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Preface

This Edited Volume is a collection of reviewed and relevant research chapters on
developments in the field of knowledge management. The book includes scholarly
contributions from various authors and is edited by a group of experts in Information
and Knowledge Engineering. Each contribution comes as a separate chapter complete
in itself but directly related to the book’s topics and objectives.

The book includes the following chapters:

1. Integrating Ontology in Information Science and Al: Evolution, Applications,
and Future Directions

2. Perspective Chapter: Cross-Level Unbiased Prior Knowledge-Guided Deep
Representation Learning

3. Leveraging Mobile Applications to Boost Smallholder Farmers’ Productivity in
the Eastern Cape, South Africa: Effects on Sustainable Food Security

4. Unlocking Collective Wisdom: The Power of Knowledge Sharing in Modern
Organizations

5.Cross-Domain Knowledge Transfer in Large Models: Transforming Knowledge
Management Dynamics

6. Knowledge Sharing: Theoretical Lenses and Practical Implications
7.Environmental Challenges in SMEs through KM Prism

The target audience comprises scholars and specialists in the field.

IntechOpen






Chapter1

Integrating Ontology

in Information Science

and Al: Evolution, Applications,
and Future Directions

Foziah Gazzawe

Abstract

Ontology is often interchanged with metaphysics and is the study of existence.
Ontology has evolved and is used in many industries, including artificial intelligence
(AI); however, there is inadequate information on how it is applicable in information
science. The goal of this paper is to explore ontology and show how it is applied in
information science and its integration with Al The methodology for this paper is
qualitative methods, using a systematic review of documents from online databases.
The researcher assessed a total of 160 documents, and after the removal of dupli-
cates and irrelevant sources, only 19 were found to meet the requirements through
a systematic review. They show an overview of ontology, how it has been used in
information science and Al, its development, advantages, and disadvantages. The
results show how technology, particularly Al, has influenced ontology adoption in
information science. In the future, more experts are needed to ensure that computers
process human commands without being destructive, highlighting the importance of
ontology in creating intelligent, context-aware Al systems.

Keywords: ontology, ontology integration, ontology in information science,
ontological modeling, ontological knowledge representation

1. Introduction

Ontology has revolutionized information science, and we must credit all the phi-
losophers who helped develop this field. This paper aims to understand ontology in
information science, from the beginning to how it is applicable in information science
today. It will focus on the different areas in which ontology applies to information
science, with examples. Furthermore, it will describe the pros and cons of ontology in
information science and how it is applied to understand different concepts. Again, it
will evaluate how different forms of ontology is applicable and how they are imple-
mented. A different form of ontology expressions will be discussed to conclude the

paper.
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2. Research gap and problem

Most of the literature has looked at ontology in general use and fails to show
how it is directly associated with information science. Also, the advancement in
Artificial intelligence and machine learning that uses big data and metadata could
have a challenge to how the ontology is implemented, and the literature provides little
information on how this could be solved in order to have informed decision-making.
For instance, knowledge-based systems need to give accurate output based on shared
heuristics, as advancements are being made for more intelligent systems. Trends in
research in information science are changing every day due to technological influence.
Search engines based on keywords are unable to retrieve information through seman-
tic matching. As a result, users apply a lot of effort and need to have background
knowledge in interpreting the information. Therefore, these problems can be solved
by the semantic web, which uses OWL and RDF.

3. Literature review
3.1 Emergence of ontology

Ontology is concerned with what is existence and how we categorize things.
One school of thought holds that all things in the universe are intrinsically linked.
However, many think there are distinct types of physical objects worldwide. The
Figure 1 will present the conceptual framework of the main components of ontology.
It can be studied as the groundwork for learning how people see and investigate the
environment. Gideon Harvey, one of the earliest authors to coin the term “Ontology,”
developed philosophical principles in 1663 [1]. A later classification by Christian
Wolf placed ontology as a branch of metaphysics. But Martin Heidegger’s idea of

Variables; Independent variable Ontology

> Information Systems
> Web Ontology Language
Ontology - > RDF
» Smart/ Big Data
7).!’ Artificial Intelligence

Figure 1.
Main components of ontology.
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ontological difference ultimately shaped the field. By asking thoughtful questions,
Socrates helped his audience understand they knew relatively little about the topics
under discussion. According to Plato, there is a sharp divide between the ideal and
material worlds. Most things, he saw, were vulnerable to the passage of time and
rotted or expired. In the perfect world, concepts, and classes were organized, while
entities and instances were filed away separately.

Aristotle believed that metaphysics was the original philosophy and classified vari-
ous aspects of the natural world into distinct groups. He referred to logic as a toolkit
for the scientific method. He was interested in learning more about communication.
The major categories he had developed allowed him to differentiate between individ-
uals based on their substance, amount, activity, or affection [2]. It eventually became
the norm for highly advanced technology. Porphyry of Tyros (234-305 AD) intended
to further what Aristotle had accomplished and attempted to simplify portions of his
writing so that novices could understand it. Genes, species, differences, property, or
accidents were the primary classifications [3].

3.2 Ontology development

There are numerous reasons why ontologies are developed, these include sharing
of common knowledge of information structure among software agents or people;
enabling domain knowledge reuse; making domain assumptions explicit; separation
of operation knowledge from domain knowledge; and domain knowledge analysis [4].

Ontology was established to answer questions regarding what exactly exists in
the world and whether or not it is real. The philosophers developed their own unique
theories and conceptions to better understand the world around them. The reason
is that philosophers attempt to comprehend the fundamental nature of everything
in the universe [5]. The development of ontology led to an increase in the amount of
study that was done, as well as made philosophers more open-minded about the fact
that there is more than one method to examine how things exist. Ontology is a term
utilized in the scientific community to define the nature of things and the methodol-
ogy behind determining what is real. Ontology was developed to frame things in basic
logic to ensure that all individuals understand. Our knowledge influences any intel-
ligence projects as humans regarding the meaning and how to link them to answer
specific questions or make decisions. If we key in the right data to the computer, it
processes what we want in the semantic web. The idea came from connecting docu-
ments from the web. The resource description framework presents inputs in subject,
predicate, and object. It uses identifiers to add more information to different items
and is the core of linked open data. When exporting data as RDF, the identifiers
remain constant when an individual wants to translate into another language [6].
Once the identifiers are merged, it is easy to connect information with other data-
bases. Information in different places is published in different formats and is linked to
finding more information about a specific subject.

Web ontology language is based on RDF and is the standard for ontology develop-
ment. The main components in the language are the classes, properties, individuals,
or restrictions. It helps to break down the components and establish their relation-
ships. The OWL model must include all the data about different projects and any
restrictions [7]. Including key information in the model is important to ensure that
the system recognizes and prioritizes it. For instance, if all the stakeholders are
included, and the budget for the project is 3 million, then it will be easier to prioritize
as the system will recognize that the budget is high. If a double entry or similar leader
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is doing different roles, the language must be modified to ensure that it recognizes
that the entry was not an error [4].

When OWL and RDF are integrated, they create smart data. The computer
understands the data and can identify any errors in multiple documents [8]. When a
company needs to investigate a specific issue and go through many documents, the
two models can be used to make the process easier and faster as the computer can rec-
ognize the commands. The system recognizes what the user wants and needs and ana-
lyzes all data sources to identify the gaps that could help solve a problem. Information
science has benefited from the two models as they allow data from different sources to
be linked and provide the appropriate information influencing decision-making [4].

3.3 Ontology application areas

Ontology applies in research, education, and sociology. In sociology, it helps to
understand the current social facts and investigate if more are yet to be discovered. It
analyzes whether ideas are social constructs or objective reality. As sociology aims to
understand society, ontology helps to evaluate the nature, dynamics, and character-
istics of different social groups [9]. In education, it describes how students’ education
and exposure influence their worldview. Students need to understand that they shape
their world, and it affects how they see the world. They need to get education on
different facts based on alternative ontology. In place of having complex arguments,
they need to understand that there is no right way to view the world and use itasa
learning opportunity [10]. In research, it helps to ensure that researchers are certain
of the nature of the different issues that they are investigating. It helps define the
truth claims about the reality of a specific issue. It makes it easier for the researcher to
decide the validity of their claims [11]. It also guides how they deal with conflicting
ideas about the existence of things in the world.

3.4 Information science and ontology

The first thing ontology studies in information science are how distinct ontologies
are generated. It investigates the proper means of portraying reality. It studies the
validity of ontologies and how they may be utilized to develop ontologies for informa-
tion systems. Ontology is used to understand how to develop concepts and how they
are interrelated. In artificial intelligence, ontology implies that ideas that exist can be
represented. It also ensures that all meanings are defined, understood, can be inter-
preted accurately, and can be shared [12]. Information science has many data sets that
are related and interconnected, and it influences the quality and their corresponding
data.

Ontology studies the various ways in which they can be represented in com-
puter science. By utilizing concepts like classes, relations, and characteristics as an
example. Classes can have relationships with one another and can have subclasses
that share that relationship [13]. A further component of ontology is the individu-
als or instances that compose it. They are the fundamental building blocks of
ontology and can be either real or hypothetical. Information systems illustrate
how theoretical concepts are grounded in concrete occurrences and qualities [14].
Thus, with the aid of logic, information systems permit individuals to represent
knowledge. It provides direction on how to infer implicit knowledge from different
ontology types and domains, illuminating the interconnections between data sets
in the information sciences [15].
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3.5 Advantages of using ontology in IT

Using ontology helps to identify patterns, make predictions, and generate insights
that would otherwise be difficult without it [15]. It is also effective in making sense
of large quantities of data when searching for accurate information on relationships
between different classes or objects. Ontology ensures that we use specific models
to find information that will help us understand the domain [16]. Domain sharing is
faster and better, allowing software applications to work together without crashing.
It guides the appropriate data strategies that will be used in looking for information
about different theories. Using ontology increases the opportunities for accessing
quality data used in entity analysis [17]. Information systems can use, reuse and rep-
licate the information they get from the data collected. It applies to many industries,
including healthcare, finance, education, and automotive. There is easier collection of
data and accuracy in the data collected, and there is a greater speed in accessing data
in the information system.

3.6 Disadvantages of using ontology in IT

Applying ontology in information technology and system can be challenging
since it requires users to maintain a line of reasoning. The information systems can be
difficult to alter since the data used could be more flexible. A complex information
system may make it challenging for researchers to make sense of their data if they are
working with a large amount of it [18]. If individuals who understand ontology use it
for malicious reasons, it could be used to commit crimes or create conflict in different
industries. Ontology also requires knowledge and skills to navigate and ensure that
the computers have the right information to give the best results.

3.7 Methods of relationships for various concepts

It is useful to simplify the ideas so anyone may grasp them. Models of knowledge
in various forms are captured by ontology. Then, people from different backgrounds
will use the models to find answers to some really deep questions about the world.
Classes and relations are the two primary building blocks of any ontology [19].
Classes stand in for concrete ideas, whereas connections reveal how those classes
are related to one another. In information science, algorithms simplify connections
and provide consumers with easier access to relevant data [20]. In ontology, one can
find one-of-a-kind connections that emerge from incorporating material concepts
into either the internal or external spheres. It is crucial to identify their constituent
classes and determine whether or not they may function as standalone elements. It
shows philosophers what they can build upon in terms of the metaphysical parts and
how they come together. What theories are useful for deducing the interdependencies
between classes, relationships can also be affected by this.

3.8 Different types and forms of ontology

Information science has many data sets, and ontology makes it easier to under-
stand the data and allows them to be understood by people. It helps to understand the
relation of components that form the data sets. Once we understand the data sets, we
can understand the relationships between different subjects in different locations.
Companies that adopt big data depend on ontology to ensure they have systems they

5



Knowledge Management Dynamics in a Transformative Environment

understand or can act upon. It helps to categorize data based on its source and size
while providing storage for complex relationships in the most efficient ways possible.

It has become necessary in artificial intelligence to identify relationships among
different entities. The goal is to design a data structure that allows interpretation
and understanding of machine learning. It also provides a powerful analysis of data
mining, predictive analytics, and other machine-learning techniques. Ontology in
information science enhances how we automate data for decision-making and reason-
ing with limited human interaction [21]. It is applicable in software development
and provides a standardized way of organizing and classifying data. It allows them to
understand their data and make sense of it easily.

Top-level ontology is general across all domain authorities as they represent
general concepts. Aristotle came up with the Tree of Knowledge, where he tried to
distinguish several categories within the world. Time, space, and events are indepen-
dent of a specific domain. John Sowa came up with K.R. Ontology, where classes were
organized in a lattice. All classes in the structure are interconnected and have a top
and bottom element. According to Albert North Whitehead, it has about 27 concepts
that come from process philosophy.

Domain ontology is focused on specific domains and defines fundamental con-
cepts from generic domains [22]. The terms defined in the top-level ontology are
further specified, such as the specific subject types. Task ontology describes funda-
mental concepts based on the tasks, such as the lifecycle of anything. It is a further
subdivision of top-level and domain ontology. Application ontology is an integration
of task and domain technology fit together. They are focused on a specific task and
are a specialization of task and domain technology. Information science uses these
concepts to automate how domains are grouped, and they help to present the required
information.

Ontology could also be categorized based on the level of semantic expressivity. It
begins with controlled vocabulary and ends with complex logic, such as disjunctive-
ness or inversiveness. It mostly applies to philosophy as they try to understand the
world’s reality. Controlled vocabulary lists terms that can be used to describe other
things. The next level is the glossary, where scientists informally describe terms with
natural language help. The next level is thesauri, describing terms based on synonyms
and homonyms. It is followed by taxonomy, where there is a hierarchal taxonomy. It
is mostly implemented in science and healthcare, which helps to understand the facts
about the different classes in the hierarchy. Finally, it is integrated with technology
and helps define the data sets that form information systems [23].

4. Methodology

This research used a systematic review of previous journals from online sources.
The focus was on information regarding ontology as a whole then narrowing down
to ontology in information science. The researcher used several online repositories of
journals such as ResearchGate, Elsevier, Wiley, and Sage. A more detailed illustration
of the search strategy is shown below (Figure 2).

The selection criteria were also based on articles published within 10 years, that
is, not later than 2013 (2013-2023). Further, sorting was done to analyze documents
that were written in English and those that allowed full access to the whole content.
We searched the online database using the following keywords: Ontology develop-
ment, ontologies in information sciences, ontology in information systems, ontologies
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Additional records from other sources (n=10)

(n=150)

[ J
‘y

Remaining records after duplicate removal
(n=138)

Records screened (n=138) 5 Excluded records (n=71)

]

Aticles assessed for eligibility (n=67) Ful-ent ariies [‘;"j‘;‘:“ Wihireasong

I

Studies included in qualitative synthesis
(n=19)

Records identified by database searching J

Figure 2.
Summary of the research strategy used.

and information systems, and ontologies information system development. There
were no restrictions on the positioning of the noun phrases and keywords. Duplicate
documents were eliminated the remaining documents were assessed for relevance by
reading the abstract and conclusion. However, in some cases where the information in
the abstract and the conclusion were insufficient, we examined the whole document
to obtain relevant information regarding the topic. Out of the 67 relevant studies, 19
studies were found to be eligible to be included in the systematic review. The entire
content of all the 19 articles was perused through to identify relevant content. By
doing so, gaps were identified to guide our study and future recommendations.

5. Results and findings

The outcomes demonstrate that philosophers have employed ontology in their
quest to make sense of the world. It is been refined and implemented in numerous
fields, including academia, training, and social science. However, research shows that
it has been successfully adopted in the field of information science. Different lan-
guages demonstrate how people can communicate their needs to computers in a way
that can be understood and implemented to yield optimal results in a variety of fields.
Computers are now able to process large amounts of data and provide accurate results,
improving the efficiency of many fields, including law enforcement and medicine.

Finding the connections between the various ideas has been made easier as a result
of its application. Today, businesses can use big data to classify information and make
educated decisions based on a variety of ontologies. There are systems that process
the data in order to give the correct findings, and the visuals help to show the relation-
ships or establish the gaps in the data. To get a better grasp on existence, we need to
embrace technology so that we can be certain that we have the best possible systems
to assist us in going beyond what we can see and what we already know. It is possible
that this will be the next best thing that will revolutionize a variety of industries and
provide solutions to some of the world’s most complex problems.

There are several methodologies used in the development of information sys-
tems. These methodologies include Rapid Application Development, Waterfall
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Figure 3.
The contribution of ontology in SDLC.

method, Agile methodology, and Rational Unified Process. However, the Systems
Development Life Cycle is the most used methodology for the development of
information systems. It is from the phases of this methodology that other method-
ologies were developed. The phases of SDLC to which ontologies can be beneficial
include analysis, design, programming, testing, deployment, and maintenance. The
Figure 3 summarizes the contribution of ontologies to various stages of the Systems
Development Life Cycle.

6. Conclusion and future recommendation

In conclusion, ontology has allowed individuals to share their knowledge with
computers and process data that helps make more effective decisions. This concept
has been built from the philosophical domain of explaining the existence of things
and how they relate to each other. This document has widely explained the devel-
opment of ontology and how it has been widely applied in information science,
for instance, the sharing of domains and the reuse of information-by-information
systems in making informed decisions. However, ontology also has disadvantages
when it comes to metadata and complexity in information systems. There is still
a wider gap that needs to be explored in the future for this field to be well under-
stood and effective in solving problems. Individuals need to fully understand and
expand their knowledge in implementing ontology due to technological diversity
and robustness.



Integrating Ontology in Information Science and Al: Evolution, Applications, and Future...
DOI: http://dx.doi.org/10.5772/intechopen.1007650

Author details

Foziah Gazzawe

College of Computer Science and Information Systems, Umm Al-Qura University,
Makkah, Saudi Arabia

*Address all correspondence to: fhgazzawe@uqu.edu.sa

IntechOpen

© 2025 The Author(s). Licensee IntechOpen. This chapter is distributed under the terms of
the Creative Commons Attribution License (http://creativecommons.org/licenses/by/4.0),
which permits unrestricted use, distribution, and reproduction in any medium, provided

the original work is properly cited.

9



Knowledge Management Dynamics in a Transformative Environment

References

[1] Qanwal S, Haq N, Karim S. Ontology
of self: AThematic analysis of Coelho’s
philosophical style in the alchemist.
Pakistan Journal of Social Sciences.
2022;42(2):507-522

[2] Anderson RL. Transcendental
idealism as formal idealism. European
Journal of Philosophy. 2022;3(3):899-923

[3] Datta S. Aristotelian essence and
it’s critical approach. Journal of Indian
Council of Philosophical Research.
2020;37(3):451-470

[4] Husdkova M, Bures$ V. Formal
ontologies in information systems
development: A systematic review.
Information. 2020;11(2):66.

DOI: 10.3390/inf011020066

[5] Zyphur M]J, Pierides DC. Statistics and
probability have always been value-laden:
An historical ontology of quantitative

research methods. Journal of Business
Ethics. 2020;167(1):1-18

[6] Van Assche D, Delva T,
Haesendonck G, Heyvaert P, De
Meester B, Dimou A. Declarative RDF
graph generation from heterogeneous
(semi-) structured data: A systematic
literature review. Journal of Web
Semantics. 2022;75:100753

[7] El Idrissi B, Baina S, Mamouny A,
Elmaallam M. RDF/OWL storage and
management in relational database
management systems: A comparative
study. Journal of King Saud University,
Computer and Information Sciences.
2021;34(9):7604-7620

(8] Liao CH, Wu YF, King GH. Research
on learning owl ontology from relational
database. Journal of Physics: Conference
Series. 2019;1176(2):022031

10

[9] Rotolo M. Culture beneath discourse:
An ontology of cognitive cultural
entities. American Journal of Cultural
Sociology. 2021

[10] Stancin K, Poscic P, Jaksic D.
Ontologies in education—State of the art.

Education and Information Technologies.
2020;25(6):5301-5320

[11] Jusoh S, Awajan A, Obeid N.
The use of ontology in clinical
information extraction. Journal of
Physics: Conference Series. 2020,
May;1529(5):052083

[12] Chu SC, Xue X, Pan JS, Wu X.
Optimizing ontology alignment in vector
space. Journal of Internet Technology.
2020;21(1):15-22

[13] Nasution MKM. Ontology.
Journal of Physics: Conference Series.
2018;1116(2):022030

[14] Farooqi N, Gawich M, Khozium MO.
An automated approach for medical
ontology maintenance system. Life
Science Journal. 2020;17(11):23-31

(15] Thi Anh Lé P, Phuéc Cuong N.
Ontology based semantic information
search. Journal of Science, Educational
Science. 2015;60(7A):21-29.

DOI: 10.18173/2354-1075.2015-0049

[16] Tianxing M, Zhukova N, Vodyaho A,
Aung TT. A meta-mining ontology
framework for data processing.
International Journal of Embedded and

Real-Time Communication Systems
(IJERTCS). 2021;12(2):37-56

[17] Norris E, Hastings J, Marques MM,
Mutlu ANF, Zink S, Michie S. Why and
how to engage expert stakeholders in
ontology development: Insights from



Integrating Ontology in Information Science and Al: Evolution, Applications, and Future...
DOI: http://dx.doi.org/10.5772/intechopen.1007650

social and behavioural sciences. Journal
of Biomedical Semantics. 2021;12(1):1-8

[18] Ahmad IS, Bakar AA, Yaakub MR. A
review of feature selection in sentiment
analysis using information gain and
domain specific ontology. International

Journal of Advanced Computer Research.
2019;9(44):283-292

[19] Chen L, Lu D, Zhu M, Muzammal M,
Samuel OW, Huang G, et al. OMDP:

An ontology-based model for diagnosis
and treatment of diabetes patients in
remote healthcare systems. International
Journal of Distributed Sensor Networks.
2019;15(5):1550147719847112

[20] Kersloot MG, van Putten FJ, Abu-
Hanna A, Cornet R, Arts DL. Natural
language processing algorithms for
mapping clinical text fragments onto
ontology concepts: A systematic review
and recommendations for future studies.
Journal of Biomedical Semantics.
2020;11(1):1-21

[21] Leshcheva I, Begler A. A method of
semi-automated ontology population
from multiple semi-structured data
sources. Journal of Information Science.

2022;48(2):223-236

[22] Lubani M, Noah SAM, Mahmud R.
Ontology population: Approaches and

design aspects. Journal of Information
Science. 2019;45(4):502-515

[23] Poole W. Seventeenth-century
‘double writing’schemes, and a 1676 letter
in the phonetic script and real character
of John Wilkins. Notes and Records: The
Royal Society Journal of the History of
Science. 2018;72(1):7-23

11






Chapter 2

Perspective Chapter: Cross-Level
Unbiased Prior Knowledge-Guided
Deep Representation Learning

Jiangmeng Li and Fei Song

Abstract

The great success of deep representation learning largely depends on the large
amount of data available for model training. However, labeling data that satisfies the
assumption of independent and identical distribution brings unaffordable workloads,
resulting in the connectionism-based data-driven learning paradigm encountering a
development bottleneck. The essential reason is that the traditional deep representa-
tion learning paradigm aims to enable the model to perform supervised training on a
specific data domain, so the model can only obtain the domain-biased discriminative
information, and the insufficient supervised data directly incurs the model not to
obtain sufficient discriminative information. To remedy such a deficiency, researchers
focus on introducing unbiased prior knowledge to guide the training of deep repre-
sentation learning models, to improve the model’s unbiased discriminative represen-
tation ability, thereby enhancing the performance of deep learning models on
discriminative tasks.

