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INTELLIGENT LEARNING SYSTEMS: TRANSFORMING TABULAR DATA OF 

EDUCATIONAL CONTENT IN THE ONTOLOGICAL MODEL 

Abstract. The paper proposes to automate the process of forming ontologies based on the analysis 

and transformation of tabular data of complex structures, which is educational content in modern 

intelligent (or information system with elements of intellectualization) learning systems. An 

approach is presented that ensures the restoration of the semantics of tabular data, as well as 

conceptualization and the formalization of the tabular content of educational content in the form of 

an ontology. The main stages of the approach are given. The described tools can be used to solve 

practical problems of providing educational content in information learning systems. The 

educational content presented in the form of tables of the system database was used as the initial 

data. The proposed approach is advisable to use for prototyping subject ontologies. This article 

examines the creation of intelligent learning systems, taking into account all the opportunities 

offered by transforming tabularly defined educational content into corresponding multi-level 

ontological model. Hroposed ontological approach enables the implementation of learning processes 

by supporting the shared use of common educational content stored in tabular form using ontological 

model. This article analyzes the main challenges of representing complex tabular data in ontological 

model used to describe educational content. It is proposed to use hybrid ontology construction 

methods, table analysis, and logical and heuristic approaches to defining entities and key columns 

for analyzing and processing such data. Ontology can be constructed for a specific topic of a studied 

academic discipline using similar data from various sources. This approach will allow for the 

reflection of diverse conceptual formulations, take into account diverse perspectives, and eliminate 

the subjectivity of a specific source. Using semantic dictionaries allows for the unification of 

virtually any dataset into a single ontology for further solving various problems related to the 

educational process.  
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INTRODUCTION  

Modern intelligent (or information system with elements of intellectualization) learning 

systems are actively used in the management and control of all learning processes (in particular, 

the provision of educational content, testing and monitoring of students' knowledge) [1], [2], [3].  

To build this kind of system, ontologies [4], [5], [6] can be used, designed to accumulate 

and transfer knowledge about the subject area under consideration, with their vertices (nodes) 

representing objects of interest, and edges representing relationships between these objects [7], 

[8]. Ontologies can be represented by the following formula [9], [10]:  

O = < X, R, F >, 

where X is a set of concepts (elements, terms) of the subject area, which is represented by the 

ontology O;  

R is the set of relations between the concepts of the subject area under consideration;  

F is a set of interpretation (axiomatization) functions defined on concepts and/or relations of the 

ontology O. 

Ontologies can be divided into:  

– meta-ontologies;  

– subject-oriented (subject) ontologies.  

Subject ontologies support effective knowledge retrieval. Their use in the construction of 

intelligent (or information system with elements of intellectualization) learning systems allows 

for effective knowledge structuring and identification of hidden connections and dependencies 

between different concepts, which can be useful for making decisions on specific learning 

(teaching, training) processes (including individualization of learning for the specific student or 

use of gamification elements).  

Developing ontologies in intelligent (or information system with elements of 

intellectualization) learning systems is a labor-intensive task, the solution of which requires 

using and processing large amounts of data obtained from various information sources (e.g., 

databases, educational content, web resources).  

The primary trend here is the use of various information sources. One such source is 

spreadsheets [11], [32], [33]. Tables are heterogeneous in their structure and are not 

accompanied by explicit semantics necessary for automatic interpretation of their content.  

This complicates the active, practical use of tabular data in automatic/automated modes. 

An approach to automated filling of ontologies with entities based on table analysis (tabular 

data) was proposed in [12], [31]  

A unique feature of this approach is the ability to automatically restore the semantics of 

tabular data based on using a method that combines machine learning, vector representations 

and intuitive heuristics. 

The construction and implementation of intelligent systems based on the formalization, 

and reuse of data and knowledge is a promising direction for the practical application of 

artificial intelligence methods in software systems. Such systems are based on a formalized 

representation of knowledge about a subject area, for example, in the form of an ontology.  

To build the theoretical foundations of databases, formal methods are often used based 

on [13], [31]:  

– algebraic approach (including the use of multi-sorted algebras to describe databases 
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and knowledge bases (based on the use of abstract data types (used for example, to represent 

the concepts of a specific subject area), the study of equivalence and symmetry of relations for 

algebraic modeling of operations);  

– set theory;  

– predicate logic.  

Tabular data is one of the most accessible and widespread ways of representing and 

storing information, characterized by a wide variety and heterogeneity of layouts, styles and 

content, while remaining a source of structured subject knowledge.  

