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Abstract

:

Noncommunicable chronic diseases (NCDs) affect a large part of the population. With the emergence of COVID-19, its most severe cases impact people with NCDs, increasing the mortality rate. For this reason, it is necessary to develop personalized solutions to support healthcare considering the specific characteristics of individuals. This paper proposes an ontology to represent the knowledge of educational assistance in NCDs. The purpose of ontology is to support educational practices and systems oriented towards preventing and monitoring these diseases. The ontology is implemented under Protégé 5.5.0 in Ontology Web Language (OWL) format, and defined competency questions, SWRL rules, and SPARQL queries. The current version of ontology includes 138 classes, 31 relations, 6 semantic rules, and 575 axioms. The ontology serves as a NCDs knowledge base and supports automatic reasoning. Evaluations performed through a demo dataset demonstrated the effectiveness of the ontology. SWRL rules were used to define accurate axioms, improving the correct classification and inference of six instantiated individuals. As a scientific contribution, this study presents the first ontology for educational assistance in NCDs.
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1. Introduction


In 2019, the World Health Organization (WHO) estimated that 41 million people died due to noncommunicable chronic diseases (NCDs), equivalent to 74% of a total of 55.4 million people who died worldwide [1]. Hypertension, obesity, physical inactivity, smoking, harmful use of alcohol, and an unhealthy diet are the main modifiable risk factors that can be controlled to prevent these diseases [2].



COVID-19 (Coronavirus Disease 2019), an infectious disease caused by the novel coronavirus (SARS-CoV-2), was declared by WHO [2] as a global pandemic on 11 March 2020. This disease, responsible for more than 3.2 million deaths around the world by 1 May 2021, has generated an additional alert for NCDs care since people with these diseases and their comorbidities have a higher risk of developing severe cases of COVID-19 [2].



Recent studies have shown that the pandemic of COVID-19 has affected lifestyles and compromised people’s healthcare, especially considering increased consumption of alcohol, tobacco [3], and ultra-processed foods [4], as well as reduced physical activity [5]. The study by Malta et al. [6] indicated that 58% of adults with NCDs reduced the practice of physical activity, and 53.7% increased the consumption of frozen food during the pandemic. In turn, in adults without NCDs the values are 60% and 43.6%, respectively. Given the current situation and the social isolation and remoteness of millions of people, telemedicine and health information services have gained space, especially regarding health promotion and prevention actions [7]. These services and information require adequate strategies to produce and reinforce people’s self-care habits.



An ontology refers to the representation of a given knowledge domain, which must be formal, shareable, and composed of well-defined concepts and rules. The scope of the ontology can be defined using a list of competency questions (CQ). These questions need to specify the requirements that the ontology should be able to answer. The finding for the answers to questions can be possible through reasoners [8,9,10].



According to Gruber [8], an ontology is an explicit specification of a conceptualization, so when defining a domain of interest with ontologies the objective is sharing knowledge, specifying a representative vocabulary in a domain, and understanding the semantics of the domain data. Therefore, the author understands that generic ontology can help to reason about a specific knowledge domain by mapping the most general concepts and relations. Ontology can be represented by Ontology Web Language (OWL), a language standard of the World Wide Web Consortium (W3C) (https://www.w3.org/, accessed on 10 October 2021).



An OWL ontology contains four basic elements: concepts, instances, properties, and restrictions. Concepts are used to identify the objects in the ontology definition, described through classes. Instances define the individuals of the classes. Individuals can be related to other individuals through properties. Properties are binary relationships used to define the relationships among the individuals of a class or among itself. Constraints are used to define boundaries for the individuals that belong to a class. The contents of an ontology can be checked using the SPARQL query language. Inferences about classes and individuals can be made using Semantic Web Rule Language (SWRL). Thus, ontologies are used to represent domains and infer knowledge, from construction methodologies [11] in several areas, such as the Web of Things (WoT) [12] and Decision Support Systems (DSS) [13], among others. This work is interested in an ontology to represent the knowledge of educational assistance in NCDs.



In this context, the proposed ontology allows representing the relationships between NCDs and their risk factors, as well as information about the person’s health profile. Thus, it becomes possible to propose personalized assistance for health promotion and prevention actions. Moreover, the ontology supports the development of systems to care for people in their health and quality of life, whether they are subjects with or without NCDs. Autonomy in learning strengthens the subject’s ability to learn and develops awareness of the need to maintain a constant learning process toward a healthy life.



The scientific contribution of this work is the proposal of the ontology, which represents the knowledge needed to assist individuals in improving their health conditions. Individuals with the manifested disease can follow the evolution of the NCD and minimize its aggravating factors. Through rules, a system can indicate content about the disease, places for medical assistance, notifications containing alerts, and reminders. In addition, the system can indicate groups and networks of people who share similar characteristics. Based on the related works, it can be stated that the proposed ontology is the first for educational assistance on NCDs.



This paper is structured in six sections. Section 2 approaches topics related to this work, providing a background to understanding the proposal and the related scientific works. The methodology for implementing the ontology is presented in Section 3. Section 4 approaches the results of the evaluation, and Section 5 discusses the results and addresses some limitations of the proposed approach. Finally, Section 6 summarizes the main contribution of this work and indicates future works.




2. Background


This section introduces the fundamentals of diseases and concepts of ubiquitous learning related to the importance of educational assistance in diseases. Section 2.1 describes the contextualization of diseases and their risk factors. Section 2.2 introduces concepts of ubiquitous learning and its importance for the field of the study, and Section 2.3 presents the related scientific works.



