfo, comment, label, seeAlso, isDefinedBy, sameAs,
and differentFrom) and methods (add, set, list, get, has, and
remove). We used the implementation of the RDF interface,
provided by Jena, to store the modeled ontology and itsinstances
persistently in the tuple database and load it back to process
further. Jena Fuseki is tightly integrated with tuple database to
provide a robust, transactional persistent storage layer (Figure
20).

In the future study, the recommendation process can be
automated with the amal gamation of ahybrid DSS system (rule

Chatterjee et a

based and data driven) and Al algorithms. The scope of the
proposed ontology can be enhanced with the integration of (1)
real sensor activity devices; (2) mood assessment of participants,
(3) collection of nutrition data on a detailed level through
multiple questionnaires (daily, on every alternative day, and
weekly); (4) semantic annotation of the recommended messages,
(5) weekly suggestion generation after evaluating daily
generated recommendations, and followed by a ranking of
participants based on their weekly performances; (6) hel p-desk
management for technical support; (7) assessment of baseline
data; (8) trend analysis of health risks as a function of habit,
diet, and activity with machine intelligence; and (9) automated
interview management by trained health professional s (nurses).

Figure 19. Sample SPARQL query for recommendation finding (e.g., “Individua_1").

Description: RecommendationMessages_1

O RecommendationMassapes

E B § Property assefions. RecommendationMessages 1
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m hasContextualMessages “C-1: Tomorrow the weather is favorable for outdoor activities,”

M hasDistaryMeassages “D-2: Avold consuming discretionary food items. Try (o eat core-healthy foods.™

M hasActivityMessages “A-4: Good work. Please Keep it up. You ane active.”

B hasHabitRelatedMessages "H-1: Avoid tobacco consumgtion. Please, try o reduce it.™

M hasDietaryMessages “D.3: Avold sugary soft drinks, energy drinks, and fruit juices. Drink plenty of water.”

PREFIX rdf: <http://www.w2.0rg/1999/02/22-rdf-syntax-ns#>

PREFIX owl: <http://www.w3.org/2002/07//owli:

PREFIX rdfs: <http://www.w3.org/2000/01/rdf-schemas:

PREFIX xsd: <http://www.w3.org/2001/XMLSChemat>

PREFIX ssn: <http://purl.oclc.org/NET/ssnx/ssnit>

PREFIX : <http://www.co-ode.org/ontologies/uiafont. owl#>

SELECT ?fparticipant factivitymessages Phabitmessages ?dietarymessages ?contextualmessages ?timedateinfo

WHERE {
fparticipant :hasReceivedRecommendation frecommendation .
*recommendation :hasMessages Precommendationmessages .
*ftimestamp :hasDateTime ?timedateinfo .
trecommendationmessages ssnihasactivityMessages factivitymessages .
frecommendationmessages ssn:hasHabitRelatedMessages rhabitmessages .
frecommendat ionmessages ssn:hasDietaryMessages fdietarymessages .
*recommendationmessages ssn:hasContextualMessages ?contextualmessages .

}

LIMIT 25
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Figure 20. Integration of TDB with Jena Fuseki for ontology storein the “ttl” format and querying.
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Conclusions

In health care, with the research advancement on the loT
domain, an increasing number of sensors, actuators, mobile,
and web-based health monitoring devices are deployed into our
daily life for remote health monitoring. It produces enormous
personalized health and wellness observable and measurable
data with hidden patterns. Data collected by multichannel
sensors or devices demonstrate significant differences in data
formats, types, and domains, which might lead to aproblemin
machine understandability. Therefore, asemantic representation
of collected health and wellness data from heterogeneous
sources is necessary, and the ontology serves the purpose. In
this pilot study, we have proposed an eHealth ontology model
in association with SSN and SNOMED CT, to support a
semantic representation of collected observable and measurable
datato manage a healthy lifestyle focusing on obesity asacase
study. The ontology represents collected datawith OWL -based

the proposed ontology has been evaluated with the simulated
data (eg, sensor, interview, and questionnaire) of 4 dummy
participants. The proposed ontology’s structural and logical
consistency has been evaluated with a Protégé reasoner (Hermi T
1.4.3.x). The proposed ontology model has been used by a
rule-based DSS to generate personalized and contextual
recommendationswith the execution of SPARQL queriesagainst
a preset rule base (with the help of Apache Jena library) to
promote a healthy lifestylefor obesity management. Inthefuture
study, we will recruit real participants following inclusion and
exclusion criteria and provide them rea activity devices to
replicate the whole scenario and evaluate the efficacy of the
recommendation generation plan. The proposed ontology can
be extended to annotate observable and measurable data for
other related lifestyle diseases, such asdiabetestypell, chronic
obstructive pulmonary diseases, cardiovascular diseases, and
mental health.

Acknowledgments

The authors acknowl edge the funding and infrastructure from the University of Agder, Center for e-Health, Norway, to carry out

this research.

https://www.jmir.org/2021/4/e24656

RenderX

JMed Internet Res 2021 | vol. 23 | iss. 4 | €24656 | p. 23
(page number not for citation purposes)


http://www.w3.org/Style/XSL
http://www.renderx.com/

JOURNAL OF MEDICAL INTERNET RESEARCH Chatterjecet a

Conflictsof Interest
None declared.

