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Abstract – Blended learning has gained increasing 
prominence in higher education institutions for its 
flexibility and potential to enhance instructional 
effectiveness. However, the absence of a structured and 
integrated knowledge representation often hinders its 
systematic development and intelligent innovation. This 
study proposes a novel two-layer knowledge framework 
developed using knowledge engineering methods. The 
first layer models the instructional process using unified 
modeling language with the plan-do-check-act cycle, 
including analyze, design, develop, implement, and 
evaluate phase. The second layer adopts an ontology-
based approach to represent the key components of 
blended learning, including human, pedagogical, 
technological, and institutional support domains, along 
with their semantic relationships throughout the 
instructional phases. The concepts and properties were 
extracted through thematic analysis, natural language 
processing, and text mining. Ontology construction was 
performed in the Protégé environment, supporting 
semantic interoperability and structured knowledge 
reuse. The consistency and soundness of the framework 
were evaluated through formal concept analysis, a 
property-based quality measurement approach.  
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This research presents a reusable and extensible 
knowledge engineering solution that integrates 
instructional process modelling with domain-level 
semantics, enabling future applications in intelligent 
tutoring systems, curriculum design, and organizational 
support in higher education. 
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1. Introduction

In the contemporary knowledge-based economy 
context, knowledge is regarded as a strategic asset that 
underpins innovation, economic development, and 
societal advancement [1]. Higher education 
institutions (HEIs) occupy a central position in this 
landscape, serving as talent-cultivating hubs with 
knowledge dissemination and shaping national 
innovation and competitiveness [2]. Nevertheless, the 
challenge of how HEIs can effectively integrate and 
leverage knowledge resources to enhance teaching 
quality, thereby fostering innovation in response to the 
dynamic demands of the knowledge economy, 
remains pressing [3]. Blended Learning (BL), an 
instructional approach integrating face-to-face 
teaching with technological learning, has become a 
significant trend in HEIs [4]. This modality offers 
greater flexibility in instructional delivery, supports 
diverse learning preferences, and enhances student 
engagement and learning outcomes [5]. As such, BL 
is increasingly viewed as a viable and strategic means 
of promoting innovation [6], widely adopted in HEIs, 
and it has become the new norm of education [7].  

However, BL implementation is still complicated 
in real practice [8]. The fragmented and lacking 
formalized representations of the BL initiative hinder 
the standardization, scalability, and continuous 
systematic improvement. Ontology, conceptualized as 
a semantic representation of shared understanding 
within a domain [9], has been widely adopted across 
various fields to facilitate knowledge management 
[10].  
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It has proved that taking ontology engineering into 
education technology enables the structuring, 
acquiring, and retrieving of knowledge to promote 
reusability, interoperability, and more effective 
knowledge management [11], thereby supporting 
more intelligent and sustainable knowledge systems 
[12]. 

Several studies have tried to apply the ontology-
based approach to enhance technology-supported and 
BL environments. One line of research has introduced 
ontology-driven systems that enable personalized 
resource recommendations by incorporating 
contextual components [13]. Another stream has 
focused on extending existing metadata standards; for 
instance, the Learning Object Metadata (LOM) 
ontology has been expanded to develop the OLOM 
model, which enhances the classification and retrieval 
of Open Educational Resources (OERs) [14]. In 
parallel, significant efforts have targeted the modeling 
of instructional design and the representation of 
learning structures. An ontology framework has been 
proposed to describe instructional goals, processes, 
and learning materials, particularly within adult 
literacy contexts [10]. Additional developments 
include models that interlink subjects and educational 
materials to support content organization and 
assessment activities [15]. The representation of 
Learning Processes (LPs) and learner behaviour has 
likewise been formalized through ontology-based 
systems across various e-learning environments [16]. 
Personalized learning has further been advanced 
through ontological mechanisms that tailor content 
based on user profiles and preferences [17], [18]. 
More recent studies have incorporated knowledge 
graphs to enhance semantic learning materials 
reasoning and knowledge retrieval [19]. Despite these 
advancements, it can be observed that current BL 
models tend to focus on isolated elements; few studies 
offer an integrated representation that captures both 
the procedural structure of BL and its underlying 
domain knowledge.  

This lack of a semantic-process model restricts 
standardization, scalability, and effective knowledge 
reuse, posing challenges for intelligent learning 
system development under the demands of Education 
4.0 [20]. 

