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ABSTRACT 
 

Article is devoted to addressing the pressing issue of developing methods for identifying the 

implicit personal knowledge a specialist has acquired through their production activities. 
The paper examines the specifics of the practical implementation of existing approaches to 

formalizing an employee’s tacit knowledge, based on the processing of their specialized 

interviews’ text collections using natural language processing methods. As a result of the 

analysis, the author concludes that the methods of thematic modelling are the most 

reasonable way to identify latent parameters from texts. It is proposed to solve the problem 

of semantic ambiguity of terms in the texts of specialized interviews of employees by using 

contextualized models of normalization of natural language, implying the use of unified 

industry dictionaries. The paper also provides a generalized pipeline for identifying 

implicit knowledge proposed by the author. The materials of the work are applicable to the 

development of practical solutions designed to formalize implicit personal knowledge for 

their subsequent inclusion in a single body of corporate knowledge. 
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1. INTRODUCTION 
 

Effective identification and use of implicit personal knowledge is critically important for the 
competitiveness and innovative development of modern companies. This implicit knowledge, 

based on individual experience, plays a key role in the process of creating innovative ideas and 

products [1]. It is such knowledge that contributes to the uniqueness and differentiation of 
companies in the market [2]. 

 

Research shows that organizations that actively use implicit knowledge demonstrate higher rates 

of innovation and adaptability to change [3]. Effective management of implicit knowledge, which 
is demonstrated by such companies, contributes to the creation of a culture of knowledge sharing. 

This, in turn, increases the collective intellectual potential of the company [4]. 

 
In the context of globalization and increasing competition, the ability to extract value from 

implicit knowledge is becoming a strategic asset for organizations [5]. Therefore, the 
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development and implementation of knowledge management systems focused on the 
identification and use of implicit knowledge is a prerequisite for achieving a sustainable 

competitive advantage [6]. 

 

It should be borne in mind that implicit personal knowledge is difficult to formalize and convey, 
since it is based on personal experience, intuition, and skills. Therefore, the process of identifying 

such knowledge faces several difficulties, including its subjectivity, communication difficulties, 

and lack of motivation among employees to share their experiences. In addition, cultural and 
organizational barriers can hinder the exchange of such knowledge within companies. The 

purpose of the work is to review existing approaches to the formalization of tacit knowledge of a 

specialist based on the processing of collections of texts of his specialized interviews using 
natural language processing methods. 

 

Since the middle of the last century, the impact of innovation on the development of industrial 

technologies has increased dramatically. This has led to an increased interest among researchers 
in the very nature of the emergence of new technological ideas and innovations and the role of a 

particular employee in their creation. So, the model created by K. Arrow [7], E. Sheshinski [8] 

made it possible to link the process of increasing labor productivity with the accumulation of 
additional experience by company employees that arises when they perform their duties in the 

workplace. R. Lucas proposed an approach to assess the comparability of the impact of human 

and material capital on the innovation production process [9], and the model of R. Barro and X. 
Sala-i-Martin made it possible to describe the process of accumulation of human capital in a 

commodity product by taking into account previous technological transformations [10, 11]. 

 

At the same time, there was a process of structuring and categorizing the knowledge possessed by 
a particular employee. M. Polanyi was one of the first to conduct such work [2], who identified 

two types of employee knowledge: explicit (or traditional, understood, verbalized) and tacit 

knowledge (tacit knowledge), i.e. present in human activity in non-linguistic forms. A distinctive 
feature of implicit knowledge is that it is acquired through a person’s own experience, rather than 

through specialized training. Such knowledge, being at the subconscious level of the employee, is 

not presented verbally, is procedural and is based on a personal picture of the human world. 