Multimedia Appendix 1

Proposed ontology model's OWL file with annotated participant data.
[DOCX File, 80 KB-Multimedia Appendix 1]

Multimedia Appendix 2

Simulated data for 4 participants.
[XLSX File (Microsoft Excel File), 14 KB-Multimedia Appendix 2]

Multimedia Appendix 3

Propositional variables with their linked recommendation messages.
[XLSX File (Microsoft Excel File), 10 KB-Multimedia Appendix 3]

Multimedia Appendix 4
Scoped recommendation conditions, and corresponding rules (rule-base) for test set-up.

[XLSX File (Microsoft Excel File), 10 KB-Multimedia Appendix 4]

Multimedia Appendix 5

Health parameters and corresponding clinical rules[70-78].
[XLSX File (Microsoft Excel File), 10 KB-Multimedia Appendix 5]

Multimedia Appendix 6

Prefixes and queries.
[XLSX File (Microsoft Excel File), 13 KB-Multimedia A ppendix 6]

References

1. Chatterjee A, Gerdes MW, Martinez SG. Identification of Risk Factors Associated with Obesity and Overweight—A
Machine Learning Overview. Sensors 2020 May 11;20(9):2734. [doi: 10.3390/s20092734]

2. Chatterjee A, GerdesM, Martinez S. eHealth Initiatives for The Promotion of Healthy Lifestyle and Allied Implementation
Difficulties. In: WiMab. 2019 Presented at: International Conference on Wireless and Maobile Computing, Networking and
Communications (WiMob); 2019; Barcelona, Spain p. 1-8. [doi: 10.1109/wimob.2019.8923324]

3. Wagner K, Brath H. A global view on the development of non communicable diseases. Prev Med 2012 May;54
Suppl:S38-S41. [doi: 10.1016/j.ypmed.2011.11.012] [Medline: 22178469]

4.  GerdesM, Martinez S, Tjondronegoro D. Conceptualization of apersonalized ecoach for wellness promotion. 2017 Presented
at: Proceedings of the 11th EAI International Conference on Pervasive Computing Technologies for Healthcare; 2017;
Barcelona, Spain p. 365-374. [doi: 10.1145/3154862.3154930]

5. RutjesH, Willemsen MC, 1Jsselsteijn WA. Understanding effective coaching on healthy lifestyle by combining theory-
and data-driven approaches. 2016 Presented at: 11th International Conference on Persuasive Technology (PERSUASIVE);
2016; Salzburg, Austria p. 26-29. [doi: 10.1007/978-3-319-31510-2]

6.  Dijkhuis TB, Blaauw FJ, van Ittersum MW, Velthuijsen H, Aiello M. Personalized Physical Activity Coaching: A Machine
Learning Approach. Sensors (Basel) 2018 Feb 19;18(2):623 [FREE Full text] [doi: 10.3390/s18020623] [Medline: 29463052]

7. JinW, Kim DH. Design and Implementation of e-Health System Based on Semantic Sensor Network Using IETF YANG.
Sensors (Basel) 2018 Feb 20;18(2):629 [FREE Full text] [doi: 10.3390/s18020629] [Medline: 29461493]

8.  Alamri A. Ontology Middlewarefor Integration of 10T Healthcare Information Systemsin EHR Systems. Computers 2018
Oct 08;7(4):51. [doi: 10.3390/computers7040051]

9. RodgersMM, Pai VM, Conroy RS. Recent Advances in Wearable Sensors for Health Monitoring. |EEE Sensors J 2015
Jun;15(6):3119-3126. [doi: 10.1109/jsen.2014.2357257)

10. MackensenE, Lai M, Wendt T. Bluetooth Low Energy (BLE) based wireless sensors. 2012 |EEE Sensors 2012:1-4. [doi:
10.1109/icsens.2012.6411303]

11. Nykanen P. Decision support systems from a health informatics perspective. Tampere, Finland: Tampere University Press;
2000.

12.  Allemang D, Hendler J. Semantic Web for the Working Ontologist: Effective Modeling in RDFS and OWL. Waltham,
MA: Elsevier; Jul 05, 2011.

https://www.jmir.org/2021/4/e24656 JMed Internet Res 2021 | vol. 23 | iss. 4 | €24656 | p. 24

RenderX

(page number not for citation purposes)