To address this gap, this study proposes a dual-
layer knowledge framework to construct a 
comprehensive BL framework that integrates unified 
modeling language (UML) for formalizing the BL 
process and ontology-based modeling for capturing 
domain semantics, emphasizing key components in 
BL practice. Drawing upon the tacit knowledge of BL 
practitioners and experts in HEI, this research seeks to 
enhance knowledge explicit articulation, 
formalization and representation through the 
Knowledge Engineering (KE) approach. KE involves 
the structured acquisition and formal representation of 
expert knowledge to support computational reasoning 
and intelligent decision-making [21], [22]. The 
proposed two-layer framework standardizes 
instructional processes while semantically modeling 
domain knowledge through the formal representation 
of classes, properties and relations between the 
concepts, data and entities. By refining the underlying 
knowledge structure, this framework enhances both 
the interoperability and reusability of knowledge, 
thereby supporting intelligent knowledge 
management and sustained educational innovation. 

2. Methodology

This study adopts a multi-phase KE approach to
systematically extract, structure, model, and represent 
BL process and domain knowledge. The methodology 
comprises four main stages: i) Knowledge elicitation, 
ii) Knowledge structuring and coding, iii) Knowledge
engineering, and iv) Knowledge representation and 
modeling. The working procedure of the proposed 
approach architecture is illustrated in Figure 1, and an 
explanation of the mechanism is described below.

Figure 1.  Proposed knowledge framework construction process

Knowledge Elicita�on
[Cri�cal Knowledge Transfer]

Knowledge Transcrip�on
[Database]

Knowledge Structuring
[Thema�c Analysis]

Knowledge Representa�on
[Ontology-based Domain Modelling]

Compiling

Disassembling

Knowledge Domain
[Class, Property, Instance]

Knowledge Engineering
[Ontology Development]

Disassembling

Reassembling

Interpreting

Concluding

Knowledge Coding
[IPO & Domain Knowledge]

Knowledge Modelling
[UML-Based Process Modelling]

Disassembling
Reassembling

Text
Mining

Two-Layer Knowledge
Modelling Framework

Interpreting

Concluding

Interpreting

Property-Based

Valida�on

Disassembling
Reassembling



TEM Journal. Volume 15, Issue 2, pages 1518-1529, ISSN 2217-8309, DOI: 10.18421/TEM152-47, May 2026. 
 

1520                                                                                                                           TEM Journal – Volume 15 / Number 2 / 2026. 

2.1. Knowledge Elicitation 
 

Knowledge elicitation serves as the foundational 
step in this study, aiming to capture and externalize 
the tacit knowledge embedded in expert practices 
within the BL domain. The most common method for 
eliciting knowledge from an expert is through 
interviews [23]. Critical knowledge transfer technique 
was adopted in this study [24]; the process involves i) 
Describing the role of the expert, ii) Targeting deep 
smarts, iii) Identifying areas of implicit and tacit 
knowledge within targets, iv) Smart questioning, and 
v) Reporting or archiving. To this end, qualitative data 
were collected through semi-structured interviews 
with experts across instructors, instructional 
designers, and educational technology specialists. The 
interviews were designed to explore procedural and 
domain-specific knowledge of BL practices, guided 
by the input-process-output (IPO) framework and 
aligned with key components in each phase. All 
sessions were recorded and transcribed verbatim using 
Otter.ai, followed by data preprocessing to prepare for 
thematic analysis in subsequent stages. 

 
2.2. Knowledge Structuring and Coding 
 

Once the expert knowledge was elicited and 
transcribed, it was subjected to qualitative analysis 
following the procedures outlined by [25], including 
compiling, disassembling, reassembling, interpreting, 
and concluding. This multi-cyclic phase process 
enabled the identification of patterns and relationships 
among the knowledge components. This approach 
facilitated the transformation of raw textual data into 
structured knowledge representations through 
iterative interpretation. Thematic analysis was 
conducted using NVivo software, a qualitative data 
analysis tool. The preprocessed transcripts were 
imported and organized into a coherent filing 
structure. An inductively developed coding scheme 
was used to extract and refine emergent themes, which 
were then mapped to critical stages of the BL process. 
Based on the ADDIE (analysis, design, development, 
implementation, evaluation) model, each identified 
stage was treated as a node and further analyzed using 
the IPO framework to articulate its operational 
structure. ADDIE is an instructional systems design 
(ISD) framework that many instructional designers 
and training developers use to develop courses [26]. 
Within each stage, domain-specific key components 
were identified, forming the basis for subsequent 
ontology construction. This phase ensured that both 
processual and conceptual knowledge were 
systematically structured, providing a robust 
foundation for formal knowledge modeling in the later 
stages of the study. 