According to Polanyi tacit, knowledge is mostly inaccessible to introspection, difficult to alienate 
from its bearer, and includes skills and a common everyday culture implemented by the employee 

in the form of uncreated behaviour. At the same time, implicit knowledge can be gradually 

transferred to other subjects in the process of communication and can also be acquired by the 
other party through personal experience. Tacit knowledge forms the basis of an employee’s 

creative potential and professional capabilities. Moreover, the higher the professional’s 

production and daily experience, the higher the proportion of implicit knowledge in his 
intellectual resource. 

 

Since tacit knowledge-based skills are difficult to fully describe verbally and explain analytically, 

the question of mastery of such skills can cause serious difficulties. Therefore, F. von Hayek 
proposed that knowledge that can be used by a person in making decisions and performing 

actions should be classified as personal implicit knowledge in the first approximation [12]. 

According to F. von Hayek personal implicit knowledge cannot be formalized and therefore 
cannot be stored or transferred to another person, since it loses its value as the time gap between 

the occurrence of a choice situation and decision-making increases. However, it was this 

approach that made it possible to further determine the way to evaluate and formalize personal 
implicit knowledge through a systematic analysis of specific situational decisions of the 

employee using them. Based on this, the personal subjective implicit knowledge of an employee 

can be objectified and clarified through a systematic study of the cause-and-effect relationships of 

human activity and its verbal and cultural environment [13]. The resulting result of the 
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formalization of implicit personal knowledge can be integrated into explicit scientific knowledge 
[14]. In this case, the methods of indirect situational assessment and correlative analysis. The 

methodological basis for such work can be the spiral model of information transformations 

proposed by I. Nonaka [15].  

 
Researchers of corporate knowledge have developed a firm belief that a company’s 

competitiveness is determined primarily by implicit knowledge [16], and companies are ready to 

spend more money on their formalization. Therefore, today one of the most pressing issues of 
building corporate governance systems is the search for approaches based on which it is possible 

to conceptualize the implicit knowledge of employees in the general structure of scientific and 

technical descriptions of production processes.  
 

A significant part of the created methods for the formalization of implicit personal knowledge is 

based on many personal and collective interviews and tests of employees, which allow for step-

by-step procedures for detecting and step-by-step clarifying elements of this knowledge. Since 
these procedures are quite expensive and by themselves do not guarantee a significant economic 

effect, the total application of methods for identifying personal implicit knowledge of employees 

to improve the efficiency of production processes at the turn of the 20th and 21st centuries were 
replaced by the introduction of highly automated technologies that gradually displace the 

employee from the production cycle. This meant that many companies, when switching to recent 

technologies, preferred to manage explicit knowledge, which was easier to accumulate and store.  
 

The current total transition to highly automated technologies based on the widespread use of 

artificial intelligence elements can lead to serious staff reductions in companies and large losses 

of employees’ personal implicit knowledge. Thus, research shows that by 2033, up to 47% of 
workers from the United States will be replaced by automated research complexes [17], and a 

comparable situation is typical for other developed countries [18, 19]. Moreover, the situation 

with mass displacement of workers from all spheres of production and service is typical not only 
for low-skilled workers [20], but also and for highly qualified specialists [21]. 

 

The possible scale of loss of personal implicit knowledge of employees being laid off during the 

transition to Industry 4.0 technologies is large, but not all personal implicit knowledge of 
employees can be applied in the context of using automated technologies. This suggests the 

relevance of conducting research aimed at automating the work on formalization, evaluation, and 

consolidation of critical personal knowledge of employees in the intellectual capital of the 
company.  

 

The results of the work described in this article can be practically applied in the creation of 
integrated automated corporate knowledge management systems. 

 

2. METHODOLOGY 
 

One of the effective methods designed to identify, conceptualize, and structure implicit 
knowledge that often remains inaccessible to traditional methods of analysis is the creation of 

cognitive maps. A cognitive map is a mental map of the reality surrounding an individual, 

allowing them to navigate, predict the results of their actions, and choose tactics and strategies for 
behaviour. It contains descriptions of the elements of reality (objects, facts, phenomena) and the 

interrelationships and relationships between them [22]. In this regard, the cognitive map is a 

model of an expert’s knowledge about an observed phenomenon, created in the form of an 

oriented graph defining causal relationships (W, F), where W = |wij| the adjacency matrix of the 

graph; wij ∈ [−1, 1], F is a set of specific parameters describing the phenomenon; F = fi, i = 1, 

...n; moreover, for each parameter fi , a set of values Xi is defined. 
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Cognitive maps allow you to visualize individual and collective representations of knowledge. 