Data representation through ontology supports and provides convenient and transparent 

data visualization, fast navigation, important connections necessary for data analysis and 

identification of new knowledge [14]. 

Research of ontological modeling has focused mainly on declarative ontologies: subject 

area ontologies, general ontologies, and task ontologies have not received enough attention yet.  

Task ontology is the result of development of methods of task analysis in defining and 

formalizing factors influencing the process of problem solving by an expert. Ontologies 

facilitate formalization of concepts and relations of a task.  

Task ontologies are characterized, in particular, by the fact that:  

– They are built separately for classes of similar tasks.  

– The following are used: 

 the concept of the goal of solving a problem and its formalization; 

 the concept of an action and ensures execution/modeling of an action;  

– The execution of a model built based on a task ontology is implemented.  

When a task ontology is built, its formalized representation occurs, based on close 

interaction with the subject area expert who creates and validates the ontology.  

In the modern globalized information space, the data encountered by their users have 

different presentation formats.  

The most typical (standart) format used when working with a large amount of structured 

data is database tables. This format is well suited for machine processing, studying, and using 

large-scale data, but with “manual” processing of data presented in tables, this is a very labor-

intensive process [15].  

Ontologies allow to combine heterogeneous information from different sources and to 

provide its representation using formal standardized means of knowledge modeling.  

Ontology can be used for effective representation of knowledge and translation of 

knowledge into a form suitable for interpretation both by corresponding software products 

(information and intelligent systems, web services, etc.) and by people [15]. 

Research into creating ontologies and improving the efficiency of these processes has 

been conducted for many years. As a result of this work, the following should be highlighted:  

– ontology development projects [7] [35], [36] (e.g., KACTUS [34], On-To-Knowledge 

(fig.1) [37], NeOn [38], [39]);  

– software tools for forming ontologies – the so-called ontology editors [40], [41] (e.g., 

Protégé [26], Fluent Editor [42], OntoStudio [43], ONTOedit [44], WebOnto [45]).  
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Figure 1. The On-To-Knowledge toolset for ontology-based knowledge management 

[37] 

 

However, despite the results obtained, even today, developing ontologies remains a 

complex, creative, and labor-intensive task.  

Automation of forming ontologies based on various information sources (e.g., 

professionals, databases, texts, conceptual models) allows using vast volumes of accumulated 

information presented in various formats.  

The work focuses on a detailed examination of such an information source as tabular data 

stored in the corresponding database tables. Tabular data with different (often quite complex) 

structures are of greater interest.  

To work with tabular data, it is proposed to use ontological modeling (creation of 

ontologies based on the analysis and transformation of data extracted from DB spreadsheets) 

presented in CSV format.  

The main problem of the ontological form of information presentation is the complexity 

of its implementation; therefore, approaches to programmatic display of tabular data of a 

complex structure in an ontological model are proposed.  

The proposed approach to creating ontologies uses tabular data presented in a relational 

database, which allows for the unification of data necessary to form an ontology.  

Tabular data contains structured information in the form of rows and columns, where a 

column displays the name of an object (in ontology terminology – the name of an individual) 

or a specific, particular attribute (in ontologies – the data property), and each row – description 

of the specific object by its properties.  

In this representation, the column headers (in the top row of headers) contain the names 

of attributes, and the rows represent sets of attribute values with different data types.  

An ontological model is a formal model of knowledge describing entities of the 

corresponding problem area, their properties and relationships between them. 

ONTOLOGICAL MODEL OF TABULAR DATA REPRESENTATION 

Ontological modeling of processing processes and representation of tabular data of 

different (often complex) structures requires appropriate justification in a formal model. To 

build a formal ontological model, a toolkit similar to system algebras was used [6], [13], [18], 

[29], [30].  

Subject areas whose tabular data are used and described by the corresponding ontological 

model can be represented as follows:  
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SA = {SA1, SA2, …, SAn},  

where SAi is the set of subject area objects that concretize some specific concept Ti (classified 

as instances of this concept Ti).  

Sets SA1, SA2, …, SAn are carrier sets for n multi-sorted algebras. For ontological 

modeling, we will use:  

Domains of subject area’s concepts (DC). For each set SAi, we define an abstract data 

type DCi of its elements, which can be represented as:  

DCi = <NameDC_SAi, ∑A-SA, DCSAi>,  

where NameDC_SAi is the name of the abstract data type DCi, ∑A-SA is the signature of the multi-

sort algebra for the subject area SA, DCSAi is the set of basic (essential, fundamental) 

relationships of the DCi type.  

The name of the abstract data type DCi is not specified (not defined) when an arbitrary 

type is used to describe the data. However, if a specific data type must be specified for 

processing and presenting tabular data, then the NameDC_SAi parameter is mandatory.  