https://jmir.org/api/download?alt_name=jmir_v23i4e24656_app1.docx&filename=84ddc2e6e85ce37b783092fc22e7b0b4.docx
https://jmir.org/api/download?alt_name=jmir_v23i4e24656_app1.docx&filename=84ddc2e6e85ce37b783092fc22e7b0b4.docx
https://jmir.org/api/download?alt_name=jmir_v23i4e24656_app2.xlsx&filename=f66351cfbbb9a9bdc127f4de7f53fa7b.xlsx
https://jmir.org/api/download?alt_name=jmir_v23i4e24656_app2.xlsx&filename=f66351cfbbb9a9bdc127f4de7f53fa7b.xlsx
https://jmir.org/api/download?alt_name=jmir_v23i4e24656_app3.xlsx&filename=995d827780f1d90a7a230ea381a09478.xlsx
https://jmir.org/api/download?alt_name=jmir_v23i4e24656_app3.xlsx&filename=995d827780f1d90a7a230ea381a09478.xlsx
https://jmir.org/api/download?alt_name=jmir_v23i4e24656_app4.xlsx&filename=7e81ef3894def7f1d8b63ec1d7330bfa.xlsx
https://jmir.org/api/download?alt_name=jmir_v23i4e24656_app4.xlsx&filename=7e81ef3894def7f1d8b63ec1d7330bfa.xlsx
https://jmir.org/api/download?alt_name=jmir_v23i4e24656_app5.xlsx&filename=84c18466dd6ffd6122b49dfdc1b839b6.xlsx
https://jmir.org/api/download?alt_name=jmir_v23i4e24656_app5.xlsx&filename=84c18466dd6ffd6122b49dfdc1b839b6.xlsx
https://jmir.org/api/download?alt_name=jmir_v23i4e24656_app6.xlsx&filename=df0ffb6a7610be889f94ae8785699fa9.xlsx
https://jmir.org/api/download?alt_name=jmir_v23i4e24656_app6.xlsx&filename=df0ffb6a7610be889f94ae8785699fa9.xlsx
http://dx.doi.org/10.3390/s20092734
http://dx.doi.org/10.1109/wimob.2019.8923324
http://dx.doi.org/10.1016/j.ypmed.2011.11.012
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=22178469&dopt=Abstract
http://dx.doi.org/10.1145/3154862.3154930
http://dx.doi.org/10.1007/978-3-319-31510-2
https://www.mdpi.com/resolver?pii=s18020623
http://dx.doi.org/10.3390/s18020623
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=29463052&dopt=Abstract
https://www.mdpi.com/resolver?pii=s18020629
http://dx.doi.org/10.3390/s18020629
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=29461493&dopt=Abstract
http://dx.doi.org/10.3390/computers7040051
http://dx.doi.org/10.1109/jsen.2014.2357257
http://dx.doi.org/10.1109/icsens.2012.6411303
http://www.w3.org/Style/XSL
http://www.renderx.com/

JOURNAL OF MEDICAL INTERNET RESEARCH Chatterjecet a

13.

14.

15.

16.

17.

18.

19.

20.

21.

22.

23.

24,

25.

26.

27.

28.

29.

30.

31.

32.

33.

35.

36.

Gyrard A, Datta S, Bonnet C, Boudaoud K. Cross-Domain Internet of Things Application Development: M3 Framework
and Evaluation. 2015 Presented at: 3rd International Conference on Future Internet of Things and Cloud; 2015; Rome,
Italy. [doi: 10.1109/ficloud.2015.10]

Kolozali S, Elsaleh T, Barnaghi PM. A Validation Tool for the W3C SSN Ontology based Sensory Semantic Knowledge.
In: The Semantic Web — ISWC 2014. 2014 Presented at: 13th International Semantic Web Conference; October 19-23,
2014; Rivadel Garda, Italy p. 83-88.

Julina J, Thenmozhi D. Ontology based EMR for decision making in health care using SNOMED CT. 2012 Presented at:
International Conference on Recent Trendsin Information Technology; April 19-21, 2012; Chennai, Tamil Nadu, Indiap.
514-519. [doi: 10.1109/icrtit.2012.6206787]

Kim H, Park H, Min YH, Jeon E. Development of an obesity management ontology based on the nursing process for the
mobile-device domain. JMed Internet Res 2013;15(6):e130 [FREE Full text] [doi: 10.2196/jmir.2512] [Medline: 23811542]
Sojic A, Terkaj W, Contini G, Sacco M. Modularising ontology and designing inference patterns to personalise health
condition assessment: the case of obesity. JBiomed Semantics 2016 May 04;7(1):12 [FREE Full text] [doi:
10.1186/s13326-016-0049-1] [Medline: 29764473]

Kim H, Mentzer J, Taira R. Developing a Physical Activity Ontology to Support the Interoperability of Physical Activity
Data. JMed Internet Res 2019 Apr 23;21(4):e12776 [FREE Full text] [doi: 10.2196/12776] [Medline: 31012864]
LasierraN, Alesanco A, O'Sullivan D, GarciaJ. An autonomic ontol ogy-based approach to manageinformation in home-based
scenarios. From theory to practice. Data& Knowledge Engineering 2013 Sep;87:185-205. [doi: 10.1016/].datak.2013.06.004]
LasierraN, Alesanco A, Guillén S, GarciaJ. A three stage ontol ogy-driven solution to provide personalized care to chronic
patients at home. J Biomed Inform 2013 Jun;46(3):516-529 [FREE Full text] [doi: 10.1016/].jbi.2013.03.006] [Medline:
23567539

Yao W, Kumar A. CONFlexFlow: Integrating Flexible clinical pathwaysinto clinical decision support systems using context
and rules. Decision Support Systems 2013 May;55(2):499-515. [doi: 10.1016/j.dss.2012.10.008]

Chi Y, Chen T, Tsai W. A chronic disease dietary consultation system using OWL -based ontologies and semantic rules. J
Biomed Inform 2015 Feb;53:208-219 [FREE Full text] [doi: 10.1016/j.jbi.2014.11.001] [Medline: 25451101]

Rhayem A, Ahmed Mhiri MB, Salah MB, Gargouri F. Ontology-based system for patient monitoring with connected
objects. Procedia Computer Science 2017;112:683-692. [doi: 10.1016/j.procs.2017.08.127]