This contributes to a deeper understanding and organization of corporate knowledge [23]. A deep 

understanding of knowledge helps to identify the connections between different concepts, which 

contributes to a more rational solution of production tasks within the organization. Research 
shows that the formalization of knowledge in the form of cognitive maps serves as a tool for 

learning and knowledge transfer in teams, improving team communication processes. In addition, 

the use of cognitive maps helps to identify knowledge gaps and areas requiring additional 
training [24] and allows organizations to adapt more effectively to changes and innovations [1]. 

 

The process of identifying personal implicit knowledge using cognitive maps is based on the 
search, identification, and formalization of hidden (latent) objects and relationships that are 

unknowingly found by an employee during the performance of his work duties to facilitate his 

actions. 

 
From the point of view of computer science, the process of identifying personal knowledge is 

based on a consistent chain of information transformations 

“Data→Information→Model→Knowledge→Competencies” [25] is the extraction of explicit 
knowledge from arrays of latent information [26, 27]. Latent is information hidden inside other 

information, the generalization of which is latent models described through latent variables [28, 

29]. 
 

The source of raw data used to build cognitive maps of employees, suitable for building on their 

basis a corporate system of formalization of personal implicit knowledge, is a systematic series of 

interviews. In the process of interviewing employees, information text arrays are created with the 
aim of collecting the employee’s actual knowledge about possible latent objects and relationships 

used by them in their activities in the form of a set of facts F1, F2, ...Fn and a set of observed 

relationships OL1, OL2, ...OLn. 
 

Based on the collected facts, the most complete latent model of the phenomenon is generated, 

describing these facts using the identified latent objects LO1, LO2, ...LOn and latent connections 

LL1, LL2, ...LLn (see Figure 1). 
 

 
 

Figure 1. The scheme of the primary accumulation of facts and the creation of a latent model necessary for 
the extraction of implicit personal knowledge 

 

The recorded descriptions of facts characterizing some implicit knowledge are incomplete. 

Therefore, the construction of a latent model based on a fixed set of descriptions of phenomena 
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that uniformly explains various facts can be considered as one of the forms of extracting implicit 
knowledge. And if the set of facts F is insufficient, then it is impossible to gain new knowledge. 

 

In this regard, when conducting interviews, they try to collect the maximum amount of 

information about the phenomenon being recorded. At the same time, it is necessary to try to 
ensure that newly identified facts containing traces of new knowledge are connected as much as 

possible (through objects and relationships) with the existing subject description of similar 

phenomena. Therefore, during the interview period, the employee tries to obtain the maximum 
possible amount of textual information describing elements that in one way or another define new 

implicit knowledge and connect this knowledge with explicit corporate knowledge previously 

described. Special attention is paid to information objects that describe the general essence of 
phenomena that contain traces of implicit knowledge and argumentation of the employee, 

highlighting certain innovations used by him in his work. 

 

A generalized pipeline for detecting implicit knowledge can be described in the form of a 
sequence of actions shown in Figure 2. 