The set SAi can be represented as a union of sets that has the form:  

𝑆𝐴𝑖 = ⋃ 𝑆𝐴𝑖𝑗

𝑘

𝑗=1

 

 

Where 𝑆𝐴𝑖𝑗 is the set of software objects that specify some specific concept Ti, have one 

standart specific data type, and j is the number of the data type in the set of software data types 

SA (j =1, ..., k).  

Data types DCi form the set DC of concept domains corresponding to the concepts 

(entities) of the software object.  

𝐷𝐶 = ⋃ 𝐷𝐶𝑖

𝑛

𝑖=1

 

Concepts are divided into classes and class values. In this case, classes can form a 

hierarchy, i.e. the value of a class can be another class (subclass), for example, the class 

"EDUCATIONAL_CONTENT" can include as the value the subclasses 

"TEXT_MATERIAL", "XML_DOCUMENTS", "PDF_DOCUMENTS", 

"GAMIFICATION_ELEMENTS", "TEST". Relationships between concepts are divided into 

classification – between classes and subclasses; structural, describing the interaction of classes. 

Attribute domains (DAt) of subject area’s objects are defined based on the set of attribute 

values available for subject area SA.  

The elements of this set have the form:  

<IDAt, signAt>,  

where IDAt is the attribute identifier, and signAt is the attribute value (with the possible taking 

into account the semantics of the attribute). 

The operations defined on the DAt attribute domain are union, substitution, deletion, and 

interpretation. 

𝐷𝐴𝑡 = ⋃ 𝐷𝐴𝑡𝑙

𝑚

𝑙=1

 

where 𝐷𝐴𝑡𝑙 is the attribute domain of the l-th entity (l = 1, …, m).  

Logical domain (DLSA) includes expressions (for example, simple logical expressions, 

predicates), the result of calculating the values of which will be one of the elements of the set 

{true, false}.  

The operands of expressions can be objects of other domains.  
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Elements of the logical domain will be interpreted as constraints that can be imposed, for 

example, on attribute values. Operations on DLSA objects can be conjunction (and), disjunction 

(or), negation (not) and interpretation (interp). 

𝐷𝐿𝑆𝐴 = ⋃ 𝐷𝐿𝑆𝐴𝑙

𝑚

𝑙=1

 

where 𝐷𝐿𝑆𝐴𝑙
 is the logical domain for attributes of the l-th entity (l = 1, …, m).  

Domain of concepts with attributes (DCAt) is defined on a set whose elements have the 

form:  

< 𝐷𝐶𝑖, 𝐷𝐴𝑡𝑙 , 𝐷𝐿𝑆𝐴𝑙
> 

Each constraint 𝐷𝐿𝑆𝐴𝑙
 is the logical expression with operands belonging to the domain 

𝐷𝐴𝑡𝑙. Operations on elements of domain DCAt: merging and splitting entities {merge, split}. 

The merging entity operation is the formation of the new entity as the standart (typical) set of 

properties and constraints of the operand entities.  

The splitting entity operation is the reverse of merging. An instance of the DCAt domain 

is the tuple of the corresponding facts.  

Relation domain (DR). Each object of this domain is represented by the structure that 

contains the Cartesian product of algebraic data types from the domain DCAt, the type from the 

DAt attribute domain, and the set DLSA of constraints.  

The operations of merging relations, separating, and substituting {merge, split, 

substitute} are defined over relations. These operations are treated similarly to similar 

operations from the domain DC. In the substitution operation, instead of one entity of the 

domain DLSA, we substitute the relation, which is treated as an entity with attributes.  

The ontology that is formed based on tabular data of the educational content of the 

information training system can be represented as a tuple of the form: 

Ont = <DCAt, DR,  DLSA>, 

where DCAt is the finite set of concepts (classes, concepts) of the ontology with their properties 

(attributes); DR is the finite set of relations (connections, correspondences) between concepts; 

DLSA is the finite set of interpretation functions (constraints, axioms).  

The main data elements in the ontology Ont are:  

– Classes – categories or types of objects, for example, the classes "Educational course" 

or "Specialty". 

– Instances (individuals) – specific representatives of classes, for example, for the class 

"Educational course" – "Software Quality and Testing", and for the class "Specialty" – 

"Software Engineering".  

– Annotations – localized tags, comments, and other metadata of entities;  

– Data properties – entities that characterize instances, acquiring values of a specific 

type, for example, the value of the property "Semester of study" for the individual "Software 

Quality and Testing" – "8" (can be represented as integer or text value).  