Keywords: unbiased prior knowledge, representation learning, self-supervised
learning, knowledge graph, causality

1. Introduction

With the increasing development of machine computing performance, deep
learning methods based on connectionism have attracted the attention of more and
more researchers. This method aims to establish a deep artificial neural network
model by simulating the neural network system of the human brain, learning from the
data, and ultimately completing the corresponding prediction task. After training with
the large amounts of data, such deep learning models are able to match or exceed
human capabilities on specific tasks. In view of the powerful data fitting capabilities,
deep representation learning has developed from research focusing on basic theory to
general technology research for tasks related to daily life and industry. Such methods
can solve many practical problems with high quality, but there are still many chal-
lenges. As Moore’s Law gradually becomes inapplicable to the development of today’s
machine computing speed [1], the development of data-driven deep representation
learning paradigm has encountered a bottleneck, since although the research on neu-
ral network architecture search has left a significant mark in the development history
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of deep representation learning, such as ResNet [2], SENet [3] and other neural
network architectures [4, 5], it is difficult for researchers in this classic research
direction to efficiently explore the network architectures that significantly improve
model performance.

Therefore, deep representation learning researchers began to explore how to
improve the performance of the model under the premise of limited computing
performance. A very intuitive idea is to input large-scale annotation data into the
model to enhance the model’s capabilities [6]. But there is a key problem with this
approach: In some specific scenarios in the real world, the workload of labeling these
large-scale training data is very huge. Particularly for some specific annotation tasks,
such as satellite radar target detection, fine-grained classification of biological images,
and medical image processing, the annotation can only be completed by experts with
rich experience. When the annotated training data is insufficient, deep representation
learning models are often prone to over-fitting problems; that is, the trained model
only has good performance on the training dataset, but performs weakly on the test
dataset. In addition, deep representation learning methods also require that training
data and test data satisfy the premise assumption of independent and identical distri-
bution. However, due to the complexity of real-world scenarios, biases in the data
collection process, and the fact that training data and test data come from different
data sources, the phenomenon of data covariate shift will occur. For example, training
and test data collected for the same object may come from cameras at different angles
or from different background environments. This covariate shift in data directly leads
to the problem of insufficient generalization of deep representation learning models.
Therefore, using large-scale annotated datasets to train deep representation learning
models cannot enable the model to generalize to obtain excellent performance on
various heterogeneous datasets. The essential reason behind this phenomenon is that
the traditional deep representation learning paradigm requires supervised training of
the model on a specific data domain, so that the model can obtain biased discrimina-
tive information about the data domain. When the supervision data is sparse, the
model cannot obtain sufficient discriminative information. In addition, the deep rep-
resentation learning model based on this training paradigm has a natural problem of
weak generalization.

To solve the above problems, researchers focus on using unbiased prior knowledge
to guide the training of deep representation learning models, thereby improving the
model’s unbiased discriminative representation capabilities, thereby enhancing the
discriminability and generalization of deep learning models on downstream tasks. The
unbiased prior knowledge-guided deep representation learning paradigm aims to uti-
lize human unbiased prior knowledge to guide the deep representation learning model
to efficiently mine useful information from data during training. The unbiasedness of
knowledge specifically refers to the fact that this type of knowledge does not depend
on a single data domain (such as a specific dataset) and should be universal in multiple
or even all data domains. The a priori nature of knowledge refers to the existence
before this type of knowledge is empirical induction on a single specific data domain.
In the field of representation learning, prior knowledge represents the external
knowledge available to the model before it is trained on a specific dataset. Therefore,
compared with the traditional data-driven deep representation learning algorithms,
using prior knowledge to guide the training of deep representation learning models
can effectively alleviate the model’s over-reliance on machine computing power and
large amounts of data annotation information, and weaken training data and test data.
The impact of issues such as covariate offset on model performance makes the trained
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model have better generalization and discriminability. Due to the high abstraction and
versatility of unbiased prior knowledge, it can often consistently and efficiently
improve the ability of deep representation learning models to mine discriminative
information from data. Even under the conditions of limited machine computing
performance and training data volume, this learning paradigm can still effectively
improve the generalization and discriminability of the model on downstream tasks.

According to the order of the representation learning process, deep representation
learning guided by unbiased prior knowledge can be divided into three levels: task-level,
feature-level, and interpretability-level. Specifically, deep representation learning guided
by task-level unbiased prior knowledge focuses on using human unbiased prior knowl-
edge as task hypotheses to construct the auxiliary learning tasks, thereby guiding the deep
representation learning model to obtain discriminative information from the data. In the
field of representation learning, this learning method is called self-supervised representa-
tion learning. This representation learning method aims to learn effective feature repre-
sentations from unlabeled data by designing appropriate self-supervised tasks, for
example, contrastive learning [7-9]. The most intuitive way to implement deep repre-
sentation learning guided by unbiased prior knowledge at the feature-level is to obtain the
corresponding knowledge features from the human knowledge base and guide the model
for training. A representative research is to obtain features from the knowledge graph
composed of unbiased prior knowledge and then assist the model to obtain discriminative
information from the training data, for example, the knowledge graph-based methods
[10-12]. The research content within the interpretability-level is relatively extensive,
mainly re-examining deep representation learning methods from a theoretical perspec-
tive, finding an interpretable theoretical basis that supports the effectiveness of the
method, and optimizing and improving representation learning methods under its guid-
ance. It is worth noting that these theoretical frameworks are composed of human
unbiased prior knowledge, such as the causality theory [13].

This chapter takes deep representation learning guided by unbiased prior knowl-
edge as the research topic. This learning paradigm aims to rationally utilize unbiased
prior knowledge during the training process to guide the deep representation learning
model to mine discriminative information from the limited data, thereby improving
the model’s predictive performance on downstream tasks. Although research in this
field has achieved a series of results, there are still some challenges that need to be
overcome. For example, there are the challenges of low sample efficiency within the
task-level, the challenge of the lack of knowledge introduction roadmap within the
feature-level, and the challenge of insufficient guidance of representation learning
theory within the interpretability-level. Focusing on the above challenges, we have
conducted in-depth research on deep representation learning algorithms guided by
unbiased prior knowledge. In general, deep representation learning guided by unbi-
ased prior knowledge can effectively learn a high-quality representation that is dis-
criminative, generalizable, and robust, and this representation has great potential for
practical applications in the real world. Therefore, the research topic of deep repre-
sentation learning algorithms guided by unbiased prior knowledge has important
research significance and practical value.

2. Related work

The goal of deep representation learning guided by unbiased prior knowledge is to
use rich human unbiased prior knowledge to promote the deep representation
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learning model to obtain discriminative, generalized, and robust features under the
conditions of limited training data and machine computing performance, thereby
enhancing the model’s prediction on downstream tasks. Deep representation learning
guided by unbiased prior knowledge can be divided into three levels: task-level,
feature-level, and interpretability-level. The similarity between them is that they all
introduce unbiased prior knowledge as guidance in the training process. The differ-
ence is that the periods and approaches of introducing the unbiased prior knowledge
in the representation learning process are different. This chapter explores representa-
tive research on deep representation learning guided by unbiased prior knowledge at
different levels and has made important progress in solving problems in the
corresponding fields. In the following, we conduct research on deep representation
learning guided by unbiased prior knowledge from three representative research
directions: self-supervised representation learning within the task-level, representa-
tion learning based on knowledge graphs within the feature-level, and representation
learning guided by theory within the interpretability-level.

2.1 Self-supervised representation learning within the task-level

Self-supervised representation learning methods have achieved remarkable success in
the field of representation learning without manual annotation. This type of method helps
deep representation learning models to obtain discriminative information from unlabeled
data by constructing auxiliary self-supervised tasks based on unbiased prior knowledge as
task hypotheses. Generally, self-supervised representation learning methods focus on
promoting the model to learn crucial information from the data through discriminant-
oriented self-supervised tasks constructed based on unbiased prior knowledge. For exam-
ple, for classification tasks, features obtained from data of the same category should also
be clustered in the hidden layer space. Contrastive learning, as the outstanding discrimi-
native self-supervised representation learning method, achieves state-of-the-art perfor-
mance on a variety of downstream tasks [14-22]. Concretely, Deep InfoMax [23] aims to
enhance representation learning by maximizing mutual information between the input
and output of the encoder. CPC [24] adopts noise contrastive estimation [25] as a con-
trastive loss function to train models, achieving this objective through the use of Kullback-
Leibler divergence [26] to maximize mutual information across multiple views. CMC [7]
and AMDIM [27] focus on applying contrastive learning to multi-view datasets. SimCLR
[8] and MoCo [9, 28] improve contrastive learning by leveraging large batches or memory
banks, increasing the diversity of negative sample features to boost model performance.
To sample informative negative samples, DebiasedCL [29] and HardCL [30] design
sampling strategies by using unlabeled positive sample learning methods [31, 32]. Inspired
by previous work [33], the researchers provided a theoretical framework based on infor-
mation theory for discriminative self-supervised representation learning [34], and pro-
posed a method based on the information bottleneck theory to improve the performance
of contrastive learning. However, these methods rely on a large number of negative
samples to learn valuable feature representations, thereby avoiding training collapse.
SimSiam [35] and BYOL [36] propose non-negative sample comparative learning by using
Siamese networks and stop-gradient, and this method can effectively avoid the model
degradation problem during the training process. SSL-HSIC [37] provides a unified
framework for contrastive learning methods without negative examples based on the
Hilbert-Schmidt independence criterion [38]. In the evaluation of downstream tasks,
discriminative self-supervised representation learning methods based on contrastive
learning have achieved consistent and impressive results.

16



Perspective Chapter: Cross-Level Unbiased Prior Knowledge-Guided Deep Representation...
DOI: http://dx.doi.org/10.5772 /intechopen.1013557

2.2 Representation learning based on knowledge graphs within the feature-level

The knowledge graph is a knowledge data structure constructed by an inductive
understanding of unbiased prior knowledge. Therefore, the knowledge graph can be
regarded as a database of human knowledge. Relying on the features obtained from
the information of the knowledge graph to enhance the performance of the deep
representation learning model is the implementation roadmap of the representation
learning method based on the knowledge graph within the feature-level. Knowledge
graph is a new generation of knowledge base used to describe facts about real-world
entities and their relationships. The emergence of knowledge graphs is inseparable
from the development of the semantic web. According to the definition of triples in
the semantic web [39], the knowledge graph is a set of RDF triples in the form (s, p,0),
that is, (subject, predicate, object), where s and o are entities, and p is a predicate or
relationship. When the entities of these triples are viewed as nodes and relationships
as edges, a directed multi-relationship graph is formed. In recent years, knowledge
graphs have attracted great attention from academia and industry. Knowledge graphs
include general domain knowledge graphs, such as WordNet [40], YAGO [41],
DBPedia [42], Freebase [43], WikiData [44], NELL [45], CN-dbpedia [46],
ConceptNet [47], and domain-specific knowledge graphs, such as Open PHACTS
[48], Watson [49], AMiner [50]. They have been widely used in many research fields,
such as information retrieval, question answering, and recommendation systems [51].
In addition, many commercial knowledge graphs have also been developed as prod-
ucts, such as Google KG [52]. They can provide more efficient and powerful services
to the company’s products. Representative deep representation learning methods
based on knowledge graphs include ConvE [53], ConvKB [54], CapsE [55], and KG-
BERT [56]. These methods use neural networks to learn parameters such as weights
and biases, organize the parameters into network layers with nonlinear activation
functions, and identify potentially the important patterns from the input data in the
knowledge graph.

2.3 Representation learning guided by theory within the interpretability-level

In the long-term process of human exploration of nature, researchers have sum-
marized a lot of theoretical knowledge to explain observations of the physical world.
The theoretical knowledge gradually precipitates into systematic theoretical frame-
works, and these theoretical frameworks often have strong generalization and robust-
ness. The representation learning method under the introduction of theory within the
interpretability-level aims to use the theoretical framework formed by humans to
guide the training process of deep representation learning. In recent years, the explo-
ration of deep representation learning methods under the guidance of causal inference
theory has made important achievements. Causal inference [13, 57] has been widely
used in various fields such as statistics, economics, and computer science. In the field
of computer vision, causal inference leverages the deconfounding methods [58, 59]
and counterfactual inference methods [13, 57] to eliminate the pseudo correlation
between various variables in representation learning, thereby improving the perfor-
mance of the model on downstream tasks, since eliminating confounding factors
improves the estimates of the true causal effects between variables. CaaM [60] intro-
duces the causal attention module into unsupervised methods, thereby learning causal
features. CIRL [61] builds a structural causal model to formalize the domain genera-
tion problem and separate causal factors and non-causal factors in the input data,
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thereby learning domain-independent representations. D&R [62] introduces causal
inference in the few-shot object detection task and builds the corresponding structural
causal model, to understand the intrinsic paradigm behind the learning method of
applying knowledge distillation. Under the guidance of structural causal models, deep
representation learning methods can effectively improve the prediction of the model.

3. Task-level deep representation learning guided by unbiased prior
knowledge

As the most representative research in deep representation learning guided by
unbiased prior knowledge at the task-level, self-supervised representation learning
has achieved remarkable success in the field of unsupervised representation learning.
In the research on self-supervised representation learning, the unbiased nature of
knowledge is reflected in the fact that the self-supervised tasks proposed by this
learning method are based on human knowledge and are not limited to a specific data
domain; the priori nature of knowledge is reflected in the fact that the knowledge of
constructing self-supervised tasks exists before the empirical induction on a single
specific data domain. Self-supervised representation learning methods have a wide
range of uses in practical applications, and the key lies in how to design appropriate
self-supervised representation learning objectives. In addition, judging from recent
progress, unsupervised methods can achieve better performance than supervised
methods by introducing self-supervised contrastive learning tasks [14, 23, 24, 27, 63].
This also proves the development potential and practical application value of self-
supervised representation learning. Therefore, this chapter will focus on the low
sample efficiency problem of self-supervised contrastive learning within the task-
level, progressively study the causes of this problem, and then provide corresponding
solutions.

3.1 Problem analysis

Contrastive learning methods have achieved empirical success in computer vision
[64, 65]. Under the setting of self-supervised learning (SSL), recent researches dem-
onstrate the superiority of contrastive methods [7, 23, 29, 30]. These methods extract
features by comparing various representations of an image in a hidden space, for
instance, images after the jitter process, the cropped images, and other random aug-
mented images. In the conventional contrastive learning framework, two views of the
same image are treated as a positive pair, while views from different images are treated
as a negative pair. The contrastive loss [24, 25] encourages the model to bring positive
pairs closer and separate negative pairs in the feature space.

However, this learning paradigm suffers from the need for a large number of pairs
to contrast, for example, large batch size or memory bank size, because many pairs are
not informative to the model; that is, in hidden space, positive pairs are already very
close, while negative pairs are far apart, contributing little to optimization. Contras-
tive learning methods require a large number of pairs to acquire informative pairs,
and thus, the advanced data augmentations [8, 27] are imposed, for example, jittering,
random cropping, color channel separation, and so on. The large memory banks [7, 9]
are also crucial for improving performance on downstream tasks. Recent works in
contrastive learning largely depend on carefully selecting informative negative pairs
[29, 30], supported by the sufficient informative positive pairs. However, when the
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number of pairs is limited, contrastive loss can lead to feature collapse [36, 66], where
the model outputs identical features for all images.

To address this issue, we propose an efficient self-supervised contrastive approach
designed to learn both discriminative and anti-collapsing features under constraints
such as small batch sizes and lightweight neural networks. While prior work has
focused on aggressive data augmentations, the informativeness of features derived
from such augmented data is challenging to quantify, as deep neural networks gener-
ate features in a mapping-agnostic manner. Instead, our method directly incorporates
augmentations at the feature level, demonstrating that well-designed feature augmen-
tations can significantly enhance optimization.

3.2 Methodology

Our objective is to learn representations capturing the shared information across
multiple views using self-supervised contrastive learning in an effectively and effi-
ciently manner. Formally, we define the input multi-view dataset as
X = {X1,X>, ...,Xn}, where N is the total number of samples. Each X; is composed of
M views of a given sample, withi € {1, ..., N}. For each sample X, we represent x; as a
random variable corresponding to views sampled from the distribution x; ~ P(X;).

Additionally, x’l refers to the j-th view of the i-th sample, whereje {1, ...,M}.

3.2.1 The preliminary of contrastive learning

According to the basics of contrastive learning [7, 8], the core principle of con-
trastive learning is to learn embeddings that increase the similarity between views of
the same sample while distinguishing views of different samples in the latent space.

For a multi-view dataset X, pairs of views from the same sample {xﬁ,le }, where

7,j €{1, ..., M}, are defined as positives, while pairs from different samples {x’l,x{, },
where i # 7', are considered negatives.

To implement contrastive learning, each input xiz is passed through a view-specific
encoder f 6 (+) to generate a representation h’l This representation is then transformed
into a feature vector z]l using a projection head g, (-), where 6; and 9; represent the
parameters of the encoder and the projection head, respectively. To evaluate the
similarity between features {z]l,z]l,, }, where i # 7', a discriminative function d(-) is
used. Both the encoder f’ 9 (-) and the projection head 8y, (-) are optimized using a

contrastive loss [24], which is expressed as:

d({="})

K ’ @
d({z*}) +]€Zﬂd({2*}k)

L= —}I{ES log

Here, X5 = {{z"},{z~ }1, {z " },, ..., {z }),} represents a set of pairs randomly
selected from X, consisting of one positive pair {z*} and K negative pairs {z~ },,
where k € {1, ..., K}. This setup is necessary because the contrastive loss function
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processes only one positive pair per iteration. During testing, the projection head g, ()

is removed, and the representation h’l is directly utilized for downstream tasks.
3.2.2 Meta feature augmentation with regularization of margin injection

Recent contrastive learning methods often rely on complex data augmentations to
enhance the informativeness of views. However, this unguided approach usually
requires a large amount of training data, such as large batch sizes or memory banks, to
be effective. To address this, we propose a meta feature augmentation (FeAug)
method that generates informative augmented features by adjusting its network
parameters based on the encoder’s performance (via gradient feedback). An overview
of the FeAug architecture is illustrated in Figure 1.

To achieve this, we introduce a group of Meta Augmentation Generators (MAGs),
denoted as a,,(-) = {@u,; (), - »@wy (*)}, corresponding to all M views, with w =
{@1, ..., wn} as their parameters. For simplicity, we define f,, and g, as the collections
of view-specific encoders and projection heads, respectively, where 8 = {6, ..., On}
and 9 = {94, ..., du}. During training, the encoders f ,(-), projection heads g,(-), and
MAGsS a,,(-) (parameterized by w) are jointly optimized. Following the meta learning
framework [67, 68], we first trainf,(-) and g,(-) using self-supervised contrastive loss.
Then, MAGs a,,(+) are updated by calculating their gradients based on the perfor-
mance of f,(-) and g,(-). This performance is measured via the gradients of f,(-) and

I Views : Encoding : Projection : Contrast

fo,()—=13,() 99,()—94,(")

)= 3, ()

ay, (), 6w, ()

Figure 1.

Thgeuarchitecture of FeAug consists of two main components: the data encoding process and the meta feature
augmentation process. During training, the process begins by fixing a.,(-) and a., (-), while optimizing f P ()

s, () f, o (), and g 5 (+) with the loss function L. Subsequently, the encoders and projection heads are frozen, and
au, () and a,, (-) ave updated in a meta learning fashion. This iterative training cycle continues until the model
converges.
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Z,5(-) when the contrastive loss is back-propagated. The encoders, projection heads,
and MAGs are trained iteratively until convergence.

Specifically, the training process begins by updating the parameters 6 and 9 of the
encoders and projection heads using the standard contrastive loss. Next, the parameters
w of the MAGs a,,(-) are updated using a meta learning strategy. This encourages the
augmented features to contain more informative content, enabling the encodersf(-) to
better leverage both the original and augmented features for contrastive tasks. As a
result, the encoders’ ability to extract discriminative information improves on the same
training data. The meta updating objective for adjusting  is formalized as follows:

argmin £({g (1) ) a0 (¢3(5%)) ) })- @

where X represents a minibatch drawn from the training dataset X. The set
{g 5 (f (X )) . (g 5 (f (X ))) } includes both the original features and the augmented

meta features. The parameters fand 9 correspond to the encoders and projection heads,
respectively, and are updated through a single step of gradient back-propagation.

0=0—¢-VoL({gs(f5(X)) 20 (s (fs (X)) })- ®)

The parameter 9 is derived consistently, with £ serving as the shared learning rate
for both 0 and 8. The core idea of the meta-updating objective leverages the second-
derivative technique [67-69] to train a,,(-). Specifically, the Hessian matrix,
representing the second derivative of the combined parameter set {0, 9}, is used to
update @. This update is computed by retaining the computational graph of {6, 9} and
taking the derivative with respect to w.

In practice, a significant challenge arises when the original features lack sufficient
informativeness. This limitation makes it difficult to produce large gradients through
contrastive learning with uninformative features. Consequently, the meta-augmented
features (MAGs) generated by a,,(-) tend to collapse, resulting in augmented features
that closely resemble the original ones. The root cause of this collapse is attributed to
the small gradient changes in the encoder and projection heads, g, (f,(-)), which
reduces the update step size for a,,(-). This, in turn, causes the optimization process of
a,(-) to stagnate in a local optimum, failing to produce the augmented features with
additional useful information.

To address this issue, a margin is introduced to encourage a,,(-) to generate more
diverse and informative augmented features. This margin acts as a regularization term
in the meta-updating objective, pushing the augmented features beyond simple repli-
cation of the original features. Without this margin, MAGs are prone to generating
collapsed features, as observed in practice. The approach to inject this margin into
a,(-) is formally defined as follows:

6" = min [min({d({z*};+)}), max({d({" },-)})]
(4)
o~ = max min({d({z"};+)}), max({d({z~ };-)})]

where {d({z"},+)} is a set of the outputs (similarities) of positives computed by the
discriminating function d(-), and k" € {1, ..., K"} where K" represents the number of
positives in a minibatch. {d({z~ },- )} is a set of the discriminating outputs of
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negatives, and k~ €{1, ...,K~ } where K~ represents the number of negatives. Note
that only original features are used in Eq. (4). We call the formulated margin gener-
ation approach as “Large,” and we also propose two more approaches, called “Medium”
and “Small.” The margins are injected between the original features and augmented
features by adding regularization term in the meta updating objective, which can be
formalized as:

Ro = K1+kZ_1 [ol({%},;) _6+L +f<1* ,;—2;1 o~ —d({g"}; )] )

where {27} ;+ Tepresents a set of positive pairs, each consisting of one original feature

I . . .
and one augmented feature, with K denoting the total number of such positive pairs.
Similarly, {2~ };- refers to a set of negatives, where each pair also includes one original

feature and one augmented feature, with K being the total number of negative pairs.
The function [-], , defined as [4], = max(a, 0), acts as a cut-off-at-zero operation.
This regularization is incorporated into the update rule for  as follows:

w—w—">r- Vw£<{g§(]”5(X)),aw(g5 (fe(ff)»}) +a-R, (6)

where £’ represents the learning rate for w, and « is a hyperparameter controlling the
influence of the margin-injected regularization term. The regularization term R,
ensures that the meta-augmented features (MAGs) are more informative by encour-
aging them to differ significantly from the original features.