 

 
 

Figure 2. Generalized pipeline identification of implicit knowledge 

 

Employee interview questionnaires aimed at formalizing implicit knowledge using cognitive 

maps are structured tools designed to identify and systematize knowledge that may not always be 
explicitly expressed. The formation of such questionnaires includes the stages of a preliminary 

analysis of the subject area, the definition of key topics and concepts, as well as the development 

of questions that contribute to the disclosure of subjective experiences and opinions of 
respondents. The questions can be both open and closed, which makes it possible to obtain both 

qualitative and quantitative data necessary for constructing cognitive maps. In the process of 

creating the questionnaire, it is important to consider the context of the respondents’ work and the 

specific aspects of their professional activities. This contributes to a deeper understanding of their 
knowledge and experience. Testing and refining questionnaires based on feedback from pilot 

interviews increases their effectiveness and relevance [30]. Correctly constructed interview 

scenarios allow you to quickly conduct semantic localization of fragments of implicit knowledge 
and collect the necessary material for further analysis.  

 

The process of further automated processing of the collected text collections is conducted using 
Natural Language Processing (NLP) methods and tools in terms of Natural Language 

Understanding (NLU), which consider texts as a system of linguistically and semantically 

interrelated objects (words).  

 
Use of latent models for these purposes makes it possible to consider factors that are not directly 

observable. Today, an extensive mathematical apparatus has been developed for the purposes of 

latent analysis. Among the most effective methods used to work with latent variables are factor 
analysis, hidden Markov process models, and latent class models. These methods help to identify 

structures and patterns in data that are not obvious when using traditional analytical approaches. 

For example, factor analysis makes it possible to reduce the dimension of data and identify key 

latent factors affecting the observed variables [31]. Models of hidden Markov processes are used 
to analyse time series, allowing to identify hidden states of the system [32]. Latent class models 

help classify objects based on their similarity to latent variables.  
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Next step of fixing implicit personal knowledge, the process of identifying and resolving 
contradictions between the generated latent model and the previously constructed explicit 

corporate knowledge model takes place. After that, the newly identified latent model is integrated 

into the existing model, expanding it and creating the basis for the formulation of explicit 

knowledge. The data obtained is then analysed using methods of qualitative and quantitative 
information processing, which makes it possible to visualize cognitive maps and identify the 

relationships between various aspects of knowledge [24].  

 
At the same time, it should be borne in mind that the information received from the interviewed 

specialist may not only contain a large amount of information about already known and actively 

used knowledge. 
 

3. RESULTS 
 

To simplify the procedures for identifying traces of innovative knowledge acquired by an 

employee because of production activities, it is necessary to use approaches that make it possible 
to distinguish innovative personal knowledge of a specialist from already known and used in the 

company. It seems possible to base such actions on the premise that implicit knowledge can be 

characterized as a volatile mixture of practical experience, individual values, contextual 
information, and intuition, which creates the basis for evaluating and combining new experiences 

and current information [5]. This makes it possible to propose the following compositional 

structure of a specialist’s personal knowledge (see Figure 3). 

 

 
 

Figure 3. The compositional structure of a specialist’s personal knowledge 

 

The explicit knowledge of a specialist is the totality of all knowledge known to him about the 

subject of labor and methods of its production. This knowledge is acquired by him during the 
cycles of specialized training and by studying the necessary production documentation. They are 

formalized in the form of training course materials and production guidance documents. The 

specialist’s possession of them is confirmed by passing the appropriate certification procedures 
necessary for admission to certain types of work conducted by an employee at his workplace. 

This knowledge is divided into detailed descriptions of the objects of labor on which (and with 

which) production operations are conducted and technological knowledge containing structured 

information about the chains and interrelationships of actions conducted by the employee. 
 

Implicit knowledge is non-verbalized innovation that is consistently used by an employee in 

conducting production activities to optimize his production efforts. Although this knowledge is 
not documented, an employee can generate it personally or obtained through observation or 

communication with other employees. 



Computer Science & Information Technology (CS & IT)                                                  19 

 

 
Based on the fact that almost all elements of an employee’s explicit production knowledge have a 

clear documentary description, it can be argued that the presence of undescribed statements in the 

interview texts (obtained when creating cognitive maps) may signal that these statements may be 

fixed descriptions of a latent model (see Figure 1), which forms the basis of the process of 
identifying explicit knowledge.  

