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PAPER

Systematic Review and Framework for AI-Driven 
Tacit Knowledge Conversion Methods and Machine 
Learning Algorithms for Ontology-Based Chatbots 
in E-Learning Platforms

ABSTRACT
The conversion of tacit knowledge, which is deeply rooted in personal experience and often 
difficult to articulate, presents a significant challenge within knowledge management sys-
tems. Ontology-based chatbots offer a promising solution by leveraging structured knowledge 
representations and advanced natural language processing (NLP) techniques to facilitate this 
transformation. This paper explores the various methods and algorithms used in developing 
ontology-based chatbots, with a particular focus on their role in converting tacit knowledge 
into more accessible forms. Additionally, it provides a comparative analysis of the algorithms 
employed, highlighting their respective strengths and weaknesses. Ultimately, this study 
addresses the critical challenge of managing and converting tacit knowledge, with the aim of 
enhancing the overall effectiveness of knowledge management systems.

KEYWORDS
tacit knowledge, explicit knowledge, knowledge conversion, ontology-based chatbot, natural 
language processing (NLP), adaptive learning

1	 INTRODUCTION

Effectively transferring knowledge within knowledge management systems 
presents significant challenges, particularly when addressing the nuanced nature 
of tacit knowledge. While explicit knowledge—easily codified and disseminated 
through traditional e-learning platforms—can be shared efficiently, tacit knowledge, 
which includes insights, intuitions, and personal experiences, remains difficult to 
articulate and communicate. This complexity hampers effective knowledge transfer 
and hinders learning outcomes.
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The literature highlights this challenge, with Polanyi famously noting that “we know 
more than we can tell” [1], underscoring the inherent difficulty in articulating tacit 
knowledge. Further studies by Spender [2] and Nonaka and Takeuchi [3] emphasize 
that organizations often struggle to convert tacit knowledge into explicit forms, a process 
essential for fostering innovation and enhancing learning environments. Recent contri-
butions, such as those by Chen [4], Zhang [5], and EL Azhari [6], have explored the role 
of digital technologies in addressing this gap, highlighting how AI and machine learning 
can facilitate the capture and sharing of tacit knowledge. Overcoming this challenge is 
crucial for improving knowledge dissemination and ensuring that organizations can 
leverage their collective expertise to drive innovation and enhance learning outcomes.

This paper explores the methods and algorithms involved in developing ontology- 
based chatbots that facilitate the transformation of tacit knowledge into explicit 
knowledge within e-learning environments. Key objectives include examining the 
role of ontology development in capturing tacit knowledge, analyzing natural lan-
guage understanding techniques that enhance user interaction, and investigating 
adaptive learning strategies that tailor knowledge delivery based on user needs. 
Additionally, a comparative analysis of algorithms will be conducted to identify the 
most effective approaches for this conversion.

A distinctive aspect of this study is its comprehensive approach, integrating ontol-
ogy development, advanced natural language processing (NLP) techniques, and 
adaptive learning into a cohesive framework for enhancing knowledge management 
systems. By focusing specifically on the externalization phase of the SECI model, this 
study aims to provide innovative solutions to the practical challenge of converting 
tacit knowledge into explicit formats. This contribution not only addresses a criti-
cal gap in the literature but also offers actionable insights for improving e-learning 
environments, thereby facilitating more effective knowledge dissemination.

Through this examination of ontology-based chatbots, we seek to refine our 
understanding of tacit knowledge conversion and provide a robust framework that 
enhances learning outcomes. By integrating multiple methodologies, this study aims 
to improve knowledge management practices and the overall efficacy of knowledge 
transfer in educational settings.

2	 INTEGRATING	ONTOLOGY	DEVELOPMENT	AND	NLP	ALGORITHMS:	
A	COMPARATIVE	ANALYSIS	AND	CONCEPTUAL	FRAMEWORK

2.1	 The	proposed	conceptual	framework	for	ontology	development

Ontologies facilitate better organization and retrieval of knowledge, thereby 
enhancing decision-making processes within organizations. By providing a struc-
tured framework for knowledge representation, ontologies not only support effective 
knowledge sharing but also foster a deeper understanding of underlying concepts, 
ultimately improving the efficiency of knowledge management practices. This foun-
dational view underscores the importance of integrating ontological approaches in 
the development of intelligent systems for managing knowledge [7].