Galopin A, Bouaud J, Pereira S, Seroussi B. An Ontology-Based Clinical Decision Support System for the Management
of Patients with Multiple Chronic Disorders. Stud Health Technol Inform 2015;216:275-279. [Medline: 26262054]
Sherimon PC, Krishnan R. OntoDiabetic: An Ontology-Based Clinical Decision Support System for Diabetic Patients.
Arab J Sci Eng 2015 Dec 16;41(3):1145-1160. [doi: 10.1007/s13369-015-1959-4]

Hristoskova A, Sakkalis V, Zacharioudakis G, Tsiknakis M, De TF. Ontology-driven monitoring of patient's vital signs
enabling personalized medical detection and alert. Sensors (Basel) 2013;14(1):1598-1628 [FREE Full text] [doi:
10.3390/s140101598] [Medline: 24445411]

Riafio D, Real F, Lopez-Vallverdi JA, CampanaF, Ercolani S, Mecocci P, et a. An ontology-based personalization of
health-care knowledge to support clinical decisionsfor chronicaly ill patients. J Biomed Inform 2012 Jun;45(3):429-446
[FREE Full text] [doi: 10.1016/}.jbi.2011.12.008] [Medline: 22269224]

Ganguly P, Chattopadhyay S, Paramesh N, Ray P. An ontology-based framework for managing semantic interoperability
issuesin e-health. 2008 Presented at: HealthCom 10th International Conference on e-health Networking, Applications and
Services; July 7-9, 2008; Singapore p. 73-78. [doi: 10.1109/health.2008.4600114]

Elhefny M, ElImogy M, Elfetouh A. Building OWL ontology for obesity related cancer. 2014 Presented at: 9th International
Conference on Computer Engineering & Systems (ICCES); December 22-23, 2014; Cairo, Egypt p. 177-183. [doi:
10.1109/icces.2014.7030953]

Compton M, Barnaghi P, Bermudez L, Garcia-Castro R, Corcho O, Cox S, et a. The SSN ontology of the W3C semantic
sensor network incubator group. Journal of Web Semantics 2012 Dec;17:25-32. [doi: 10.1016/j.websem.2012.05.003]
Henson C, Sheth A, Thirunarayan K. Semantic Perception: Converting Sensory Observationsto Abstractions. |EEE Internet
Computing 2012 Mar;16(2):26-34. [doi: 10.1109/mic.2012.20]

Barnaghi P, Meissner S, Presser M, Moessner K. Sense and sens ability: Semantic data modelling for sensor networks.
2009 Presented at: Conference Proceedings of ICT Mobile Summit; June 2009; Santander, Spain.

Haller A, Janowicz K, Cox SJ, Lefrancois M, Taylor K, Le Phuoc D, et al. The modular SSN ontology: A joint W3C and
OGC standard specifying the semantics of sensors, observations, sampling, and actuation. Semantic Web 10.1 2018 Dec
28;10(1):9-32. [doi: 10.3233/sw-180320]

Shi F Li Q, Zhu T, Ning H. A Survey of Data Semantization in Internet of Things. Sensors (Basel) 2018 Jan 22;18(1):313
[FREE Full text] [doi: 10.3390/s18010313] [Medline: 29361772]

Baader F, Calvanese D, McGuinness D, Patel-Schneider P, Nardi D. The description logic handbook: Theory, implementation
and applications. Cambridge, England: Cambridge University Press; 2003.

Raggett D. The Web of Things: Challenges and Opportunities. Computer 2015 May;48(5):26-32. [doi: 10.1109/mc.2015.149]

https://www.jmir.org/2021/4/e24656 JMed Internet Res 2021 | vol. 23 | iss. 4 | €24656 | p. 25

(page number not for citation purposes)


http://dx.doi.org/10.1109/ficloud.2015.10
http://dx.doi.org/10.1109/icrtit.2012.6206787
http://www.jmir.org/2013/6/e130/
http://dx.doi.org/10.2196/jmir.2512
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=23811542&dopt=Abstract
https://jbiomedsem.biomedcentral.com/articles/10.1186/s13326-016-0049-1
http://dx.doi.org/10.1186/s13326-016-0049-1
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=29764473&dopt=Abstract
https://www.jmir.org/2019/4/e12776/
http://dx.doi.org/10.2196/12776
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=31012864&dopt=Abstract
http://dx.doi.org/10.1016/j.datak.2013.06.004
https://linkinghub.elsevier.com/retrieve/pii/S1532-0464(13)00040-3
http://dx.doi.org/10.1016/j.jbi.2013.03.006
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=23567539&dopt=Abstract
http://dx.doi.org/10.1016/j.dss.2012.10.008
https://linkinghub.elsevier.com/retrieve/pii/S1532-0464(14)00230-5
http://dx.doi.org/10.1016/j.jbi.2014.11.001
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=25451101&dopt=Abstract
http://dx.doi.org/10.1016/j.procs.2017.08.127
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=26262054&dopt=Abstract
http://dx.doi.org/10.1007/s13369-015-1959-4
http://www.mdpi.com/resolver?pii=s140101598
http://dx.doi.org/10.3390/s140101598
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=24445411&dopt=Abstract
https://linkinghub.elsevier.com/retrieve/pii/S1532-0464(11)00222-X
http://dx.doi.org/10.1016/j.jbi.2011.12.008
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=22269224&dopt=Abstract
http://dx.doi.org/10.1109/health.2008.4600114
http://dx.doi.org/10.1109/icces.2014.7030953
http://dx.doi.org/10.1016/j.websem.2012.05.003
http://dx.doi.org/10.1109/mic.2012.20
http://dx.doi.org/10.3233/sw-180320
https://www.mdpi.com/resolver?pii=s18010313
http://dx.doi.org/10.3390/s18010313
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=29361772&dopt=Abstract
http://dx.doi.org/10.1109/mc.2015.149
http://www.w3.org/Style/XSL
http://www.renderx.com/