 

The methodological basis for further analysis is the understanding that texts generated in natural 
language assume a different (but definite) occurrence of words in the text. Moreover, the most 

frequent use of certain groups of words may indicate their importance for a particular document 

or group of documents [33]. A vector model of text representation is used for such studies [34]. 
VSM generation is performed by representing each word from the text being analysed as a 

multidimensional vector, the elements of which are the total number of words used in the entire 

sample [35]. 

 
In order to isolate the sets of contextual information from the interview texts that make up the 

statements describing the elements of the latent model, it is possible to use the basic premise of 

topic modelling that the presence of each specific word in a specific text document is due to the 
need for a detailed description in the text of a certain semantic topic, an integral part of the 

content of which is the word in question. At the same time, the process of analysing a document 

using thematic text modeling tools is based on the assumption that the occurrence of a particular 
word wi in a document dj is unambiguously justified by some topic tk from a certain set of topics 

T, and does not depend on the document itself dj, but is determined only by the general topic of 

the analysed text, but is determined only by the subject of the text, which can be described by a 

single probability distribution: p(w|t) = p(w|d, t). 
 

In this formulation of the studied collections of texts employee interviews (created with the aim 

of formalizing tacit knowledge) can be considered as a sample of triples (wi , di , ti), i = 1, ..., n 
from the discrete distribution p(w, d, t) on a finite set Cartesian products W DT whose elements 

are all possible ordered triples of the source elements.  

 

At the same time, in each of the considered triples, the words wi and documents di are observable 
variables, and specific topics from the total set of topics i are hidden (latent) variables that need 

to be determined. Each text analysed employee interviews can be represented as a discrete 

distribution on the set of the Θtd = pt|d, and each topic as a discrete distribution on the set of 
words ϕw|t = p(w|t).  

 

In this case, according to the total probability theorem, the following expression is valid: 
 

            (1) 
 

Then the task of constructing a thematic model for each specific interview, considering (1), can 

be reduced to determining p(wt) for all t ∈ T and p(td) for all d ∈ D.  

 

After that, using the assumption that the distribution of words in a particular collection is related 
only to topics, and not to documents, we determine the logarithm of the likelihood functional for 

the probability of the joint appearance of document d and word w in the analysed collection of 

interview texts D: 
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(2) 
 
in the presence of natural limitations 

 

                        (3) 
 

To solve the problem described by expression (2), it is possible to use the iterative two-step EM 

(Expectation-maximization algorithm) algorithm, which is used in solving mathematical statistics 

problems to determine estimates of the maximum likelihood of parameters, if the analysed model 
has an assumed dependence on several hidden variables [36].  

 

Having thus obtained for each analysed interview text of the employee dj a set of topics tk 
forming this document, each of which consists of a specific unchanging set of words wi, it 

becomes possible to identify a set of topics t characterizing the implicit knowledge of the 

employee acquired with experience (see Figure 3). This set will include topics that are not 
involved in creating documents that characterize the employee’s formalized explicit production 

knowledge. The set of innovative topics t that characterize implicit knowledge identified in this 

way can be subjected to operations to create consistent latent models for describing implicit 

knowledge (see Figure 1) and further formalization procedures for subsequent integration into a 
unified corporate knowledge system (see Figure 2). 

 

4. ANALYSIS OF THE RESULTS 
 
The materials presented above suggest that there is currently a wide range of computational 

methods that make it possible to process collections of employee interview texts in an automated 

manner, designed to formalize the implicit knowledge they acquired during their work. 

 
By consistently conducting procedures for processing collections of interview texts using natural 

language processing methods to identify latent parameters and topics, it is possible to create 

consistent models of descriptions of personal innovative knowledge acquired by an employee. 
The resulting formal descriptions of implicit personal knowledge can be added to the general 

body of corporate knowledge, suitable for further use in production purposes. 