Our proposed framework for ontology development within e-learning platforms 
(see Figure 1) emphasizes the systematic transformation of implicit knowledge into 
explicit forms. Central to this process is a thorough domain analysis, which focuses 
on identifying and comprehending the essential concepts, entities, and relationships 
that define the domain’s landscape. This phase is not merely about gathering infor-
mation; it involves a collaborative effort with subject matter experts to ensure a 
nuanced understanding of the domain’s complexities.
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Through extensive research and dialogue, the framework aims to build a compre-
hensive foundation for ontology modeling. By uncovering the underlying structure 
and dynamics of the domain, it enables the creation of structured representations 
that capture and organize knowledge effectively. This structured ontology serves 
as a knowledge base, facilitating improved navigation, retrieval, and application of 
knowledge within e-learning environments.

Moreover, the framework supports ongoing refinement and adaptation as new 
insights and developments emerge in the domain. This iterative process ensures 
that the ontology remains current and relevant, fostering continuous improvement 
in e-learning content and delivery. Ultimately, by transforming tacit knowledge into 
explicit forms, our framework enhances the accessibility and utility of knowledge 
within e-learning platforms, fostering richer learning experiences and outcomes.

Once the domain analysis is complete, the next step is ontology modeling, where 
the identified concepts, entities, and relationships are formalized into a structured 
ontology. This process involves conceptualization, wherein classes, properties, 
and relationships are defined based on insights gained during domain analysis. 
Ontology modeling often uses ontology languages to represent the ontology formally. 
Additionally, instance population is performed to populate the ontology with specific 
instances and examples, further enriching its content and applicability.

Following ontology modeling, the ontology undergoes validation and refinement to 
ensure its accuracy, completeness, and relevance. Validation involves soliciting feed-
back from domain experts and evaluating the ontology against predefined metrics 
to assess its effectiveness in representing domain knowledge. Any inconsistencies or 
deficiencies identified during validation are addressed through iterative refinement, 
wherein the ontology is continuously revised based on feedback and evaluation results.

Integration with NLP techniques is another critical aspect of ontology-based chatbot 
development. This integration enables seamless communication between users and the 
chatbot by interpreting natural language inputs and mapping them to ontology concepts 
and entities. NLP algorithms are employed to process user queries effectively, enhance 
contextual understanding, and generate coherent responses aligned with the ontology.

Fig. 1. The proposed conceptual framework for ontology development
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2.2	 Ontology	construction	methods

RDF (Resource Description Framework), OWL (Web Ontology Language), and 
SKOS (Simple Knowledge Organization System) are three prominent ontology lan-
guages used for knowledge representation and conversion, particularly in the con-
text of tacit knowledge. Each language offers distinct features and capabilities that 
influence its suitability for tacit knowledge conversion in e-learning platforms. This 
section provides a comparative analysis of RDF, OWL, and SKOS, focusing on their 
advantages and limitations in facilitating tacit knowledge conversion.

Resource description framework. Resource description framework provides a 
simple and flexible model for representing knowledge using subject-predicate-object 
triples, known as RDF triples. This model allows for the creation of structured data 
graphs, making it suitable for capturing basic relationships between entities. RDF’s 
simplicity enhances its usability and facilitates the integration of diverse data sources. 
However, RDF’s limited expressiveness may pose challenges when representing 
complex knowledge structures. For tacit knowledge conversion, RDF can effectively 
capture basic relationships and contextual information but may fall short in han-
dling intricate knowledge domains that require advanced inference capabilities [8].

Web ontology language. Web ontology language is a more expressive ontol-
ogy language designed to represent complex knowledge structures, including rich 
class hierarchies, property constraints, and logical axioms. OWL provides formal 
semantics for defining ontologies, enabling automated reasoning and inference over 
the knowledge base. This expressiveness makes OWL well-suited for capturing the 
intricate relationships and constraints inherent in tacit knowledge. However, OWL’s 
complexity can lead to higher computational costs and longer development times. 
While OWL offers robust support for knowledge representation, its suitability for 
tacit knowledge conversion depends on the specific requirements of the domain and 
the available computational resources.