Using data properties, you can represent various essential information about an object, 

for example, the value of the property "Type" for the individual "Software Quality and Testing" 

– "Required".  

Object properties (also the data element in the ontology Ont) are relationships between 

entities. For example, the "C++" or “C#” language is an extension of the "C" language [16].   

APPROACH THE CREATION OF ONTOLOGIES BASED ON TABULAR DATA 
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Of particular interest are approaches and software tools for extracting related data and 

ontologies from data tables (tabular data with arbitrary structure). There are software tools that 

allow, in particular:  

– extract RDF-triplets from such tables (for example, csv2rdf4lod, RDF123, 

Spread2RDF);  

– form OWL ontologies (for example, Any2OWL, Excel2OWL, Owlifier); 

– describe transformations of tabular data into sets of related data or ontology using 

special (unique) object-oriented languages (for example, XLWrap, Mapping Master, RML, 

PEARL);  

– use languages and tools based on the extension of the SPARQL query language (for 

example, XSPARQL, SPARQL-Generate, Tarql).  

– Despite the achieved results of transformation of tabular data, the above tools have 

some disadvantages:  

– The use of tabular data models with mixed physical and logical schemes causes:  

 Limiting the use of many tools for processing arbitrary electronic data tables.  

 Complicating the understanding and application of some solutions based on object-

oriented languages (for example, Mapping Master, SPARQL-Generate, etc.), since 

the user needs to know the syntax of these languages and the rules for constructing 

correspondences between elements of two formats.  

 Does not provide a visual support of conversion, etc.  

– Weak support for the formation of ontologies based on the analysis and transformation 

of a set of tabular data belonging to the same subject area, i.e., as a rule, the tools support a 

single transformation of the table into an ontology (or some of its fragments) and do not assume 

the unification of the obtained ontologies for processing the entire set of electronic tables.  

– The existing tools are primarily oriented toward programmers and do not assume use 

by other categories of users (for example, experts in the subject area).  

– Lack of quality control of received ontologies and sets of related data. 

The analysis and processing of tabular data of the complex structure, obtained from 

different sources and planned to be used in the future for the enrichment of ontologies, require 

the solution of such tasks [16].   

1. The need to determine which column contains entity identifiers (proper names, 

names, etc.). Usually, this is the first or second column on the left, but it is possible that the 

table may contain its identification system (simple numbering or unique indexing).  

2. Provision of a reading label for each of the entities (although the unique identifier of 

the entities of the ontology may look like a unique index (for example, "E00121" may 

correspond to the specialty "Software Engineering"), it is important that the ontology must 

facilitate the understanding of the data (their semantics)).  

3. Using proper names for identification (the problem is that these names can be 

repeated).  

4. The actual types of entities are an ambiguous concept, and they must be reflected in 

the ontology using classes. The problem is that these types are unknown in advance, and each 

entity can belong to more than one type.  

5. Even initially, complete and correct data, due to the peculiarities of 

transformation/formatting, may contain so-called "noise" (empty cells, invalid links, extra 

spaces, line breaks, etc.).  

6. The same essence can be represented differently even in one data set. For example, 

the entity denoting the paradigm of object-oriented programming can be represented as: 
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"Object-oriented programming", "Object-oriented programming", "Object-oriented", "OOP", 

etc. d.  

7. The proper name can change. That is, even in unified data, the same entity can be 

described differently, in different places.  

The following ways are offered to solve the above problems:  

1. Composite key. Accompanying information can provide additional context to 

unambiguously define the essence and prevent duplication or loss of factual links.  

2. Determination of parameters manually.  

3. The use of dictionaries allows you to configure the program (in particular, for the 

translation, processing, and use of tabular data), for example, to define the list of "garbage" or, 

on the contrary, mandatory data, abbreviated, alternative names, etc.  

4. Identification of logical data. With a small number of possible values and the 

keywords and symbols (Yes/No, True/False or +/-), the column can be identified as logical and 

its value can be used as belonging/non-belonging to the class presented in its header.  

5. Identification of the central column (with entity names). Most tables contain a 

column whose values are the names of the described entities. To determine such a column, you 

can use the method when such a column is defined as the leftmost column with the maximum 

number of unique (non-numeric) values.  

6. Step-by-step analysis of tables (tabular data of a complex structure), supplementing 

each subsequent stage (for example, metadata analysis, vertical analysis, horizontal analysis) 

with the findings of the previous one.  

7. Using the previously created ontology as the "standard". An ontology created 

manually or based on data from a verified source can be a "standard" against which the 

generated ontology will be compared. Having reached a complete match by improving the 

algorithm, you can continue testing by gradually degrading the source table to check the 

algorithm's robustness to errors.  