2.1. Noncommunicable Diseases and Risk Factors


Chronic lung diseases, cardiovascular diseases, cancers, and diabetes affect people of all age groups in all regions and countries of the world and are characterized as one of the major health challenges of the 21st century [14]. In 2019, data indicated that 55% of the 55.4 million deaths worldwide were associated with ten leading causes, being: ischemic heart disease, stroke, chronic obstructive pulmonary disease, lower respiratory infections, neonatal conditions, trachea, bronchus, and lung cancers, Alzheimer’s disease and other dementias, diarrhoeal diseases, diabetes mellitus, and kidney diseases. Of these, seven are associated with NCDs, which is 44% of all deaths. However, all NCDs accounted for 74% of deaths worldwide in 2019 [1]. According to the WHO [1], monitoring people’s leading causes of death is vital for evaluating the effectiveness of health systems and directing resources to the causes most needed. Although several other NCDs exist, in this study we limited the work to the NCDs defined by the WHO. We will consider other NCDs in future work.



NCDs have four common risk factors, which are considered the most frequent and modifiable: tobacco use, harmful use of alcohol, physical inactivity, and unhealthy diet. In turn, these behaviors result in metabolic/physiological changes, such as hypertension, being overweight, obesity, increased blood glucose, and increased lipids (fat) [14,15]. As well as these mentioned factors, air pollution is also considered a significant risk factor [14]. Prevention and control of NCDs can be done by combating these risk factors, which requires a comprehensive care approach, including different institutions in society [14]. The pandemic of COVID-19 has reinforced the importance of prevention and control, not only of NCDs, but of diseases in general. Investment in health systems, and systems with the capacity to manage and analyze vital statistical data was created to allow the control of cases and direct prevention and treatment actions [1].



Tobacco use is one of the main risk factors for the development of NCDs, including cancer, respiratory diseases, cardiovascular diseases, and diabetes, representing an enormous threat to public health. The reports from the WHO indicated that smoking kills more than 8 million people each year, disproportionately affecting low- and middle-income countries [16]. Of these, more than 7 million are the result of direct tobacco use, while about 1 million are non-smokers exposed to secondhand smoke. Of the world’s estimated 1 billion smokers, 80% live in low- and middle-income countries. The pandemic of COVID-19 has shown that smokers are more prone to hospitalization and death due to COVID-19, mainly because of its relationship with respiratory diseases that directly affect the lungs [16].



Harmful use of alcohol is also considered a major risk factor for premature death and disability worldwide. It can cause cardiovascular disease, cancer, liver disease, mental, and behavioral disorders and other chronic diseases. Data from the WHO [17] estimate that in 2016, harmful use of alcoholic beverages resulted in about 3 million deaths (5.3% of all deaths) worldwide. In 2019, the estimated level of alcohol consumption was 5.8 L of pure alcohol per person aged 15 years or older [7].



Lack of physical activity, physical inactivity, or sedentarism, can lead to the development of diseases such as diabetes, hypertension, cancer, respiratory diseases, and cardiovascular diseases. Like smoking, lack of physical activity is a significant risk factor for NCDs and is treated as a global epidemic by the WHO [14]. When individuals are insufficiently physically active, their mortality risk increases compared to those who engage in at least 30 min of moderate physical activity five times a week. In 2016, 28% of adults aged 18 years and older were insufficiently physically active. Physical activity has benefits for the health of the heart, body, and mind, being an ally in reducing the risks of cardiovascular disease, diabetes, hypertension, and depression [14].



A diet high in salt has contributed to increased hypertension and the risk of developing cardiovascular disease and stroke. The recommended daily intake of sodium should be less than 2 g or 5 g of salt [14]. The intake of foods that contain high fat and sugar has contributed to the development of obesity and being overweight. Obesity is related to increased hypertension and diseases such as diabetes, cancers, and cardiovascular diseases [14]. According to the WHO [14], in 2016, more than 1.9 billion people over the age of 18 were overweight, with more than 650 million considered obese. Children and adolescents aged 5 to 19 years totaled 340 million cases of being overweight or obese, and in children under 5 years, it was 40 million [14]. A balanced and healthy diet coupled with regular physical activity contributed to weight maintenance, prevention, and treatment of NCDs [7].



Like other risk factors, hypertension or raised blood pressure contributes to cardiovascular morbidity and mortality [7]. Data from 2015 indicated that 22% of all adults aged 18 years and older were hypertensive [14]. Once uncontrolled, hypertension can pose risks mainly for heart failure, peripheral vascular disease, renal failure, retinal hemorrhage, visual impairment, stroke, and dementia [14].



Diabetes mellitus (DM) is considered a significant and growing health problem in all countries of the world. In 2019, the International Diabetes Federation (IDF) estimated that 463 million people aged 20 to 79 years were living with diabetes [18]. By the year 2045, these rates are estimated to reach 700 million cases. This increase is mainly due to the growing and aging population, the increasing number of obese and sedentary people, greater urbanization, and the increasingly prolonged survival of patients with DM. There are three types of diabetes: type 1 diabetes, type 2 diabetes, and gestational diabetes. The first occurs because the pancreas does not produce enough insulin, and the second because the body cannot use the insulin it produces effectively. On the other hand, the third type is a characteristic of high blood glucose levels during pregnancy. In all types, blood glucose increases, causing severe health problems, including heart attack, stroke, renal failure, lower limb amputation, blindness, and peripheral neuropathy [14].




2.2. Ubiquitous Learning in Health


Information and communication technologies (ICTs) play an essential role in developing actions that enable self-care and self-management of health conditions. Electronic health (e-Health), ubiquitous health (u-Health), or telehealth refers to “health services and information delivered or enhanced through the Internet and related technologies” [19]. ICTs enable access to information through different digital resources at any place and time. In this scenario, ubiquitous computing emerges as a computational model that is always present to meet the needs of the individual naturally and imperceptibly [20,21,22,23]. This approach is applied in different areas, such as education [24,25,26,27], health [28,29,30,31,32,33], well-being [34], accessibility [35,36], agriculture [37,38,39], and data privacy [40,41].



In healthcare education, developing educational systems to support learning activities involving ubiquitous computing technologies has been an emerging research topic [42,43]. Healthcare for the individual goes beyond offices and hospitals. Public places and people’s homes are also spaces where health and education services can be offered. In turn, ubiquitous learning [44,45] has shown itself as a possibility developing of educational systems that support ubiquitous activities, taking into account the context of the individual [46,47]. From the capture and storage of context data, it is possible to create context histories [29,35,48,49,50], and make them available for future analysis [51,52,53,54].