In practice, applying margin-injected regularization leads to more concentrated
feature representations. For instance, features corresponding to the same image
become more similar, while the gap between features of different images
increases. This demonstrates that the generated augmented features not only avoid
collapse but also help the encoders learn more diverse and non-collapsed feature
representations.

3.2.3 Model objective

Concretely, we adopt margin-injected meta feature augmentation in the contras-
tive learning paradigm to achieve desired discriminative multi-view representations,
and the proposed L is incorporated to replace the conventional contrastive loss £. The
formal definition of our proposed method is

L=LT 45 L7 7)

where £ represents the loss NOT including the meta augmented features, and £
represents the loss including such features. Both £”? and £ are derived by following
the optimization-driven unified contrast principle [70]. § is a coefficient that controls
the balance between them. It is important to highlight that the margin-injected regu-
larization term, R, is exclusively applied during the meta-training phase of the
MAGs, that is, for a,(-). During the standard training process of the encoders and
projection heads, R, is not utilized. The purpose of R, is to ensure that the augmented
features remain informative, enabling the encoder to learn discriminative and effec-
tive representations more efficiently.
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3.3 Experimental exploration

We evaluate our FeAug on well-known datasets, including Tiny ImageNet [71],
STL-10 [72], CIFAR10 [71], and CIFAR100 [71]. The benchmark methods for com-

parison include BiGAN [73], NAT [74], DIM [23], SwAV [14], SimCLR [8], CMC [7],

MoCo [9], BYOL [36], Barlow Twins (BT) [66], DACL [20], LooC [21], DCL [29],

and HardCL [30]. To ensure fair and efficient comparisons under the limited training
inputs, we set a uniform batch size of 64. We use a backbone network comprising five
convolutional layers from AlexNet [75] (referred to as “conv”) and an additional two
fully connected layers (“fc”). None of the backbone encoders are pre-trained, and we
adopt identical data augmentation strategies and memory banks as used in CMC [7].
For evaluation, we conduct 20 independent trials, using the average performance

over the last 20 epochs as the final result for each trial. Additionally, we report 95%
confidence intervals for our results, while results without confidence intervals are
drawn from published sources. Our comparisons include a fully-supervised baseline

(similar to AlexNet [75]) and state-of-the-art unsupervised methods. Table 1 presents

the results across the four datasets, with the final two rows showing our method’s
performance. As shown in the table, FeAug outperforms all prior methods on these

datasets. Furthermore, compared to the fully-supervised baseline trained end-to-end

(without fine-tuning), FeAug demonstrates notable improvements in most down-
stream tasks, highlighting its effectiveness in modeling discriminative information,
especially when supervision is limited (e.g., with small training datasets).

Model STL-10 CIFAR10 CIFAR100 Tiny ImageNet
conv fc conv fc conv fc conv fc

FS 68.70 75.39 42.27 36.60

BiGAN 71.53 67.18 62.57 62.74 37.59 33.34 24.38 20.21
NAT 64.32 61.43 56.19 51.29 29.18 24.57 13.70 11.62
DIM 72.86 70.85 73.25 73.62 48.13 45.92 33.54 36.88
SwAV  70.32+0.4 71.40+0.3 68.32+0.2 65.20+0.3 44.37£0.3 40.85+£0.3 39.56+0.2 38.87£0.3
SimCLR 75.57+£0.3 77.15+£0.3 80.58+0.2 80.07+0.2 50.03+£0.2 49.82+0.3 36.24+0.2 39.83+0.1
CMC 83.03 85.06 81.31+0.2 83.2840.2 58.13+0.2 56.72+£0.3 41.58+0.1 40.114+0.2
MoCo 77.50+0.2 79.73+£0.3 76.37£0.3 79.30£0.2 51.04+0.2 52.31+0.2 35.90+£0.2 41.37+0.2
BYOL 81.73+0.3 81.57+0.2 77.18+0.2 80.01+0.2 53.64+0.2 53.78+0.2 41.59+0.2 41.90+0.1
BT 80.97+0.3 81.43+0.3 76.63+0.3 78.49+0.2 52.804+0.2 52.95+0.2 39.81+0.3 40.34+0.2
DACL  80.34+0.2 80.01+0.3 81.92+0.2 80.87+£0.2 52.66+0.2 52.08+0.3 40.61+0.2 41.26+0.1
LooC 81.92+0.2 82.60+0.2 83.79+0.2 82.05+0.2 54.25+£0.2 54.09+0.2 42.04+0.1 41.93+0.2
DCL 83.79+£0.3 84.20+0.2 82.17+0.2 83.72+0.2 58.48+0.2 57.16+0.2 41.64+0.2 41.36+0.1
HardCL 83.16+0.3 85.15+£0.2 83.04+0.2 86.224+0.2 58.97+0.3 59.13£0.2 42.89+0.2 42.01+0.2
FeAug 85.41+0.3 85.62+0.2 87.87+0.2 88.12+0.2 59.97+0.3 61.06+0.2 44.51+0.2 45.36+0.2

FS is the fully-supervised model.

Table 1.

Experiments with benchmark methods and the proposed FeAug. conv and fc are treated as backbones in the
experiments. The bold entries represent the best-performing results for each dataset and model architecture.
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While DACL and LooC aim to improve contrastive learning through data aug-
mentation, FeAug takes a different approach by enhancing contrastive learning via
feature augmentation. This approach is straightforward yet powerful, as contrastive
learning operates directly on features, whereas image augmentations require an addi-
tional encoding step to translate into features. Our experimental results confirm that
FeAug achieves superior performance on benchmark datasets, further validating its
effectiveness.

4. Feature-level deep representation learning guided by unbiased prior
knowledge

An intuitive method to achieve deep representation learning guided by unbiased
prior knowledge within the feature-level is to obtain the corresponding knowledge
features from the human knowledge base, and then use these features to guide the
training of the deep representation learning model. Since the knowledge graph is a
graph-structured knowledge base built using human knowledge, it can be used as a
knowledge base of unbiased prior knowledge. Relying on features obtained from
knowledge graphs to enhance the performance of deep representation learning models
is the implementation roadmap of deep representation learning methods based on
knowledge graphs at the feature-level. In the research on representation learning
based on knowledge graphs, the unbiased nature of knowledge is reflected in the fact
that the knowledge graphs are based on human knowledge and are universal in
multiple or even all data domains; the priori nature of knowledge is reflected in the
fact that the knowledge graph exists before model training and experience induction
on a single specific data domain. This chapter introduces the deep representation
learning method based on feature-level unbiased prior knowledge, obtains features
from the general unbiased prior knowledge base, and guides the training of the deep
representation learning model.

4.1 Problem analysis

Large-scale self-supervised vision-language pre-training approaches, such as CLIP
[76] and ALIGN [77], have emerged as efficient alternatives to traditional supervised
visual representation learning. These methods utilize modality-specific encoders to
jointly learn image and text representations by aligning paired image-text data
through contrastive loss during pre-training. Leveraging extensive datasets, these
models acquire a wide range of visual concepts, resulting in representations that
demonstrate strong generalization capabilities and adaptability to diverse downstream
tasks.

The zero-shot generalization ability of vision-language models is highly dependent
on the textual input format, as highlighted in Ref. [78]. Providing the text encoder
with plain category labels (e.g., class names) often leads to suboptimal performance.
To address this, recent studies have introduced prompt-based methods to enhance
textual inputs [78-80]. During inference, classification weights—derived from textual
label features—are generated by inputting prompts describing candidate categories
into the text encoder. These label features are then compared with image features
produced by the image encoder to perform classification.

However, using fixed prompt templates poses challenges, as their effectiveness
varies across tasks. For instance, Zhou et al. [78] demonstrated that the prompt “a
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photo of a [Y]” achieves an accuracy of 60.86% on the Flowers102 dataset [81],
while a more specific prompt “a flower photo of a [Y]” improves accuracy to
65.81%. Conversely, on the Caltech101 dataset [82], the simpler prompt “a [Y]”
yields better accuracy (82.68%) compared to “a photo of [Y]” (80.81%). These
findings illustrate that prompt performance is task-dependent and not universally
optimal.

To overcome these limitations, recent research [11, 12, 78, 83, 84] has explored
learning prompts from the limited labeled data, such as in few-shot scenarios. Typi-
cally, these methods optimize learnable prompts based on empirical risk, though the
semantic significance of learned prompts and their mechanisms remain unclear. We
hypothesize that explicitly incorporating the semantic information of text labels is
crucial for enhancing pre-trained models, especially in few-shot contexts. Supporting
this hypothesis, experimental comparisons reveal that both semantic prompts and
extended semantic prompts improve CLIP’s performance. However, the additional
improvement achieved by longer prompts is limited, suggesting that performance
gains are driven by the inclusion of meaningful semantic content rather than simply
increasing prompt length.

4.2 Preliminaries
4.2.1 Vision-language pre-training

CLIP [76] presents a framework for learning semantic representations from a large
volume of image-text pairs.

Avrchitecture. CLIP comprises two encoders: an image encoder, implemented using
ResNet [2] or ViT [85], and a text encoder, built using a Transformer [86]. The image
encoder extracts high-dimensional visual features, while the text encoder processes
word sequences into textual representations.

Training. Text inputs are tokenized using byte pair encoding [87], converted to
512-dimensional vectors, and processed by the text encoder. The input sequence
length is capped at 77 tokens. Images are encoded into an embedding space by the
image encoder. CLIP is trained on a massive dataset of 400 million image-text pairs,
aligning the embedding spaces of the two modalities using contrastive loss [8]. This
enables the model to generalize effectively to downstream tasks.

Inference. CLIP performs zero-shot image classification by evaluating the similarity
between image features and label features generated by the text encoder. For a given
image x, the image encoder fl() produces features &, while the text encoder " (-)

»

generates label features {I;}X , from prompts {pi}fil, formatted as “a photo of a [Y],

where K is the number of categories and [Y] represents a class label. The prediction
probability is calculated as:

eXp(<l,-,Th>)
K <lLyh>\ "
Zj:l EXp\—

where y denotes the semantically correct category for x, 7 is a temperature parameter,
and (-, -) denotes cosine similarity. Unlike conventional classifiers limited to closed-set
concepts, CLIP’s zero-shot paradigm enables classification across open-set categories
by leveraging textual descriptions.

Ply = ilh) = (8)

25



Knowledge Management Dynamics in a Transformative Environment

4.2.2 Graph representation learning

Graph definition: A graph G = (V, E) comprises nodes V and edges E. For a graph
dataset G = {Gli € [1, N°]}, sampled from the distribution P(G), where N denotes
the number of graphs in the dataset, the goal is to learn an encoder f°(-) : G — R,

where d° is the dimensionality of the graph embedding space.

Graph neural networks (GNNs): GNNs are commonly used for graph representa-
tion learning. Each node v € V; is encoded into a feature vector H,. At the k-th layer,
the representation is updated as:

H{*) = COMBINE® ()Y, AGG® (H{, vue N(v) ), 9)

where N (v) represents the neighbors of », and AGG and COMBINE are learnable
functions. After multiple layers, a readout function aggregates node features
{H,|v € V;} into a graph-level representation g;:

g, = READOUT (H,,v€V)). (10)

4.3 Methodology

Based on the experimental results presented in Figure 2, we derive the following
key assumption regarding the use of prompts in pre-trained vision-language models:

Assumption 4.1 (Semantic information in prompts). Incorporating label-relevant
semantic content into prompts enhances the performance of pre-trained vision-

language models in zero-shot inference tasks.

Building upon Assumption 4.1, we introduce a novel method, termed CapKP,
designed to effectively integrate label-relevant semantic information into prompts.

M w/o semantic information B w/ semantic information M w/ modified semantic information

40 -

1" Il
0 . ! . L

I\
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Figure 2.

Comparison of various prompt forms for CLIP is conducted through zero-shot inference experiments, with the
vesults displayed in a histogram. The bars in gray represent prompts lacking semantic information, as used in the
original CLIP. The brown bars indicate the prompts containing simple, coarse-grained semantic information,
while the purple bars correspond to prompts that use move words to describe similar semantic content. The results
show that prompts with semantic information and longer semantic prompts both enhance CLIP’s performance.
However, the improvement from longer semantic prompts over simpler semantic prompts is minimal, indicating
that the performance boost stems from the inclusion of meaningful semantic information rather than merely
increasing the number of words in the prompt.
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The Causality-pruning Knowledge Prompt (CapKP) framework introduces a method for dynamically learning
label-specific semantic prompts, moving away from the reliance on fixed prompt templates. This is achieved by
incorporating refined knowledge derived from an external knowledge graph. The proposed CapKP method consists
of two main components: (1) ontology-enhanced knowledge embedding, which employs the label token as a query
to extract a label-relevant subgraph from an ontological knowledge graph; and (2) causality-pruned graph
representation, which refines the representation by systematically removing edges and nodes deemed causally
irrelevant, thereby improving the overall quality of the resulting graph structure.

The architecture of CapKP is depicted in Figure 3'. The CapKP framework is
empowered by two core components: ontology-enhanced knowledge embedding and
causality-pruned graph representation.

4.3.1 Learn prompts with sufficient knowledge

We replace the input of CLIP’s text encoder, that is, the lower-cased byte pair
encoding representation, with the learnable prompt, which is acquired by using the
proposed CapKP.

Label-specific prompt. We generate the label-specific prompt set {pi}il by

pi=m+2-0(Y],) ®b([Y]), (11)

where p represents a set of learnable feature vectors initialized randomly using
Gaussian distributions. The function ¢(-) corresponds to our proposed CapKP frame-
work, and 4 acts as a balancing coefficient to regulate the interaction between g and
@(-). The term b ([Y];) refers to the lower-cased byte pair encoding (BPE) representa-
tion of the label [Y];, while @ denotes the concatenation operation. Importantly, the
output of ¢(-) produces a vector of the same dimensionality as b([Y],), such as 512

dimensions in the case of CLIP. After generating prompts {pi}ll.il, they are fed into

" We acknowledge the potential issue of notation reuse. Specifically, the “i” used in G; and {L;}X,

represents two independent indexing variables, adopted here for simplicity.
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the text encoder f” (-), yielding classification weights {;}~ ,. The prediction probabil-
ity is then computed using Eq. (8).

Label-shared prompt. By analyzing the training data used for vision-language
models, we observe that input texts often lack label-specific, discriminative semantic
details. Instead, they frequently include semantic elements shared across multiple
labels. For instance, in the descriptions “a [golden retriever] runs on the grass with its
tail wagging” and “an [Alaskan] sits on a couch with a floppy tail,” only generalized
semantic information, such as “tail,” is emphasized, while label-specific information is
absent. This pattern is particularly prevalent in the context of fine-grained labels.
Based on this observation, we propose the following extended assumption:

Assumption 4.2 (Generalized semantic information in prompts). Label-specific
semantic information may introduce redundancy for pre-trained vision-language
models, whereas generalized label-shared semantic information plays a pivotal role
in constructing effective prompts.

We thus propose a label-shared prompt form by
K
Pi= <ﬂ+/1-1//( {o(v)} ])) o b(Y],), (12)

where | - | presents a cascade concatenation function, detailed by

L{go([Y]j) }]I; | =o([Y]) ®¢(Y],) ® ... ®¢([Y]g), and w(-) presents a linear map-
ping function in CapKP.

4.3.2 Ontology-enhanced knowledge embedding

We propose to retrieve an ontological knowledge graph by treating an input label as
the query and further capture the corresponding high-order knowledge representation
through a GNN. Given an input label [Y];, we start by locating the 1-hop label-relevant
subgraph G;, which is performed by obtaining the knowledge graph entity with the
largest semantic similarity to [Y]; and retrieving all neighbor entities that are directly
connected to it by an edge. We refine the extracted subgraph through causality-pruning,
which eliminates redundant elements, and subsequently encode the pruned subgraph
into a vector using the function ¢(-) as defined in Eq. (11) and Eq. (12):

o([Y),) =g =f°((Gy)) (13)

where k() represents the proposed causality-pruning function, and f°(-) is
implemented using a graph neural network (GNN). To analyze the structural prox-
imity among entities in the knowledge graph, we employ the aggregation function
AGG(-) in the GNN, as suggested by [88]. Let v denote a node corresponding to a
label-relevant entity, and e, , denote an edge representing a relation between entities

v and u. The aggregation function AGG(-) is defined as:

H, (14)

AGG(v) =MLP|H, + > exp ([Ho, He,,|)

ueN() ) gﬂ:/(v) eXP( [H v H ew,} )

28



Perspective Chapter: Cross-Level Unbiased Prior Knowledge-Guided Deep Representation...
DOI: http://dx.doi.org/10.5772 /intechopen.1013557

where MLP is a non-linear network, H represents the feature embedding of a node or

an edge, |-, -] denotes an inner-product operation, and (v) is the set of neighboring
nodes of v in the causality-pruned graph x(G;).

4.3.3 Causality-pruned graph vepresentation

To formalize the concept behind causality-pruning, we redefine the notion of
Granger causality [89] in the context of knowledge graphs:

Definition 4.1 (Granger causality in knowledge graphs). Granger causality

[89, 90] describes the causal relationship between variables where one variable
influences another. In knowledge graphs, if variable y, such as a specific relation-
type, enables better prediction of another variable Y (a higher score computed via
agraph rule) when combined with all other available information Q, as compared
to predictions made without y, we say that y Granger-causes Y [90].

Given a label-relevant subgraph G; and a set of relation-types {r, }Zil from the
retrieved ontological knowledge graph, our goal is to eliminate relation-types that are
decoupled from predicting G; based on Granger causality. To achieve this, we evaluate
the individual causal effect of each relation-type #,, on the learned representation I; of
the knowledge subgraph G;, following the methodology of Refs. [91, 92].

Figure 4 illustrates the causality-pruned graph representation, where the Graph
Rule is employed to quantitatively determine whether a specific relation-type satisfies
Granger causality for predicting the graph. The graph rule indicates that the greater
the change in loss before and after pruning, the higher the score of the candidate edge.
Based on Definition 4.1 and the proposed Graph Rule, we quantify the causal contri-
bution of a relation-type 7, to the output of the final text encoder f” (-) by measuring
its impact on reducing the joint model error, formulated as:

Granger
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abrope st~ | L Prining_| 0l W e ¥
S [ | ) VibEE) o
gggg " ' i 1 H
1 £ £ I i
] shared { 1
: 3 shared : 1
e R i ' T (J g, H
! ‘ | i | })’E}-} :
> o T ¥ 7 Rule 1 @ H

[ A By example ' i '
! 7 \ ! i ! ;
e e ] 5 s T
G ' shared ! '
o T
1 DB m- ) ®:
S ) e “ Rule 1 '
. —— | ¥ - A

{rm} e gors) lG }

Figure 4.

An example of the rationale of causality-pruned graph representation. Following the first principle of Granger
causality, we refine the derived knowledge subgraph G; by pruning the edges that are causally decoupled from the
downstream task. We determine the Granger causality by iteratively removing the edges related to a velation-type .,
and then checking the oscillation of the result, which is computed by following a specific graph rule. Only causally

related edges ave kept and others ave pruned. Note that the graph encoder £ (-) is fixed throughout the process.
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Aey,, = €xm)(G;) —€G; (15)

where eg, denotes the joint model error of the f9(-) and 7 (-) when considering the
computation graph, and €. (g,) denotes the joint model error excluding the relation-

type #,,. We determine the Granger causality between 7, and predicting the graph by

7 Granger — causes Y, Ae, >0
{ m 24 €1 (16)

rm NOT  Granger —causes Y, Aey, <0

where Y refers to the hypothesis that a specific relation-type contributes to the
model’s ability to predict the graph and enhances the textual representation /;, learned

jointly by f¢(-) and 7 (-).
4.3.4 CapKP variants

The full version of our proposed approach is referred to as CapKP. To evaluate the
impact of its individual components, we conduct an ablation study by removing the
causality-pruning module, resulting in a variant called KP. Additionally, we investi-
gate two types of prompts introduced in Section 4.3.1 and Section 4.3.1, where label-
specific prompts and label-shared prompts are denoted as SPE and SHR, respectively.

4.4 Experimental exploration

Experiments are conducted on 11 publicly available image classification datasets:
ImageNet [6], Caltech101 [82], StanfordCars [93], FGVC Aircraft [94], Flowers102
[81], OxfordPets [95], Food101 [96], SUN397 [97], UCF101 [98], DTD [99], and
EuroSAT [100]. These datasets encompass a wide range of tasks, including general
object classification, scene recognition, action recognition, fine-grained object catego-
rization, texture classification, and satellite image recognition, providing a compre-
hensive evaluation benchmark.

Following the protocol of CLIP [76] and CoOp [78], we train our model on 1, 2, 4,
8, and 16 shots and evaluate its performance on the respective test sets. For each
experimental setting, we report the average performance over three independent
runs. Our approach is compared with two key baseline models: (1) CLIP [76], which
employs manually designed prompts, using seven prompt templates as outlined in
Ref. [76] for prompt ensembling; and (2) CoOp [78], which automatically generates
prompts, where the optimal variants of CoOp are used for fair comparisons.

Experimental results across the 11 benchmark datasets are presented in Figure 5,
with the top-left subfigure summarizing the average performance over three runs.
CapKP consistently achieves superior results across various shot settings. As the
number of shots increases, all evaluated methods exhibit improved performance, yet
CapKP consistently outperforms the baseline methods.

5. Interpretability-level deep representation learning guided by unbiased
prior knowledge

In the field of sciences, humans have summarized a lot of theoretical knowledge in
the long process of exploring nature. The theoretical knowledge has been verified in
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Figure 5.
Comparisons of few-shot learning on 11 datasets. CapKP consistently outperforms baselines within different shots.

practice and can explain the phenomena of the objective world observed by humans
within a relatively broad theoretical boundary. With the gradual improvement of the
theory, knowledge has accumulated into a systematic theoretical framework. These
theoretical frameworks tend to be highly generalizable and robust. The deep repre-
sentation learning under the guidance of interpretable-level theory studied in this
chapter aims to use the theoretical framework formed by humans to guide the training
process of deep representation learning. In representation learning research guided by
theory, the unbiased nature of knowledge is reflected in the fact that the theoretical
framework is based on human knowledge and is not limited to a specific data domain,
such that the theoretical knowledge can be applied to a large number of data domains.
The priori nature of knowledge is reflected in the fact that knowledge of these theo-
retical frameworks exists before empirical induction on a single specific data domain.
In interpretable-level related research, a representative work is the deep representa-
tion learning method guided by the causal inference theory. In recent years, deep
representation learning methods guided by causal inference theory have made impor-
tant achievements in the fields of computer vision and natural language processing.
Therefore, this chapter theoretically analyzes the current advanced deep representa-
tion learning methods from the perspective of causal inference, identifies the prob-
lems existing in these methods, and finally proposes corresponding improvements
that can solve the raised problems. The above research findings will be elaborated
below.

