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ABSTRACT 
 
This article addresses the pressing issue of developing methods for transferring corporate knowledge 

during the transition to highly automated technologies based on the use of effective knowledge 

representation models. The paper examines the practical implementation of existing approaches to 

model-based knowledge representation. As a result of the analysis, the author concludes that semantic 

models are the most effective way to represent corporate knowledge when preparing for the transition 

to highly automated technologies. Since the key process of semantic representation of corporate 

knowledge is the creation of subject ontologies, the author proposes schemes for implementing such 

processes, oriented towards different types of companies, and provides a description of the procedures 

carried out at various stages of these processes. The materials of the work are applicable for the 

development of practical methods for representing corporate knowledge, including when transitioning 

to highly automated systems. 
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1. INTRODUCTION 
 

In the context of the widespread transition to Industry 4.0, one of the key tasks is the effective 

preservation and management of corporate knowledge [1]. However, flaws in the 

synchronization of knowledge management systems that arise during the transition to highly 

automated technologies can lead to a loss of competitive advantage and a decline in the 

innovative potential of companies. Research shows that such mistakes can cause a decrease in 

the productivity of newly implemented technologies, which in turn leads to a 20-25% 

reduction in planned profits [2], while ineffective knowledge transfer procedures lead to 

repeated costs for training and adapting employees, reaching up to 30% of the total training 

budget. In addition, the loss of critical information that occurs when knowledge is incorrectly 

transferred to highly automated systems can hinder further innovation processes, potentially 

reducing the company’s market share [3]. Thus, improper management of knowledge transfer 

in the context of the transition to Industry 4.0 technologies can result in losses for companies 

and pose a serious threat to their sustainable development [4]. 

 

The main gaps in the development of knowledge transfer mechanisms in highly automated 

systems are the insufficient integration of interdisciplinary descriptions of subject areas, the 

limited adaptability of existing models to dynamic conditions, and the lack of effective 

methods for verifying and validating knowledge. These limitations prevent the full potential 

of automated systems from being realized and require work to be done to create universal 

knowledge transfer mechanisms. In this regard, there is currently a high demand for work on 
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creating a methodology for describing corporate knowledge that ensures the smoothest 

possible transition to highly automated technologies. 

 

A lot of research has been done on creating mechanisms for describing knowledge in 

automated systems. One of the first works in this area is by I. Nonaka and H. Takeuchi, who 

described the process of knowledge creation in organizations [1]. T. Davenport and L. Prusak 

also made a significant contribution by researching knowledge management and its impact on 

organizational effectiveness [2]. Other authors, such as M. Alavi and D. Leidner, have 

explored the impact of technology on knowledge management [5]. Important work has also 

been done by C. Choo, who studied internal knowledge transfer processes in organizations 

[4]. In addition, K. Sveiby researched methods for evaluating intangible assets and their 

connection to knowledge management [6]. 

 

The studies conducted emphasize the importance of creating effective interdisciplinary 

mechanisms for transferring knowledge to automated systems. At the same time, researchers 

unanimously agree that one of the most significant factors in organizing the process of 

effectively transferring knowledge to highly automated systems is the procedure for creating a 

knowledge representation model. 

 

A properly created knowledge representation model allows corporate information to be 

structured, categorized, and organized correctly. This contributes to more accurate and faster 

retrieval of the necessary data, as well as the effective use of automated procedures. In 

addition, adequate models help reduce uncertainty and increase the reliability of decision-

making in a dynamic environment, as well as allow the integration of diverse sources of 

information, which is a key aspect for achieving system compatibility. The use of correct 

knowledge representation models also leads to the optimization of data processing and 

improved interaction between system components. 

 

At the same time, it should be borne in mind that, by the time of the transition to Industry 4.0 

technologies, many corporate information systems had not yet developed sustainable 

approaches to corporate knowledge modelling. In this regard, before starting work on the 

transfer of knowledge to highly automated systems, it is necessary to develop the most 

appropriate approach based on an analysis of existing solutions for creating knowledge 

description models. 

 

The purpose of the work described in the article is to conduct a comparative analysis of 

possible models of knowledge representation, identify their positive and negative qualities, 

assess their applicability for creating procedures for transferring corporate knowledge to 

highly automated systems, and formulate proposals for creating the most reasonable methods 

for such representation. The results of this study will be of interest to companies planning to 

transition to highly automated Industry 4.0 technologies, as well as organizations seeking to 

increase their competitiveness by improving the efficiency of corporate knowledge utilization. 

 

2. METHODOLOGY 
 

The choice of knowledge representation model in corporate information systems is 

determined by the need to ensure uniformity and simplicity of knowledge representation. 