A ubiquitous learning system must be able to understand the individual’s behavior and real-world parameters. The parameters are profile information of individuals, the situation they are in (stationary or moving), their preferences, the activities performed in the context, the notion of time and location, and the hardware and software devices used. In this way, learning must occur in a continuous and contextualized way [44,45]. A study conducted by Larentis et al. [55] identified research opportunities related to the absence of ubiquitous computing-based systems focused on personalized educational assistance in NCDs. The use of these technologies corroborates to expand the possibilities for developing systems that can be used to assist in the prevention of risk factors and treatment of NCDs and, not limited to that, all diseases.




2.3. Related Work


The use of ontologies to support healthcare systems is an emerging field of research. Some works involve collaborative efforts in the development of ontology and semantic web systems involving International Classification of Diseases (ICD-11) defined by the WHO [56,57]. Other works involve ontologies for smart home [58,59] focused on assisted living solutions. These solutions provide support to the residents and also consider issues such as disabilities and/or impairments related to the ageing of the person. In the area of technology applied to healthcare in NCDs, several pieces of research have also focused on the creation of ontologies. This section presents a review of ontologies that address the representation of knowledge in the healthcare of individuals with NCDs, whether in the prevention, monitoring, or treatment of the disease.



Alian et al. [10] developed a recommendation system for diabetic patients. The system recommended diet, exercise, and medication through rules created in the ontology. The ontology constitutes a knowledge base of the patient including biological, cultural, socioeconomic, and environmental information that affects the patient’s well-being. This base was built by using already consolidated wellness guidelines, including four dimensions: diabetes management general guidelines, food and nutrition guidelines, physical exercise guidelines, and American Indians (AI) related healthcare guidelines. The authors reused other existing ontologies about food, nutrition, and workouts. Recommendation rules were created and tested through case studies.



Bravo et al. [60] implemented a model to manage the profile of diabetic patients with ontology. The ontology considered personal and clinical information of the patient, physical activities, diet, and medications. The authors considered reusing existing ontologies for knowledge representation with the patient profile, such as National Drug File - Reference Terminology (NDF-RT), Human Disease Ontology (DOID), Symptom Ontology (SYMP), and Logical Observation Identifiers Names and Codes (LOINC). Fourteen competency questions were classified into three groups: patient profile, diabetes diagnosis, and diabetes clinical diagnosis. Three case studies were defined and instances created to check consistency through reasoner.



Chen et al. [61] presented a model for diabetes risk prediction, diagnosis, and treatment with ontology. The ontology describes personal and clinical information of the patient, exercise, diet, and medication. In building the ontology the authors considered reusing some existing standards such as: content of disease was based on DOID; some content of drugs was based on RxNorm Ontology; symptom content was based on SYMP; and gene content was based on Gene Ontology, Physical Ontology, Food Ontology, and Systematized Nomenclature of Medicine-Clinical Terms (SNOMED CT). Two top-level ontologies were merged in the proposed ontology: Basic Formal Ontology (BFO) and Ontology for General Medical Science (OGMS). Semantic rules were created and tested with 766 medical records of patients from the First Affiliated Hospital, Sun Yat-sem University, 269 of whom were diagnosed with diabetes. The ontology was implemented in Protégé software.



El-Sappagh and Ali [62] developed an ontology for type 2 diabetes diagnosis called Diabetes Mellitus Diagnosis Ontology (DDO). The ontology was built following the principles of Open Biomedical Ontologies (OBO) Foundry. Two top-level ontologies were merged in the proposed ontology: BFO and OGMS definitions. Some information makes up the ontology such as laboratory test results, demographic data, existing complications and symptoms, physical exam results, and medication intake. The ontology does not consider treatment plans, medications, and the patient’s family history. The authors considered the reuse of ontologies such as DOID, SYMP, Units of Measurement Ontology (UO), OBO Relation Ontology (RO), and RxNorm Ontology. The ontology was implemented in Protégé software and a consistency test was performed using reasoner.



El-Sappagh et al. [63] described an ontology for type 2 diabetes treatment called Diabetes Mellitus Treatment Ontology (DMTO). The ontology was built following the principles of OBO Foundry. Two top-level ontologies were merged in the proposed ontology: BFO and OGMS definitions. The authors incorporated the concepts previously defined in DDO Ontology [62] and reused other ontologies such as RxNorm Ontology, NDF-RT, SNOMED CT, OWL Time, Drug Interactions Ontology (DINTO), and OntoFood Ontology (FO). The ontology was implemented in Protégé software. Competency questions were created. A case study was designed and created manually in Protégé software for testing inferences and answers to the competency questions.



Madhusanka et al. [64] developed an ontology model for use in clinical decision support systems called Clinical Decision Support Systems (CDSS). The ontology was created through a conceptual model. This model considered clinical guidelines for patients with type 1 diabetes, type 2 diabetes, and gestational diabetes from the Ceylon College of Physicians, the Sri Lanka College of Obstetricians and Gynecologists, and the Sri Lanka Diabetes Federation. Two competency questions were created for evaluation. The competency questions were answered through SPARQL queries. The decision support system used the ontology as a knowledge base to provide the recommendations considering information such as age, Body Mass Index (BMI), fasting plasma glucose, postprandial blood sugar, and glycated hemoglobin.



Somodevilla et al. [65] proposed a system that integrates six ontologies (person, physical activity, NCDs, nutritional information, geographic regions, and chronic disease symptoms). Semantic rules were created to answer four competency questions: (1) What are the main risk factors for having diabetes? (2) Is the risk of having diabetes related to a high fat diet? (3) How is an average level lifestyle pattern defined? and (4) What are the characteristics of the person who has a high fat diet? The authors defined rules to perform the ontology tests; for example, if the person is a teenager and if the person is sedentary. Inference tests considered 85 individuals instantiated in the Protégé software.