JOURNAL OF MEDICAL INTERNET RESEARCH Chatterjecet a

37. Sezer O, Can S, Dogdu E. Development of a smart home ontology and the implementation of a semantic sensor network
simulator: An Internet of Things approach. 2015 Presented at: International Conference on Collaboration Technologies
and Systems (CTYS); June 1-5, 2015; Atlanta, GA p. 12-18. [doi: 10.1109/cts.2015.7210389]

38. YuAC. Methodsin biomedical ontology. Journal of Biomedical Informatics 2006 Jun;39(3):252-266. [doi:
10.1016/j.jbi.2005.11.006]

39. Herre HB, Burek P, Hoehndorf R, Loebe F, Michalek H. General Formal Ontology: Part 1 Basic principles, Version 1. In:
Onto-Med Report. Leipzig, Germany: Institute of Medical Informatics, Statistics and Epidemiology, University of Leipzig;
2006.

40. Jeon B, Ko I. Ontology-Based Semi-automatic Construction of Bayesian Network Models for Diagnosing Diseases in
E-health Applications. 2007 Presented at: 2007 Frontiersin the Convergence of Bioscience and Information Technologies,
2007; Jeju, Korea p. 592-602. [doi: 10.1109/fbit.2007.63]

41. Dimitrov DV. Medical Internet of Things and Big Datain Healthcare. Healthc Inform Res 2016 Jul;22(3):156-163 [FREE
Full text] [doi: 10.4258/hir.2016.22.3.156] [Medline: 27525156]

42. Ram S, Jinsoo Park. Semantic conflict resolution ontology (SCROL): an ontology for detecting and resolving data and
schemarlevel semantic conflicts. |EEE Trans. Knowl. Data Eng 2004 Feb;16(2):189-202. [doi: 10.1109/tkde.2004.1269597]

43. Zouag A, Nkambou R. Evaluating the Generation of Domain Ontologiesin the Knowledge Puzzle Project. |EEE Trans.
Knowl. Data Eng 2009 Nov;21(11):1559-1572. [doi: 10.1109/tkde.2009.25]

44.  Alhir S. Introduction to the Unified Modeling Language (UML). In: Guideto Applyingthe UML. Berlin, Germany: Springer;
2002:1-11.

45. Sir M, Bradac Z, Fiedler P. Ontology versus Database. |FAC-PapersOnLine 2015;48(4):220-225. [doi:
10.1016/j.ifacol.2015.07.036]

46. Holsapple CW, Joshi KD. A collaborative approach to ontology design. Commun. ACM 2002 Feb;45(2):42-47. [doi:
10.1145/503124.503147]

47. Bibault J, Zapletal E, Rance B, Giraud P, Burgun A. Labeling for Big Datain radiation oncology: The Radiation Oncology
Structures ontology. PL0oS One 2018;13(1):e0191263 [FREE Full text] [doi: 10.1371/journal.pone.0191263] [Medline:
29351341]

48. Vossen G, Lytras M, Koudas N. Editorial: Revisiting the (Machine) Semantic Web: The Missing Layers for the Human
Semantic Web. |[EEE Trans. Knowl. Data Eng 2007 Feb;19(2):145-148. [doi: 10.1109/tkde.2007.30]

49. Hitzler B, Krotzsch M, Rudolph S. Foundations of Semantic Web Technologies. Boca Raton, FL: CRC Press; Aug 06,
20009.

50. SirinE, ParsiaB, Cuenca Grau B, Kalyanpur A, Katz Y. Pellet: A Practical OWL-DL Reasoner. Journal of Web Semantics
2007;5(2):51-53. [doi: 10.2139/ssrn.3199351]

51. ParsiaB, MatentzogluN, GongalvesRS, Glimm B, Steigmiller A. The OWL Reasoner Evaluation (ORE) 2015 Competition
Report. J Autom Reason 2017;59(4):455-482 [FREE Full text] [doi: 10.1007/s10817-017-9406-8] [Medline: 30069067]

52.  KnublauchH, Fergerson R, Noy N, Musen M. The Protégé OWL Plugin: An Open Development Environment for Semantic
Web Applications. In: Mcllraith SA, Plexousakis D, van Harmelen F, editors. The Semantic Web — ISWC 2004. Berlin,
Germany: Springer; 2004:229-243.