Uniformity of representation facilitates the integration of different data sources and reduces 

the likelihood of errors [7]. The ease of understanding knowledge provided by intuitive 

models contributes to more effective interaction between users and the system and increases 

the “level of acceptance” of information technology in the company [2]. 
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Several models of knowledge representation have been developed: logical model, frame 

model, production model, and semantic model. 

 

The logical model of knowledge representation is an abstraction that describes the structure 

and relationships in terms of logical expressions and relations. The formal description of 

knowledge underlying the logical model can be represented as: 

 

 
 

where B is a set of basic elements that make up the alphabet of knowledge representation, S is 

a set of syntactic rules that allow correct relationships to be generated and adequate 

expressions to be constructed on the basis of basic elements, A is a set of adequately 

generated statements, and P is a set of semantic rules that allow new adequate statements to 

be generated.  

 

One of the main advantages of the logical representation model when used for knowledge 

transfer purposes is its ability to provide a high degree of independence from physical 

implementation. This simplifies the process of changing the structure of the knowledge being 

described [8]. Among the weaknesses is the difficulty of interpreting logical expressions for 

users who do not have specialized knowledge. This can limit the accessibility of information 

both during the transfer period and during further use [9]. In addition, a logical model may be 

less effective in processing large amounts of knowledge compared to physical models, which 

can negatively affect the performance of information systems [10]. Nevertheless, in some 

cases, the use of logical models remains relevant due to their ability to maintain the integrity 

and consistency of knowledge [7].  

 

A frame model of knowledge description is a structure based on the concept of representing 

objects as a set of attributes and their values, which serve to organize information about 

objects, events, and situations as hierarchically related objects. The basis of this 

representation is a frame, which is usually understood as the following structure: 

 

f [⟨v1, g1⟩, ⟨v2, g2⟩, … ⟨vk, gk⟩] 
 

where f is the name of the frame, 〈vi, gi〉 is the i-th element of the frame, vi is the name of the 

i-th element of the frame, and gi is its value. Thus, a frame is a complete structure that, when 

all its elements are filled in, describes a fact. This allows for the modelling of extremely 

complex knowledge structures [11]. A significant advantage of representing knowledge in the 

form of frames is the ability to include assumptions and expectations in the description. This 

is achieved by assigning default descriptions of a whole set of different situations to frame 

slots. Another strength of the frame model of knowledge description is its ability to 

encapsulate knowledge and ensure contextual coherence. This greatly simplifies the process 

of information processing and generating conclusions based on it [12]. Among the 

disadvantages of frame representation is its limitation in representing dynamic changes and 

complex relationships between the objects being described. Another serious disadvantage of 

the frame model of knowledge representation is that frames can be prone to problems with 

generalization and specificity. This seriously complicates the modelling of more abstract 

concepts [13] and limits the universality of representation [14]. 

  

The production model of knowledge representation is based on the use of rules [15]. This 

model describes knowledge using so-called production rules, which are essentially programs 

consisting of a single operator of the form 
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IF <condition>, THEN <action> 

 

This model allows knowledge to be described and processed effectively, providing flexibility 

in conclusions and adaptability [16]. Among the strengths of the production model are its 

modularity and ease of updating rules. This facilitates the integration of new knowledge [17]. 

The disadvantage of this model is potential performance issues with many rules and the 

complexity of managing conflicts between them [18]. In addition, production systems can 

suffer from insufficient expressiveness in describing complex interactions between objects 

and their states [14]. 

  

The semantic model of knowledge representation describes a subject area as a set of objects 

and the relationships between them. When using this approach, a specific subject area is 

described by creating a semantic network, which is a graph in which a set of vertices 

corresponds to the objects being described (concepts, events, processes), and a set of arcs 

corresponds to the relationships between objects. 

  

This representation of knowledge allows information to be effectively structured and 

interpreted [19]. One of the main advantages of the semantic model of knowledge 

representation is its ability to express complex relationships and hierarchies. This contributes 

to a better understanding of the information environment [20]. A significant disadvantage of 

semantic knowledge representation models is the high computational complexity when 

processing large amounts of data [21]. In addition, semantic models require careful 

development and formalization of ontologies, which can lead to significant time and resource 

costs [22]. 

 

3. RESULTS 
 

Today, semantic knowledge representation models have become the dominant paradigm in 

highly automated industrial systems due to their ability to effectively integrate heterogeneous 

data. These models provide a high level of abstraction, allowing systems to extract meaning 

from data rather than simply storing it in a structured form [12]. In addition, semantic models 

improve interaction between different system components by providing a common language 

for describing knowledge. Another important aspect is the ability to automatically interpret 

and infer new knowledge, which is critical for creating real-time systems [23]. Modern 

semantic technologies, such as Resource Description Framework (RDF) and Web Ontology 

Language (OWL), allow the creation of flexible and extensible models, which makes them 

particularly attractive for dynamically changing production environments. Thus, with the 

widespread transition to Industry 4.0 technologies, semantic models are a powerful tool for 

improving the efficiency and adaptability of highly automated systems [22]. Ontologies are 

the main method of description and structuring when using semantic representation. Creating 

adequate ontologies for subject areas is a key task in the use of semantic models [24]. 