Vianna et al. [66] proposed an ontology to detect the influence of social relationships on the spread of risk factors for NCDs. Information such as gender, whether smoking, whether obese, whether happy, and the person’s social relations (friend, relative, or acquaintance) are described by the ontology. The concepts modeled in the ontology were extracted from three studies that analyzed the influence of social networks on weight gain, the spread of happiness, and also smoking cessation. Semantic rules were created to answer 12 competency questions. A social network containing six individuals was created to demonstrate the solution to one of the questions.



Zhang et al. [67] created an ontology to specify the variables used in cancer research called Ontology for Cancer Research Variables (OCRV). The ontology constitutes a knowledge base considering individual risk factors including race, gender, tumor stage, and tumor type, as well as contextual factors such as socioeconomic status, minority status, and language, adult mental and physical health status, smoking rate, and alcohol consumption rate. The ontology construction used the following definitions from other ontologies: BFO, NCI Thesaurus (NCIt), and Time Event Ontology (TEO). In addition to these, the ontology was created through the semantic integration of five databases that supported the definition of individual and contextual risk factors of cancer patients. Queries were created to demonstrate the consistency between the ontology structures and the integration between the databases. The ontology was implemented in Protégé software.



Table 1 presents the comparison between this study and related works. The proposed ontology stands out in the modeling of knowledge directed to the healthcare of the individual throughout life, either in the prevention or in the monitoring of NCDs. This differential is not explored in the analyzed works, since they consider the person with the diagnosis of the disease. None of the related works focus on educational assistance in NCDs.





3. Modeling and Implementation


In general, there is no methodology or method that should be followed in the construction of ontologies. According to Noy and McGuinness [68], there are definitions for ontology projects that can help researchers in choosing a methodology. These definitions include the fact that there is no single way to model a domain, i.e., alternatives must be considered. Furthermore, the development of an ontology is always an iterative process, and the concepts defined for the ontology must be related to the objects and relationships in its domain.



Methodologies were studied through a literature search such as Ontology Development 101 [68], Toronto Virtual Enterprise (TOVE) [69], Methontology [70], NeOn Methodology [71], On-To-Knowledge Methodology [72], UPON Methodology [73], and Enterprise Ontology [74,75]. These methodologies are already consolidated and used in knowledge modeling, language formalization, and ontology implementation. They show similarities between the main steps in ontology construction, however, differences exist with respect to the application domain of the ontology, for example, the TOVE [69] and Enterprise [74,75] methodologies are directed to the business application domain.



The ontology construction was based on the Ontology Development 101 methodology [68]. The use of this methodology is due mainly to the balance between the knowledge representations, use of restrictions, and the possibility of extending the ontology, allowing future definitions. This methodology consists of an iterative process divided into seven steps: (1) Determine the domain, scope, and competence issues of the ontology, (2) Consider reusing existing ontologies, (3) List important terms, (4) Define the classes and hierarchy, (5) Define relationships and class properties, (6) Define the semantic rules, and (7) Create the instances. The use of the technique of competency questions proposed by Grüninger and Fox [69] was also used in the ontology definition.



3.1. Determine the Domain, Scope, and Competency Issues


The knowledge domain of ontology is educational assistance in NCDs. The scope of the ontology is defined within the scope of prevention and follow-up of these diseases. The ontology can be used by information systems that support people in their health and quality of life process, whether an individual with or without NCDs. The goal is to provide a mapping of concepts about education and NCDs to assist the person. The competency questions are questions that the ontology must be able to answer [69]. Such questions, besides justifying the existence of the ontology, serve for its evaluation. The competency questions are:



(CQ1) “Which people have high risk for developing cardiovascular disease?”



(CQ2) “Which people have moderate risk for developing cardiovascular disease?”



(CQ3) “What content is suitable for people with diabetes?”



(CQ4) “What content is suitable for people who smoke?”



(CQ5) “Which people are at risk of developing hypertension?”



(CQ6) “Which people have a family history of NCDs?”



(CQ7) “What content is suitable for people with hypertension?”




3.2. Consider Reusing Existing Ontologies


In this step the reuse of other ontologies was considered. The ontology was built based on the CAMeOnto ontology developed by Aguilar et al. [9] and the ontology of Skillen et al. [76]. Both represent context concepts, i.e., where the person is and activities performed. The reuse included the classes “Context”, “Activity”, “Time”, “Location”, and “Device”. In representing the concepts of NCDs, the ontologies OntoMex proposed by Somodevilla et al. [65] and Alian et al. [10], and the Disease Ontology (DO) by Schriml et al. [77], were used. In addition, the DOID ontology was selected because it represents disease terms correlated with the domain, and SNOMED CT that consists of a collection of medical vocabularies aiming at supporting the clinical data.




3.3. List Important Ontology Terms


The ontology terms were defined from exploratory and descriptive research about the researched theme. A concept map [78] was used to organize and represent the knowledge related to the domain.



The concept map is an instrument to graphically represent the knowledge, or part of the knowledge, acquired in the definition of the domain of a conceptual field. This map aims to represent meaningful relationships between concepts through propositions. A proposition constitutes one or more conceptual terms interconnected through links [79]. As an example, “Concept A” relates to “Concept B”, where “Concept A” and “Concept B” refer to the conceptual term and “relates to” refers to the proposition, that is, the relationship between the two conceptual terms.



The construction of the concept map was performed from the definition of the focal theme, being: “Education assistance in NCDs”. First, questions were defined to assist in the construction of knowledge. Additionally, the questions were answered through bibliographic research. After the elaboration of the questions and answers, words were chosen among them to compose the concepts. Afterwards, propositions were created to represent the relationship between two concepts. Two questions and their respective answers are presented below:



Question 1: “What are the NCDs defined by the WHO?” Answer 1: “Cancer, diabetes, cardiovascular diseases and chronic respiratory diseases [80].”