5.1 Problem formulation
5.1.1 The paradigm of contrastive learning

In this work, we focus on representation learning methods based on contrastive
learning (CL). The primary objective of CL is to train a general-purpose feature
extractor f, which maps samples from the original input space into a latent space,

enabling the extraction of meaningful and intrinsic features.

31



Knowledge Management Dynamics in a Transformative Environment

Formally, we begin by randomly selecting a minibatch of training data, denoted as
X, = {X;},, where X; represents the i-th sample, and N is the total number of
samples in the minibatch. We perform stochastic data augmentation (e.g., random
crop) to transform each sample X; into two augmented views X} and X?. Since there
are N samples in X,,, we finally obtain 2N augmented samples denoted as

Xyt = {X},X? }511 Then, we feed all training samples into the feature extractor f to
get their feature representations, that is, ZJ; :f(X]l) ,i€{l, ...,N},j€{1,2}. The gen-

eral objective of CL is formulated as:

(17)

where 7 represents the temperature hyper-parameter and sim(u,v) = uTv/|u|||v||
denotes the dot product between [, normalized # and v (i.e., the cosine similarity). For

a sample X’ randomly selected from the dataset X;,®, CL regards it as the anchor, the
L , k=N,J=2
pair {X]i,Xi3 / } as positive, the pairs {X]i,Xfe }k psii negatives. According to the
—LeAi =1
defined objective (17), we compute the loss L, across all positive pairs.

5.1.2 Structural causal model

Minimizing the objective function (17) aims to bring the positive sample X? K
closer to the anchor while pushing the negative samples X, further away from the
anchor. From this viewpoint, the anchor can be regarded as a label, implying that
minimizing (17) is equivalent to predicting X? / as the label X. Accordingly, the
structural causal model (SCM) implied in contrastive learning (CL) is depicted in
Figure 6. In this SCM, nodes represent abstract data variables, and directed edges
denote (functional) causal relationships, for example, the edge Xf o Y(Xf g ) sig-
nifies that X? ~J is the cause, and Y(Xi3 - ) is the effect. In the following, we discuss
the proposed SCM and the reasoning behind its construction in greater detail.

The causal link X? Ty (X? - ) indicates that Xi3 - corresponds to its label
1

Y(X43 g ) , where Y(Xi3 E ) is defined as X];'> making the anchor equivalent to the label.

Hence, Y(Xl-3 - ) = XJI:, assuming that Xl-3 ~J is similar to its anchor.

Figure 6.
The proposed SCM between semantic information X, positive sample X; - , and anchor (or label) Y(X 13 - )
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In the SCM, X? T X, — Y(X? E ) , X, represents semantic information and acts

as the convolution kernel for the feature extractor f. The causal links X? - X, and
X, — Y(Xi3 g ) imply that the feature representations of Xl-3 ~ and Y(Xi3 g ) in the
latent space are extracted through f, where each feature channel corresponds to

specific semantic information.
An effective contrastive learning model should capture the true causal relationship

between Xi3 “and Y(Xi3 - ) and generalize well to unseen data. For instance, the label
prediction Y(Xi3 g ) should rely on foreground features rather than background

information. However, in the proposed SCM, the increased likelihood of Y(Xi3 g )

given X? 7 arises not only from the direct causal link X? A Y(Xi3 - ) but also from

the spurious path X; — X? 7 Y(Xi3 - ) For example, background features in X? g
might contribute useful context for anchor prediction. Therefore, to determine the

true causal relationship between X, ’ and Y(X? - ) , causal intervention

P (Y (Xl3 g ) |do (X? g ) ) must replace the observational distribution
P(v(x}7)ix; 7).
5.1.3 Performing the backdoor adjustment for causal intervention

To address the above issue, we first explain why feature extractors f trained by
traditional contrastive learning approaches tend to capture background-dependent
semantic features.

This issue arises partly due to the limited number of positive samples. As shown in
objective 17, for a given anchor, only one positive sample exists, while there are 2N — 2
negative samples. Among these, some negative samples may be false negatives, shar-
ing similar foreground information with the anchor. Due to the random sampling
process, background similarity between false negatives and the anchor is typically
lower than the foreground similarity. However, since positive pairs are
derived from the same original image, their foreground and background are both
similar. During optimization of 17, the shared foreground and background in positive
pairs tend to jointly pull the positive sample closer to the anchor, especially when
positive sample diversity is limited. Observations also reveal that false negatives with
semantically equivalent information to the anchor [7] are pushed further away,
reducing their foreground similarity but inadvertently amplifying the role of back-
ground similarity. Consequently, this process enhances the influence of background
features, leading contrastive learning models to extract background-dependent
semantics.

To mitigate this issue, we propose employing backdoor adjustment [13] to remove
the interference from background-dependent semantics and achieve

P(Y (X} 7 )ldo(x; 7).
Specifically, backdoor adjustment assumes the ability to observe and stratify the
confounder. In the proposed SCM, the confounder is represented by X, which can be

decomposed into distinct semantic features, denoted as X, = {Zi}:’:l’ where each Z'
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represents a stratification of semantic features. Formally, the backdoor adjustment for
the proposed SCM is expressed as:

n . , (18)

where P (Y (X 13 g ) |do (X 37 ) ) represents the true causality between Y (X 13 g ) and X ? -,

1

5.2 Methodology
5.2.1 Introducing the semantic vegularizer within meta learning

In this subsection, we detail the implementation of backdoor adjustment during
the training process. As illustrated in Eq. (18), the first step involves defining the
functional representations of Z..

Assume the output of the feature extractor f, denoted as Z]i, has dimensions
w X h x ¢, where w and % represent the spatial width and height, and ¢ indicates the

number of feature channels. More specifically, Zjl can be expressed as

Z. = {Z]i,l’ ,Z]i,c} , where Z, € R”*" represents the feature map of the r-th channel,
with r€ {1, ..., c}. For pre-trained CNN-based feature extractors, it is generally
accepted that each channel encodes specific semantic information or visual concepts
[101, 102]. However, a single channel may not be sufficient to fully capture a distinct
visual concept. This challenge motivates us to define a weight vector for each semantic
concept. Our approach assumes that each semantic concept corresponds to a subset of
channels, where the weights for channels within the subset should be larger, while

channels outside the subset receive smaller weights.
Leta; = [ays, -, ac,t]T define the weight vector associated with a specific semantic
concept. We then model the functional representations of Z! as Z! = 4;, with

P(Z%) =1, where n is the number of semantic concepts. Consequently, the functional

implementation of P (Y (X-3 7j) |Xl3 -, Zﬁ) is expressed as:

P(Y (X7} 7,2t) =

sim (Z]P atQZ? 7j)

exp .
‘ : 4 , (19)
sim (Z]l, atQZ? 7]) N 2 sim (Z]i,Zi)
exp . + > > exp —
k=1, I=1,
ki 1A

ic

where a; © Z? = [al,t -Z?;j, R .73 7]} . As a result, the overall backdoor adjust-

ment is presented as:
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P(r(2 o) -

sim (z{.,atozf 71‘)

" cxP T “
(20)
=1 sim (Z]p #,0Z; 7]) N 2 sim (Z]i, Zfe)
exp + X X oexp|——F
T k=1, =1, T
ket I

The proposed meta semantic regularizer can be conceptualized as a learnable module
f s> designed to produce a semantically relevant weight matrix A;. This module is
implemented using a convolutional neural network, where A; = [a4, ..., a,]. Specifi-
cally, given an input sample X, we first apply a stochastic data augmentation module to
generate two augmented samples, {X",X?}. Subsequently, X is fed into the modulef,,

to compute the weight matrix A;, which is shared by both augmented samples {X*, X*}.
5.2.2 Model objectives

Here, we introduce the objective function for the proposed interventional contras-
tive learning framework with the meta semantic regularizer (MSR). The overall
learning framework of MSR is depicted in Figure 7. MSR comprises three core com-
ponents: the feature extractor f, the meta semantic regularizer f,, ., and the projective
headf . The meta semantic regularizer is jointly trained with the feature extractor in

an iterative two-stage process during each epoch.

: Views : Encoding : Loss Calculation I

Bose

Figure 7.
The framework of the proposed MSR.
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In the first stage, the feature extractor f and projective head f, are updated using

the augmented training datasets X, and the semantically relevant weight matrix A;.
In the second stage, the meta semantic regularizer f, . is updated by computing
gradients based on the contrastive loss. This alternating training process is repeated
until the model converges.

During the first stage of each epoch, the parameters of f and f,, are optimized by
minimizing the objective function L,,, which is formulated as:

min Lto = Lct + /1Lm.w> (21)

sJ ph

where L, is shown in the objective 17, 4 is the hyper-parameter, and L, is presented
as:

Ly = XN: 22: - IogP(Y (X,.3 *7) \do (Xf’ *f)). 22)

In the second stage of each epoch, we employ a meta-learning-based training
strategy to optimize the parameters of f, . Specifically, the goal is to update f, . such

that the generated weight matrix enhances the performance of the primary contras-

tive learning task when f and f,, are trained using this matrix. In other words, f, . is
encouraged to produce a weight matrix that maximizes the effectiveness of contras-
tive learning on the same training data.

To achieve this, we begin by updating the parameters of f and f,, once using the

learning rate a, as follows:

fl :f_ anLtO’

1 (23)
fph :fph - G’prtho,

The aforementioned updating processes aim at learning the appropriate f and f .

Accordingly, f* and f;;h can be treated asf,,,, since VL, and V¢ Ly, are related tof’

msr msr*

f sy 18 updated by minimizing

min La (1.3, ) + 7Luni (24)

msr

where y is a hyperparameter, L (f 1 f;h) denotes the contrastive loss L.; computed

using the parameters f* and f;h, and L,,; represents the uniformity loss. The purpose

of L,,; is to regulate the distribution of the elements in A;, ensuring that it approxi-
mates a uniform distribution. This encourages the extracted visual semantics to be as
diverse as possible. Using the Gaussian potential kernel [103-105], L,,; can be
expressed as:

L = log Y Gi(a,aj,t) (25)

lli,ajEA,-

where G, (a;,a,t)% exp(2t - a;"a; — 2t), where t is a fixed hyperparameter. It is worth
noting that the average pairwise Gaussian potential has a strong connection to the
uniform distribution; for further details, please refer to [105].
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An important question arises: why does minimizing objective (24) enable f,  to
learn semantic information? Recall that only the semantic information shared between

positive pairs can effectively align X? ~/ and Y(X 13 - ) , thus reducing the contrastive

loss. According to the SCM, this shared semantic information includes both
background-related and foreground-related features. The logic behind objective 24 is
that minimizing the contrastive loss encourages f,,, to capture the shared semantic
information. This process can also be viewed as enhancing the optimization of L,
based on itself, akin to a “learning to learn” paradigm. This reasoning underpins why

the method is referred to as a meta semantic regularizer.
5.3 Experimental exploration

We evaluate our MSR approach on several benchmark datasets, including Tiny
ImageNet [71], STL-10 [72], CIFAR10 [71], and CIFAR100 [71], following the exper-
imental setup of SIimCLR [8]. Table 2 presents the experimental results (linear evalu-
ation and 5-NN classification) for the compared methods using a ResNet-18 feature
extractor on small- and medium-sized datasets. We incorporate the Meta Semantic
Regularizer into four models, resulting in four MSR-based variants: SimCLR+MSR,
BYOL+MSR, LMCL+MSR, and ReSSL+MSR. The hyperparameters 4 and y are set as
follows: for SimCLR+MSR, both are set to 1; for BYOL+MSR and LMCL+MSR, 1 = 0.1
and y = 1; and for ReSSL+MSR, A = 0.0l and y = 1.

From Table 2, it is evident that all MSR-enhanced models outperform their
respective baselines. Notably, the best results are consistently observed for BYOL
+MSR and LMCL+MSR, demonstrating the efficacy of the proposed MSR. It is also
worth mentioning that RELIC, a causal-related approach focused on different aug-
mentations, is outperformed by three of the four MSR-based models in Table 2. This

Methods CIFAR10 CIFAR100 STL-10 Tiny ImageNet

linear 5-nn linear 5-nn linear 5-nn linear 5-nn
SimCLR [8] 91.80 88.42 66.83 56.56 90.51 85.68 48.84 32.86
BYOL [106] 91.73 89.45 66.60 56.82 91.99 88.64 51.00 36.24
W-MSE [22] 91.99 89.87 67.64 56.45 91.75 88.59 49.22 35.44
ReSSL [107] 90.20 88.26 63.79 53.72 88.25 86.33 46.60 32.39
LMCL [108] 91.91 88.52 67.01 56.86 90.87 85.91 49.24 32.88
SSL-HSIC [37] 91.95 89.99 67.23 57.01 92.09 88.91 51.37 36.03
RELIC [109] 91.96 89.35 67.24 56.88 91.15 86.21 49.17 32.97
SimCLR + MSR 92.34 89.47 67.59 57.64 92.03 86.94 50.12 32.88
BYOL + MSR 92.26 90.12 66.97 57.97 93.22 89.36 52.54 37.54
LMCL + MSR 92.45 89.38 67.99 57.71 91.56 87.73 52.61 32.35
ReSSL + MSR 91.77 89.06 65.12 55.07 89.91 88.06 47.17 33.03

A linear classifier and a 5-neavest neighbors classifier ave selected as the candidate classifiers, and the feature extractor is
achieved by using ResNet-18.

Table 2.
Comparisons of benchmark methods and the proposed MSR. The bold entries highlight the best-performing results.
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highlights that background information acts as a confounding factor in learning robust
feature representations.

We identify two potential reasons for the cases where the performance improve-
ment is less than 1%. First, MSR may be better suited for datasets with higher-
resolution images. For instance, the improvement is often below 1% on datasets with
low resolutions, such as 32 x 32 for CIFAR-10 and CIFAR-100, where background
information is inherently limited. Second, the performance of MSR could be sensitive
to the hyperparameter n. For computational efficiency, we fixed # = 6 across all
datasets, which may not be optimal for all scenarios.

6. Discussion

This chapter summarizes and analyzes the deep representation learning algorithm
guided by unbiased prior knowledge based on three levels, and finds a series of issues
worthy of in-depth study. To this end, corresponding theoretical analysis and
improvement methods are proposed for deep representation learning methods guided
by unbiased prior knowledge at different levels, and the rationality and effectiveness
of the proposed algorithm are proven from both theoretical and experimental aspects.
The main contributions are summarized as follows:

¢ According to the problems of self-supervised contrastive learning technology in
deep representation learning guided by unbiased prior knowledge at the task-
level, that is, low sample efficiency, we focus on the issue of the excessive
demand for sample pairs in self-supervised contrastive learning technology, and
a meta feature augmentation network based on margin injection is proposed to
directly learn feature augmentation, which aims to obtain an informative and
collapse-resistant feature representation, and the corresponding experimental
verification demonstrates the effectiveness and performance superiority of the
proposed method.

* We further research the deep representation learning guided by unbiased prior
knowledge within the feature-level, and find that this learning paradigm aims to
obtain features from general or specific human knowledge bases to guide the
training of deep representation learning models. However, it faces the challenge
of the lack of knowledge introduction roadmap. According to the research related
to the knowledge introduction roadmap based on knowledge bases, focusing on
the problem that large-scale pre-trained visual-language models are difficult to
obtain information with rich semantic information, we explore the use of
knowledge graphs to efficiently obtain features with rich semantic information,
thereby constructing the corresponding prompt method. The algorithm further
follows the first principle of Granger causality and performs causal pruning on
the label-related knowledge graph subgraphs. A large number of experiments
prove the superior performance and robustness of this algorithm.

* In order to solve the problem of incomplete exploration of the theories of deep
representation learning, we mainly explore the theoretical improvement of the
deep representation learning paradigm guided by unbiased prior knowledge at
the interpretable-level based on the causal inference theory and propose an
optimized deep representation learning model according to the corresponding

38



Perspective Chapter: Cross-Level Unbiased Prior Knowledge-Guided Deep Representation...
DOI: http://dx.doi.org/10.5772 /intechopen.1013557

theory. Aiming to explore the factual causal relationship between various variable
elements in deep representation learning, we revisit the self-supervised
contrastive learning method from the perspective of causal inference, and a
structural causal model is established to explain the current problems of self-
supervised contrastive learning. Under the guidance of this theoretical
framework based on the structural causal model, a regularization method based
on backdoor adjustment is proposed. The proposed method is further
demonstrated and verified theoretically and experimentally, and the results can
prove the effectiveness and robustness of the proposed method.

7. Conclusion

The chapter explores cross-level unbiased prior knowledge-guided deep represen-
tation learning, addressing task-level, feature-level, and interpretability-level chal-
lenges. It highlights the limitations of traditional deep representation learning
methods, including low sample efficiency, limited generalization, and reliance on
domain-biased data. The proposed solutions include meta feature augmentation for
task-level learning, knowledge graph-based prompt construction for feature-level
learning, and a structural causal model-guided framework for interpretability-level
learning. These approaches demonstrate superior performance and robustness in both
theoretical and experimental validations.

However, challenges remain. The integration of unbiased prior knowledge into
deep learning models still lacks a unified theoretical framework. Additionally, task-
level methods face difficulties in enhancing sample efficiency under highly
constrained data settings. Feature-level approaches require more efficient algorithms
for extracting and utilizing knowledge from large-scale knowledge graphs.
Interpretability-level methods need further exploration of causal relationships to
improve model robustness and generalization.

Future directions include developing a comprehensive theoretical framework for
unbiased knowledge integration, improving the scalability of knowledge graph-based
methods, and advancing causal inference techniques to refine interpretability.
Addressing these challenges will contribute to creating more efficient, generalizable,
and interpretable deep learning models.
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Leveraging Mobile Applications

to Boost Smallholder Farmers’
Productivity in the Eastern Cape,
South Africa: Effects on Sustainable
Food Security
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and Denver Naidoo

Abstract

This chapter examines the role of mobile applications in enhancing the productivity
of smallholder farmers in the Eastern Cape Province of South Africa. It examines their
implications for sustainable food security. Utilizing a mixed-methods approach, the
study analyzed data from 220 smallholder farmers to assess their socio-economic char-
acteristics, mobile application usage patterns, and the benefits and challenges associated
with technology adoption. The findings indicate that many farmers actively use mobile
applications, especially WhatsApp and Facebook, to access vital agricultural informa-
tion, manage farm operations, and communicate with peers. However, the study further
highlights critical barriers to adoption, including high costs, limited network coverage,
and varying levels of digital literacy. The analysis reveals that education, income, and
social networks influence the likelihood of mobile application usage among farmers.
This suggests the need for targeted interventions to promote digital literacy and enhance
access to technology. The results suggest that, when effectively integrated into agricul-
tural practices, mobile applications have the potential to significantly improve small-
holder farmers’ productivity and contribute to food security. This chapter advocates for
strategic policies that empower smallholder farmers through infrastructure development,
educational initiatives, and community support mechanisms. The results highlight the
critical role of mobile technology in strengthening agricultural resilience and enhancing
the quality of life for smallholder farmers in the area.

Keywords: mobile applications, smallholder farmers, digital literacy, agricultural
productivity, food security

1. Introduction

In the contemporary agricultural landscape, smallholder farmers face complex
challenges, prompting an urgent need for innovative technological solutions that can
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bolster productivity and enhance food security. These farmers, defined as those cul-
tivating small plots of land, play a pivotal role in ensuring food security in developing
countries, particularly in sub-Saharan Africa. As reported by the Food and Agriculture
Organization [1], smallholder farmers contribute to over 80% of food production

in several regions, underscoring their significance to local and national economies.
Despite their significance, these farmers often grapple with systemic issues such as
limited access to resources, insufficient infrastructure, and ineffective communication
channels, all of which can hinder their productivity and profitability [2].

The advent of information and communication technologies (ICTs), particu-
larly mobile applications, has emerged as a transformative force in addressing
many of the challenges faced by smallholder farmers. Mobile applications enable
instant access to vital information regarding market trends, agricultural advice,
weather forecasts, and best farming practices. According to Aker and Mbiti [3], the
increasing penetration of mobile phones in rural areas has substantially improved
the flow of information among farmers, allowing them to make informed deci-
sions regarding their farming practices. This advancement is particularly relevant
in the Eastern Cape Province of South Africa, where smallholder farmers often
rely on outdated methods and face difficulties in adapting to modern agricultural
techniques.

Research has shown that mobile technology can effectively narrow the informa-
tion gap, reduce transaction costs, and enhance market participation for smallholder
farmers. A study by Ezinne et al. [4] highlights that mobile applications not only
facilitate communication but also provide a platform for sharing agricultural content
that can lead to higher yields and better marketing opportunities. By leveraging
mobile technology, farmers can engage more effectively with suppliers, access timely
information, and respond more swiftly to market changes. This shift toward digitized
agriculture presents an opportunity for smallholder farmers to enhance their produc-
tivity and achieve greater food security [5].

Despite the potential benefits associated with mobile applications, many small-
holder farmers still encounter barriers to fully utilizing such technologies. Research
conducted by Lubua and Kyobe [6] indicates that socio-economic factors, such as
education levels, economic conditions, and age, significantly influence the adop-
tion of mobile applications among farmers. This theme is echoed by Musungwini
etal. [7], who emphasize the need for targeted interventions to improve access to
mobile technology and foster digital literacy. Understanding these factors is crucial
for formulating effective strategies aimed at promoting mobile application use and
leveraging technology to enhance agricultural productivity.

The Eastern Cape Province provides a unique case study for investigating the
impact of mobile applications on smallholder farmers. Historically, this region has
been characterized by challenges such as poverty, limited access to market informa-
tion, and reliance on subsistence farming practices [8]. However, as the demand
for food production rises, addressing the barriers faced by smallholder farmers has
become a priority for policymakers. Investigating the dynamics that affect mobile
application usage in this context will contribute to the growing body of knowledge
on agricultural innovation and technology adoption, thereby equipping stakeholders
with the insights needed to design better interventions.

This chapter focuses on examining the social and economic elements that impact
the adoption of mobile apps by small-scale farmers in South Africa’s Eastern Cape
Province. Through a comprehensive evaluation that incorporates theoretical frame-
works such as Diffusion Theory and the Theory of Planned Behavior, we will explore
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farmers’ experiences, perceptions, and challenges while utilizing mobile technology
for agricultural purposes. This investigation endeavors not only to highlight the
critical role of mobile applications in smallholder agriculture but also to contribute
to the ongoing discourse on achieving sustainable food security through innovative
technologies. By analyzing these components, the chapter seeks to inform policy
recommendations that can enhance the productivity and livelihoods of smallholder
farmers in the region.

2. Theoretical framework

The study, titled “Leveraging Mobile Applications to Boost Smallholder Farmers’
Productivity in the Eastern Cape, South Africa: Effects on Sustainable Food Security,”
is grounded in two prominent theories: Diffusion Theory (DT) and the Theory of
Planned Behavior (TPB). Diffusion Theory (DT) plays a crucial role in understand-
ing how mobile applications, as innovations, are adopted by smallholder farmers in
the Eastern Cape. It examines the spread of new technologies across different social
systems, highlighting the importance of communication channels, the role of social
networks, and the pace at which farmers adopt these mobile solutions to enhance
their productivity. The Theory of Planned Behavior (TPB) further contributes by
explaining the psychological factors that drive farmers’ intentions to adopt these
mobile applications. TPB focuses on how attitudes toward mobile technology, subjec-
tive norms (i.e., the influence of peers or community), and perceived behavioral
control (farmers’ belief in their ability to use the technology effectively) impact their
actual behavior. By integrating both theories, this study provides a comprehensive
framework to understand how mobile applications can improve agricultural practices
and productivity, while also influencing sustainable food security through the adop-
tion process.