2.3. Knowledge Engineering 
 

Knowledge Engineering (KE) is considered as a 
valuable tool for modeling domain knowledge and 
optimizing instructional processes [27]. By 
systematically gathering, modeling, and managing 
knowledge, KE enables the decomposition of complex 
knowledge bases into fine-grained partitions that 
share a common structure [28]. This approach 
facilitates the explicit representation of domain 
expertise [29], allowing for the transparent encoding 
of factual and procedure knowledge, and enhances the 
clarity of complex information [30]. Building upon the 
structured knowledge derived from expert interviews 
and thematic analysis, UML diagrams were employed 
alongside the plan-do-check-act (PDCA) cycle to 
model the instructional process in BL environments. 
The UML is a general-purpose visual modeling 
language designed to standardize system structure and 
behaviour visualization. Its use supports a clear 
representation of instructional workflows and 
enhances comprehension. The PDCA cycle, an 
iterative method widely used in business and quality 
management, was integrated to structure the BL 
process as a continuous improvement loop [31], 
thereby transforming it into a closed-loop knowledge 
management model. 

For semantic knowledge representation, ontology 
development followed the widely recognized 
“Ontology Development 101” methodology outlined 
by [32]. It included i) Determining the domain and 
scope, ii) Considering reusing existing ontologies, iii) 
Enumerating key terms, iv) Constructing class 
hierarchies, v) Defining class properties, vi) Setting 
the facets, and vii) Generating instances. To assess 
existing relevant ontology models and identify reuse 
potential, a comparative analysis was conducted. As 
shown in Table 1, the key characteristics of 
representative ontologies from related domains are 
summarized and compared with the ontology 
developed in this study. While these existing models 
offer valuable insights, none fully satisfy the 
requirements of the present research. Specifically, 
they lack a comprehensive representation of the entire 
instructional process and do not explicitly capture the 
key components across all stages of the BL procedure. 
The proposed framework addresses this gap by 
integrating the full instructional flow with domain-
specific components in a unified and process-oriented 
structure grounded in expert knowledge. 
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Table 1.  The comparison of existing ontologies in related domains 
 

Ontologies Domain Resources Instructional process Domain knowledge 

[33] E-learning 
Learning 
Object 

Metadata 
Evaluation Learning materials 

[34] E-learning Systems Case study Analysis and Design Learning style 

[35] E-learning Several 
standards Analysis and Design Personalization for all the 

learning process components 

[36] Flipped Learning Common Core 
State Standards Implementation Guideline, teaching activity, 

and material 

[10] Adult Literacy 
Education Case study Design Goals, instructional processes 

and instructional material 

[15] E-learning Systems 
Online 

educational 
materials 

Implementation and 
Evaluation 

Learning subject and 
knowledge components 

[16] Learning 
Management System Case study Implementation and 

Evaluation 
Learner behaviours and 

learning process components 

[37] Online Education Online 
platforms Development Online education resources and 

activities 
[38] E-learning Online dataset Analysis and Design Learners and learning content 
[13] Blended Learning Case study Development Learning resources 
[19] E-learning Case study Implementation Learning materials 

[20] Engineering 
Education 

Educators and 
IT specialists Analysis and Design 

Competencies, learning 
resources, and individual 

learners 

[39] E-learning E-learning 
websites Analysis and Design Learning capability 

[40] Learning 
Management System 

GitHub 
Classroom Evaluation Learning objects 

Proposed 
Study Blended Learning Expert 

Knowledge ADDIE Key Components covering 
whole process 

A semi-automatic ontology engineering strategy 
was adopted to identify the properties, integrating 
manual conceptualization with computational 
techniques [10]. Specifically, Term Frequency-
Inverse Document Frequency (TF-IDF) analysis was 
used to rank term relevance across transcripts, while 
NVivo-assisted visual text analytics supported the 
identification of concept clusters. In addition, the 
processing data were further analysed and formalized 
using natural language processing (NLP) and text 
mining techniques to extract relational structures 
among concepts. This process generated semantic 
triples in the format of <subject, predicate, object> [9], 
which is the fundamental unit in Resource Description 
Framework (RDF) triples for machine-readable 
knowledge representation. In the context of 
ontologies, these triples encode machine-readable 
relationships among concepts, properties, and 
instances, enabling structured and interoperable 
knowledge representation across the domain [41]. 
Manual refinement was conducted iteratively to 
ensure conceptual precision, eliminate ambiguity, and 
align extracted relations with domain-specific 
meanings.  