Question 2: “What are the categories of risk factors associated with NCDs?” Answer 2: “Nonmodifiable, intermediates and modifiable [80].”



The CmapTools https://cmap.ihmc.us/cmaptools/, accessed on 10 October 2021 tool was used to organize the content and demonstrate the concepts. Figure 1 shows the conceptual model of ontology composed of the concepts and their relationships highlighted by propositions.




3.4. Define the Classes and Hierarchy


Figure 2 presents the main classes. The ontology is composed of 14 main classes and their relationships. In addition to these, other classes were created and represented through subclasses. The ontology was developed in OWL language in Protégé software version 5.5.0 [81].



The classes have been defined in the singular. Each concept can represent one or more instances. The English language was used because it allows greater visibility and reusability of the ontology. Table 2 describes the main classes.




3.5. Define Relationships and Class Properties


The fifth step defined the relationships and properties of the classes. Figure 3 presents a hierarchical view of the ontology classes (class hierarchy) in yellow. The relationships between the classes are highlighted in blue (object property) and the attributes of the classes are highlighted in green (data property). All information was included in Protégé.



Figure 4 presents the relationships between the classes. Relationships’ names are highlighted in the right frame.




3.6. Define the Semantic Rules


The ontology defined restrictions for the class RiskLevelCVD. CQ1 and CQ2 defined in Section 3.1 refer to cardiovascular disease. According to the Framingham Heart Study [82] the risk for a person to develop cardiovascular disease is low if the score is less than 10%, moderate if the score is between 10% and 19%, and high if greater than or equal to 20%. Figure 5 shows three logical expressions created in the equivalence axiom for low, moderate, and high. The first expression in Figure 5 can be read as “If the risk score for cardiovascular disease is smaller than 10 the risk level is low.”



The second expression can be read as “If the risk score for cardiovascular disease is greater than or equal to 10 and less than 20 the risk level moderate”, and the third can be read as “If the risk score for cardiovascular disease is greater than or equal to 20 the risk level is classified as high”. The expressions were created and linked to the class RiskLevel, which in turn has a subclass RiskLevelCVD and other subclasses of low, moderate, and high. The restrictions may vary according to the use of the ontology for different types of NCDs. New restrictions for other diseases will be detailed in future work.



Rules can also be created using SWRL. SWRL allows creating rules to infer new knowledge for individuals (instances) and has support for clauses in Horn’s format (if a → b, implication sentence), not supported by OWL [83].



The SWRL rules created in the ontology allow content inference considering the main risk factors for NCDs. The contents have keywords that relate to the theme. Through these keywords it is possible to verify the relationship of the content with NCDs. An evaluation, through the tools ©Google Trends and SEMrush https://www.semrush.com/, accessed on 10 October 2021 identified the keywords that relate to the criteria that make up the Framingham Risk Score (FRS) [82]: (a) “colesterol total” and “colesterol HDL” relates to the keywords “colesterol alto” and “hipercolesterolemia”; (b) “se fumante” relates to the keywords “tabagismo” and “parar de fumar”; (c) “pressão arterial” relates to the keywords “hipertensão”, “hipotensão”, “pressão alta”, and “pressão baixa”; (d) “se diabético” the keywords “glicemia” and “glicose alta”, and (e) “idade” relates to the keywords “geriatria”, “velhice”, and “terceira idade”. The criteria were translated to the Portuguese language; in this way, the keywords and content sites kept the same pattern. Additionally, a survey was carried out to identify the most relevant content for the keywords through the SEMrush tool. This tool provides data of a diverse nature including information consumption, use of keywords, and access to internet sites. Each content is related to a URL and is available on an internet domain. The result showed references of 1.179 most accessed contents when a search is performed on an internet search engine, such as ©Google. Extensions for English language are considered for future work.



Table 3 presents the rules for content inference in the ontology. The SWRL expression created for the rule “R4_Hypertension” can be read as “A content whose keyword equals hipertensao will be indicated for the person who has systolic blood pressure greater than 140”. The diagnostic classification for hypertension was taken from the Brazilian Guidelines of Hypertension [84]. For diabetes, three SWRL expressions were created, “R1_Diabetic_diabetes”, “R2_Diabetic_glycemia”, and “R3_Diabetic_glucose”. The expressions can be read, respectively, as “A content whose keyword equals diabetes will be indicated for the person who has diabetes”, “A content whose keyword equals “glicemia” will be indicated for the person who has diabetes”, and “A content whose keyword equals glicose will be indicated for the person who has diabetes”. Similar expressions were defined for people who smoke. It should also be noted that other expressions can be created according to the risk factors associated with NCDs. Others expressions with keywords, such as overweight, obesity, cancer, physical inactivity, unhealthy diet, harmful use of alcohol, and asthma will be considered in future work.




3.7. Create the Instances


The last step consisted of defining instances to perform inference and validate the ontology. Instances were created for the Person, PersonProfile, ClinicalData, Sociodemographic, and FamiliarHistory classes. Figure 6 shows the instances of the classes in Protégé.



Table 4 presents the ontology metrics extracted from Protégé. The metric “Axiom” represents the quantity of logical expressions that define a concept. The quantity of ontology elements is given by the metrics “Classe count and Subclasses count”. The metric “Object property count” indicates the existing relations between two individuals (instances). In turn, the “Data property count” metric indicates the amount of literal data types, which can be a number, date, or text. The instances created are represented by the “Individual count” metric.





4. Evaluation and Results


First, a coherence test was executed using the reasoning tasks of consistency checking and classification. The ontology was evaluated through an automated reasoning process run by the Pellet plugin version 2.2.0 installed in Protégé. Figure 7 shows the result of executing Pellet reasoning services of class hierarchy, object property hierarchy, data property hierarchy, class assertions, and object property assertions, with the same individuals returning a consistent ontology model.