 
At the same time, it should be borne in mind that in the formalized interview procedures 

conducted to create cognitive maps, we are dealing with a significant simplification and 

schematization of phenomena. Therefore, the description of phenomena obtained using them, 

based on which implicit knowledge is formalized, is not an exact copy of reality, but remains a 
simplified adapted reflection of it. In this regard, it can be argued that the formalization of 

implicit knowledge in this case occurs within the framework limited by the semantics of the 

issues discussed in the interview. In order to use the interview results to achieve the most 
adequate representation of the parameters describing the employee’s implicit knowledge, it is 

necessary to develop an interview scenario that is most targeted at both the specific specialist 

being interviewed and the needs of a specific enterprise interested in obtaining personal 

innovative knowledge in very specific areas. 
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Therefore, to increase the effectiveness of using the presented approach to automated processing 
of employee interview results to formalize their implicit knowledge, these actions should be 

preceded by procedures for the semantic representation of their explicit knowledge. 

 

The identification of implicit personal knowledge of employees formed during production 
activities requires a systematic approach, which can be achieved through the creation of a unified 

semantic description of the company. This description serves as the basis for structuring and 

interpreting the entire body of knowledge used by the company, ensuring their integration of the 
employee’s formalized personal knowledge into the context of the organizational environment. 

 

The use of a subject-specific ontological description for the purpose of systematizing corporate 
knowledge makes it possible to formalize corporate knowledge, which contributes to its more 

effective extraction and application in various business processes. According to research 

conducted in the field of knowledge management, the presence of a unified ontology significantly 

improves communication between employees and reduces the likelihood of information loss [37]. 
In addition, the creation of a unified semantic space contributes to a deeper understanding and 

interpretation of implicit knowledge [1]. It is important to note that without such a structured 

approach to describing corporate knowledge, the processes of identifying implicit personal 
knowledge of employees may turn out to be fragmented and ineffective. Therefore, the 

formalization and integration of implicit personal knowledge of employees within a single 

semantic description is a prerequisite for their successful use in the organization. 
 

Another major problem that arises when processing employee interview collections when 

formalizing implicit personal knowledge is the problem of lexical ambiguity. This problem is 

related to the fact that different semantic meanings of words can lead to incorrect interpretation of 
information extracted from interview texts. Lexical ambiguity makes automatic semantic 

processing difficult, since computational algorithms may not consider the context in which 

ambiguous terms are used due to the limited volume of the analyzed content [38]. To solve this 
problem, it is necessary to use contextualized models of natural language normalization that can 

consider the specifics of professional terminology and the situation in which communication 

takes place. This approach will significantly improve the accuracy of interpretation of implicit 

knowledge, allowing models to adapt to different contexts. In addition, the introduction of a 
unified corporate ontological description of knowledge can help resolve ambiguities by creating 

structured representations of knowledge that consider the relationship between terms. Also, to 

solve the problem of lexical ambiguity, it is advisable to apply approaches to data annotation that 
make it possible to identify and clarify the meanings of terms depending on the context. 

 

5. CONCLUSIONS 
 

The article provides an overview of approaches to automating the processes of identifying and 
formalizing personal knowledge of employees based on the semantic analysis of text collections 

of their specialized interviews, as well as the specific features of the methods used in this process. 

As a result of the conducted research, the following conclusions can be drawn that are important 
for the further development of practical ways to formalize implicit knowledge necessary to create 

effective approaches to the structured description of corporate knowledge [25]: 

 
1. the processes of identifying and formalizing implicit personal knowledge of employees 

can be based on the semantic analysis of collections of texts of specialized interviews 

using methods of detecting latent parameters using methods of thematic text modelling, 

2. the greatest effectiveness of the processes of identifying implicit knowledge is achieved 
when conducting a preliminary semantic description of the explicit knowledge of the 
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employee, mastered by him during the period of preliminary training and study of 
working documentation, 

3. solving the problem of semantic ambiguity of terms in the texts of specialized interviews 

of employees can be based on the use of contextualized models of normalization of 

natural language, implying the use of unified industry dictionaries. 
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