Building ontologies is a complex and time-consuming task. Therefore, numerous studies are 

being conducted to find common ways to improve the efficiency of this process, as well as on 

the creation of a variety of software tools for performing specific tasks. It should be noted that 

the type, representation, subject area, and other parameters of corporate information can vary 

significantly even for closely related companies. Therefore, effective ontologies for 

describing corporate knowledge can also differ significantly from one another. In this regard, 

the construction of each corporate ontology is largely a unique task that each company must 

solve. A generalized diagram of the automated process for solving such a task is a sequential 

execution of six consecutive steps (see Figure 1). 
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Figure 1. Key stages in the formation of ontologies based on the analysis and transformation of 

corporate information 

 

The stage of collecting relevant information sources is one of the most important parts of the 

process of creating a corporate knowledge ontology, the success of which determines the 

subsequent quality and applicability of the solution being created. The task of this stage is to 

select documentary sources that most fully describe the functioning of the company. 

  

Most companies today have and actively use centralized data repositories, including those 

organized as ECM (Enterprise Content Management) systems. These solutions contain a 

significant number of documents related to the company’s operations in their centralized 

repositories. However, a significant portion of corporate information is also distributed in 

specialized enterprise information systems that contain a significant portion of corporate 

knowledge and are not always connected to the company’s centralized repository [25]. 

  

The task of the data transformation stage to a canonical form is to organize the transition from 

documents with an arbitrary structure to a uniform text representation. This transformation 

includes the following phases: recognition, functional and structural analysis. This stage 

involves the removal of various “junk” (i.e., non-letter and non-number) character values, the 

removal of multiple spaces and text markup characters, the decryption of acronyms, the 

identification of units of measurement, and similar tasks. The task of the entity recognition 

and type determination stage is to perform the procedures of extracting and recognizing 

named entities contained in the texts processed at the previous stage. Currently, a significant 

number of productive tools have been developed to perform such actions. One of them is 

Stanford Named Entity Recognizer (Stanford NER), which is a powerful tool for automatic 

recognition of named entities in texts. It is based on machine learning methods and allows 

models to be trained on specific data in various fields. Stanford NER stands out for its high 

accuracy and flexibility in customization for specific tasks, as well as the availability of pre-

trained models for different languages. Analogues to Stanford NER include SpaCy, 

OpenNLP, and NLTK. 

  

The task of the ontology and fact extraction stage is to obtain ontological fragments in the 

form of a set of classes, their relationships, object properties, and datatype properties, as well 

as specific instances (facts) that describe a specific subject area based on the information 

obtained in the previous step. The generation of the desired ontology fragments is carried out 

in two sub-steps. First, an ontological schema is extracted from a set of texts reduced to 

canonical form. In this case, hierarchical relationships between headings are interpreted as 

object properties representing relationships between the classes being formed. In the second 

sub-stage, specific instances of named entities are extracted from the texts. The result of this 

sub-stage is fragments of an ontological model, which must then be aggregated, including by 

performing operations to refine the names, properties, and relationships of classes, as well as 

procedures for their possible separation or merging. 

  

The task of the actions performed at the stage of aggregating ontology fragments is to 

integrate the obtained fragments into a unified ontological model designed to represent and 

store knowledge extracted from various sources. As part of these actions, classes with 

identical names are merged and consolidated, followed by the formation of a common set of 

values for object properties and instances. Duplicate classes with identical property structures 

and names are removed. At the same time, it is proposed to carry out the procedure of 

merging classes with similar names using a method based on the Levenshtein distance, which 
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determines the degree of similarity between two class names [26]. If classes with the same 

name are found, new object properties are created. 

  

During the code generation stage, machine-readable ontology code is created based on the 

ontological model obtained (for example, in OWL2 DL format). After final “manual 

verification,” the OWL code of the ontological model representing corporate knowledge 

generated in this way can be supplemented or modified using ontological modelling editors. 

Approach to creating an ontological description of corporate knowledge described above is 

based on existing universal tools. Therefore, it can be argued that companies wishing to 

reduce the risks of knowledge loss when transitioning to highly automated systems can use 

the proposed sequence of actions to do the work themselves. 