Second, data from a demonstration database of the Medical Information Mart for Intensive Care-III (MIMIC-III) [85] was used in the instances created in Section 3.7. MIMIC-III contains data from patient admissions from Beth Israel Deaconess Medical Center, located in Boston, from 2001 to 2012 [86,87]. We identified six individuals with complete total cholesterol, HDL cholesterol, glucose, and systolic blood pressure data for use in the evaluation. The logical expressions described in Section 3.6 were processed by the reasoner and the results are presented in Figure 8 and Figure 9.



Figure 8 shows the result of the risk for cardiovascular disease. The Person1Profile instance was created with the data property hasRiskScoreCVD=13.2. After running the reasoner it was inferred that the Person1Profile instance has the moderate risk. In green, the rectangle shows the risk score of 13.2%. The equivalence rule applied was “If the risk score for cardiovascular disease is greater than or equal to 10 and less than 20 it is classified as moderate”.



Figure 9 shows the result of the content inference. Instances were created for the Content class (Content1, Content2, Content3, Content4, Content5, Content6, Content7, Content8, and Content9). Each instance has in the data property hasKeyword: “colesterol_alto”, “parar_fumar”, “tabagismo”, “glicose_alta”, “diabetes”, “glicemia”, “diabetes”, “hipertensao”, and “hipotensao”. The domain and URL data were entered with SEMrush feedback. The Content5 instance has the data property hasKeyword=“diabetes”. The figures show two inferences, one for Person5Profile and one for Person2Profile. Both have the data property isDiabetic=“S”, so the equivalence rule was applied where individuals who have diabetes are classified with content whose keyword is “diabetes”.



Once the ontology is tested, it is possible to perform queries with SPARQL, similar to SQL. Figure 10 shows a query to select all instances that have the relationship Person x PersonProfile x ClinicalData x Sociodemographic.



Figure 11 shows six records returned from the SPARQL query. The result refers to the existing relationships between Person x PersonProfile x ClinicalData x Sociodemographic.



In addition to this, seven queries were created by adding criteria in the FILTER field. These queries allowed the CQ defined in Section 3.1 to be answered. Table 5 shows the queries created for CQ1, CQ2, CQ3, CQ4, CQ5, CQ6, and CQ7.



Figure 12 shows the results of the CQ1 and CQ2. The first returned two individuals with risk level high for cardiovascular disease. The second returned two individuals with risk level moderate. Figure 13 shows the results of the CQ3 and CQ4. The first returned three results including contents indicated for individuals with diabetes and the second returned two contents indicated for smoking individuals.



Figure 14 shows the results of CQ5, CQ6, and CQ7. The first returned two individuals with risk for hypertension. The second returned two contents indicated for individuals with hypertension and hypotension, and the third result showed two individuals with familiar history for NCDs.




5. Discussion


This work enabled the creation of an ontology to represent the knowledge needed for health promotion through education. Once the individual’s profile is mapped, it is possible to provide information and knowledge to help him take better care of his health, especially in a preventive way. In a current scenario in which everyone is exposed to an immeasurable amount of information through ICTs, it becomes a challenge to transform data of interest into information to contribute significantly to the construction of knowledge in a given domain. This article conducted a literature search on ontology development methodologies. The ontology engineering ranges from methodologies for ontology development to methods dedicated to support models’ modification and evolution through their life cycle. The main activities to development an ontology to be considered in general are domain analysis, conceptualization, and implementation. It is important to stress the knowledge acquisition, reuse of existing ontologies, evaluation of the ontology, and documentation of the development process [88]. The search allowed us to choose Ontology Development 101 [68] due to the balance between knowledge representations, use of constraints, and the possibility of extending the ontology. The theory of concept maps created by Novak et al. [78] served as a technique to map knowledge about educational assistance in NCDs. This technique is known to aid in the teaching and learning process in the classroom, since the visual representation of knowledge about a domain aids in capturing student knowledge, summarization, and knowledge assessments. A questionnaire containing questions assisted in capturing the concepts and defining the relationships. The questions were answered through a literature search conducted on the internet. No meetings with domain experts were conducted at this early stage. After finalizing the concept map, this work extracted a list of initial terms to compose the domain of educational assistance in NCDs.



Regarding the reuse of existing ontologies, the research work reviewed a number of ontologies including the DOID and SNOMED CT ontologies. The first was used to standardize descriptions of human disease terms and the latter to assist in the definition of an individual’s clinical record data. In addition to these, the proposed ontology reused the ontologies defined by Aguilar et al. [9] and Skillen et al. [76] as both define context concepts. In relation to NCDs, other ontologies were also analyzed and considered including the ontologies OntoMex proposed by Somodevilla et al. [65] and Alian et al. [10], and DO by Schriml et al. [77].



Using the Ontology Development 101 methodology [68], which consists of seven steps, it was possible to develop and implement in the Protégé software. The iterative model makes the ontology development flexible, and new elements may need to be included in each iteration. The Protégé software was chosen because it is an open source tool widely used in the definition of ontologies. Once the ontology was implemented, instances were created with the goal of performing inferences and queries on these instances. Seven competency questions were created and validated through SPARQL queries. The research work mapped the knowledge needed to develop the ontology through consolidated knowledge sources such as books, international standards, and scientific articles. Other limitation of this study included the immeasurable amount of information available on the internet and the need to check the content available. We used the SEMrush tool as a content provider, but the result was not checked by experts.




6. Conclusions


This paper proposed an ontology for the domain of educational assistance in NCDs. The ontology works in a multidisciplinary way, joining the fields of education and health. The modeling of knowledge directed to the lifelong healthcare of people allows the interaction between systems and people, whether to prevent or control the diseases. In this sense, for the development of systems aimed at educational assistance, it is necessary that domains are established and that the person’s life context can be considered in order to provide means for this subject to learn and self-regulate. One of the characteristics of ontology is the modeling aimed at preventing and monitoring chronic diseases. In this research, a conceptual model was constructed based on the elaboration of the questions and answers about education assistance in NCDs. The conceptual model is one of the contributions of this research that provides greater understandability of the domain by converting questions and answers from text format to well-structured models. The related work section presented the state-of-the-art on health ontologies applied to NCDs. Furthermore, the related work made it possible to reuse definitions for representing entities in the modeling of knowledge. The ontology modeling considered characteristics of the individual’s context including sociodemographic information, health, family history, life habits, activities, location, time, and devices used. All this information composes the individual’s profile and is stored through context histories.