8. Post-analysis. Analysis of textual information (labels, comments, description, value 

of data properties) to create object relationships between entities and additional ontology 

enrichment.  

9. Combining data sets when a dictionary of <key-value> pairs is used as a link between 

two or more data sets. This approach can be a tool for creating ontologies from two or more 

tabular data sets.  

10. Adding data to the existing ontology. Using an existing ontology file, you can create 

a knowledge graph for tabular data. For example, the reference ontology can be used for the 

validation of lower-quality tabular data, which will supplement the ontology with new 

knowledge [15], [16].  

In this way, it is possible to combine different data sets, creating unique ontologies 

(networks of ontologies) for solving various practical, for example, interdisciplinary problems. 

INTEGRATION OF TABULAR DATA SEMANTICS IN ONTOLOGICAL 

MODELING 

Integration of tabular data semantics involves the formation of a single content space for 

the perception, interpretation, and application of data regardless of their presentation format 

and structure. The purpose of such processes is the same interpretation of all data elements 

obtained from various sources and components of a specific unified information structure.  
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One of the problems in this process is the formation of criteria for the semantic integration 

of data sets, which can be used to assess the possibility or impossibility of combining their 

content and resolve semantic conflicts between data sets subject to integration in the process of 

ontological modeling educational content of information learning system (based on tabular 

data) [6], [8]. Among such semantic conflicts, the following can be distinguished in particular 

[17], [18]:  

– An ambiguity conflict occurs when two concepts look the same but are essentially 

different, for example, the concept of "obligations".  

– The metrics conflict occurs when the same quantities are measured by units of different 

systems, for example, using different measures of weight (kg or pounds) to determine the 

weight of the same product.  

– Conflicts of names occur when the naming systems of concepts and objects are 

fundamentally different.  

– This often manifests itself in the appearance of synonyms and homonyms.  

Semantic integration of tabular data based on ontologies. One of the approaches to the 

integration of tabular data semantics is integration using ontological models, which involves 

the use of a thesaurus and metadata and takes into account a wide range of different aspects of 

tabular data semantics.  

The ontology should be considered as a holistic formalized specification of a specific 

software product, which should ensure the exact interpretation of knowledge about this software 

product. When integrating data, the object of the description presented by means of an ontology 

is a specific information resource [19], [20], [21].  

Therefore, it is advisable to talk about data ontology (including tabular data of different 

nature, obtained from different sources, and having both simple and composite structure).  

Semantic integration of tabular data based on ontologies involves defining:  

– the procedure for constructing and applying ontology (the role of ontology as a means 

of describing the semantics of tabular data affects the methods of its formation and 

presentation);  

– methods of displaying the semantics of tabular data in an ontology;  

– procedures for applying equality (identity) of concepts (in integration processes, 

depending on the specifics of the data to be integrated, equality may have various 

interpretations; in particular, such options as exact equality, partial coincidence, equivalence, 

similarity, etc. are used).  

Prototyping ontologies based on analysis and transformation of tabular data. Let us 

describe the operator for transforming arbitrary tabular data of a complex structure into an 

ontology as follows:  

Transformation: Tabular Data → Ontology 

For more convenient formal description of the step-by-step process of forming an 

ontology from tabular data (of educational content), let us present this transformation operator 

as follows:  

Tr: TD → Ont  

that tabular data (for a more precise display in the corresponding ontology) should be presented 

as tables in CSV format.  

The ontology being formed is an OWL ontology. The Tr operator has its reflection at each 

stage of the transforming of arbitrary tabular data of a complex structure into an ontology.  

𝑇𝑟 =  ⋃ 𝑇𝑟𝑖

3

𝑖=1
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where: 

– 𝑇𝑟1: 𝑇𝐷 → 𝑇𝐷𝑟𝑒𝑙, 𝑇𝐷𝑟𝑒𝑙 are the original tabular data presented (transformed) in 

relational form, 𝑇𝑟1 is the set of rules for converting the original tabular data of the complex 

structure, presented in CSV format, into the relational format; 

– 𝑇𝑟2: 𝑇𝐷𝑟𝑒𝑙 → 𝑂𝑀𝑆𝐴 , where 𝑂𝑀𝑆𝐴 is the ontological model of the subject area,  

–  𝑂𝑀𝑆𝐴 =  𝑂𝑀𝐶𝑜𝑛 ∪ 𝑂𝑀𝐴𝑥, where 𝑂𝑀𝐶𝑜𝑛  is ontological model of the subject area at 

the conceptual level (level of the concepts), 𝑂𝑀𝐴𝑥 is the ontological model of the subject area 

at the axiomatic level; 

 𝑇𝑟2 is the set of rules for transforming complex tabular data (of educational content) 

presented in relational form, into the corresponding subject area the ontological model (which 

is a description of the subject area at the level of concepts and axioms);  

– 𝑇𝑟3: 𝑂𝑀𝑆𝐴 → 𝑂𝑛𝑡, where 𝑇𝑟3  is the set of rules for transforming the ontological model 

into the OWL-ontology code. 