 

4. ANALYSIS OF RESULTS 
 

It should be noted that the process of gradually creating ontologies based on primary sources 

provides a good quality description of objects and their relationships within the subject area 

under consideration, but this approach is quite labour-intensive. Therefore, creating a 

description “from scratch” in this way is only justified for ontologies describing small, rapidly 

developing areas of knowledge that are characterized by many innovative objects and 

relationships. For large companies with many technological processes, work centres, and their 

interrelationships, the process of step-by-step ontology creation based on primary sources 

may prove to be excessively labour-intensive [27] 

  

If it is possible to reuse typical description fragments, it seems reasonable to rely on the 

technology of constructing the ontology being created using primary blocks (patterns) [28]. 

The workflow for carrying out work according to this scenario can be presented in the form 

shown in Figure 2.  

 

 
 

Figure 2. The main stages of ontology formation based on the application of patterns 

 

At the pattern typification stage, elements and procedures for using typified fragments are 

categorized and structured to create an ontological model describing the process of designing 

technology for the subject area. When developing unified procedures for such technology, 

one can rely on the classification of objects used, proposed in the NeOn project. Based on 

this, the ontology of ontological design patterns can be used when implementing the 

technology (see Figure 3).  

 

 
 

Figure 3. Basic ontology design patterns 
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When creating pattern usage technology, consideration should be given not only to the 

possibility of reusing previously created patterns for describing corporate processes and 

objects (based on the use of pattern libraries), but also to the processes of creating new 

patterns and modifying them to consider the variability of their application context (see 

Figure 4).  

 
 

Figure 4. Technological scheme for creating ontologies based on the use of unified patterns 

 

To obtain high-quality results in ontological design when creating pattern libraries, all the 

features of the production and technological operations carried out at the company’s work 

centres, as well as all the interrelationships between them, must be considered as much as 

possible. To do this, the scheme for building ontology “from scratch” shown in Figure 1 can 

be used. At the same time, to minimize the labour costs of creating unique ontology 

fragments, it is necessary to “atomize” the description of production processes as much as 

possible. This will allow to identify the most frequently repeated fragments of descriptions 

that are suitable for formatting as standardized patterns suitable for multiple applications. At 

the same time, the process of creating a unified corporate subject ontology can be represented 

as the integration of separate ontologies of elementary subject areas, created based on a 

unified set of pattern libraries. In this case, the resulting ontology will be a unidirectional 

multi-connected graph. This will allow the creation of subject area hierarchies with multiple 

inheritance (see Figure 5), the application of which can be particularly effective in cases of 

multidisciplinary corporate knowledge. 

 

 
 

Figure 5. Example of integrating subject areas into a unified representation 

 

The proposed approach to creating a corporate ontology in the form of a node-based assembly 

of individual patterns, pre-developed with the characteristics of the enterprise’s technological 

processes in mind, will significantly accelerate the process of describing corporate knowledge 

to a level suitable for implementing knowledge transfer procedures in highly automated 

technologies. This will significantly reduce the risks of losing critical corporate knowledge 
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during the transition to Industry 4.0 technologies, as well as preserve the volume of 

knowledge that is not in demand in the updated technologies as potential for further 

technological innovations. 

  

The creation and further use of a structured representation of corporate knowledge, both for 

the specific task of transferring company data to highly automated systems and for supporting 

the entire business of the company, provides significant competitive advantages. However, it 

is more appropriate to work on the creation of ontological representations of knowledge using 

unified pattern technology within the framework of the concept of “open knowledge 

engineering,” which involves the creation of publicly available technological patterns and 

elementary technologies in subject areas, combining which it is possible to move on to the 

creation of both industry-specific and cross-industry technologies that can significantly 

facilitate the processes of widespread use of innovative knowledge. 

 

5. CONCLUSIONS 
 

The article discusses approaches to creating a knowledge representation model designed to 

ensure corporate knowledge preservation procedures during the transition to highly automated 

Industry 4.0 technologies. It proposes an approach to building corporate knowledge models 

based on the application of subject ontologies, which are constructed using universal patterns. 

The following conclusions can be drawn from the study, which are relevant for the further 

development of practical methods and techniques for preserving and effectively using 

knowledge during the transition to Industry 4.0 technologies: 

 

⎯ to create models for describing corporate knowledge intended to organize the 

transition to highly automated technologies, the most reasonable approach is the 

semantic representation of knowledge based on ontological representation, 

⎯ it is advisable to create complex ontologies describing multidisciplinary corporate 

knowledge by focusing on an approach based on the use of universal patterns, which 

are the most unified descriptions of ontological fragments of corporate knowledge, 

⎯ it is advisable to conduct the process of creating corporate ontological representations 

of knowledge in an open information space within the industry, which allows the 

expert competencies of a large number of specialists to be combined. 
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