The ontology structure was designed with the guidelines in the Noy and Mcguinness methodology [68]. Next, the designed ontology structure was implemented using OWL and the Protégé software. The ontology includes 138 classes, 31 relations, 6 semantic rules, and 575 axioms. The definition of SWRL rules allowed automatic inference. Finally, the ontology was internally evaluated using SPARQL queries. These queries made it possible to answer the seven competency questions that the ontology should satisfy. Other questions can be created considering its domain and scope.



Results demonstrated the usefulness of the ontology in risk classification for developing NCDs and indicating content about the diseases. As future work, we suggest the construction of semantic rules for other NCDs, also considering WHO standards for the definition of people’s health conditions [11,13], expanding the evaluation with more real data, and implementing an evaluation with a system for educational assistance in NCDs that uses the inferences made by the ontology. In addition, we plan to work with individuals and domain experts to increase the validity of the model [89]. Another important future work is to conduct evaluations with experts in the field of health, especially considering the content provider. In the future, we will require medical professionals to check and maintain the content base and we will test other plug-ins for Prótége, such as Snap-SPARQL, to improve the results.
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	Medical Information Mart for Intensive Care-III



	NCDs
	Noncommunicable chronic diseases



	NCIt
	NCI Thesaurus



	NDF-RT
	National Drug File-Reference Terminology



	OBO
	Open Biomedical Ontologies



	OCRV
	Cancer Research Variables



	OGMS
	Ontology for General Medical Science



	OWL
	Ontology Web Language



	RO
	OBO Relation Ontology



	SNOMED CT
	Systematized Nomenclature of Medicine-Clinical Terms



	SWRL
	Semantic Web Rule Language



	SYMP
	Symptom Ontology



	TEO
	Time Event Ontology



	TOVE
	Toronto Virtual Enterprise



	u-Health
	Ubiquitous Health



	UO
	Units of Measurement Ontology



	WHO
	World Health Organization



	W3C
	World Wide Web Consortium
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Figure 1. Conceptual map on educational assistance in NCDs. 
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Figure 2. Hierarchical view of ontology classes. 
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Figure 3. Hierarchy of classes, relationships, and attributes. 
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Figure 4. Hierarchical view of ontology classes and relationships. 
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Figure 5. Logical expression describing the axiom of equivalence for (1) low, (2) moderate, and (3) high risk level for cardiovascular disease. 
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Figure 6. Instances created in Protégé. 
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Figure 7. Execution of Pellet plugin reasoning tasks. 
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Figure 8. Outcome of the NCD risk inference process. 
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Figure 9. Result of the content inference process for instances “Person2Profile” and “Person5Profile”. 
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Figure 10. SPARQL query for profile, clinical, and sociodemographic data. 
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Figure 11. Result of the SPARQL query. 
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Figure 12. Result of the SPARQL queries for CQ1 and CQ2. 
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Figure 13. Result of the SPARQL queries for CQ3 and CQ4. 
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Figure 14. Results of the SPARQL queries for CQ5, CQ6, and CQ7. 
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Table 1. Comparison of related works.
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	Reference
	Rules
	Queries
	Reuse
	Chronic Disease
	Evaluation





	Alian et al. [10]
	Yes
	No
	Yes
	Diabetes
	Use case studies



	Bravo et al. [60]
	No
	No
	Yes
	Type 2 diabetes
	Use case studies



	Chen et al. [61]
	Yes
	No
	Yes
	Type 1 and type 2 diabetes
	Records from the First Affiliated

Hospital, Sun Yat-sen University



	El-Sappagh and Ali [62]
	Yes
	No
	Yes
	Type 2 diabetes
	Internal reasoner and queries;

external (domain experts)



	El-Sappagh et al. [63]
	Yes
	No
	Yes
	Type 2 diabetes
	Internal reasoner and queries;

use case for inference check



	Madhusanka et al. [64]
	Yes
	Yes
	No
	Type 1 and type 2 diabetes

and gestational diabetes
	Internal reasoner and queries;

external (health professionals)



	Somodevilla et al. [65]
	Yes
	No
	Yes
	NCDs
	Public dataset



	Vianna et al. [66]
	Yes
	Yes
	No
	NCDs
	Fictitious data



	Zhang et al. [67]
	No
	Yes
	Yes
	Cancer
	SPARQL queries using five

data sources



	This study
	Yes
	Yes
	Yes
	NCDs
	Public dataset
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Table 2. Core classes of ontology.






Table 2. Core classes of ontology.





	Class
	Description





	ChronicDisease
	This class is made up of the NCDs defined by the WHO.



	Competence
	Class consisting of learning competencies such as attitude, skill,

knowledge, and self-knowledge.



	Context
	Class that represents the context of the person. It includes

information about activities performed and location.



	ContextHistories
	This class represents a set of contexts recorded on the

timeline.



	Education
	This class conceptualizes the educational process in the ontology,

which occurs through learning and interaction.



	Interaction
	Class representing interactions between people, i.e., groups of

people or spontaneous social networks.



	Learning
	Class representing recommendation of content, places, or

notifications (alerts, reminders, and messages).



	Mortality
	This class represents the NCD mortality rates when a person

has died.



	Notification
	This class consists of the notifications sent to the person via

alerts, messages, and/or reminders.



	Person
	Class representing the person who is educationally assisted.



	PersonProfile
	Class that includes sociodemographic, health, dietary, and

lifestyle information.



	Recommendation
	This class constituted the recommendations made through the

indication of contents and/or places.



	RiskFactors
	This class included the risk factors for NCDs subdivided into

modifiable, nonmodifiable, and intermediate risk factors.