Description of the stages of the proposed approach. The formation of ontologies based 

on the analysis and transformation of tabular data of complex structure involves the following 

sequence of actions (stages):   

1. Analysis and transformation of arbitrary spreadsheets into a uniform canonical form  

2. Recognition of named entities and determination of cell types  

3. Obtaining ontology fragments (extraction of the ontological schema and specific facts)  

4. Aggregation of ontology fragments  

5. Generation of ontology code in OWL format  

The transformation performed at stage 1 includes the following phases: recognition, role 

(functional), and structural analysis. The tabular data used at this stage are presented in the 

following form:  

TD = <Drec, Rhead, Colhead >, 

where: 

– Drec is the complete data fragment describing specific data values (these are fields 

(columns) of records in the tables of the corresponding databases) ), belonging to the same data 

type supported by the corresponding databases management system. 

– Rhead is the set of database table row headers, i.e.  

– 𝐶𝑜𝑙ℎ𝑒𝑎𝑑 is the set of column headers of the database tables, i.e. 

𝐷𝑟𝑒𝑐 =  ⋃ ⋃ 𝐷𝑟𝑒𝑐𝑗

𝑖

𝑚𝑖

𝑗=1

𝑛

𝑖=1

 

Where 𝐷𝑟𝑒𝑐𝑗

𝑖  is the j-th consistent data fragment of the i-th database table; i is the database 

table number (i = 1, 2, …, n), j is the data fragment number in the i-th database table (j =1, 2, 

…, mi, where mi is the number of consistent data fragments in the i-th database table).  

𝑅ℎ𝑒𝑎𝑑 =  ⋃ ⋃ 𝑅ℎ𝑒𝑎𝑑𝑙

𝑖

𝑝𝑖

𝑙=1

𝑛

𝑖=1

 

Where 𝑅ℎ𝑒𝑎𝑑𝑙

𝑖  is the header of the l-th row of the i-th database table; i is the database table 

number (i = 1, 2, …, n), j is the data row number in the i-th database table (l =1, 2, …, pi, where 

pi is the number of data rows in the i-th database table),  

𝑅ℎ𝑒𝑎𝑑
𝑖 =  {𝑅ℎ𝑒𝑎𝑑1

𝑖 , 𝑅ℎ𝑒𝑎𝑑2

𝑖 , … , 𝑅ℎ𝑒𝑎𝑑𝑝𝑖

𝑖 }  
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𝐶𝑜𝑙ℎ𝑒𝑎𝑑 =  ⋃ ⋃ 𝐶𝑜𝑙ℎ𝑒𝑎𝑑𝑘

𝑖

𝑑𝑖

𝑘=1

𝑛

𝑖=1

 

where 𝐶𝑜𝑙ℎ𝑒𝑎𝑑𝑘

𝑖  is the header of the k-th column of the i-th database data table; i – database 

table number (i = 1, 2, …, n), k – data column number in the i-th database table (l =1, 2, …, di, 

where di is the number of data columns in the i-th database table),  

𝐶𝑜𝑙ℎ𝑒𝑎𝑑
𝑖 =  {𝐶𝑜𝑙ℎ𝑒𝑎𝑑1

𝑖 , 𝐶𝑜𝑙ℎ𝑒𝑎𝑑2

𝑖 , … , 𝐶𝑜𝑙ℎ𝑒𝑎𝑑𝑑𝑖

𝑖 }  

The values in the header block cells are separated by a unique separator character, which 

represents hierarchical relationships between the headers.  

At this stage, pre-preparation of the tabular data presented in canonical form is performed 

for further processing, including, in particular:  

– correction of so-called "broken" Unicode characters;  

– removal of various "garbage" character values, except for letters and numbers;  

– decoding acronyms; removing multiple spaces;  

– identifying and removing units of measurement, etc. 

At the stage 2, the procedure of extraction and recognition of named entities contained in 

the cells of the canonical table of data base (resource of modern intelligent (or information 

system with elements of intellectualization) learning system) is carried out.  