3. Diffusion theory

Diffusion Theory, first proposed by Rogers [9], offers valuable insights into how
new innovations, such as mobile technologies, are adopted within particular social
systems. The theory outlines a multi-phase progression in the adoption process:
awareness, evaluation, choice, application, and affirmation. In the initial phase, indi-
viduals gain familiarity with the innovation, whereas in the subsequent phase, they
develop a perspective on it by assessing its benefits and alignment with their needs.
The decision stage involves weighing the benefits against possible risks, leading to the
adoption or rejection of the innovation [10].

In the context of agricultural technology, several studies have explored how
diffusion patterns impact smallholder farmers’ adoption of mobile applications.

For instance, Khou and Suresh [11] found that perceived ease of use and perceived
usefulness significantly influenced farmers’ intentions to adopt mobile farming
applications. This highlights the importance of ensuring that mobile applications
are user-friendly and demonstrate clear benefits to users, thereby facilitating the
diffusion process. Moreover, Asif et al. [12] emphasize that individual and com-
munity factors, such as social networks and cultural norms, play an essential role in
the technological adoption process, emphasizing the need for tailored approaches to
foster acceptance.
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4. Theory of planned behavior

The Theory of Planned Behavior (TPB) complements Diffusion Theory by
focusing on the psychological aspects influencing an individual’s intention to adopt
a behavior [13]. According to the TPB, behavioral intentions are influenced by three
key components: attitudes toward the behavior, subjective norms, and perceived
behavioral control. Attitudes encompass a person’s positive or negative evaluations of
performing a particular action; subjective norms pertain to social pressures that may
encourage or discourage the adoption of the behavior; and perceived behavioral con-
trol refers to the perception of one’s ability to carry out the action successfully [13].

In agricultural contexts, the TPB has been effectively employed to analyze
farmers’ intentions concerning technology adoption. A study by Chen and Sima
[14] applied the TPB framework to examine farmers’ intentions to use precision
agriculture technologies and found that both attitudes and perceived social norms
significantly influenced their adoption intentions. Additionally, the study high-
lights that perceived behavioral control, often impacted by access to resources and
knowledge, can either facilitate or hinder the adoption of new technologies among
smallholder farmers. This aspect is critical, as it suggests that increasing farmers’
confidence in using mobile applications through training and awareness programs
can bolster adoption rates.

5. Integrating theoretical frameworks

The integration of Diffusion Theory and the Theory of Planned Behavior pro-
vides a holistic understanding of the factors that influence smallholder farmers’
adoption of mobile applications. Diffusion Theory emphasizes the importance of
social systems and communication networks in disseminating information about
innovations, while the TPB captures the psychological and social dynamics at play in
farmers’ decision-making processes regarding technology adoption [15]. Together,
these frameworks illustrate that successful adoption of mobile technologies for
agriculture requires not merely the presence of technology but also supportive social
networks that foster positive attitudes and perceived control over using the technol-
ogy effectively [16].

Consequently, the implications for policymakers and practitioners are far-reach-
ing. The findings indicate a pressing need to enhance farmers’ access to educational
resources, create supportive peer networks, and align technical support with local
agricultural practices. As highlighted by Masuka et al. [17], agricultural extension ser-
vices must evolve to incorporate mobile technology as a primary tool for knowledge
dissemination, marking a paradigm shift in how farmers interact with agricultural
innovations.

The theoretical frameworks of Diffusion Theory and the Theory of Planned
Behavior provide invaluable insights into understanding the factors influencing the
adoption of mobile applications by smallholder farmers in the Eastern Cape Province.
By situating farmers’ experiences within these frameworks, stakeholders can better
craft interventions that address specific barriers and facilitate the effective use of
mobile technology. Continuous research informed by these theories will contribute
to the broader dialog surrounding agricultural innovation, development policy, and
food security in South Africa.
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6. Materials and methods

The research was conducted in South Africa’s Eastern Cape Province, a region
characterized by its vast land area of 168,966 km?. Established in 1994, the province
emerged from the Xhosa-dominated territories of Transkei and Ciskei. It ranks as
the third most populous region in the country, with 6,562,053 residents, accounting
for 12.7% of the national population. In comparison, Gauteng and KwaZulu-Natal
Provinces have populations of 12,272,263 (23.7%) and 10,267,300 (19.2%), respec-
tively [8, 18]. The province is predominantly rural, with communities relying on
agriculture, tourism, and formal employment for their livelihoods.

Situated between the subtropical climate of KwaZulu-Natal and the Mediterranean
climate of the Western Cape, the region experiences a bimodal rainfall pattern, with
winter rains in the west and summer rains in the east. Unpredictable weather condi-
tions result in varying growing seasons across the area. Despite this, the climate
supports agricultural activities, including the cultivation of perennial, arable, and
horticultural crops, as well as livestock farming (ruminant and monogastric). The
area is primarily inhabited by emerging crop farmers who depend on agriculture for
their livelihood.

6.1 Sample size and sampling procedure

The study focused on smallholder farmers in South Africa who utilize mobile
phones to enhance productivity and address knowledge gaps in agriculture. A mixed-
methods approach, combining qualitative and quantitative techniques, was employed
for data collection and analysis. A descriptive survey design was adopted, with data
gathered through semi-structured questionnaires.

A multi-stage sampling method was used to select participants. The first stage
involved identifying District Municipalities actively engaged in agricultural produc-
tion. Four districts—Chris Hani, OR Tambo, Amatole, and Alfred Nzo—were chosen.
In the second stage, two Local Municipalities within each district, known for their
farming activities, were purposively selected. The final stage involved selecting 16
villages based on the presence of active smallholder vegetable farmers. Respondents
were randomly chosen from lists of vegetable farmers in these villages. A total sample
size of 220 farmers was selected, with 80% (176) being mobile phone users and 20%
(44) non-users. This stratification ensured a robust comparison of the impact of
mobile phone usage on agricultural productivity.

6.2 Data collection

Primary data were collected through face-to-face interviews using a semi-struc-
tured questionnaire developed after a thorough literature review. The question-
naire was pretested and administered by skilled enumerators fluent in IsiXhosa.
The final version was overseen by farm supervisors or heads to ensure accuracy.
The survey captured data on farmers’ socio-demographic characteristics, resource
availability, media access, mobile phone usage for agricultural purposes, the impact
of mobile phones on productivity and welfare, factors influencing mobile phone
adoption, and challenges faced in accessing and using mobile technology. The
survey was conducted from August 20 to November 15, 2019, in the Eastern Cape
Province.
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Variable Description Measurement

X, Farmers’ gender 1 =male, 0 = otherwise

X, Farmers’ age Actual years

X3 Farmers’ marital status 1 = married, 0 = otherwise

X, Farmers’ family size 1=> 4, 0 = otherwise

X Number of years spent in formal education 1 = actual years spent in school, 0 = otherwise

Xs Farmers’ source of income 1 = social grants, 0 = otherwise

X; Number of years spent in farming Actual years of farming

Xs Distance/closeness to the market place 1 =10 km, 0 = otherwise

Xy Access to extension agents by the farmer 1 = access to extension agents, 0 = otherwise

X10 Access to a financial institution by the 1 = access to a financial institution, 0 = otherwise
farmer

X11 Member of farm organization 1 = member of farm organization, 0 = otherwise

X12 Household monthly income 1= > 1500, 0 = otherwise

X13 Occupation by the household head 1 = full time farmer, 0 = otherwise

X14 Farming as the only source of income 1 = farming as an only income source,

0 = otherwise

X15 Knowledge of using mobile phones for 1 = can use mobile phone for agricultural
agricultural purposes purposes, 0 = otherwise

Source: Researchers’ Initiative, 2021.

Table 1.
Description of variables used in the study.

6.3 Data

The variables for this study were identified in consultation with experts and
professionals familiar with the region and its agricultural context. These variables
were carefully selected to ensure the study’s relevance and comprehensiveness. Data
collected are shown in Table 1.

7. Analytical framework

This section examines two analytical approaches. The first involves descriptive
statistics, such as frequencies, percentages, and mean values, to summarize the pro-
files and characteristics of farmers in the study area. The second approach employs
a logistic regression model to identify factors influencing the adoption of mobile
phones by smallholder farmers for productivity enhancement.

8. Logistic regression

The study utilized the logit regression model to assess the factors driving the
use of mobile phones among smallholder farmers. The term “logit” refers to log-
likelihoods, which estimate the probability of an event occurring within one of
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two categories based on specific explanatory variables [19]. According to Mdoda
etal. [20] and Chauke et al. [21], logistic regression is suitable for analyzing the
probabilistic relationship between independent variables in a model. The logit model
was chosen for this study due to the binary nature of the dependent variable, which
categorizes respondents into mobile phone users and non-users. Mobile phone usage
in this context refers to farmers who have adopted mobile technology to improve
productivity.

The regression analysis involves two distinct outcomes. Since the dependent
variable is binary, the study employs a binomial logistic model, where 0 represents
farmers who do not use mobile phones on their farms and 1 represents those who do.

For this study, the two categories are “mobile phone users” and “non-users.” The
binary regression model is designed to explain Y = 1, indicating farmers who use
mobile phones, and Y = 0, representing those who do not. As outlined by Wooldridge
[19], X denotes the set of explanatory variables, while p represents the probability of
Y = 1. The relationship between these variables is expressed as follows:

p(Y=1)=1+efy 1)

Co)oqg Bx 1
p(Y_o)_i 1+eBX_1+eBx @)

where Eq. (2) is the subsidiary response level, that is, the possibility that small holder
farmers employ the usage of handsets on their farms, as this will likely be revealed
using the logistic regression approach. The computations simultaneously show the
logit adjustment results with probability proportions explained thus:

[0(x)logit[ 0(x)]=log]= 0+, X, +B,X, +B,X, +......L+B, X, 1-0(x) (3)

Asides from authorizing its estimate as a direct regression, the following represen-
tations relate:

O = logistic amendment of the contingency fraction; = the intercept span
p = explanatory or critical variables; and.

X; = predictor or forecaster variables.

The preceding procedures were feasible inside the STATA. More so, Eq. (3) indi-
cates the perusal generated the chances of relations depleting the highest expectation
technique. The logistic deterioration in this study can be stated as follows:

Y1 = o +B1X1+P2X2 +nP3X3 + B4X4 + B5X5L + Un 4)

where

Yi (mobile phones usage) = the reliance on variable distinct as mobile phones
usage = 1and 0 otherwise a = constant.

p = slope of the distinct forecaster variables.

X, = forecaster variables.

U, = alteration or variation error term.
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9. Results and discussion
9.1 Socio-economic characteristics of smallholder farmers

The study examined the socio-economic characteristics of smallholder farmers
in the Eastern Cape, who use mobile applications for enhancing agricultural pro-
ductivity. The data revealed a diverse demographic profile among the 220 surveyed
farmers, with a significant majority (70%) actively using mobile applications for
agricultural purposes. More importantly, the majority of respondents were female
(88%), highlighting women’s critical role in agriculture and food production in the
region. This finding aligns with Sikundla et al. [22], who noted that female farmers
often manage household and agricultural activities, thus contributing significantly
to food security.

The data also indicated that most farmers were aged between 28 and 50 years, sug-
gesting a relatively youthful demographic among smallholder farmers in the Eastern
Cape. Age is a critical factor in technology adoption, as younger farmers tend to be
more receptive to innovative farming practices and technologies [21]. In conjunction
with education levels, where the average farmer had approximately 7 years of formal
education, these findings suggest that education plays a vital role in an individual’s
ability to utilize mobile applications effectively. According to Mwalupaso et al. [2],
education enhances farmers’ capabilities to access information and adopt new tech-
nologies, positively impacting productivity.

9.2 Mobile applications usage patterns

The survey results concerning specific mobile applications revealed that
WhatsApp (54%) and Facebook (27%) were the most frequently utilized platforms
among farmers. These findings are consistent with the observations of Huq et al.

[23], who underscored the increasing reliance on social media tools for agricultural
information dissemination. Farmers reported using WhatsApp primarily for sharing
agricultural information, managing farm operations, and communicating with peers.
This reflects a shift toward leveraging social media not only as a communication tool
but also as a medium for fostering agricultural collaboration. Tables 2 and 3 show the
mobile application use.

The frequency of mobile phone usage for agricultural purposes indicated that 62%
of respondents used mobile applications daily, while 15% reported weekly usage. This
high level of engagement suggests that smallholder farmers recognize the importance
of real-time information for day-to-day decisions in their farming activities. The impli-
cations of such usage patterns are significant; farmers who utilize mobile technologies

Categories Frequency Percentage (%)
WhatsApp 120 54
Facebook 60 27
Newspapers 30 14
Twitter 10 5

Table 2.

Frequency distribution showing the extent of usage of mobile phone apps for agricultural information
dissemination.
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Categories Frequency Percentage (%)
Daily 136 62
Weekly 34 15
1-4 times a week 20 9
2-3 times a month 30 14

Source: [24].

Table 3.
Frequency of mobile phone usage for agricultural information.

can enhance their awareness of critical issues like market prices, weather conditions,
and agricultural best practices, resulting in improved agricultural outputs [4].

9.3 Main purpose of using mobile phones by smallholder farmers

The adoption of mobile phone applications by smallholder farmers plays a vital
role in adapting to evolving agricultural practices and leveraging modern technology
to enhance productivity and profitability. Table 4 outlines the key purposes for which
smallholder farmers utilize mobile phones.

The findings of the study reveal that a significant portion of mainstream farm-
ers, approximately 18%, rely on mobile phones to set reminders for essential farm
management tasks, as they often forget these activities. This aligns with Chisama’s
[25] research, which highlights that most farmers prefer using mobile phones to stay
updated on their farm-related responsibilities. Beyond reminders, mobile phones
serve various other purposes in agriculture, including soil fertility management and

Categories Frequency Percentage (%) Rank
Farmers’ usage of mobile phones and the Internet for extension 10 5 8
advice

Farmers’ usage of mobile phone for agriculture business 30 13.64 3
Farmers using mobile phones for traceability 20 9.00 6
Farmer groups and money transfer 10 5 10
Pasture management and livestock distribution 5 2.27 12
Weather updates 10 5 9
Fertilizer application rates 22 10 5
Improved crop varieties and market information 15 6.82 7
Access training and improved product marketing 28 12.73 4
Reminders on farm management activities 40 18.00 1
Soil fertility management and agricultural prices 32 14.55 2
Irrigation practices 8 3.64 1

"Results appearing in multiple responses with frequencies and percentages (N = 220).
Source: [24].

Table 4.
Frequency of farmers’ usage of mobile phones.
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monitoring agricultural prices (15%), facilitating agricultural business operations
(13.6%), accessing farming training and enhancing product marketing (12.7%),
determining fertilizer application rates (10%), ensuring traceability (9%), obtaining
information on improved crop varieties and market trends (6.8%), seeking extension
advice and Internet access (5%), coordinating farmer groups and enabling money
transfers (5%), receiving weather updates (5%), and managing irrigation practices
(3.6%). The least common use of mobile phones among smallholder farmers was for
pasture management and livestock distribution, accounting for only 2.3%. Overall,
mobile phones are a crucial tool in boosting smallholder productivity by delivering
timely and accessible information to farmers.

9.4 Benefits of mobile applications

The analysis of benefits derived from mobile application usage by farmers further
illuminated the substantial impact of technology on agricultural productivity. The
benefits of using mobile by smallholder farmers are shown in Table 5. A significant
majority of respondents reported increased access to high-yielding seeds (77%), mar-
ket pricing information (73%), and knowledge of optimal crop production techniques
(59%). These results echo findings from studies such as those conducted by Aker
and Mbiti [3], which demonstrate that mobile information services can contribute to
enhanced agricultural productivity by providing timely and relevant information.

Moreover, the ability to quickly access market data through mobile applications
can empower farmers to negotiate better prices for their produce, thus improving
their income and livelihoods. Research by Adam and Hassan [26] suggests that when
smallholder farmers are equipped with market information, they are more likely to
engage in profitable trading practices, ultimately leading to improved food security at
the household level.

9.5 Challenges faced by smallholder farmers

Despite the numerous advantages linked to mobile application usage, the study
also identified significant challenges hindering farmers’ ability to maximize the
potential of mobile technology. Challenges are shown in Table 6. The findings
revealed that 66% of respondents cited high costs associated with mobile phones as

Variable Frequency Percentage (%)
High-yielding seeds 170 77
Fertilizer use 110 50
Market information and pricing 160 73
Crop and livestock production techniques 130 59
Pesticides and herbicides use 80 37
Training from agricultural extension services 90 45
General agricultural news 90 45

Source: [24].

Tables.
Benefits of using mobile by smallholder farmers.
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Problem Frequency Percentage (%) Rank
Expensive 145 66 1
Mobile phone operating problem 115 52 2
Network coverage problems 110 50 3
The high cost of repairing 95 43 4
Technical problems 90 41 5
Difficulty in using mobile phones 88 40 6

Source: [24].

Table 6.
Problem faced by smallholder farmers in using mobile phones.

a major barrier to utilization. This aligns with the work of Lubua and Kyope [6], who
note that economic constraints diminish farmers’ capabilities to invest in necessary
technologies.

Moreover, issues such as network coverage (50%) and mobile phone operating
difficulties (52%) emerged as significant challenges, which negatively impacted the
consistency of information access and utilization. As highlighted by Mwalupaso et al.
[2], the lack of reliable telecommunications infrastructure in rural areas can con-
tribute to disparities in access to mobile-based agricultural resources, perpetuating
existing inequalities.

9.6 Econometric analysis of mobile application usage

The logistic regression analysis indicated a formidable relationship between socio-
economic variables and mobile application usage among smallholder farmers. The
model’s findings highlighted that education levels and income, along with family size,
were significantly correlated with mobile application use. Specifically, each additional
year of education was associated with a 0.163% increase in the likelihood of adopting
mobile applications for agricultural purposes. This supports findings from Masuka
etal. [17], which emphasize the importance of educational interventions to improve
farmers’ technology adoption. Table 7 illustrates the factors influencing the media
usage by smallholder farmers.

Conversely, the analysis indicated that older farmers exhibited lower mobile
application usage due to barriers such as limited exposure to novel technologies. For
instance, each additional year in a farmer’s age reduced the likelihood of mobile app
usage by 0.287%. Findings from Asif et al. [12] corroborate this assertion, emphasiz-
ing that older adults may be less inclined to engage with new technologies, unless
provided with adequate training and support.

9.7 Implications for food security

The findings of this study illuminate the potential for mobile applications to
significantly contribute to agricultural productivity and by extension, food security
among smallholder farmers in the Eastern Cape Province. By facilitating timely
access to critical agricultural information, mobile technology serves as a conduit for
improving crop yields and market competitiveness. As highlighted by the FAO [1],
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Variable Coefficient Std. error Significance dy/dx
Intercept -1.948 0.613 0.002*** 0.2123
Age -0.287 0.651 0.043** 0.2242
Years spent in school 0.163 0.058 0.004*** 0.1903
Family size 0.163 0.058 0.004*** 0.2003
Farming experience —-0.681 0.425 0.023** 0.1530
Total income level 0.423 0.145 0.038*** 0.2156
Number of observers = 220 Pseudo —2 log-likelihood 148.569 Prob (chi-square) = 0.000
R*=0.72 Adjusted R square = 0.70 DF =8.00

Standard errors: **p < 0.05, ***p < 0.001.
Source: [24].

Table7.
Factors influencing the use of media by smallholder farmers.

smallholder farmers are pivotal to achieving food security, and the adoption of mobile
applications can enhance their productivity, thereby contributing to sustainable
agricultural development in South Africa.

While challenges persist in the adoption of mobile technologies, the find-
ings underscore the importance of addressing these barriers in order to empower
smallholder farmers effectively. Policymakers, agricultural extension services, and
nongovernmental organizations (NGOs) can play instrumental roles in facilitating
the integration of mobile technology into agricultural practices. Incentives for mobile
technology adoption, coupled with tailored educational programs focused on digital
literacy, can foster a conducive environment for smallholder farmers to thrive.

10. Conclusion

This chapter has explored the critical role of mobile applications in enhancing
the productivity of smallholder farmers in the Eastern Cape Province of South
Africa and their implications for sustainable food security. The findings indicate
that mobile technology acts as a significant enabler, providing farmers with timely
access to vital agricultural information, which in turn enhances their decision-
making processes and farming practices. The data demonstrated that a substantial
proportion of farmers were utilizing mobile applications, particularly WhatsApp
and Facebook, as effective tools for sharing knowledge, managing farm operations,
and accessing market information. This underscores the transformative potential of
mobile technology in bridging communication gaps and facilitating collaboration
among farmers.

Despite the evident benefits associated with mobile application usage, the study
highlighted several barriers that must be addressed to maximize the potential of
mobile technologies for agricultural development. Key challenges included the high
costs of mobile devices, limited network coverage, and varying levels of digital
literacy among farmers. These findings resonate with similar studies on agricultural
technology adoption, which emphasize that access to resources and infrastructure
play a pivotal role in shaping the ability of smallholder farmers to leverage innova-
tions effectively. To counter these challenges, targeted interventions by government
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and NGOs are essential to enhance farmers’ access to technology, improve infrastruc-
ture, and provide training on how to utilize mobile applications effectively.

From a socio-economic perspective, the analysis of factors influencing mobile
application usage revealed that education, income, and family dynamics significantly
affected the likelihood of farmers adopting these technologies. Specifically, higher
education levels were associated with greater use of mobile applications, suggesting
that robust educational initiatives can empower farmers to embrace modern farm-
ing techniques. Additionally, the role of social networks and community support
was emphasized, as interconnected farmers were more likely to engage with mobile
technology for agricultural purposes. Thus, fostering collective action and peer-to-
peer learning within agricultural communities can serve as a catalyst for broader
technology adoption.

It is critical for stakeholders to recognize that the successful integration of mobile
technology into the agricultural landscape is not solely reliant on technology avail-
ability. The socio-cultural and economic contexts in which these farmers operate
must be understood and addressed to enable meaningful and sustainable adoption.
Policymakers should focus on creating an enabling environment that promotes
agricultural innovation through infrastructure development, financial support, and
digital literacy initiatives specifically tailored for smallholder farmers.

Future research should continue to investigate the evolving nature of mobile appli-
cations in agriculture, particularly their integration with other technologies such as
drones and Internet of Things (IoT) systems. Longitudinal studies can provide deeper
insights into how sustained engagement with mobile applications influences agri-
cultural productivity and food security over time. Finally, as the landscape of global
agriculture continues to evolve, it is crucial that the voices and experiences of small-
holder farmers remain at the forefront of this discourse, guiding the development of
policies and initiatives that aim to harness technology for agricultural resilience.