Simple knowledge organization system. Simple knowledge organization 
system is specifically designed for organizing and representing knowledge hierar-
chies, taxonomies, and thesauri. It provides a lightweight and intuitive framework 
for capturing conceptual relationships and classification schemes. SKOS simplifies 
the process of knowledge organization and retrieval, making it particularly suitable 
for structuring and organizing tacit knowledge elements. However, SKOS’s limited 
expressiveness may restrict its applicability for capturing complex knowledge struc-
tures and relationships. For tacit knowledge conversion, SKOS is effective in organiz-
ing and categorizing knowledge but may lack the inferential capabilities required 
for deeper semantic understanding [9].

The following Table 1 presents a comprehensive comparative analysis of RDF, 
OWL, and SKOS, three prominent ontology languages widely used in knowledge 
representation:

•	 OWL: Known for its highly expressive nature, OWL supports the definition of 
complex relationships and enables logical reasoning and inferencing, making it 
a powerful tool for detailed knowledge modeling. However, this expressiveness 
comes with a trade-off in terms of complexity and the need for specialized knowl-
edge to implement it effectively.

•	 RDF: RDF is a lightweight and flexible language designed for describing resources 
and their relationships in a simpler, graph-based format. It excels in facilitating data 
interoperability and integration across different systems but lacks advanced reason-
ing capabilities, making it less suitable for applications requiring deeper inferencing.

https://online-journals.org/index.php/i-jim


 130 International Journal of Interactive Mobile Technologies (iJIM) iJIM | Vol. 19 No. 1 (2025)

Seghroucheni et al.

•	 SKOS: SKOS is focused on representing structured vocabularies, such as taxonomies 
and thesauri, and is well-suited for managing simpler hierarchical relationships. It 
offers ease of use and simplicity but is limited in defining intricate relationships or 
providing inferencing, restricting its application to less complex domains.

Resource description framework, OWL, and SKOS are three prominent ontology 
languages used for knowledge representation and conversion, particularly in the 
context of tacit knowledge. Each language offers distinct features and capabilities 
that influence their suitability for tacit knowledge conversion in e-learning plat-
forms. This section provides a comparative analysis of RDF, OWL, and SKOS, focus-
ing on their advantages and limitations in facilitating tacit knowledge conversion.

Table 1. Advantages and limitation of ontology languages for knowledge conversion

Advantages Limitations

OWL •	 Highly expressive-Supports complex 
relationships and constraints

•	 Widely used in various domains

•	 Complexity can lead to higher 
computational costs and longer 
development times

RDF •	 Simplified model focusing on subject predicate 
object triples

•	 Good for simpler ontologies
•	 Easier to implement and query

•	 Less expressive compared to OWL
•	 May not handle complex relationships 

effectively

SKOS •	 Suitable for thesauri and classification schemes
•	 Easy to implement and understand

•	 Less expressive than OWL
•	 Limited in capturing complex knowledge

When evaluating OWL, RDF, and SKOS, three important criteria stand out: 
1) expressiveness, 2) ease of implementation, and 3) suitability for specific domains.

Expressiveness
•	 OWL: OWL exhibits the highest level of expressiveness, allowing for the repre-

sentation of complex relationships and detailed constraints necessary for sophis-
ticated knowledge models. Recent studies, such as those by Baker [10], highlight 
OWL’s capabilities in capturing intricate domain-specific knowledge.

•	 RDF: RDF offers moderate expressiveness, suitable for representing basic rela-
tionships but lacking the advanced features provided by OWL.

•	 SKOS: SKOS ranks lowest in expressiveness, primarily designed for simpler hier-
archical structures and basic relationships.

Ease of implementation
•	 SKOS: SKOS scores highest in ease of implementation due to its user-friendly 

design, making it accessible to users without extensive technical expertise. 
Research by D. Smith [11] indicates that SKOS is often favored in projects requir-
ing quick deployment and minimal complexity.