 
 
 

2.4. Knowledge Representation and Modelling 
 
In the final stage, knowledge was formalized into 

structured representations supporting human 
comprehension and machine processing. Procedural 
knowledge was represented using UML aligned with 
the PDCA cycle. Semantic knowledge was modeled 
through the most popular development ontology 
environment in Protégé Version 5.6.5, including 
domain-specific concepts, properties, and instances 
identified in earlier phases. To evaluate the structural 
quality of the developed ontology, formal concept 
analysis (FCA) was adopted as a property-based 
quality measurement approach proposed by [42]. This 
method emphasizes the distribution and consistency 
of properties within the ontology’s class hierarchy, 
which is measured by following five indicators: 

 

• 𝑚𝑚𝐴𝐴: the relative number of the properties. 
• 𝑚𝑚𝑒𝑒 : the ratio of concepts with empty local 

property sets. 
• 𝑚𝑚= : the ratio of concepts having non-unique 

properties set. 
• 𝑚𝑚𝑙𝑙: the average length of the local property sets. 
• 𝑚𝑚𝑐𝑐: the total distance between the declared and 

inferred domain concepts. 



TEM Journal. Volume 15, Issue 2, pages 1518-1529, ISSN 2217-8309, DOI: 10.18421/TEM152-47, May 2026. 
 

1522                                                                                                                           TEM Journal – Volume 15 / Number 2 / 2026. 

Here, 𝑚𝑚𝑐𝑐  is calculated using equation (1), where 
|𝐴𝐴| denotes the number of properties, and 𝐷𝐷𝑎𝑎𝑑𝑑𝑑𝑑𝑑𝑑  and 
𝐷𝐷𝑎𝑎
𝑖𝑖𝑖𝑖𝑖𝑖 represent the declared and inferred domain 

concepts of property 𝑎𝑎, respectively. The term 𝑑𝑑(𝑐𝑐,𝐷𝐷) 
refers to the shortest path distance from class 𝑐𝑐 to the 
nearest class in the set 𝐷𝐷. 
 

𝑚𝑚𝑐𝑐 =
∑ �∑ 𝑑𝑑�𝑐𝑐,𝐷𝐷𝑎𝑎

𝑖𝑖𝑖𝑖𝑖𝑖�+∑ 𝑑𝑑�𝑐𝑐,𝐷𝐷𝑎𝑎𝑑𝑑𝑑𝑑𝑑𝑑�𝑐𝑐∈𝐷𝐷𝑎𝑎
𝑖𝑖𝑖𝑖𝑖𝑖𝑐𝑐∈𝐷𝐷𝑎𝑎

𝑑𝑑𝑑𝑑𝑑𝑑 �𝑎𝑎

2×|𝐴𝐴|        (1) 
 
3. Results and Discussion 

 
This section presents the proposed two-layer 

knowledge framework. The first layer adopts UML to 
capture the processual logic of BL practice, while the 
second employs ontology to formalize domain 
knowledge and conceptual relations in a machine-
readable form developed in the Protégé environment.  

The results are described below, followed by the 
quality evaluation of the developed ontology using a 
property-oriented validation approach. 
 
3.1. UML-based Process Modelling  
 

As illustrated in Figure 2, the BL process was 
modelled using UML activity diagrams based on the 
ADDIE framework. To enhance clarity and ensure 
readability, the model was decomposed into three 
swimlanes that correspond to the PDCA stages. These 
phases were integrated with the IPO framework, in 
which object nodes represent inputs and outputs, 
action nodes depict activities, flows illustrate the 
sequence among them, and parallel or concurrent tasks 
are represented using forking and joining nodes. 
Coupled with the PDCA cycle, it forms a closed-loop 
system that supports iterative refinement and 
continuous improvement based on feedback. 
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(c) 
 

Figure 2.  UML-based process model: (a) Plan swimlane: Analyze and Design phases, (b) Do swimlane: Develop and 
Implement phases, and (c) Check–Act swimlane: Evaluate phase 

 
3.2. Ontology-Based Domain Modelling 

 
The second layer formalizes domain knowledge in 

a machine-interpretable ontology that complements 
the process model and enables interoperability, 
reasoning, and knowledge reuse. This section outlines 
the key components of the BL ontology, including the 
hierarchical organization of concepts, the properties 
and facets, and the instances of concepts with concrete 
domain entities. 