In conclusion, mobile applications represent a significant opportunity for enhanc-
ing the livelihoods of smallholder farmers in the Eastern Cape Province of South
Africa. By addressing the barriers to technology adoption and fostering an enabling
environment for innovation, stakeholders can empower these farmers, ultimately
contributing to greater food security and sustainable agricultural development in the
region. Implementing strategic interventions and continuing to support farmers in
navigating the complexities of agricultural technology will be vital for achieving a
resilient agricultural future.
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Chapter 4

Unlocking Collective Wisdom: The
Power of Knowledge Sharing in
Modern Organizations

Sarika Singh, Gour C. Saha and Mukesh Singh

Abstract

In today’s fast-paced work environment, knowledge sharing is increasingly vital
for organizational success. Despite a decrease in employee turnover in India post-
pandemic, high-employee mobility in a dynamic job market continues to challenge
knowledge retention. Frequent workforce transitions result in the loss of expertise can
upset organizational continuity. Additionally, inefficiencies in accessing knowledge
by employees lead to wasted resources, redundancy, and disengagement, impacting
morale and productivity. Traditional knowledge management systems focused on
saving information often fall short in enabling seamless access. While digital tools
have improved knowledge storage, the key challenge lies in effectively sharing knowl-
edge with those who need it. Modern knowledge-sharing practices are supported by
Al-driven tools and collaborative platforms and a strong knowledge-sharing culture
enable an ecosystem for dynamic, interaction-based sharing, and innovation. This
chapter discusses the impact of knowledge sharing on firm’s performance and identi-
fies important factors for building knowledge-sharing capabilities. These include
individual, and organizational and cultural factors. Finally, the chapter examines the
evolution of knowledge-sharing practices in few Indian firms. It explores how digital
systems for explicit and tacit knowledge sharing can improve collaboration. With
these insights, senior managers can enhance innovation, efficiency, and competitive-
ness, ensuring long-term growth and success in a rapidly evolving business landscape.

Keywords: explicit knowledge sharing, tacit knowledge sharing, knowledge
management, innovation, business performance

1. Introduction

In today’s fast-paced work environment, knowledge sharing has become essential
for organizational success. While employee turnover and job hopping have slightly
decreased in Indian organizations following the pandemic, the 18% job attrition rate
recorded in 2023 still remains a significant challenge for knowledge sharing. Frequent
workforce transitions often result in the loss of valuable expertise, insights, and
organizational memory, disrupting daily operations and hindering long-term growth
and innovation.
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In large organizations in India, inefficiencies in accessing knowledge are becoming
aserious challenge. According to an informal interview with senior managers from five
consulting firms, employees often spend about 20% of their work time, searching for
answers that their colleagues already know. The issue stems from a lack of awareness
about whom to approach or where to find the needed information. This disconnect leads
to redundancy, as employees spend time on work that has already been done, and it wastes
valuable time and resources. Beyond inefficiencies, this also contributes to employee dis-
engagement. When employees feel unsupported in accessing the information they need
or experience repeated frustrations, their morale and motivation may decline. This disen-
gagement can ripple across teams, negatively impacting productivity and collaboration.

In the digital age, where systems are highly interconnected, the IT industry, in par-
ticular, faces additional challenges. Cybersecurity threats are on the rise, and manag-
ing these risks requires effective cross-functional knowledge sharing. Organizations
must focus on building a strong knowledge-sharing culture to improve efficiency,
keep employees engaged, and address emerging risks effectively. A powerful example
of addressing the knowledge sharing issue is Google’s G2G, or “Googlers-to-Googlers,”
network. This initiative highlights how a well-designed knowledge-sharing culture
can transform organizational dynamics. At Google, regardless of role or hierarchy,
employees are encouraged to reach out to their colleagues, seek guidance, share
expertise, or learn new skills. This open access to collective knowledge not only makes
work processes smoother but also fosters a sense of community and support, contrib-
uting to Google’s reputation for having an exceptional work culture.

The Indian workforce is undergoing a significant transformation, characterized by
a unique generational mix. Senior management largely consists of seasoned profes-
sionals, the mid-management tier is predominantly composed of GenY, and the
new recruits entering the workforce are primarily Gen Z. Each of these generations
brings distinct working styles, values, and approaches to the table, often leading to
friction in the workplace. However, this generational diversity also presents a valuable
opportunity to foster a culture of knowledge sharing where organizations can enable
employees to learn from one another.

Traditionally, organizations have approached knowledge sharing through knowl-
edge management systems that focused primarily on storing and organizing informa-
tion. These systems allowed employees to upload documents, insights, and data into
centralized repositories. However, while these repositories were useful for storing
knowledge, they often fell short in enabling seamless access to the right information
at the right time. Employees frequently struggled to find what they needed, as there
was no clear mechanism for guiding access to specific knowledge or expertise within
the organizations. Certain mechanisms, such as cross-functional teams, customer-
focused units, work groups, and communities of practice, were established to pro-
mote collaboration and knowledge exchange. However, these efforts often lacked a
cohesive approach to recognize and facilitate genuine knowledge sharing. As a result,
even though systems and processes were in place, they did not fully address the need
for dynamic and targeted knowledge exchange.

In modern organizations, digital tools have revolutionized how knowledge is
stored, making it easier to access and manage large amounts of information. However,
a key challenge persists: channelling this stored knowledge to the employees who need
it most. Many organizations rely on static knowledge management practices, which
focus on depositing knowledge without ensuring it reaches the intended audience.
This creates disconnect, as employees may be unaware of the resources available or
unsure how to access them effectively.
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By contrast, knowledge sharing goes beyond static storage. It is dynamic and
interaction-focused, aiming to actively connect people with the information, skills,
and expertise they require. It emphasizes building networks, encouraging collabora-
tion, and fostering open communication among employees. Modern knowledge-shar-
ing practices use tools like Al-driven recommendations, collaborative platforms, and
social learning to ensure that knowledge flows seamlessly across teams and functions.
This approach not only enhances accessibility but also boosts innovation, efficiency,
and employee engagement, making knowledge sharing an indispensable element of
successful organizations today.

This chapter aims to explore the adoption of knowledge-sharing practices in
Indian and global firms, analysing the factors that influence knowledge-sharing
processes worldwide. It provides a comprehensive overview through a summary of
literature reviews and case studies, addressing two key objectives:

i. To gain a deeper understanding of how knowledge sharing in different organi-
zational contexts impacts firm performance.

ii. To identify and evaluate the critical knowledge-sharing factors necessary for
developing a framework that offers actionable guidelines to enhance organiza-
tional performance.

By examining these objectives, the chapter seeks to bridge theoretical insights with
practical strategies, enabling firms to harness the full potential of knowledge sharing
for improved outcomes.

2. Knowledge sharing and organizational performance

Knowledge, encompassing elements such as management systems, brand identity,
customer information, and corporate reputation, is a vital strategic asset for organiza-
tions. Its effective sharing among employees plays a critical role in enhancing orga-
nizational performance and leveraging intellectual capital. Research highlights the
importance of knowledge-based tasks, reporting that 99% of organizational activities
rely on knowledge [1].

The knowledge-based theory of the firm emphasizes the role of knowledge sharing
in fostering innovation and building a strong foundation for organizational success
[2]. This process enables individuals to learn not only from their own experiences but
also from others through feedback, advice, and shared insights. The reciprocal nature
of knowledge sharing generates new ideas while enriching both the giver and the
receiver [3].

Organizational performance is influenced by the types of knowledge shared and
the methods used to manage it. Tacit knowledge, resembling wisdom in an informa-
tion value chain, embodies deeply ingrained expertise and insights [4]. McKinsey
& Company and Bain & Company utilize “people-to-people” methods, connecting
global networks of experts to share tacit knowledge through meetings, calls, emails,
and video conferences, ensuring alignment with company culture and customer
needs [5]. Conversely, Accenture’s “people-to-documents” model emphasizes the
sharing of anonymized explicit knowledge, treating knowledge objects as reusable
templates for core insights across industries, thereby enhancing operational effi-
ciency. While explicit knowledge sharing improves efficiency by distributing valuable
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information, tacit knowledge sharing fosters dialog, shared experiences, and collec-
tive problem-solving, driving innovation and collaboration [6].

Empirical studies highlight that innovation culture mediates the relationship
between knowledge sharing and firm performance [7, 8]. Knowledge sharing fosters
collaboration and the exchange of ideas, creating a foundation for innovative think-
ing. An innovation culture ensures shared knowledge is actively applied to improve
processes, products, and services, driving business performance. Firms with strong
knowledge-sharing practices and an innovation-focused environment achieve greater
adaptability, efficiency, and market success.

In summary, the relationship between knowledge sharing and organizational
performance is multifaceted, encompassing improved collaboration, innovation, and
the development of structures that optimize knowledge utilization. This reinforces
the importance of embedding knowledge-sharing practices within organizational
strategies to achieve sustained growth and competitiveness.

3. Factors affecting knowledge sharing: Conceptual framework

Research on knowledge sharing explores how firms utilize knowledge to gain a
competitive advantage. Studies identify culture, attitude, and infrastructure as key
enablers of knowledge-sharing capabilities. Effective knowledge sharing hinges on
balancing “intrinsic” factors, such as motivation and trust, with “extrinsic” factors,
like infrastructure and reward systems. For instance, job security fosters intrinsic
motivation, encouraging employees to share knowledge through strong relation-
ships and reciprocity [9]. In contrast, extrinsic motivators, such as robust knowledge
infrastructure, promote self-interest and operational efficiency. Organizations that
harmonize intrinsic and extrinsic factors create a mutually reinforcing system,
boosting competitive advantage and performance. Knowledge sharing is crucial for a
company’s success, but there is little research on how companies develop this abil-
ity. Companies vary in how they adopt practices to improve knowledge sharing. A
knowledge-sharing culture is shaped by how a company is organized and operates.
Key factors include leadership, trust, technology, rewards, and company culture.
Good leadership sets clear goals, defines success, and helps manage power to encour-
age sharing. Trust builds teamwork and support, though it can be hard to maintain
as the company grows. A strong culture shifts from “What do we think?” to “What
do we know?” Companies with effective knowledge-sharing treat knowledge as an
important asset, making it part of their values and decision-making.

Business analytics and data mining technologies have further revolutionized
knowledge sharing by converting raw data into actionable insights that drive decision-
making and innovation. These tools enable organizations to extract, analyse, and dis-
seminate valuable information, fostering collaboration and informed strategies. Data
mining uncovers hidden patterns and trends, facilitating explicit knowledge sharing
in a structured and accessible format. Analytics platforms promote real-time knowl-
edge exchange by integrating insights into workflows and providing personalized
recommendations. This seamless sharing of data-driven insights enhances operational
efficiency, empowers organizations to adapt to market changes, and cultivates a
culture of continuous learning and improvement.

The study highlights that the adoption of knowledge sharing is influenced by
avariety of external and internal factors (Figure 1). It draws upon the Theory of
Reasoned Action (TRA), which emphasizes the significance of the knowledge-sharing
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Figure 1.
Knowledge-sharing framework.

process. Theory of reasoned action examines individuals’ intentions, willingness, and
engagement in specific knowledge-sharing behaviors [10]. The theory identifies three
key drivers of behavior: the attitude toward the sharing behavior, subjective norms,
and the intention to perform or refrain from the behavior [11]. Further research
explored factors affecting knowledge-sharing behavior within organizations [12].

Self-efficacy, defined as an individual’s belief in their ability to successfully
perform and achieve a specific task or goal, plays a crucial role in shaping knowledge-
sharing behaviors. Introduced by Albert Bandura as part of Social Cognitive Theory,
self-efficacy influences an individual’s attitude toward engaging in the knowledge-
sharing process [13]. A high level of self-efficacy enhances an individual’s willingness
and confidence to share knowledge, fostering active participation.

Organizational support significantly impacts the success of knowledge-sharing
initiatives. Effective managers play a vital role in recognizing and leveraging the
unique expertise of employees. By explicitly identifying and acknowledging indi-
viduals’ skills—for example, expertise in customer acquisition—managers facilitate
“knowledge handshakes,” or collaborative exchanges of information. Integrating
these practices into routine workflows and incentivizing participation through
rewards further cultivate a culture of knowledge sharing within the organization.

Technology serves as an enabler of knowledge sharing by streamlining the diffu-
sion and assimilation of knowledge into business processes. According to Technology
Assimilation Theory, the effective infusion of technology enhances organizational
performance by embedding it into routine activities [14]. While knowledge sharing is
not solely dependent on hardware, two critical technological factors identified in this
study are ICT infrastructure and the shift toward evidence-based decision-making.
These elements support the seamless exchange and utilization of knowledge within
organizations.

The three internal factors—individual, organizational, and technological—are influ-
enced by four external factors: government policy, societal culture, the type of knowledge
shared, and social media. For example, in difficult job markets, policies supporting
foreign talent can weaken networks, leading individuals to withhold knowledge to protect
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their jobs. In individualistic societies, people share knowledge mainly for personal gain or
career growth, often sharing only when it benefits them. In collectivist societies, sharing
knowledge is focused on helping the group, with more collaboration. In these cultures,
how much people share can be uncertain because both the risks and rewards influ-

ence their choices. The type of knowledge also matters. Knowledge deeply rooted in an
organization’s practices is easier to share, while knowledge from external sources is harder
to transfer. A recent study discusses the impact of social media on knowledge sharing
[15]. The researchers suggest that factors like altruism, online attachment motivation, and
online relationship commitment influence knowledge sharing. The use of social media
has evolved from traditional tools such as email and face-to-face meetings to modern
platforms such as enterprise social networks, Google Docs, wikis, discussion forums,

and blogs.

4. Knowledge sharing in Indian organizations: Few evidences

The Government of India launched the Digital India program on 2 July 2015,
with the aim of transitioning India into a digitally empowered society. This initiative
sought to enhance online infrastructure, making public and private services accessible
to citizens electronically. By enabling smoother and more transparent transactions,
digitization curbed the existence of a parallel economy and encouraged widespread
adoption of digital systems. The government leveraged the advancements in digital
enterprise to drive socio-economic stability and achieve development goals. Initiatives
such as ‘Make in India’ fostered public-private partnerships, promoting collaboration
across industries and facilitating technology transfer and knowledge sharing.

Digitization integrates business processes, enhances operational efficiency, and
improves customer service. It has augmented both manufacturing and services
sector, key growth avenues for the Indian economy. Growth in the manufacturing
sector spurred expansion in several service sub-sectors due to ancillary requirements.
Additionally, digitization transformed numerous non-tradable services into tradable
ones. These developments expanded exports, employment opportunities, and foreign
direct investment [16].

While the regulatory environment encourages collaboration and innovation, the key
to remaining competitive in a dynamic marketplace is dissemination of knowledge. In
addition, hierarchical organizational structures, typical of most Indian organizations,
together with high-employee mobility calls for robust knowledge management. A typical
workforce includes individuals from multiple generations who bring varied perspectives.
However, differences in language, cultural backgrounds, and attitudes require innovative
communication strategies. Knowledge sharing is the exchange of information, expertise,
and insights between employees, teams and organizations enhancing collaboration and
business outcomes. As Indian firms embrace digital systems for knowledge sharing, they
have to be prepared for wide-ranging transformation. Building organizational trust is
crucial for nurturing a culture of knowledge sharing. Furthermore, a combination of cul-
tural, technological, and leadership factors determines the success of these practices. The
Indian culture, which values interpersonal relationships, mutual respect, and adaptability,
provides a unique opportunity to strengthen organizational culture. By embracing these
cultural strengths, organizations can foster a collaborative environment that promotes
knowledge sharing and innovation. Prioritizing employee well-being and engagement
enhances organizational trust. The commitment of the leadership team and rewards for
knowledge sharing enhance employee’s confidence and participation.
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In the following section, the authors explore knowledge sharing initiatives in
Indian organizations with an emphasis on the industry context, challenges, platforms,
tools, and business value.

4.1 Knowledge sharing in IT security industry
4.1.1 Introduction

Industry leaders in IT security sector have leveraged advanced technology and
organized knowledge-sharing frameworks, to enhance their operational efficiency
and mitigate security risks to their client’s IT infrastructure and networks. In this
domain, knowledge sharing is vital for organizational growth, innovation, and
operational resilience.

4.1.2 Industry context

Information technology-related security crimes are on the rise and are impacting
firm productivity. Considering the potential financial impact of IT breaches on firms,
effective IT security becomes the cornerstone of firm performance.

The efficient production of goods and services requires the integration of intel-
ligent machines, storage systems, and smart production systems. With the aim of
furthering business goals, firms across multiple sectors are integrating digital tech-
nologies such as big data, cloud computing, artificial intelligence, machine learning,
robotics, data analytics, and blockchain. Organizational systems undergoing digital
transformation are also becoming highly complex, involving multiple actors and
interactions. The systems are interconnected with IOT by using wireless sensor net-
works, communication protocols, distributed control systems, and cloud computing.
The interconnection of systems implies being exposed to cybersecurity risks, which
can cause damage to the data in computer systems, or disrupt operations. As the
interconnections make the system more vulnerable and exposed, cybersecurity has to
go hand in hand with digital industrial transformation.

Rising frequency and sophistication of cyber threats necessitates real-time knowl-
edge sharing and documentation. Knowledge sharing helps ensure that employees,
partners, and clients are equipped to respond to emerging risks. When employees
participate in collaborative networks, they gain access to implicit knowledge, experi-
ence, and skills.

4.1.3 Challenges in knowledge sharing

Despite their technological expertise, organizations in the IT security domain face
significant challenges. The fast-paced evolution of cybersecurity makes it difficult
for employees to keep up-to-date with the latest developments. The teams are over-
whelmed with abundant data from threat intelligence, research reports, and customer
feedback making it difficult for them to filter and disseminate relevant information.
Besides, high-employee turnover rates, in technical roles, risks the loss of critical
institutional knowledge. Teams operating in different regions or domains often work
in isolation, leading to duplication of efforts and missed opportunities for collabora-
tion. Employees from different cultural and professional backgrounds are hesitant to
share knowledge due to lack of trust or fear of criticism.
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4.1.4 Strategies for knowledge sharing

Clients demand stable products that tackle cyber security threats in real time while
improving their quality of work and life. Different teams work together to devise
security solutions for client organizations. This requires innovation and necessitates
effective knowledge-sharing mechanisms. The key lies in documenting knowledge
at each stage and direct communication within and across teams. The workforce
includes cybersecurity researchers, product management, development and engineer-
ing, quality assurance, documentation, UX, marketing, sales, and support teams
distributed globally. While the work of some, such as product managers, begins long
before the solution is released, the work of others, such as the support and docu-
mentation teams start in the middle of the product life cycle and continues until the
end-of-life date is declared. Given this context, firms in this domain have adopted a
knowledge-sharing ecosystem with a multi-faceted approach.

o Centralized knowledge repository: A centralized repository, using Microsoft
SharePoint, enable seamless storage and retrieval of documents, reports, and
training materials.

o Salesforce knowledge base enables teams to document internal articles and
resolutions to customer issues. These platforms enable knowledge sharing
between traditionally distinct departments, customer issue resolution, and
product development. They can either use the same platform or use different
platforms that feed into one another. These platforms support multiple data
types, such as text, scripts, images, videos, and training modules. For example,
a customer issue that is resolved is used to create an internal article for future
reference.

o Threat intelligence sharing platform: A dedicated platform integrated with
a system that provides detailed and explainable threat intelligence allows
real-time sharing of knowledge across teams and external partners. Atlassian’s
Confluence is a platform for documenting research and competitor knowledge,
timelines and progress updates, cross-team discussions, and demos.

o Collaboration tools: Dedicated channels for focused discussions, specific
projects, and research topics. Asana and Atlassian’s Jira are some alternatives
that offer a platform for moving forward events, such as product development,
resolving customer issues, documentation, as well as the full range of events
that must take place during the course of the product lifecycle.

* Tools like Slack and Microsoft Teams facilitate instant communication and file
sharing.

* Learning management system (LMS): Learning management system that provides
structured training and certifications on cybersecurity topics. Gamification
elements incentivized participation and knowledge retention.

* Peer-to-peer learning programs: Regular webinars, hackathons, and “lunch and
learn” sessions encourage knowledge sharing among employees. Subject matter
experts (SMEs) conduct sessions to bridge skill gaps.
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* Customer and partner portals: Secure portals for customers and partners, allow-
ing them to access threat reports, product updates, and troubleshooting guides.

* The organization’s community portal, which is typically a platform for sharing
and responding to customer issues by customers, partners, support, and other
teams, is a great resource for knowledge sharing among all the stakeholders of
key product developments, customer issues, and pain-points and workarounds.

4.1.5 Business value

Comprehensive knowledge-sharing initiatives deliver tangible benefits to the orga-
nization and its stakeholders. Centralizing information allowed faster access to data,
improved decision-making and response times for customer service, and product
development teams. Real-time threat intelligence sharing enabled rapid identification
and mitigation of cyber threats, enhancing client trust and reducing incidents. Cross-
functional collaboration also stimulates innovation. Leveraging shared knowledge
led to advanced threat detection algorithms and cloud security solutions. A customer
portal with timely updates strengthened client relationships. This helps position the
firm as a trusted advisor in cybersecurity.

Reduced duplication of efforts and improved operational efficiency translated to
considerable cost savings. Initiatives in knowledge sharing and innovation enhance
the firm’s reputation as a forward-thinking organization, attracting top talent and
new business opportunities. Knowledge-sharing initiatives fostered a sense of com-
munity and professional growth. New opportunities for learning and collaboration,
resulting in higher job satisfaction and low turnover.

4.2 Knowledge sharing in Edayar pharmaceuticals
4.2.1 Introduction

Edayar Pharma, a leading pharmaceutical company specializing in different for-
mulations, exemplifies the essence of knowledge sharing in a competitive and innova-
tion-driven industry. The firm recognized early on that knowledge sharing is vital for
staying ahead in a competitive market. With a workforce comprising of researchers,
production experts, and regulatory professionals, the organization developed robust
capabilities to harness and disseminate knowledge effectively.

4.2.2 Industry context

The pharmaceutical sector is characterized by stringent regulatory requirements,
rapid scientific advancements, and the need for seamless collaboration between
cross-functional teams. Challenges such as preserving institutional memory and
ensuring compliance with evolving global standards underscored the importance of a
structured approach to knowledge management.

4.2.3 Challenges in knowledge sharing

The pharmaceutical industry operates under stringent regulations, enforced
by the authorities such as Food and Drug Administration (FDA) and European
Medicines Agency (EMA). These rules dictate how information is shared internally
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and externally. For instance, sharing clinical trial data must comply with data pro-
tection laws like General Data Protection Regulation (GDPR) or Health Insurance
Portability and Accountability Act, of 1996 (HIPAA), while intellectual property (IP)
laws limit the dissemination of proprietary research. A fear of non-compliance with
these regulations may create a culture of caution, slowing knowledge sharing within
the organization.

As the organization invests heavily in Research and Development (R&D), in
certain instances, the management may prioritize safeguarding proprietary infor-
mation over an environment of collaboration. Organizations are structured into
functional silos that hinder seamless communication and collaboration. Knowledge
may remain confined to specific teams, leading to duplication of efforts. Besides, the
firm generates vast amounts of data, from clinical trial results to real-world evidence
and genomic research. Integrating and managing this data is a significant challenge.
Employees may also hesitate to share knowledge due to concerns about losing their
perceived value within the company or the risk of sharing incorrect information in a
highly regulated environment. Collaborations between pharmaceutical companies,
academia, and external partners are fraught with challenges. Differences in organiza-
tional goals, misaligned incentives, and legal complexities surrounding data owner-
ship and usage hinder external knowledge sharing.