•	 RDF: RDF provides a moderate level of ease, requiring some familiarity with 
semantic web principles but remaining more approachable than OWL.

•	 OWL: OWL typically involves the greatest complexity in implementation, requir-
ing specialized knowledge and skills, which can be a barrier for many users. A 
study by K. Zhao [12] discusses the challenges faced during the adoption of OWL 
in various organizations.

Suitability for complex domains
•	 OWL: OWL is most suitable for complex domains, capable of managing intri-

cate relationships and supporting advanced reasoning. Recent research, such as 

https://online-journals.org/index.php/i-jim


iJIM | Vol. 19 No. 1 (2025) International Journal of Interactive Mobile Technologies (iJIM) 131

Systematic Review and Framework for AI-Driven Tacit Knowledge Conversion Methods and Machine Learning Algorithms for Ontology-Based Chatbots

Poveda-Villalón [13], emphasizes OWL’s effectiveness in sophisticated knowledge 
representation scenarios.

•	 RDF: RDF is suitable for moderately complex domains, providing foundational 
structures but lacking the depth needed for more intricate systems.

•	 SKOS: SKOS is least suitable for complex domains, as it focuses primarily on sim-
pler organizational frameworks and lacks the tools to handle complexity effectively.

Comparative analysis
•	 Expressiveness: OWL > RDF > SKOS
•	 Ease of Implementation: SKOS > RDF > OWL
•	 Suitability for Complex Domains: OWL > RDF > SKOS

2.3	 Natural	language	procesing	algorithms

Natural language processing algorithms play a pivotal role in facilitating tacit 
knowledge conversion within ontology-based chatbots. By analyzing and interpret-
ing user input, these algorithms enable chatbots to understand language nuances 
and extract relevant information for knowledge representation. This section explores 
several NLP algorithms commonly used for tacit knowledge conversion and pro-
vides a comparative analysis of their strengths and limitations.

Intent detection. Intent detection algorithms identify the underlying purpose 
behind user queries. The following are commonly used algorithms for this task:

•	 Support vector machines (SVM): SVMs are effective for classification tasks and 
are particularly useful for smaller datasets with clear margins of separation [14].

•	 Recurrent neural networks (RNN): RNNs are well-suited for processing sequen-
tial data but can face challenges related to long-term dependency issues [15].

•	 Transformers: Transformers use attention mechanisms to capture context and 
relationships in textual data, excelling in understanding complex user intents.

Entity recognition. Entity recognition algorithms identify and extract relevant 
entities or keywords from user input, helping to discern the context of the conversa-
tion. Common algorithms include:

•	 Conditional random fields (CRF): CRFs are effective for structured prediction 
tasks, capturing dependencies between sequential data [16].

•	 Deep learning models: These models combine neural networks with structured 
prediction techniques, offering high accuracy in entity recognition.

Context management. Context management algorithms ensure that the chatbot 
maintains a coherent understanding of conversation context, allowing for relevant 
responses. These algorithms are essential for managing the conversation flow, espe-
cially when users interact with the chatbot over extended sessions or revisit earlier 
topics. Key algorithms include:

•	 Memory networks: Memory networks store and retrieve contextual informa-
tion efficiently, enabling the chatbot to retain past interactions [17].

•	 Attention mechanisms: Attention mechanisms focus on relevant parts of the 
input sequence, enhancing the chatbot’s understanding of context and improv-
ing response quality.
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Comparative analysis: RNNs, transformers, SVMs, CRFs, deep learning 
models, memory networks, and attention mechanisms

Three key criteria emerge when comparing these algorithms: 1) context under-
standing, 2) processing efficiency, and 3) accuracy.

Accuracy
•	 Transformers: Demonstrate the highest accuracy across various NLP tasks due 

to their ability to capture complex patterns and contextual relationships. Studies 
by Vaswani [18] and Devlin [19] show that transformers outperform RNNs and 
SVMs in benchmarks such as GLUE and SQuAD.