53. Editors. URL: http://semanticweb.org/wiki/Editors [accessed 2020-09-28]

54. Reasoners. URL: http://semanticweb.org/wiki/Reasoners [accessed 2020-09-28]

55. Shearer R, Motik B, Horrocks I. Hermi T: A Highly-Efficient OWL Reasoner. 2008. URL : https://www.cs.ox.ac.uk/
boris.motik/pubs/smh08Hermi T.pdf [accessed 2021-03-22]

56. Tsarkov D, Horrocks|. FaCT++ Description Logic Reasonerystem Description. In: Furbach U, Shankar N, editors. Automated
Reasoning. Berlin, Germany: Springer; 2006:292-297.

57. Haardev V, Moller R. RACER System Description. In: Automated Reasoning. Berlin, Germany: Springer; 2001:701-705.

58. Apache Jena Framework. URL : https://jena.apache.org/getting_started/index.html [accessed 2020-09-28]

59. Jena Ontology API. URL: http://jena.apache.org/documentation/ontol ogy/ [accessed 2020-09-28]

60. PooleDL, Mackworth AK. Artificial Intelligence: Foundations of Computational Agents. Cambridge, England: Cambridge
University Press; 2010.

61. MarinicaC, Guillet F. Knowledge-Based Interactive Postmining of Association Rules Using Ontologies. |EEE Trans.
Knowl. Data Eng 2010 Jun;22(6):784-797. [doi: 10.1109/tkde.2010.29]

62. Nutrition. URL: https:.//www.healthline.com/nutrition [accessed 2020-09-28]

63. Motik B, Shearer R, Horrocks|. Optimized Reasoning in Description Logics Using Hypertableaux. In: Automated Deduction
— CADE-21. Berlin, Germany: Springer; 2007:67-83.

64. SPARQL 1.1 Query Language. W3C Recommendation 21 March. 2013. URL : http://www.w3.org/TR/2013/

REC-spargl 11-query-20130321/ [accessed 2020-09-28]

65. Appreciating SPARQL CONSTRUCT more, Bob DuCharme'sweblog. URL: http://www.snee.com/bobdc.blog/2009/09/
appreciating-spargl-construct.html [accessed 2020-09-28]

66. URL: https://nsd.no/ [accessed 2020-09-28]

https://www.jmir.org/2021/4/e24656 JMed Internet Res 2021 | vol. 23 | iss. 4 | €24656 | p. 26

(page number not for citation purposes)


http://dx.doi.org/10.1109/cts.2015.7210389
http://dx.doi.org/10.1016/j.jbi.2005.11.006
http://dx.doi.org/10.1109/fbit.2007.63
http://www.e-hir.org/journal/viewJournal.html?year=2016&vol=022&num=03&page=156
http://www.e-hir.org/journal/viewJournal.html?year=2016&vol=022&num=03&page=156
http://dx.doi.org/10.4258/hir.2016.22.3.156
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=27525156&dopt=Abstract
http://dx.doi.org/10.1109/tkde.2004.1269597
http://dx.doi.org/10.1109/tkde.2009.25
http://dx.doi.org/10.1016/j.ifacol.2015.07.036
http://dx.doi.org/10.1145/503124.503147
http://dx.plos.org/10.1371/journal.pone.0191263
http://dx.doi.org/10.1371/journal.pone.0191263
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=29351341&dopt=Abstract
http://dx.doi.org/10.1109/tkde.2007.30
http://dx.doi.org/10.2139/ssrn.3199351
http://europepmc.org/abstract/MED/30069067
http://dx.doi.org/10.1007/s10817-017-9406-8
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=30069067&dopt=Abstract
http://semanticweb.org/wiki/Editors
http://semanticweb.org/wiki/Reasoners
https://www.cs.ox.ac.uk/boris.motik/pubs/smh08HermiT.pdf
https://www.cs.ox.ac.uk/boris.motik/pubs/smh08HermiT.pdf
https://jena.apache.org/getting_started/index.html
http://jena.apache.org/documentation/ontology/
http://dx.doi.org/10.1109/tkde.2010.29
https://www.healthline.com/nutrition
http://www.w3.org/TR/2013/REC-sparql11-query-20130321/
http://www.w3.org/TR/2013/REC-sparql11-query-20130321/
http://www.snee.com/bobdc.blog/2009/09/appreciating-sparql-construct.html
http://www.snee.com/bobdc.blog/2009/09/appreciating-sparql-construct.html
https://nsd.no/
http://www.w3.org/Style/XSL
http://www.renderx.com/

JOURNAL OF MEDICAL INTERNET RESEARCH Chatterjecet a

67.

68.
69.

70.

71.

72.

73.

74.

75.

76.

77.

78.

79.

80.

81.

82.

83.

85.
86.
87.

88.
89.
90.
91.

92.