For this, the libraries for natural language processing is used (e.g., Stanford CoreNLP, 

Stanford Named-Entity Recognizer (Stanford NER) [22], [23], [24]. Stanford NER:  

– marks words in the text that are names of objects;  

– defines a set of classes of named entities.  

– The determined typed cells are divided into:  

– cells with named entities (named-entity cells);  

– cells with literal values (literal cells).  

Such cell typing allows us to classify tabular data into different ontological levels (the 

level of class properties and specific instances) at the next stage of transformation.  

At the stage2, specific instances (axiomatic level of ontology) are extracted from the 

tabular data presented in canonical form based on Drec. In this case, only those cell values that 

contain named entities are taken into account.  

The task of the stage 3 is to obtain ontological fragments in the form of a set of classes, 

their relations and property-values, and specific instances (facts) describing a particular subject 

area, based on the analysis and transformation of tabular data presented in canonical form.  

To obtain ontology fragments, it is first necessary to extract an ontological schema (the 

terminological level of the ontology) from the prepared tabular data based on the row and 

column headers.  

In this case, heuristic rules for transforming tabular data are used. Such rules have also 

been developed for the situation when the class structure is formed based on the labels in Rhead.  

The obtained header relationships are interpreted as relations between classes. The values 

for the property-values are established based on the records from Drec, which are defined as 

literal at the stage 3.  

The primary result of this stage is fragments of the ontological model. These fragments 

must be aggregated, including operations to clarify the names of classes, their properties and 

relations, their merging and splitting.  

The task of the stage 4 is to combine the obtained ontology fragments into a single 

aggregated ontology.  
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This model is intended for the unified presentation and storage of knowledge extracted 

from different information sources. Automatic aggregation of ontology fragments uses the 

following rules:  

– Classes with the same names are combined, forming the typical set of value properties, 

object properties, and instances.  

– Classes with the same names and property structure are deleted.  

– Classes with similar names are combined.  

– The obtained fragments of the ontological model Ont can describe the same objects or 

processes. It is proposed to use the term comparison method to determine the similarity between 

two class names.  

– Creation of new relationships between classes if there are classes and value properties 

of the same name. In this case, a new class with the name of the value property is created, and 

the value property of the same name is deleted.  

– Duplicate object characteristics between classes are deleted.  

– Duplicate value characteristics are deleted.  

Duplicate instances are deleted. 

The task of the stage 5 is to generate the ontology code in the OWL format [25]. 

The OWL code of the ontology is based on the obtained fragments of the ontology 

models. The generated OWL code of the ontology can be modified and supplemented using the 

ontology editor Protégé [26].  

Semantic interpretation of data tables involves [27], [28]:  

– annotating cells – matching cell values with entities (instances of classes) from the 

ontology;  

– annotating columns – matching individual table columns with semantic types (classes) 

from the ontology;  

– annotating relationships between columns – matching relationships between columns 

with properties from the ontology;  

– annotating the table – matching the entire data table with the specific class from the 

ontology (defining the table topic). 

Development of Subject Ontologies Based on Semantic Annotation of Tabular Data, 

This work proposes an approach to automatically extracting specific entities (facts) from tables 

and filling the corresponding ontology with them.  

Unique feature of this approach is the ability to support automated restoration of table 

semantics based on the subject area model (ontology at the terminology level). Due to this, it is 

possible to specify explicit semantic annotation for individual table elements (columns and 

relationships between them) and extract specific entities from cells. In this case, it is possible 

to solve two problems of semantic interpretation of tables: annotating columns and annotating 

relationships between columns.  

The approach has several limitations, in particular, it is focused on processing only 

relational tables presented in CSV-format. The proposed approach implements semantic 

annotation of columns and relationships between them, which consists of matching columns 

with specific types of characteristics, finding the most suitable type of concept based on them, 

and identifying of relationships between specific types of concepts.  

Approach stages:  

– Table preprocessing. At this stage, named entity recognition (NER) is performed for 

each cell in the source table. Specific NER labels of named entities are assigned to each cell in 

the source table, characterizing the data it contains. Depending on the assigned NER label, 

mentioned facts and value facts corresponding to the characteristic value type defined in the 
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subject area model are automatically extracted from the cells. At this stage, characteristic facts 

and concept facts can also be extracted from the cells.  

– Search for candidate types. For each column, a set of candidate characteristic types is 

formed, obtained from the subject area model based on specific mention facts and value facts. 

Columns for which facts were not extracted in the previous step are excluded from subsequent 

table processing.  