4.2.4 Knowledge-sharing framework

Edayar Pharma institutionalized knowledge sharing, on two pillars: technological
tools and cultural practices. The firm uses a Pharma Knowledge Management System
(PKMS), a digital platform for retrieval and distribution of medical knowledge, used
for decision-making in production and research settings. Knowledge sharing on the
PKMS supports the iteration and advancement of product and process understand-
ing across the product development lifecycle. It facilitates the management team
in attainment of product quality management and process performance, alongside
continual improvement. The PKMS is best used in combination with other software
programs such as CRM systems and Electronic Health Records. Knowledge sharing
on this system facilitates understanding the big picture, improve the quality of risk
assessment, and make connections to support technology transfer, and scale-up and
change management initiatives. The knowledge management framework is built on
the following pillars:

4.2.4.1 Centralized knowledge repository

The PKMS hosts a centralized repository called “Knowledge Hub” that serves as
the backbone of knowledge-sharing practices. A repository of updated SOPs is made
accessible to all employees, ensuring compliance and consistency across operations.

Research and development insights: Documentation of past and ongoing research
projects includes experiment results, methodologies, and lessons learnt. The system
captures and stores information on a variety of clinical trials and outcomes, and
provides advanced analytics and reports assisting R&D professionals in evaluating
the safety and efficacy of drugs. With predictive analytics and real-time data insights,
research and development teams can identify possible challenges and improve trial
outcomes.

Regulatory guidelines: The knowledge management system provides robust compli-
ance and regulatory intelligence updated in real time for different markets. By making
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updated regulatory information, easily accessible, the organization ensures adherence
to statutory requirements in products and processes, mitigates risk, and facilitates the
approval for new drugs.

4.2.4.2 Al-powered search and recommendations

Smart search: Al integrated with the PKMS allows employees to get targeted
insights from clinical trial data, scientific literature, and patents. Users can search for
specific topics, keywords, or questions and retrieve relevant documents, expert con-
tacts, and related case studies and present information in an organized manner. The
system also suggests resources, training modules, or experts based on an employee’s
role, past activities, and current projects.

4.2.4.3 Communities of practice

Edayar pharma encourages communities of practice to facilitate peer-to-peer
knowledge exchange. These communities support extensive information exchange
and collaboration among cross-functional teams such as research teams, regulatory
affairs, and clinical development units. Typically, these CoPs are structured around
areas such as formulation development, quality assurance, and regulatory compliance.
Monthly virtual and in-person meetings enable members to share insights, trouble-
shoot challenges, and discuss emerging trends. Senior employees act as facilitators,
ensuring discussions remain productive and inclusive. Dedicated channels on the
Knowledge Hub for each CoP allow asynchronous discussions and document sharing.

o Al-powered onboarding modules tailored to individual roles ensure that new
employees quickly assimilate into the company’s knowledge ecosystem.

* Mentorship is encouraged as a means for transferring tacit knowledge. New hires
shadow experienced mentors who guide them through organizational processes,
technical skills, and cultural nuances.

* Collaborative tools and platforms: The firm leverages digital collaboration tools to
facilitate real-time knowledge sharing across geographies. Project management
systems are integrating digital twin technology that presents a simulated envi-
ronment for drug manufacturing. This helps monitor equipment performance,
optimize manufacturing, and ensure product quality resulting in efficient and
cost-effective production. Platforms such as Asana and Trello enable teams to
document progress, share updates, and store project-specific knowledge in a
centralized location.

* Video conferencing and chat tools integrated with the knowledge hub ensure
seamless communication and document sharing. Interactive dashboards pres-
ent complex data in an intuitive format, aiding decision-making and fostering
cross-functional understanding. These platforms facilitate seamless information
exchange, cross-functional collaboration on drug development and regulatory
compliance.

A user-friendly design with simplified interfaces and intuitive navigation was
used to minimize resistance. In addition, the HR team ensured widespread adoption
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of the knowledge hub by organizing hands-on workshops and tutorials. The leader-
ship endorsed a culture of open knowledge sharing and recognized contributions by
rewarding employees. The objective was to make sure that employees feel comfortable
sharing mistakes and lessons learnt.

4.2.5 Continuous learning and development

Knowledge sharing is closely tied to the firm’s L&D initiatives. The company offers
Al-curated courses that align with individual career paths and organizational goals.
Regular sessions feature internal and external experts to address industry trends,
regulatory changes, and innovative practices. Employees participate in events such as
Hackathons and Innovation Days to solve complex problems, generating new knowl-
edge in the process.

4.2.6 Business value

The organization’s approach to knowledge sharing demonstrates the transfor-
mative impact of combining technology with a strong organizational culture. By
encouraging continuous learning and preserving institutional memory, Edayar phar-
maceuticals is positioned as an industry leader. The firm witnessed a 20% increase
in new product launches over 3 years. Streamlined access to past R&D insights and
cross-functional collaboration accelerated product development and the centralized
repository for regulatory guidelines reduced compliance errors by 25%. Al-powered
tools reduced time spent searching for information by 30%, allowing employees to
focus on high-value tasks. These capabilities ensured faster market approvals and
fewer disruptions. The mentorship programs and personalized L&D initiatives
boosted employee engagement and retention, with a 15% decrease in turnover rates.

5. Implications for Indian organizations

As digital systems and services grow in India, knowledge sharing is key for firms
seeking growth and efficiency.

As client companies adopt new technologies like Al and blockchain, their systems
become more vulnerable to cyber security risks. Firms providing IT security services
are tasked with responding to these threats in real time. The key lies in integrating
diverse operations across the business value chain and knowledge sharing. However,
challenges, such as vast amount of data, evolving customer needs, and high-employee
turnover, can hinder knowledge sharing. Tools such as centralized repositories (e.g.
SharePoint), threat intelligence platforms (e.g. confluence), collaboration tools (e.g.
Slack, Teams), learning management systems, peer learning through webinars, and
customer portals can help improve competitiveness. The integration of business
analytics and data mining tools into these platforms can maximize the impact of
knowledge sharing.

Firms in the pharmaceutical industry have to meet stringent regulatory require-
ments and attain global standards. Edayar pharma highlights the need for balancing
intrinsic factors like trust and motivation with extrinsic factors like robust knowledge
management systems. A pharma knowledge management system together with
a knowledge hub and collaborative platforms such as Asana and Trello enhanced
problem-solving and decision-making capabilities. With practices prioritizing
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employee well-being, leadership support, and rewards, the management team created
an environment for knowledge sharing. Such an ecosystem cultivated an agile work-
force that is well-equipped to adapt to challenges and seize new opportunities.

6. Conclusion

The objective of the chapter is to explore how knowledge sharing impacts firm
performance and identify key factors essential for developing an effective knowledge-
sharing framework. Important factors that influence knowledge sharing are indi-
vidual capability, organizational support, and technological infrastructure. Other
factors such as type of knowledge, societal culture, government policies, and social
media also impact the extent of knowledge shared. While easy access to document
knowledge improves efficiency, sharing of expertise and insights fosters dialog, and
problem-solving. Seamless information flow along the business value chain reduces
cost and enhances client satisfaction. Even as the organization benefits from collective
intelligence, a culture of openness, trust, and inclusive leadership improves employee
morale.

The IT security sector with an evolving technological environment and the
pharmaceutical sector with stringent government regulations provide a good test-
ing ground for our analysis. The first case study refers to a firm in the IT security
sector that has deployed an integrated knowledge management system to respond
to evolving cyber threats. Unified knowledge sharing allows for the development
of advanced security solutions and prompt client response. The business gains
through an improved market reputation, increased business opportunities, and
reduced employee turnover. In contrast, our second case analyses a firm that oper-
ates within stringent government requirements that prioritize data security. Edayar
Pharmaceuticals invests in R&D to attain global standards, while at the same time
adheres to strict rules for information sharing. The firm deployed an integrated
PKMS alongside practices that prioritized employee well-being, leadership support,
and rewards. This alignment shaped a sustainable knowledge-sharing culture and
strengthened the firm’s competitive position in the market.

Evidence from the industry validates that an effective knowledge sharing frame-
work is shaped by strengthening individual, and organizational and technological
capabilities. A well-structured knowledge-sharing culture helps leverage intellectual
capital and achieve long-term success. The findings from both literature and industry
cases underscore the importance of knowledge-sharing as a key driver of business
growth in an increasingly competitive landscape.
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Chapter 5

Cross-Domain Knowledge Transfer
in Large Models: Transforming
Knowledge Management Dynamics

Weiqiang Jin and Biao Zhao

Abstract

In today’s rapidly evolving technological landscape, large models—particularly
large language models—are reshaping the dynamics of knowledge management.
In this chapter, we explore how these advanced models facilitate cross-domain
knowledge transfer—a critical capability in an era marked by increasingly intercon-
nected global challenges and data overload—enabling the integration of informa-
tion from diverse research fields. By leveraging the capabilities of large language
models (LLMs), organizations can break down silos, foster innovation, and enhance
decision-making processes. We systematically examine the mechanisms through
which cross-domain knowledge transfer occurs in large language models, discuss
the challenges such as data privacy and model bias, and highlight the implications
for businesses operating in transformative environments. Case studies and current
research provide insights into optimizing knowledge management strategies to har-
ness the full potential of artificial intelligence in a multidisciplinary context. Overall,
we hope that this chapter provides a foundational framework for scholars studying
human-artificial intelligence (AI) collaboration and offers practitioners criteria to
evaluate LLM adoption risks. We believe the findings in this chapter are critical for
organizations seeking to balance agility with ethical accountability in the upcoming
artificial general intelligence (AGI) era.

Keywords: knowledge management, cross-domain knowledge transfer, large language
models, transformative environment, artificial intelligence, machine learning

1. Introduction

The fragmentation of knowledge across organizational silos and disciplines
has become a key bottleneck for innovation in the twenty-first century [1]. As
industries face pressures to adapt to rapid technological shifts and sustainability
demands, traditional knowledge management (KM) systems struggle to bridge
the gap between specialized expertise and cross-functional collaboration [2-4].
Knowledge management (KM) has traditionally relied on structured repositories,
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workflows, and human expertise to organize and disseminate information.
However, the rise of artificial intelligence has disrupted these practices, bringing
about a paradigm shift in how organizations approach the creation, storage, and
utilization of knowledge [5].

The rapid integration of generative artificial intelligence (GenAlI), that is, large
language models (LLMs), into organizational workflows has created unprecedented
opportunities and challenges for KM [6-8]. While existing studies have documented
GenAT’s technical capabilities, few have systematically explored how GenAl fun-
damentally redefines KM paradigms across industries or evaluated its long-term
implications for interdisciplinary collaboration and decision-making. This research
addresses this gap by analyzing the transformative role of GenAl in KM, with a focus
on LLMs, to provide actionable frameworks for scholars and practitioners navigat-
ing this evolving landscape [9, 10]. This study addresses the following research
questions:

* How do LLMs overcome the limitations of traditional KM systems in integrating
tacit and cross-domain knowledge?

* What ethical and operational risks emerge from LLM-driven KM, and how can
they be mitigated?

* What frameworks can guide organizations in balancing the democratization of
expertise with governance requirements?

By addressing these gaps, this research contributes to both academic discourse
and practical KM strategies. For scholars, it offers a taxonomy of LLM capabilities in
cross-domain contexts and identifies underexplored risks such as epistemic depen-
dency on Al-generated content. For practitioners, the proposed frameworks empower
organizations to navigate the tension between innovation and governance, ensuring
LLMs drive sustainable value rather than operational fragility.

1.1 The historical evolution of knowledge management systems

Knowledge management (KM) as a formal discipline emerged in the late twentieth
century, emphasizing the collection, storage, and dissemination of knowledge [4,

5]. Early systems primarily relied on databases and hierarchical structures, which
were excellent at preserving explicit knowledge—facts, procedures, and policies that
could be codified. However, these rigid systems often resulted in the development

of organizational silos, where departments and teams operated in isolation, limiting
cross-functional collaboration and knowledge exchange [8, 9].

Intranets, wikis, and collaborative tools that emerged in the early 2000s sought
to mitigate these challenges by enabling more fluid sharing of information [10]. For
instance, platforms like SharePoint allowed employees to access centralized reposi-
tories, while tools such as Confluence encouraged team-driven content creation.
Despite these advancements, traditional KM systems still struggled to integrate tacit
knowledge—the intuitive, experience-based insights often held by individuals—and
bridge knowledge gaps across departments, industries, or disciplines. These limita-
tions, compounded by the exponential growth of unstructured data in the 2010s,
exposed critical vulnerabilities in conventional KM approaches and underscored the
need for adaptive, Al-powered solutions [10-13].
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1.2 The role of Al in augmenting traditional knowledge processes

Artificial intelligence (AI) has transformed KM by introducing advanced capabili-
ties such as automation, pattern recognition, and real-time insights [2, 3, 6]. Unlike
earlier systems, which required manual input and organization, Al tools powered by
machine learning and natural language processing (NLP) can autonomously analyze
unstructured data, extract key insights, and provide contextual recommendations.

For example, modern Al-driven KM systems can process vast amounts of
data—from emails and reports to social media—and identify trends or risks in
real-time [7-9]. In industries like healthcare, this capability has enabled organiza-
tions to predict patient outcomes by synthesizing clinical records with research data.
Similarly, in the financial sector, Al tools are used to conduct comprehensive risk
assessments by combining historical economic data with current geopolitical develop-
ments. Furthermore, AI’s ability to adapt and learn ensures that KM systems remain
relevant in dynamic environments. For instance, chatbots and virtual assistants can
continuously improve their responses by learning from user interactions, offering a
personalized knowledge experience for employees and customers alike. By pushing
KM beyond static information storage, Al facilitates a transition toward dynamic,
real-time learning environments [11, 12].

However, current research predominantly focuses on narrow applications of Al
in KM (e.g., document classification or chatbot deployment), overlooking systemic
questions about scalability, ethical governance, and the integration of human-AI
hybrid intelligence. While prior work has focused on automating discrete KM tasks, it
often assumes AI’s role as a passive tool rather than an active driver of organizational
transformation. This overlooks the systemic shifts required to integrate human
and machine intelligence in dynamic environments [10, 12, 13]. This study seeks to
expand this discourse by examining how Al reshapes KM holistically—not just as a
tool but as a catalyst for reimagining organizational learning and innovation.

1.3 Introducing large language models (LLMs)

Large language models (LLMs) represent a groundbreaking advancement in
Al-driven knowledge management [2, 3]. Unlike traditional systems that rely on
predefined rules and structured datasets, LLMs leverage vast and diverse datasets
encompassing text, images, and other modalities to understand context, generate
insights, and synthesize knowledge across domains.

For example, LLMs like GPT-4, DeepSeek, and Llama can process technical docu-
ments, business reports, and scientific studies simultaneously, extracting commonali-
ties and actionable insights that drive decision-making. This cross-domain synthesis
is particularly valuable in multidisciplinary environments, where knowledge from
multiple fields must be integrated to address complex challenges.

One real-world application of LLMs is in pharmaceutical research. Here, models
can analyze clinical trial data, patient feedback, and molecular biology research to
identify promising drug candidates. Similarly, in the field of education, LLMs are
being used to create adaptive learning systems that tailor content to individual learn-
ing styles and progress levels.

What truly sets LLMs apart is their ability to generate new knowledge by iden-
tifying patterns and connections that may not be immediately apparent to human
analysts. For instance, an LLM can combine insights from environmental science and
economics to propose sustainable business strategies that balance profitability with
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ecological impact. This capacity for fluid integration and adaptation makes LLMs
indispensable tools for organizations looking to thrive in complex, rapidly evolving
landscapes [12, 14].

Our analysis shows that LLMs make three key contributions to KM: (1) cross-
domain knowledge accessibility, enabling seamless knowledge sharing across isolated
fields; (2) context-aware knowledge integration, synthesizing real-time data and
contextual signals for optimized decision-making; (3) governance and risk mitiga-
tion, addressing challenges like bias and privacy issues. We stress the need to balance
Al efficiency with human oversight, and emphasize ethical governance and sustain-
able practices to fully realize the potential of LLMs in KM.

These contributions redefine KM paradigms: LLMs are not merely tools but active
agents of organizational transformation. For researchers, this work establishes a
framework to study human-AI symbiosis in cross-domain contexts; for practitioners,
it provides actionable guidelines to balance innovation with ethical governance.

1.3.1 Structure of the chapter

This chapter explores the transformative role of large language models (LLMs)
in knowledge management (KM) through three key contributions: cross-domain
knowledge accessibility, context-aware knowledge integration, and governance and
risk mitigation. Each section provides technical evaluations, real-world applications,
and governance strategies.

* Section 2: Examines the architectural foundations of LLMs (e.g., transformer
models and few-shot learning) that enable cross-domain knowledge retrieval
and processing.

* Section 3: Explores how LLMs break down organizational silos through case
studies in healthcare (e.g., integrating clinical data with patient feedback) and
manufacturing (e.g., unifying engineering and marketing insights).

* Section 4: Confronts ethical and operational risks of LLMs, proposing solutions
such as federated learning for data privacy, adversarial debiasing for fairness,
and transparency frameworks for accountability.

* Section 5: Highlights the implications for business decision-making, such as
financial institutions using LLMs to predict market risks by correlating geopoliti-
cal events with historical trends.

* Section 6: Outlines future directions, including personalized knowledge systems,
green Al practices, and decentralized architectures, to ensure responsible scaling
of LLM applications.

* Section 7: Critically synthesizes the findings in relation to prior literature, high-
lights new insights, and demonstrates how this study contributes to the broader
discourse on Al-driven KM.

* Section 8: Concludes the study by summarizing the theoretical and managerial
implications, outlining future research directions, and providing a call to action
for ethical governance and sustainability in LLM-driven KM.
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By addressing these themes, the chapter provides a comprehensive framework
for scholars and practitioners to harness the transformative potential of LLMs while
navigating their challenges.

2. Understanding large models and cross-domain knowledge transfer
2.1 Architecture and capabilities of large models

Large language models (LLMs), such as OpenAI’s GPT series or Google’s BERT,
are sophisticated neural networks designed to process and generate human-like text
[2, 3]. At their core lies the transformer architecture, which allows them to handle
sequences of text with unparalleled efficiency. The transformer model uses attention
mechanisms to identify relationships between words, phrases, or concepts within vast
datasets, enabling it to understand and predict text contextually.

LLMs’ strength lies in their scale. Trained on billions of data points across
multiple domains, they develop a generalized understanding of language and
knowledge that extends beyond isolated fields. These models can generate coher-
ent essays, translate languages, summarize texts, and even create programming
code, showcasing their versatility and cross-functional capabilities. An additional
innovation is their ability to handle fine-tuning [7-9]. Organizations can train
LLMs on specific datasets, tailoring their knowledge to meet specialized needs—
from financial forecasting to molecular biology research—while retaining their
broad foundational knowledge.

2.2 Mechanisms of cross-domain knowledge transfer

Cross-domain knowledge transfer occurs when insights or patterns identified in
one field are adapted and applied to another [4-6]. For example, techniques from
computational biology can inspire innovations in Al-driven diagnostics, or supply
chain optimization methods can inform pandemic response strategies. LLMs are
uniquely equipped for this task because they:

1. Recognize shared patterns: LLMs analyze diverse datasets, identifying recurring
principles or analogies across fields. For instance, a model trained on economic
theory and climate data might find parallels in resource scarcity models.

2. Abstract core concepts: By generalizing knowledge, LLMs distill complex ideas
into universal principles that are applicable across disciplines. For example,
concepts of risk assessment in finance can inform project management strategies
in engineering.

3. Facilitate communication: LLMs bridge the gap between disciplines by translating
technical jargon into universally understandable language. This makes them ideal
for interdisciplinary teams working on complex problems.

One mechanism driving this capability is “few-shot learning,” where LLMs adapt
to new tasks with minimal additional data [13, 14]. For example, when exposed to a
handful of examples from a niche domain, the model quickly grasps the context and
applies its pre-existing knowledge to generate relevant outputs.
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2.3 Real-world examples

1. Pharmaceutical innovation: Pharmaceutical companies leverage LLMs to analyze
medical literature, clinical trial data, and patient feedback to identify potential
treatments. For example, Pfizer’s Al-driven drug discovery programs use models
to cross-reference molecular biology findings with real-world patient outcomes,
accelerating research timelines significantly.

2. Business sustainability: Corporations are using LLMs to combine insights from
environmental science and business data to craft sustainable strategies. For
instance, a major retailer integrated climate models and economic predictions to
optimize their supply chain, reducing carbon emissions by 30.

3. Multidisciplinary academic research: Universities increasingly rely on LLMs to
facilitate collaboration among departments. In one case, an Al research team
worked with environmental scientists to create predictive models for wildfire
spread by integrating climate data with historical wildfire patterns. This interdis-
ciplinary approach enabled quicker response strategies and more accurate risk
assessments.

4.Financial visk management: Financial institutions are deploying LLMs to
merge economic indicators, geopolitical news, and historical market trends
to provide real-time risk analysis. For example, JPMorgan’s Al systems
identify emerging risks by synthesizing seemingly unrelated data—such as
international trade agreements and weather forecasts—to predict potential
market disruptions.

5. Expanding boundaries with LLMs: As LLMs become more sophisticated, their
ability to enable cross-domain knowledge transfer continues to grow. By inte-
grating datasets from multiple disciplines, these models facilitate innovations
that were previously unimaginable. In the sections ahead, we will explore how
these capabilities address organizational challenges and drive advancements in
sectors ranging from healthcare to education.

6. Architecture and capabilities of large models: Large models, such as GPT and BERT,
are built using neural networks that mimic human reasoning. The transformer
architecture, specifically, empowers these models to handle sequences of text,
making connections between disparate pieces of information.

7.Mechanisms of cross-domain knowledge transfer: Cross-domain transfer happens
through the model’s ability to generalize patterns. For example, knowledge from
biology can inform medical device design, while insights from environmental
science can guide business sustainability efforts. LLMs learn to abstract core
principles and apply them across varying contexts.

Overall, organizations use LLMs for tasks such as drafting multidisciplinary
reports, predicting market behavior, and synthesizing cross-industry trends. A phar-
maceutical company, for instance, could leverage LLMs to combine chemical research
with healthcare data for innovative solutions.
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3. Breaking down silos: Integrating knowledge across domains
3.1 Overcoming challenges of knowledge silos

Organizational silos, long seen as a barrier to efficiency and innovation, arise
when departments or teams operate in isolation [7, 10]. This fragmentation often
leads to duplication of efforts, gaps in communication, and a failure to leverage
shared expertise. Historically, silos have been perpetuated by cultural, structural,
and technological factors. For example, different divisions within a company may use
incompatible software systems, making cross-departmental collaboration cumber-
some [1]. LLMs are poised to dismantle these barriers by creating centralized hubs
where all data and knowledge converge [2, 3].