Obesity and overweight. URL : https.//www.who.int/news-room/fact-sheets/detail/obesity-and-overweight [accessed
2020-09-28]

NICE. URL: https.//www.nice.org.uk/ [accessed 2020-09-28]

Norwegian Dietary Guidelines. URL : https.//www.hel sedirektoratet.no/brog yrer/hel sedirektoratets-kostrad-brogyre-og-pl akat/
Hel sedirektoratets%20kostr%C3%A 5d%20-%20engel sk.pdf/_/attachment/inline/
80f68126-68af-4cec-b2aa-d04069d02471: dch8ef dbebb6129470ec4969f 6639be21a8af d82/

Hel sedirektoratets¥20kostryeC3%A 5d%20-%20engel sk.pdf [accessed 2020-09-28]

Sheth A, Henson C, Sahoo SS. Semantic Sensor Web. |EEE Internet Comput 2008 Jul;12(4):78-83. [doi:
10.1109/mic.2008.87]

Calbimonte JP, Jeung H, Corcho O, Aberer K. Semantic sensor data search in alarge-scale federated sensor network. 2011
Presented at: 4th International Workshop on Semantic Sensor Networks; October 23, 2011; Barcelona, Spain p. 23-38.
LiuJ, Li Y, Tian X, Sangaiah AK, Wang J. Towards Semantic Sensor Data: An Ontology Approach. Sensors (Basel) 2019
Mar 08;19(5):303-306 [FREE Full text] [doi: 10.3390/s19051193] [Medline: 30857211]

Julina J, Thenmozhi D. Ontology based EMR for decision making in health care using SNOMED CT. 2012 Presented at:
International Conference on Recent Trendsin Information Technology; April 19-21, 2012; Chennai, Indiap. 514-519. [doi:
10.1109/icrtit.2012.6206787]

SNOMED-CT Browser. URL: https://browser.ihtsdotools.org/

Pperspective=full & conceptl d1=297976006& edition=enedition& rel ease=v20180731& server=http://browser.ihtsdotool s.org/
api/v1/snomed& |angRef set=9000000000005090077 [accessed 2020-09-28]

Dong D, Sun Z, Gao F. PCOPM: A Probabilistic CBR Framework for Obesity Prescription Management. In: Advanced
Intelligent Computing Theories and Applications. With Aspects of Artificia Intelligence. Berlin, Germany: Springer;
2010:91-99.

Shaban-Negjad A, Buckeridge D, Dubé L. COPE: Childhood Obesity Prevention Knowledge Enterprise. In: Artificial
Intelligence in Medicine. Berlin, Germany: Springer; 2011:225-229.

Tacyildiz O, Celik Ertugrul D. A decision support system on the obesity management and consultation during childhood
and adol escence using ontology and semantic rules. JBiomed Inform 2020 Oct;110:103554. [doi: 10.1016/].jbi.2020.103554]
[Medline: 32911081]

Zaragoza |, Guixeres J, Alcafiz M. Ontologiesfor Intelligent e-Therapy: Application to Obesity. In; Distributed Computing,
Artificial Intelligence, Bioinformatics, Soft Computing, and Ambient Assisted Living. Berlin, Germany: Springer;
2009:894-901.

Seligman ME, Csikszentmihalyi M. Positive psychology. An introduction. Am Psychol 2000 Jan;55(1):5-14. [doi:
10.1037//0003-066x.55.1.5] [Medline: 11392865]

Kim AR, Park H, Song T. Development and Evaluation of an Obesity Ontology for Social Big Data Analysis. Healthc
Inform Res 2017 Jul;23(3):159-168 [FREE Full text] [doi: 10.4258/hir.2017.23.3.159] [Medline: 28875050]

Motik B, Cuenca Grau B, Horrocks I, Sattler U. Representing ontol ogies using description logics, description graphs, and
rules. Artificial Intelligence 2009 Sep;173(14):1275-1309. [doi: 10.1016/j.artint.2009.06.003]

Horrocks |, Kutz O, Sattler U. The Even More Irresistible SROIQ. Palo Alto, CA: AAAI Press; 2006 Presented at: KR'06:
Proceedings of the Tenth International Conference on Principles of Knowledge Representation and Reasoning; June 2-5,
2006; Lake District, UK p. 57-67.

Motik B, Rosati R. A Faithful Integration of Description Logicswith Logic Programming. 2007. URL : http://www.ijcai.org/
Proceedings/07/Papers/075.pdf [accessed 2021-03-22]

Walking: Your stepsto health. URL : https://www.health.harvard.edu/staying-heal thy/wal king-your-steps-to-heal th [ accessed
2020-09-28]

Healthy Diet. URL: https.//www.who.int/news-room/fact-sheets/detail/heal thy-diet [accessed 2020-09-28]

Healthy Lifestyle. URL: https://www.mayoclinic.org/healthy-lifestyle [accessed 2020-09-28]

ScalaPL, Di Pasquale D, Tresoldi D, Lafortuna CL, Rizzo G, Padula M. Ontology-supported clinical profiling for the
evaluation of obesity and related comorbidities. Stud Health Technol Inform 2012;180:1025-1029. [Medline: 22874349]
Blood sugar level ranges. URL: https.//www.diabetes.co.uk/diabetes care/blood-sugar-level-ranges.html [accessed
2020-09-28]

Cholesterol level. URL: https://www.medical newstoday.com/articles/315900 [accessed 2020-09-28]

BMI. URL: https://www.nhlbi.nih.gov/health/educational/lose_wt/BMI/bmicalc.htm [accessed 2020-09-28]

Starkey |R. Recommendations on blood pressure measurement. Br Med J (Clin Res Ed) 1986 Oct 04;293(6551):886 [FREE
Full text] [doi: 10.1136/bmj.293.6551.886] [Medline: 3094704]

Friestad M, Wright P. The Persuasion Knowledge Model: How People Cope with Persuasion Attempts. JCONSUM RES
1994 Jun;21(1):1. [doi: 10.1086/209380]