– Semantic annotation of columns. At this stage, the most suitable feature type from the 

set of candidates is selected for assignment to the column. This is done using a method 

consisting of a combination of the following heuristics:  

 Majority voting is a basic solution, which consists of assigning the most suitable 

type from the set of candidates to the column based on direct inference from the 

feature facts that were extracted for the column cells. Then, the frequency of 

occurrence of each candidate type is calculated.  

 Header similarity is a lexical comparison of the column header with the names of 

feature types from the set of candidates. If the column contains concept facts, the 

header name is compared not with the names of feature types from the set of 

candidates, but with the names of concept types that are associated with these 

feature types.  

 Feature grouping is a heuristic based on the fact that a table may have one or more 

columns in which some concept facts and feature facts have already been extracted. 

For each such column, the number of possible characteristics that are located in 

other columns and relate to this concept is calculated. Then the column with the 

maximum number of characteristics is determined.  

Based on these heuristics, a final assessment is determined that a specific type of 

characteristic from the set of candidates is the most suitable for annotating a table column.  

– Fact extraction. Based on the established column annotations, new facts-concepts, 

facts-values, facts-mentions, facts-characteristics of concepts are extracted from the table. In 

this case, the extracted facts-mentions include the value of the entire cell. Facts are extracted 

row by row from left to right. Facts-characteristics are created only for the leftmost categorical 

column in the table.  

If the same type of characteristic is defined as an annotation for several categorical 

columns in a table (for example, if a table has two columns with persons, and all other columns 

are defined as some characteristics of a person, then only for the facts-concepts from the first 

column the corresponding characteristics are created).  

In this case, identifying characteristics (names) are always extracted. Based on the 

extracted facts-concepts, all possible facts-connections defining the relationships between two 

concepts are also extracted from the table row by row. 

Ontologies developed based on tabular data (of educational content) can be described by 

various means. It should be taken into account that any ontology defines terms (concepts) and 

specifies logical connections between them. The semantics of the description of terms and 

connections is based, in particular, on:  

– the formalization, i.e. description of objects of the subject area using uniform, strictly 

defined samples (concepts, terms, models, etc.);  

– use of the limited number of basic concepts (entities), based on which all other 

concepts are constructed;  

– internal completeness;  

– logical consistency.  
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Ontologies are characterized by internal unity, logical interconnection and consistency of 

the concepts used. The process of data integration implies integration of their structure, syntax 

and semantics. Semantic integration of tabular data is based on the construction and processing 

of ontologies that ensure their joint use in the forming a single semantic space of integrated 

tabular data.  

An important aspect of semantic integration is determining the possibility of joint use of 

input tabular data sets.  

Semantic integration criteria provide the ability to determine and coordinate the 

constituent ontologies of input tabular data sets.  

Semantic data integration criteria can be formulated as a sequence of requirements for 

pairwise coordination of data ontology elements. Fulfillment of the entire set of requirements 

allows us to conclude that it is possible to integrate two data sets at the level of their content 

with the receipt of a semantically correct result. 

CONCLUSIONS  

This article analyzes the main problems of displaying tabular data of complex structure 

in an ontological model used to describe educational content in intelligent learning systems.  

It was proposed to analyze and process such data, including of hybrid methods for 

constructing ontologies, step-by-step analysis of tables, logical and heuristic approaches to 

identifying entities and key columns.  

The using of the proposed approach allows you to build an ontology on a specific topic 

of studying an academic discipline, using the same type of data from different sources. This 

approach will reflect different formulations of concepts, take into account different points of 

view and eliminate the subjective point of view of the particular source.  

Using semantic dictionaries, you can combine almost any data set into a single ontology 

for further solving various problems related to learning processes.  

Ontologies allow you to systematize knowledge, making complex concepts more 

accessible for understanding. Therefore, one of the considered methods of practical use of the 

methodology is the organization and management of educational processes at the university.  

The proposed approach provides simplicity and flexibility in working with tabular data, 

taking into account considering their structure and context.  

Based on the results of theoretical research, a software product has been developed that 

can process heterogeneous tabular data, identify, classify ontological entities, determine and 

establish their attributes, create ontological links and facilitate the identification of new 

knowledge.  

The practical results of the research confirm the relevance of developing mapping of 

tabular data of complex structure into an ontological model, reducing the time and resource 

costs of building ontologies and facilitating more efficient analysis of large volumes of 

information (e.g., educational content of intelligent (or information system with elements of 

intellectualization) learning systems).  

As a result of the research, key problems were identified and solutions were proposed. 

The practical significance lies in creating of tools for automating data processing and analysis 

and identifying new knowledge based on the use of ontologies, improving educational and 

management processes. 
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