	RiskLevel
	Class that includes indicators of a NCD risk score.
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Table 3. SWRL rules for content inference.






Table 3. SWRL rules for content inference.





	Rule Name
	SWRL Expression





	R1_Diabetic_diabetes
	Recommendation(?r) ˆ hasKeyword(?r,“diabetes”) ˆ PersonProfile

(?p) ˆ isDiabetic(?p,“S”) ->PersonProfile(?r)



	R2_Diabetic_glycemia
	Recommendation(?r) ˆ hasKeyword(?r,“glicemia”) ˆ PersonProfile

(?p)ˆ isDiabetic(?p,“S”) -> PersonProfile(?r)



	R3_Diabetic_glucose
	Recommendation(?r) ˆ hasKeyword(?r,“glicose”) ˆ PersonProfile

(?p) ˆ isDiabetic(?p,“S”) -> PersonProfile(?r)



	R4_Hypertension
	Recommendation(?r) ˆ hasKeyword(?r,“hipertensao”)

ˆ PersonProfile (?p)ˆ hasSystolicBloodPressure(?p, ?v)

ˆ swrlb:greaterThan(?v, 140 -> PersonProfile(?r)



	R5_Smoker_stop_

smoking
	Recommendation(?r) ˆ hasKeyword(?r,“parar_fumar”)

ˆ PersonProfile (?p)ˆ isSmoker(?p,“S”) -> PersonProfile(?r)



	R6_Smoker_smoking
	Recommendation(?r) ˆ hasKeyword(?r, “tabagismo”)

ˆ PersonProfile (?p)ˆ isSmoker(?p,“S”) -> PersonProfile(?r)
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Table 4. The ontology metrics.
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	Metrics
	Values





	Axiom
	575



	Logical axiom count
	374



	Declaration axioms count
	201



	Classes count
	76



	Subclasses count
	62



	Object property count
	31



	Data property count
	54



	Individual count
	39
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Table 5. SPARQL queries for the competency questions.
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	Code
	Query





	CQ1
	1 SELECT ?Person ?hasName ?hasRiskScoreCVD

2 WHERE{?Person ex:hasPersonProfile ?PersonProfile

3 ?Person ex:hasName ?hasName ?PersonProfile ex:hasRiskScoreCVD

4 ?hasRiskScoreCVD

5 FILTER(?hasRiskScoreCVD >=20) } ORDER BY ?Person



	CQ2
	1 SELECT ? Person ?hasName ?hasRiskScoreCVD

2 WHERE{?Person ex:hasPersonProfile ?PersonProfile

3 ?Person ex:hasName ?hasName ?PersonProfile

4 ex:hasRiskScoreCVD ?hasRiskScoreCVD

5 FILTER(?hasRiskScoreCVD >= 10 && ?hasriskScoreCVD < 20) }

6 ORDER BY ?Person



	CQ3
	1 SELECT ?Site ?hasDomain ?hasKeyword ?hasDesContent ?hasURL

2 WHERE {?Site ex:hasDomain ?hasDomain ?Site ex:hasKeyword ?hasKeyword

3 ?Site ex:hasDesContent ?hasDescontent ?Site ex:hasURL ?hasURL

4 FILTER{?hasKeyword = “diabetes” || ?hasKeyword =

5 “glicose_alta” || ?hasKeyword = “glicemia”) } ORDER BY ?Site



	CQ4
	1 SELECT ?Site ?hasDomain ?hasKeyword ?hasDesContent ?hasURL

2 WHERE {?Site ex:hasDomain ?hasDomain ?Site ex:hasKeyword ?hasKeyword

3 ?Site ex:hasDesContent ?hasDescontent ?Site ex:hasURL ?hasURL

4 FILTER{?hasKeyword = “parar_fumar” || ?hasKeyword = “tabagismo” ) }

5 ORDER BY ?Site



	CQ5
	1 SELECT ?Person ?hasName ? hasSystolicBloodPressure

2 WHERE { ?Person ex:hasPersonProfile ?PersonProfile

3 ?PersonProfile ex:hasClinicalData ?ClinicalData

4 ?Person ex:hasName ?hasName

5 ?ClinicalData ex:hasSystolicBloodPressure ?hasSystolicBloodPressure

6 FILTER (?hasSystolicBloodPressure >= 140) }

7 ORDER BY ?Person



	CQ6
	1 SELECT ?Site ?hasDomain ?hasKeyword ?hasDesContent ?hasURL

2 WHERE {?Site ex:hasDomain ?hasDomain

3 ?Site ex:hasKeyword ?hasKeyword

4 ?Site ex:hasDesContent ?hasDesContent

5 ?Site ex:hasURL ?hasURL

6 FILTER (?hasKeyword = “hipertensao” || ?hasKeyword = “hipotensao”) }

7 ORDER BY ?Site



	CQ7
	1 SELECT ?Person ?hasName ?hasHistoryHipertension

2 ?hasHistoryDiabetes ?hasHistoryCancer ?hasHistoryOtherDiseases

3 WHERE { ?Person ex:hasPersonProfile ?PersonProfile

4 ?PersonProfile ex:hasFamiliarHistory ?FamiliarHistory

5 ?PersonProfile ex:hasClinicalData ?ClinicalData

6 ?Person ex:hasName ?hasName

7 ?ClinicalData ex:hasSystolicBloodPressure ?hasSystolicBloodPressure

8 ?FamiliarHistory ex:hasHistoryHipertension ?hasHistoryHipertension

9 ?FamiliarHistory ex:hasHistoryDiabetes ?hasHistoryDiabetes

10 ?FamiliarHistory ex:hasHistoryCancer ?hasHistoryCancer

11 ?FamiliarHistory ex:hasHistoryOtherDiseases ?hasHistoryOtherDiseases

12 FILTER (?hasHistoryHipertension = “S” || ?hasHistoryDiabetes = “S” ||

13 ?hasHistoryCancer = “S” || ?hasHistoryOtherDiseases = “S”) }

14 ORDER BY ?Person
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