•	 RNNs: Provide moderate accuracy, benefiting from their sequential processing 
capabilities but often struggling with long-range dependencies. Hochreiter and 
Schmidhuber [20] highlight these limitations, especially when dealing with long 
sequences.

•	 SVMs: Generally, exhibit lower accuracy in complex language tasks compared to 
deep learning models, as they rely on hand-crafted features and may not capture 
contextual nuances effectively.

Processing efficiency
•	 SVMs: Rank highest in processing efficiency due to lower computational power 

requirements, making them faster for smaller datasets. Cortes and Vapnik [21] 
illustrate the efficiency of SVMs in specific tasks.

•	 RNNs: Offer moderate processing efficiency, though slower than SVMs due to 
their sequential nature, which limits parallelization. Bradbury [22] discusses the 
efficiency challenges posed by RNNs.

•	 Transformers: Often have the lowest processing efficiency, especially with large 
datasets, due to their high resource requirements. Brown [23] emphasizes the 
computational costs associated with training and deploying transformer models.

Context understanding
•	 Transformers: Excel in context understanding, using attention mechanisms to 

effectively process and integrate information from the entire input sequence. 
Findings by Khan [24] highlight the superior contextual awareness of transform-
ers compared to RNNs and support vector machines.

•	 RNNs: Provide moderate context understanding by processing data sequentially, 
though they often lose information over long sequences, as noted by Zhou [25].

•	 SVMs: Typically have the weakest context understanding, relying on fixed feature 
sets that do not account for sequential dependencies or contextual information.

Table 2. A comparative analysis of NLP algorithms

Algorithm Accuracy Processing Efficiency Context_Understanding

SVM Mid High Mid

RNN Mid Mid Mid

Transformers High Mid High

CRF High Mid Mid

Deep Learning Models High Mid Mid

Memory Networks High High High

Attention Mechanisms High High High
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Comparative analysis
•	 Accuracy: Transformers > RNN > SVM
•	 Processing Efficiency: SVM > RNN > Transformers
•	 Context Understanding: Transformers > RNN > SVM

2.4	 Integration	of	onology	and	natural	language	processing

The integration of ontology and NLP within e-learning platforms facilitates 
the conversion of tacit knowledge into explicit knowledge through a structured 
and efficient process. When users interact with the system using natural lan-
guage queries, NLP algorithms handle tasks such as intent detection, entity rec-
ognition, and context management. These processed inputs are then mapped to a 
domain-specific ontology, which aligns the queries with predefined concepts and 
relationships.

The ontology serves as a foundational knowledge base, enabling precise infor-
mation retrieval based on the structured relationships between concepts. By lever-
aging this organized framework, responses are synthesized from various sources, 
ensuring that users receive accurate and contextually relevant information. This 
dynamic approach enriches the learning experience by providing clear, targeted 
knowledge that supports a deeper understanding and engagement with the sub-
ject matter.

Fig. 2. The process of NLP and ontology for converting tacit knowledge into explicit knowledge

Description
User input: Users interact with the e-learning platform by providing input in 

natural language, such as questions or requests for information.
NLP processing: The input undergoes NLP processing, which involves several 

sub-tasks:
•	 Intent detection: Determines the user’s intent behind the query.
•	 Entity recognition: Identifies and classifies key entities within the input.
•	 Context management: Maintains the context of the conversation to provide 

coherent responses.

https://online-journals.org/index.php/i-jim


 134 International Journal of Interactive Mobile Technologies (iJIM) iJIM | Vol. 19 No. 1 (2025)

Seghroucheni et al.

Ontology mapping: The processed input is then mapped to the ontology, a struc-
tured representation of domain-specific knowledge. This step ensures that the input 
aligns with predefined entities and relationships within the ontology.

Knowledge base querying: Queries are made to the knowledge base using the 
mapped ontology concepts to retrieve relevant information. This step leverages the 
structured data in the ontology to find precise answers to user queries.

Response generation: Based on the information retrieved from the knowledge 
base, responses are generated. This step may involve synthesizing information from 
multiple sources and formatting it into natural language.

User output: The generated response is then presented to the user, completing 
the interaction cycle.