Abbreviations

Al: artificial intelligence

https://www.jmir.org/2021/4/e24656 JMed Internet Res 2021 | vol. 23 | iss. 4 | €24656 | p. 27

RenderX

(page number not for citation purposes)


https://www.who.int/news-room/fact-sheets/detail/obesity-and-overweight
https://www.nice.org.uk/
https://www.helsedirektoratet.no/brosjyrer/helsedirektoratets-kostrad-brosjyre-og-plakat/Helsedirektoratets%20kostr%C3%A5d%20-%20engelsk.pdf/_/attachment/inline/80f68126-68af-4cec-b2aa-d04069d02471:dcb8efdbe6b6129470ec4969f6639be21a8afd82/Helsedirektoratets%20kostr%C3%A5d%20-%20engelsk.pdf
https://www.helsedirektoratet.no/brosjyrer/helsedirektoratets-kostrad-brosjyre-og-plakat/Helsedirektoratets%20kostr%C3%A5d%20-%20engelsk.pdf/_/attachment/inline/80f68126-68af-4cec-b2aa-d04069d02471:dcb8efdbe6b6129470ec4969f6639be21a8afd82/Helsedirektoratets%20kostr%C3%A5d%20-%20engelsk.pdf
https://www.helsedirektoratet.no/brosjyrer/helsedirektoratets-kostrad-brosjyre-og-plakat/Helsedirektoratets%20kostr%C3%A5d%20-%20engelsk.pdf/_/attachment/inline/80f68126-68af-4cec-b2aa-d04069d02471:dcb8efdbe6b6129470ec4969f6639be21a8afd82/Helsedirektoratets%20kostr%C3%A5d%20-%20engelsk.pdf
https://www.helsedirektoratet.no/brosjyrer/helsedirektoratets-kostrad-brosjyre-og-plakat/Helsedirektoratets%20kostr%C3%A5d%20-%20engelsk.pdf/_/attachment/inline/80f68126-68af-4cec-b2aa-d04069d02471:dcb8efdbe6b6129470ec4969f6639be21a8afd82/Helsedirektoratets%20kostr%C3%A5d%20-%20engelsk.pdf
http://dx.doi.org/10.1109/mic.2008.87
https://www.mdpi.com/resolver?pii=s19051193
http://dx.doi.org/10.3390/s19051193
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=30857211&dopt=Abstract
http://dx.doi.org/10.1109/icrtit.2012.6206787
https://browser.ihtsdotools.org/?perspective=full&conceptId1=297976006&edition=enedition&release=v20180731&server=http://browser.ihtsdotools.org/api/v1/snomed&langRefset=900000000000509007?
https://browser.ihtsdotools.org/?perspective=full&conceptId1=297976006&edition=enedition&release=v20180731&server=http://browser.ihtsdotools.org/api/v1/snomed&langRefset=900000000000509007?
https://browser.ihtsdotools.org/?perspective=full&conceptId1=297976006&edition=enedition&release=v20180731&server=http://browser.ihtsdotools.org/api/v1/snomed&langRefset=900000000000509007?
http://dx.doi.org/10.1016/j.jbi.2020.103554
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=32911081&dopt=Abstract
http://dx.doi.org/10.1037//0003-066x.55.1.5
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=11392865&dopt=Abstract
https://www.e-hir.org/DOIx.php?id=10.4258/hir.2017.23.3.159
http://dx.doi.org/10.4258/hir.2017.23.3.159
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=28875050&dopt=Abstract
http://dx.doi.org/10.1016/j.artint.2009.06.003
http://www.ijcai.org/Proceedings/07/Papers/075.pdf
http://www.ijcai.org/Proceedings/07/Papers/075.pdf
https://www.health.harvard.edu/staying-healthy/walking-your-steps-to-health
https://www.who.int/news-room/fact-sheets/detail/healthy-diet
https://www.mayoclinic.org/healthy-lifestyle
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=22874349&dopt=Abstract
https://www.diabetes.co.uk/diabetes_care/blood-sugar-level-ranges.html
https://www.medicalnewstoday.com/articles/315900
https://www.nhlbi.nih.gov/health/educational/lose_wt/BMI/bmicalc.htm
http://europepmc.org/abstract/MED/3094704
http://europepmc.org/abstract/MED/3094704
http://dx.doi.org/10.1136/bmj.293.6551.886
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=3094704&dopt=Abstract
http://dx.doi.org/10.1086/209380
http://www.w3.org/Style/XSL
http://www.renderx.com/

JOURNAL OF MEDICAL INTERNET RESEARCH Chatterjecet a

API: application programming interface

BLE: Bluetooth low energy

BP: blood pressure

CDSS: clinical decision support system

DSS: decision support system

ICD-11: International Classification of Diseases (11th edition)
ICT: information and communications technology

KB: knowledge base

LOINC: Logica Observation ldentifiers Names and Codes
NICE: Nationa Institute for Health and Care Excellence
RDF: resource description framework

RDF: resource description framework

RDFS: RDF schema

SNOMED CT: Systematized Nomenclature of Medicine—Clinical Terms
SPARQL: Simple Protocol and RDF Query Language

SSN: semantic sensor network

SWRL: semantic web rule language

UMLS: Unified Medical Lexicon System

URI: unified resource identifier

WHO: World Health Organization
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