 
3.2.1. The Concepts and Class Hierarchy 
 

Classes represent the concepts in the target 
domain, which are arranged into a hierarchy taxonomy 
[17]. The developed ontology comprises a three-level 
hierarchical taxonomy integrating the BL process and 
key component dimensions.  

Although the ADDIE model includes a separate 
analysis phase, evidence revealed that BL experts 
commonly integrate analysis into the early stage of 
design. As a result, the analysis phase was embedded 
into the design phase. As presented in Figure 3, there 
are two primary classes at the top level: 
KeyComponent and Phase. The middle level further 
refines these two categories. Specifically, the 
KeyComponent class encompasses four main 
categories: HumanComponent, 
InstitutionalSupportComponent, 
PedagogicalComponent, and TechnologyComponent. 
In parallel, the Phase class includes four sequential 
stages: DesignPhase, DevelopPhase, 
ImplementPhase, and EvaluatePhase. The bottom 
level of the hierarchy consists of subcategories under 
each middle-level concept.  
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Figure 3.  The class and class hierarchy of the ontology 
 
3.2.2.The Properties and Facets 
 

Properties describe features and attributes of 
concepts. The relationships between ontology 
components indicate interactions among domain 
concepts, and they define properties and attributes that 
characterize the domain classes [17]. To define the 
semantic relationships within the ontology, both 
object properties and data properties were identified 
and formalized. Object properties represent semantic 
relationships between two classes, which are 
particularly valuable for mapping pedagogical logic.  

Data properties, on the other hand, describe literal 
individual attributes. 

An initial set of 972 RDF triples was automatically 
generated through NLP techniques. These were 
subsequently reviewed, refined, and validated 
manually to ensure conceptual accuracy and domain 
relevance.  

The final developed ontology consists of 17 object 
properties with hierarchy and 15 data properties, as 
presented in Figure 4. 

 
 

 

 
 

Figure 4.  Data and object property hierarchy of the ontology 
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Each property is defined with its domain and range, 
detailed in Table 2, and further constrained using 
appropriate facets, including value type, cardinality, 
and logical constraints. These facets ensure both 
syntactic validity and semantic clarity, allowing for 
consistent and interoperable use in reasoning tasks.  

 

For example, the object property alignWith 
represents the concept should be aligned with another, 
such as alignWithObjective connects concept domain 
“Activity” to range “CourseObjective”.  

The KeyComponent domain interactions are 
visualized using OntoGraf, as shown in Figure 5, 
further represnting the structural relationships of the 
domain.

 
Table 2.  Object properties of developed ontology 
 

Object property Inference Domain usage Range 

hasKeyComponent A phase contains a key 
component Phase KeyComponent 

hasImpactOn The concept influences or 
affects another 

InstitutionalSupportComp
onent, HumanComponent 

PedagogicalComponent, 
TechnologyComponent 

alignWithObjective The concept should be 
aligned with another 

LearningOutcome, 
Activity CourseObjective 

toolAlignWith TechnologicalTool PedagogicalComponent, 
HumanComponent 

dependsOn The concept needs another 
to function 

ResourceAndInfrastructur
e, TechnicalSupport PolicySupport 

technicalSupportProvidesS
upportOn The concept provides 

support or strengthen 
another 

TechnicalSupport TechnologyComponent 

resourceProvideSupportOn ResourceAndInfrastructur
e Activity 

enhancedBy The concept is enhanced 
by another TechnologyComponent PolicySupport 

isAPartOf The concept belongs to 
another 

CourseObjective, 
LearningOutcome, 

Activity, Assessment 
TeachingPlan 

contentIntegratedWith The concept works in 
integration with another 

CourseContent TechnologicalTool, 
Assessment 

activityIntegratedWith Activity TeachingMethod, 
Assessment 

contentDesignBasedOn 

The concept is design 
based on another 

CourseContent 
CourseObjective, 

ResourceAndInfrastructu
re 

designBasedOnOutcome LearningPath, 
Assessment LearningOutcome 

technologyDesignBasedOn TechnologyComponent PedagogicalComponent, 
HumanComponent 

uploadsTo The content upload to 
learning platform CourseContent LearningManagementSy

stem 

associatedWith The concept is associated 
with another Activity CourseContent 

createdBy The concept is created by 
human components PedagogicalComponent TeachingTeam 
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(a) 