3	 ADAPTIVE	LEARNING	FOR	TACIT	KNOWLEDGE	CONVERSION	
USING	AN	ONTOLOGY-BASED	CHATBOT	IN	E-LEARNING	
PLATFORFMS

Adaptive learning systems are designed to adjust educational content based on 
individual learner profiles. These systems, often referred to as adaptive teaching, 
tutoring, training, or e-learning platforms, rely on collecting data about each learner 
to provide personalized and relevant instructional material. The core idea behind 
adaptive learning is that learners come from diverse backgrounds and possess dif-
ferent skills, so tailoring the content is essential to optimizing the learning experi-
ence. By continuously monitoring and analyzing student behavior throughout the 
learning process, adaptive learning systems can create customized learning paths 
that cater to each learner’s unique needs [26].

Reinforcement learning (RL), a branch of machine learning, plays a crucial role 
in this context by allowing the system to adapt dynamically, improving content 
delivery based on continuous feedback from the learner’s interactions and perfor-
mance. RL is particularly effective for optimizing adaptive learning paths [27]. RL 
algorithms learn from user interactions and continuously refine the learning path to 
maximize engagement and learning outcomes.

Key benefits of using RL in this context include:

•	 Dynamic Adaptation:
•	 Capability: RL algorithms adapt to the learner’s evolving needs by analyzing 

real-time data and feedback.
•	 Benefit: This ensures that the learning experience remains relevant and chal-

lenging, promoting sustained engagement.
•	 Personalized Interaction:

•	 Capability: RL tailors’ content and recommendations based on the unique 
behaviors and preferences of each learner.

•	 Benefit: Personalized interactions enhance the effectiveness of the learning 
process, as content is aligned with the learner’s needs.

•	 Continuous Improvement:
•	 Capability: RL algorithms improve their decision-making processes over 

time by learning from accumulated data.
•	 Benefit: This leads to progressively better personalization and improved 

learning outcomes.
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4	 THE	PROPOSED	FRAMEWORK	FOR	IMPLEMENTING	AN	
ONTOLOGY-BASED	CHATBOT	FOR	TACIT	KNOWLEDGE	
CONVERSION

Our proposed framework aims to enhance learning experiences in e-learning 
platforms by integrating NLP with ontology development. This integration facili-
tates the conversion of complex, tacit knowledge into explicit forms that are more 
accessible and understandable for learners. In doing so, it bridges the gap between 
unstructured, experience-based insights and formalized knowledge, making it eas-
ier to share expertise across diverse learners and contexts.

In knowledge management, this approach is crucial because it addresses the 
challenge of capturing and disseminating tacit knowledge—knowledge that is often 
difficult to articulate or document but is essential for expertise and problem-solving. 
Many learners struggle to extract insights from tacit information that is locked in the 
minds of experts or embedded within complex systems and practices. By leveraging 
NLP, the framework enables learners to interact with a chatbot in a natural language 
format, allowing them to ask questions, seek explanations, and receive personalized 
feedback in real-time. This conversational interface mimics the interaction learners 
would have with a human tutor or mentor, making the learning process more intu-
itive and user-friendly.

Moreover, NLP allows for adaptive learning experiences, tailoring responses 
based on a learner’s knowledge level, previous queries, and personalized learning 
goals. This enhances engagement and ensures that learners receive information rel-
evant to their needs.

Ontology development plays a vital role by structuring knowledge into formal-
ized concepts, relationships, and rules, which helps the chatbot interpret and pro-
vide accurate responses based on the context of the learner’s queries. The ontology 
not only ensures consistency in responses but also promotes richer, context-aware 
answers that go beyond surface-level information. This structured approach 
enhances the efficiency of knowledge retrieval by organizing information hier-
archically and thematically, allowing learners to explore interconnected concepts 
coherently. It encourages deeper learning by promoting the understanding of rela-
tionships between different pieces of knowledge, thereby helping learners build a 
more integrated and comprehensive mental model of the subject matter.

In addition, the ontology can evolve over time as new knowledge is added, which 
means the system can grow and adapt as learning needs change. This dynamic 
nature makes the framework particularly valuable in rapidly changing fields where 
knowledge is constantly being updated. It supports not only individual learning but 
also collaborative learning environments, where multiple learners can interact with 
shared knowledge structures and contribute to the continuous expansion of the 
knowledge base.

Overall, the framework contributes to knowledge management by facilitating the 
effective transfer of tacit knowledge into explicit forms that can be shared, accessed, 
and applied more widely. It supports continuous learning, enables personalized 
learning experiences, and enhances collaboration by creating a repository of struc-
tured knowledge that is accessible to learners anytime and anywhere in e-learning 
environments. This makes it an invaluable tool not only for learners but also for 
educators, institutions, and organizations looking to optimize the dissemination and 
application of knowledge. Ultimately, it fosters an interactive, evolving, and learn-
er-centered educational experience that aligns with the needs of modern digital 
learning ecosystems.
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Fig. 3. The proposed framework for implementing an ontology-based chatbot for tacit knowledge 
conversion in an e-learning platforms

1. Ontology design
•	 Domain analysis: Identify key concepts, relationships, and elements of tacit 

knowledge within the domain.
•	 Ontology modeling: Utilize languages such as OWL (Web Ontology Language) 

to formalize the ontology.
•	 Validation and refinement: Ensure the ontology accurately represents the 

domain and refine it based on expert feedback.

2. NLP integration
•	 Text preprocessing: Clean and prepare text data for analysis to remove noise 

and irrelevant information.
•	 Feature extraction: Extract meaningful features from the text to represent it 

effectively in the analysis.
•	 Semantic analysis: Understand the meaning and context of the text to facilitate 

accurate interpretation.

3. Chatbot development
•	 Dialogue management: Manage the flow of conversation to ensure coherent 

and contextually relevant interactions.
•	 Intent recognition: Identify user intentions from their input to provide appro-

priate responses.
•	 Response generation: Generate appropriate responses to user queries, ensur-

ing they are informative and relevant.

4. Adaptive learning and personalization
•	 User modeling and profiling: Create detailed learner profiles based on their 

knowledge levels, learning styles, and preferences.
•	 Adaptive learning paths: Personalize learning activities based on the learner’s 

needs, progress, and goals.

5. Integration with e-learning platform
•	 Content delivery: Provide educational content to users in a structured and 

engaging manner.
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•	 Assessment tools: Evaluate learners’ knowledge and progress through various 
assessment methods.

•	 User interface: Ensure a user-friendly interaction experience that facilitates 
navigation and engagement.

6. Tacit knowledge conversion
•	 Query understanding: Accurately interpret user queries to facilitate effective 

communication and learning.
•	 Context awareness: Understand the context of user interactions to provide rel-

evant responses.
•	 Explanation generation: Provide explanations and insights derived from tacit 

knowledge to enhance understanding.

5	 CONCLUSION

The challenge of converting tacit knowledge, which is deeply embedded in per-
sonal experiences and often difficult to articulate, into explicit knowledge is sig-
nificant within knowledge management systems. Ontology-based chatbots offer a 
promising solution by utilizing structured knowledge representations and advanced 
NLP to facilitate this conversion. This paper investigates the methods and algorithms 
used in the development of ontology-based chatbots, with a particular focus on the 
conversion of tacit knowledge. Key components discussed include ontology develop-
ment, natural language understanding, and adaptive learning.

Through a comparative analysis of various algorithms employed in these pro-
cesses, the paper highlights their strengths and limitations. Furthermore, a compre-
hensive framework for implementing an ontology- based chatbot for tacit knowledge 
conversion in an e-learning platform is proposed. This framework is designed to 
enhance knowledge management and dissemination by effectively bridging the gap 
between tacit and explicit knowledge.

Future work will focus on applying the proposed framework in a real-world case 
study within an e-learning platform. This case study aims to validate the effective-
ness of the framework in converting tacit knowledge into explicit knowledge, pro-
viding insights into its practical implementation and potential improvements. By 
conducting this case study, we hope to further refine the framework and demon-
strate its impact on enhancing learning outcomes and knowledge dissemination in 
e-learning environments.
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