(b) 

(c) 

(d) 
Figure 5.  OntoGraf visualization of KeyComponent domain object properties of the ontology: (a) 

PedagogicalComponent, (b) TechnologyComponent, (c) HumanComponent, and (d) InstitutionalSupportComponent 
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3.2.3. The Instances of Concepts 

The individuals or instances represent a specific 
class type. They were created to demonstrate the real-
world applicability of selected concepts and support 
the reasoning presented in Figure 6. These instances 
represent concrete examples in BL environments and 
serve to populate the ontology with meaningful, 
contextualized data.  

For example, the class TeachingMethod includes 
instances of ProblemBasedLearning, 
CaseBasedLearning, ExperientialLearning, etc. 
These instances illustrate various pedagogical 
strategies employed in the BL class, which support 
semantic reasoning and classification tasks. 

Figure 6.  The instances of some concepts in developed ontology 
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3.3. Property-Based Validation 
 

To assess the structural validity and property 
distribution of the developed ontology, five property-
based quality metrics were calculated, as described in 
section 2.4. The relative number of properties (𝑚𝑚𝐴𝐴 = 
3.14) falls within the optimal range (0–5), indicating a 
well-balanced use of properties across the concept 
hierarchy. The ratio of concepts with empty local 
property sets (𝑚𝑚𝑒𝑒= 0) and the ratio of non-unique 
property sets ( 𝑚𝑚= = 0) both met the validity 
requirement of values close to 0, indicating that each 
concept is distinctly described. The average length of 
local property sets (𝑚𝑚𝑙𝑙= 2.41) remained within the 
acceptable range (1-6), reflecting an appropriate 
granularity of concept descriptions without 
redundancy. The total distance between declared and 
inferred domain concepts (𝑚𝑚𝑐𝑐= 0.55) indicated high 
semantic coherence, with minimal divergence 
between explicit and inferred concept-property 
associations.  

These results demonstrate that the developed 
ontology meets all established property-based quality 
criteria, confirming its structural clarity, consistency, 
and completeness. It strengthens the credibility of the 
model and confirms its potential for practical 
application in course planning, evaluation, and quality 
assurance in BL environments. 
 
4. Conclusion 
 

This study proposed a two-layered knowledge 
framework to represent BL practice in HEIs. The first 
layer employs a UML-based approach and is refined 
through the PDCA cycle and IPO logic, capturing 
instructional activities within an iterative and 
structured framework. This layer offers a process-
level perspective highlighting continuous 
improvement through feedback loops and clear 
instructional procedures. The second layer introduces 
an ontology-based model that defines and organizes 
the key components of BL across all instructional 
phases. It formalizes domain knowledge into explicit 
semantic structures organized into human, 
pedagogical, technological, and institutional support 
components. Additionally, the developed ontology 
explicitly models the relationships and interactions 
among these domains to support BL initiatives. This 
semantic model enhances knowledge reuse, reasoning 
and interoperability. Together, the two-layer 
knowledge framework forms an integrative 
framework that not only models the procedural 
dynamics of BL but also encapsulates the underlying 
structural knowledge that supports it. The property-
based validation further confirmed the ontology’s 
structural soundness and semantic coherence.  

This integrated framework advances the theoretical 
and practical implications of BL practice by providing 
a formalized foundation that bridges instructional 
design processes with component-level semantics. 

Future research may build upon this framework by 
developing intelligent support systems to guide new 
instructors through BL design and implementation. 
Additionally, the model may be extended to power 
adaptive learning environments, personalized 
instructional recommendation engines, or 
organizational diagnostic tools for assessing 
institutional BL readiness and maturity. Such 
applications would operationalize the framework into 
dynamic, context-aware systems, thus enhancing its 
utility in real-world educational innovation and 
strategic planning. 
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