Through natural language processing (NLP) capabilities, LLMs can ingest and
synthesize information from disparate systems, generating cohesive insights that are
accessible to everyone within an organization. For instance, a global manufacturing
firm struggling with disjointed processes across its R&D, production, and marketing
departments could use LLMs to unify knowledge. The model would harmonize data
from technical manuals, supply chain records, and market research reports, enabling
teams to work with a shared understanding.

In addition, LLMs foster transparency by making organizational knowledge uni-
versally searchable and retrievable. They act as a bridge between teams, ensuring that
critical insights are not lost in isolated systems but instead contribute to the collective
intelligence of the organization.

3.1.1 Facilitating interdisciplinary collaboration

True innovation often occurs at the intersection of disciplines. However, facilitat-
ing collaboration between teams with distinct expertise—such as engineers and
marketers, or scientists and policymakers—can be challenging due to differences
in terminology, methodologies, and priorities. LLMs excel in translating complex,
technical jargon into accessible language, enabling diverse groups to collaborate
effectively.

For example, in the healthcare industry, a team of medical researchers, software
engineers, and data analysts might work together to develop an Al-driven diagnostic
tool. Each group brings unique expertise, but their differing vocabularies can create
misunderstandings. An LLM can mediate this collaboration by generating plain-
language summaries of technical specifications, aligning goals, and even proposing
actionable steps based on the collective input.

Another way LLMs facilitate interdisciplinary work is by providing contex-
tual insights. A marketing team launching a new product might need input from
the engineering department about manufacturing feasibility. Instead of wading
through dense technical documents, the marketers can use an LLM to generate
concise summaries that highlight relevant details, streamlining communication and
decision-making.

Case study 1: Streamlining Product Development Cycles A multinational consumer
electronics company faced significant delays in product development due to a lack of
coordination between R&D, supply chain, and marketing teams. By implementing
an LLM-driven knowledge management platform, the company created a centralized
repository of insights that all departments could access [1]. For example, R&D teams
could instantly retrieve market feedback analyzed by the marketing department,
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while supply chain managers could align inventory forecasts with new product
launches. This integration reduced product development cycles by 25%, saving both
time and resources.

Case study 2: Advancing Climate Action through Collaboration A consortium of
environmental organizations and government agencies sought to develop action-
able strategies for mitigating climate change. The project required expertise from
climatologists, economists, urban planners, and policymakers. Using an LLM, the
consortium synthesized data from diverse sources, such as scientific research papers,
economic models, and policy briefs. The model also generated multilingual summa-
ries for stakeholders worldwide, enabling seamless collaboration across regions and
disciplines. As a result, the consortium produced a comprehensive climate action plan
in half the expected time.

Case study 3: Enhancing Supply Chain Resilience During the COVID-19 pandemic,
a global logistics company experienced disruptions due to fluctuating demand and
border closures. By deploying an LLM, the company integrated data from interna-
tional trade agreements, weather forecasts, and real-time shipment tracking systems
[1]. The model provided predictive insights into potential delays and recommended
alternative routes, ensuring timely deliveries. This application not only improved
operational efficiency but also strengthened relationships with clients by maintaining
service reliability.

3.2 The transformative power of integration

LLMs are more than just tools for efficiency—they are enablers of cultural change
within organizations. By breaking down silos, they promote a mindset of shared
ownership and collaboration, where teams are empowered to work together toward
common goals. For example, in a large consulting firm, the integration of an LLM-
based platform transformed team dynamics, allowing consultants across global
offices to share best practices and client insights in real-time, fostering a culture of
innovation and shared expertise.

As businesses increasingly operate in complex, fast-changing environments,
the ability to integrate knowledge across domains will become a defining factor for
success. Companies that embrace LLMs for integration are more agile, adaptive, and
competitive in responding to market demands.

3.3 Overcoming challenges of knowledge silos

Organizational silos restrict knowledge flow. Departments often work indepen-
dently, limiting innovation [4, 10]. LLMs address this by creating centralized hubs
where data from all departments converge. For instance, a financial institution
adopted an LLM to unify fragmented customer data across departments, improving
client engagement and significantly reducing service redundancies. Additionally,
these models facilitate democratized access to knowledge. Employees at all levels
can leverage LLMs to retrieve relevant insights, ensuring that decision-making is not
limited to a few individuals with specialized knowledge.

3.4 Facilitating interdisciplinary collaboration

By translating complex technical jargon into accessible language, LLMs allow
diverse teams—from engineers to marketers—to collaborate effectively. For instance,
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in the energy sector, LLMs helped project managers align renewable energy engineers
with policy analysts to design actionable plans for meeting sustainability goals. The
LLM acted as a mediator, summarizing regulatory frameworks for engineers and
technical blueprints for analysts, ensuring alignment across all stakeholders. They
streamline workflows by acting as intermediaries, ensuring all parties work with
synchronized information. Beyond this, LLMs can proactively highlight potential
bottlenecks in collaborative projects by analyzing workflow data and suggesting solu-
tions, enabling teams to address issues before they escalate.

Case study 1: Accelerating automotive innovation an automotive company faced
delays in rolling out electric vehicle models due to disjointed communication between
design and manufacturing teams. By deploying an LLM, the company created a
shared knowledge platform that integrated feedback from both teams [1]. This
reduced miscommunication, streamlined manufacturing processes, and accelerated
time-to-market by 20%.

Case study 2: Advancing precision medicine a biotech firm used an LLM to inte-
grate genetic research with clinical trial data, allowing researchers and healthcare
professionals to collaborate more effectively. The platform’ ability to synthesize
these data sources helped identify promising therapies for rare diseases, significantly
reducing the time needed for analysis.

Case study 3: Transforming retail logistics a global retailer implemented an LLM to
coordinate logistics, merchandising, and customer support teams. By integrating real-
time inventory data with customer feedback, the retailer improved stock management
and reduced delivery delays by 30%. This holistic approach enhanced customer
satisfaction and streamlined operations.

4. Challenges in cross-domain knowledge transfer

Data privacy and security: As organizations increasingly adopt large language
models (LLMs) to enable cross-domain knowledge transfer, concerns around data
privacy and security have grown significantly [11-13]. These models are often trained
on extensive datasets that may include sensitive or proprietary information. For
example, a healthcare organization utilizing an LLM to analyze patient records must
ensure that the data is encrypted and anonymized to prevent potential breaches or
unauthorized access. Beyond technical safeguards, organizations need robust policies
to regulate how data is collected, stored, and shared.

One of the emerging strategies is the adoption of federated learning—a technique
that allows models to be trained across decentralized datasets without transferring
sensitive data to a central server. For instance, a consortium of hospitals could use
federated learning to collaboratively improve diagnostic algorithms while preserving
patient privacy. Furthermore, implementing zero-trust architectures and end-to-end
encryption ensures that data remains secure throughout its lifecycle.

Addpessing bias in models: Bias within LLMs poses a significant challenge, especially
in cross-domain knowledge transfer, where diverse datasets with varying degrees of
quality and representation are used. Models trained on biased or incomplete data risk
perpetuating stereotypes or excluding critical perspectives, leading to flawed outputs.
For example, an LLM used in recruitment might inadvertently favor candidates from
overrepresented demographics due to historical biases in hiring data.

Addressing this issue requires a multipronged approach. First, datasets must be
audited and curated to ensure diversity and fairness. Techniques like adversarial
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debiasing and bias mitigation algorithms can be applied during the training process to
reduce systemic distortions. Additionally, transparency in model decision-making is
critical. Explainability tools, such as SHapley Additive exPlanations (SHAP) or Local
Interpretable Model-agnostic Explanations (LIME), enable stakeholders to under-
stand and scrutinize the reasoning behind an LLM’s predictions, allowing biases to be
identified and corrected.

Ethical and governance concerns: The rapid deployment of LLMs raises profound
ethical questions. For instance, should an LLM-generated recommendation in a
healthcare context carry the same weight as a decision made by a human professional?
Similarly, how do we address the risks of misuse, such as generating misleading
content or automating discriminatory practices?

To navigate these challenges, organizations must establish comprehensive Al
governance frameworks. These should include ethical guidelines, accountability
structures, and clear protocols for model deployment and usage. For example, a
financial institution employing an LLM for credit risk assessment might require
periodic audits to ensure compliance with anti-discrimination laws. Furthermore,
organizations should engage diverse stakeholders—including ethicists, legal experts,
and end-users—in the development and oversight of Al initiatives.

Emerging challenges and future divections: While current challenges like data pri-
vacy, bias, and ethics are well-documented, new issues are emerging as LLMs become
more integrated into organizational workflows [6, 14]. One such challenge is the
environmental impact of training and maintaining these models. The computational
power required for LLMs contributes to significant carbon emissions, prompting
organizations to explore greener Al practices. Techniques like model pruning, knowl-
edge distillation, and the use of energy-efficient hardware are gaining traction as
potential solutions.

Another frontier is the challenge of ensuring contextual accuracy in cross-domain
applications. While LLMs are proficient at synthesizing information, they can sometimes
generate outputs that are factually incorrect or contextually irrelevant. Reinforcing
human oversight and incorporating domain-specific fine-tuning can mitigate these risks,
ensuring that outputs align with organizational goals and standards.

By proactively addressing these challenges, organizations can unlock the full
potential of LLMs while ensuring that their deployment aligns with ethical, legal,
and societal expectations. The use of LLMs introduces concerns about data leaks
and breaches. Sensitive organizational knowledge must be protected through robust
encryption and ethical Al practices.

Addpessing bias in large language models: Bias in training datasets can lead to flawed
outcomes. For example, skewed historical data might reinforce existing inequalities.
Organizations must actively audit and retrain models to mitigate biases. AI's grow-
ing role necessitates comprehensive governance frameworks. Misuse of LLMs, such
as generating misleading content, must be countered through transparency and
accountability.

5. Implications for business and decision-making

5.1 Enabling informed decision-making

Large language models (LLMs) are revolutionizing business decision-making
by providing real-time, actionable insights derived from analyzing complex and
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multidimensional datasets [2, 3]. Unlike traditional decision-support systems that
rely on predefined algorithms and structured data, LLMs are capable of interpreting
vast amounts of unstructured information, including text, audio, and even images.
This capability allows organizations to uncover hidden patterns, predict trends, and
make decisions with a level of confidence previously unattainable.

5.2 Enhanced predictive capabilities

One of the primary ways LLMs support informed decision-making is through
enhanced predictive capabilities. By analyzing historical and real-time data, these
models can forecast outcomes across multiple domains. For instance, in supply
chain management, LLMs can predict potential disruptions by synthesizing data
from weather forecasts, geopolitical developments, and market trends. Businesses
can then proactively adjust their strategies, mitigating risks and minimizing
losses.

In marketing, LLMs help organizations identify shifting consumer preferences
by analyzing social media, customer feedback, and industry reports. These insights
enable companies to design campaigns that resonate with their target audience,
increasing engagement and return on investment.

5.3 Real-time contextual understanding

Unlike traditional systems, which often require human intervention to contextual-
ize insights, LLMs can process and interpret data within their context. For example,
an LLM integrated into a financial institution’s operations can monitor global news,
identify events that may impact the market (such as policy changes or natural
disasters), and provide actionable recommendations tailored to specific investment
portfolios. This capability ensures that decision-makers are always informed by the
most relevant and timely information.

5.4 Democratizing decision-making

Another significant impact of LLMs is the democratization of decision-making.
By making advanced analytical tools accessible to non-technical stakeholders, these
models empower employees across all levels of an organization to contribute to strate-
gic discussions. For instance, a project manager without a background in data science
can use an LLM-powered dashboard to explore potential project risks and develop
contingency plans based on data-driven insights.

5.5 Automating routine decisions

In addition to supporting high-level strategic decisions, LLMs are also transform-
ing routine decision-making processes. For example, in e-commerce, LLMs can
automate inventory restocking decisions by analyzing sales data, seasonal trends, and
supplier availability. Similarly, in HR management, LLMs can assist with workforce
planning by predicting staffing needs based on historical patterns and projected
business growth.

As LLMs continue to evolve, their role in decision-making will expand, enabling
businesses to navigate increasingly complex environments with greater agility and
precision.
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LLMs provide actionable insights by analyzing complex datasets in real-time.
Businesses can make agile decisions, such as adapting supply chains to global events
or tailoring marketing strategies to emerging trends.

5.6 Industry-specific applications

* Healthcare: LLMs are advancing precision medicine by integrating genomic
data, clinical research, and patient feedback to identify personalized treatment
options. For example, they are being used to predict patient outcomes and
recommend therapies tailored to specific genetic profiles, significantly enhanc-
ing the efficacy of treatment plans.

* Finance: Financial institutions are leveraging LLMs for comprehensive risk
assessment by synthesizing global economic indicators, policy changes, and
historical market trends. They also aid in fraud detection by analyzing transac-
tion patterns and identifying anomalies in real-time.

* Education: In education, LLMs are revolutionizing learning by creating adaptive
learning paths that cater to individual student needs. By combining cognitive sci-
ence with pedagogical data, they offer customized content delivery and real-time
feedback to improve student engagement and outcomes.

* Manufacturing: LLMs are optimizing production processes by analyzing sup-
ply chain data, predicting equipment failures, and enhancing quality control
through cross-referencing historical data with current performance metrics.

* Energy sector: Renewable energy companies use LLMs to integrate weather
patterns, market trends, and policy updates to optimize energy production and
distribution, ensuring efficiency and sustainability.

5.7 Driving innovation

LLMs are not only solving existing problems but also uncovering opportuni-
ties for innovation. By synthesizing vast amounts of interdisciplinary data,
companies can identify emerging market trends and anticipate consumer needs.
For example:

* Exploring new markets: Companies are using LLMs to analyze demographic,
cultural, and economic data to identify opportunities in previously untapped
regions.

* Developing cutting-edge products: Research and development teams use LLMs
to generate design ideas, simulate product performance, and optimize prototypes
based on customer feedback and market research.

* Adapting to disruptions: LLMs provide real-time analytics on external disrup-
tions such as pandemics, natural disasters, or geopolitical shifts, allowing busi-
nesses to quickly pivot strategies and maintain operational continuity.
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6. Future directions in Al and knowledge

Artificial intelligence and knowledge management are on the cusp of a transfor-
mative era, marked by several emerging trends that promise to redefine how organi-
zations operate and innovate. These trends leverage the latest advancements in Al and
LLMs to address complex challenges and unlock new opportunities [7, 12].

6.1 Personalized knowledge systems

As Al models become more sophisticated, the focus has shifted toward creating
highly personalized knowledge systems. These systems use advanced machine learn-
ing algorithms to deliver tailored insights to individual users based on their specific
roles, preferences, and real-time needs. For example, a sales manager could receive
personalized market trend analyses, while a researcher might gain access to curated
scientific papers relevant to ongoing projects. The integration of LLMs with user
behavior analytics allows for dynamic adaptation, ensuring that recommendations
remain contextually relevant and actionable.

6.2 Real-time learning and continuous updates

One of the most exciting advancements is the emergence of real-time learning
systems. Traditional AI models are often static, requiring periodic updates to incor-
porate new data. In contrast, modern LLMs are increasingly capable of integrating
continuous data streams, enabling them to learn and adapt in real-time. This capabil-
ity is particularly valuable in industries such as finance and healthcare, where timely
insights can significantly impact decision-making. For example, an LLM monitoring
global financial markets can instantly adjust risk assessments in response to breaking
news or policy changes.

6.3 Multimodal Al integration

The next generation of LLMs is designed to process and synthesize informa-
tion across multiple modalities, including text, images, audio, and even video. This
multimodal integration expands the potential applications of Al in knowledge man-
agement. For instance, in the medical field, an LLM could combine textual patient
records with diagnostic imaging to provide a comprehensive analysis, enhancing
diagnostic accuracy. Similarly, in manufacturing, models could analyze video footage
of production lines alongside maintenance logs to predict equipment failures more
effectively.

6.4 Decentralized Al architectures

As concerns around data privacy and computational efficiency grow, decentral-
ized Al architectures are gaining traction. Federated learning, a technique where
models are trained across distributed datasets without centralizing the data, is becom-
ing a cornerstone of secure and efficient Al systems. Organizations are increasingly
adopting this approach to ensure compliance with data protection regulations while
still leveraging the power of collective intelligence. For example, a global network of
hospitals could use federated learning to train a diagnostic AI model without compro-
mising patient privacy.
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6.5 Al-augmented collaboration platforms

Al-powered collaboration tools are revolutionizing how teams work together
across geographies and disciplines. These platforms leverage LLMs to facilitate seam-
less communication, translate technical jargon, and provide real-time insights during
collaborative projects. For instance, a cross-functional team developing a new product
could use an Al tool to consolidate feedback from engineers, marketers, and design-
ers, ensuring alignment and accelerating time-to-market.

6.6 Sustainability and green Al

The environmental impact of training and deploying LLMs has become a growing
concern. The Al community is actively exploring strategies to reduce energy con-
sumption, such as developing energy-efficient algorithms, utilizing renewable energy
for data centers, and optimizing model architectures through techniques like pruning
and distillation. Organizations are increasingly prioritizing these green Al practices to
balance technological advancement with environmental responsibility.

6.7 Democratization of Al tools

The accessibility of Al tools is expanding, enabling even small and medium-sized
enterprises (SMEs) to benefit from advanced technologies. Cloud-based LLM plat-
forms and open-source models are reducing the barriers to entry, allowing businesses
of all sizes to integrate Al into their knowledge management processes [7]. This
democratization fosters innovation across diverse sectors, from local startups to non-
profit organizations addressing global challenges.

By embracing these trends, organizations can position themselves at the forefront
of the Al revolution, leveraging cutting-edge technologies to drive innovation,
improve decision-making, and achieve sustainable growth [6, 14].

* Personalized knowledge systems: Tailored insights for individual users, improv-
ing relevance and efficiency.

* Real-time learning: Continuous updates to models ensure adaptability to chang-
ing data landscapes.

* Multimodal Al: Combining text, images, and audio to enhance cross-domain
applications.

Speculating on the future: In 10 years, knowledge management may become entirely
Al-driven, with systems autonomously curating and delivering insights to decision-
makers, drastically reducing human effort in repetitive tasks.

7. Discussion on LLMs with KM

This study has explored the transformative role of large language models (LLMs)
in enabling cross-domain knowledge transfer and reshaping knowledge management
(KM) dynamics. By addressing the research questions outlined in the introduction,
this work advances the understanding of how LLMs overcome the limitations of
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traditional KM systems, mitigate ethical and operational risks, and provide frame-
works for balancing innovation with governance. Below, we critically synthesize our
findings in relation to prior literature, highlight new insights, and demonstrate how
this study contributes to the broader discourse on Al-driven KM.

7.1 Critical synthesis of findings and literature

Cross-domain knowledge transfer and LLMs: Prior research has extensively
documented the technical capabilities of LLMs, such as natural language process-
ing (NLP) and pattern recognition [2, 3]. However, existing studies have largely
focused on narrow applications, such as document classification or chatbot deploy-
ment, without systematically examining how LLMs enable cross-domain knowledge
transfer. This study bridges this gap by demonstrating how LLMs integrate tacit and
explicit knowledge across traditionally isolated domains, such as healthcare, finance,
and logistics. For instance, our case studies reveal that LLMs can unify clinical trial
data with patient feedback in pharmaceutical research, or correlate geopolitical events
with market trends in financial risk management. These findings align with the
literature on knowledge integration but extend it by highlighting LLMs’ unique ability
to dynamically synthesize multidisciplinary data in real-time.

Overcoming knowledge silos: The fragmentation of knowledge across organiza-
tional silos has long been identified as a barrier to innovation [4]. Traditional KM
systems, such as intranets and wikis, have attempted to address this challenge but
often fail to integrate tacit knowledge or bridge domain-specific gaps. Our findings
show that LLMs act as centralized hubs, harmonizing data from disparate sources
(e.g., technical manuals and market research reports) and making organizational
knowledge universally accessible. This capability aligns with the literature on collab-
orative KM [5] but introduces a novel dimension: LLMs not only facilitate knowledge
sharing but also generate new insights by identifying patterns and connections that
are not immediately apparent to human analysts.

Ethical and operational risks: While the literature has highlighted risks such as
algorithmic bias [6] and data privacy breaches, this study provides actionable frame-
works for mitigating these challenges. For example, we propose federated learning
for data anonymization in healthcare and adversarial debiasing techniques to ensure
fairness in recruitment algorithms. These solutions build on prior work but empha-
size the need for proactive governance and stakeholder engagement, which have been
underexplored in the context of LLM-driven KM.

7.2 New insights and contributions

This study advances the reader’s understanding of the research problem in several
key ways:

* Context-aware knowledge integration: Unlike traditional KM systems, which rely
on static repositories, LLMs enable dynamic, real-time synthesis of knowledge.
This capability is particularly valuable in multidisciplinary environments, where
insights from multiple fields must be integrated to address complex challenges.

* Epistemic dependency: We introduce the concept of epistemic dependency—
organizations’ reliance on Al-generated content—as a critical theoretical con-
struct. This concept challenges the traditional view of KM as a human-centric
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process and calls for new frameworks to balance Al-driven efficiency with
human oversight.

* Scalability and generalization: Our findings demonstrate that LLMs can be
fine-tuned for domain-specific applications while retaining their cross-domain
capabilities. This insight addresses a key limitation in the literature, which often
assumes a trade-off between specialization and generalization.

7.3 Limitations and future research

While this study provides a comprehensive framework for understanding LLM-
driven KM [6, 10-13], several limitations warrant further exploration:

* Epistemic trust: Future research should investigate how organizations can bal-
ance reliance on Al-generated insights with human critical thinking, particularly
in high-stakes domains like healthcare and finance.

* Scalability vs. ethics: The trade-offs between model size, computational effi-
ciency, and ethical considerations remain underexplored. Future studies should
examine how these trade-offs impact equitable access to Al capabilities.

* Human-AlI creativity: The role of LLMs in augmenting—rather than replacing—
human creativity and innovation requires further investigation.

This study has demonstrated that LLMs are not merely tools for automating KM
tasks but active agents of organizational transformation [5, 7-9]. By enabling cross-
domain knowledge transfer, breaking down silos, and fostering interdisciplinary
collaboration, LLMs redefine how organizations create, store, and utilize knowledge.
However, realizing this potential requires addressing ethical, operational, and envi-
ronmental challenges through proactive governance and stakeholder engagement. As
organizations navigate the complexities of the Al era, this study provides a roadmap
for harnessing the transformative power of LLMs while ensuring alignment with
societal values and sustainability goals.

8. Conclusion and call to action

The transformative potential of large language models (LLMs) in enabling cross-
domain knowledge transfer, breaking down silos, and fostering innovation across
industries has been a central theme of this book [2, 3]. LLMs have emerged as power-
ful tools that redefine how organizations manage, integrate, and apply knowledge,
offering unprecedented efficiency, adaptability, and scalability. Through real-world
applications, we have demonstrated how LLMs streamline operations, facilitate
interdisciplinary collaboration, and deliver actionable insights across diverse sectors
such as healthcare, finance, education, and logistics. However, the journey toward
leveraging LLMs effectively is not without challenges. Issues of data privacy, model
bias, ethical concerns, and environmental impact remain critical areas that require
proactive strategies. To fully harness the potential of LLMs, organizations must adopt
a balanced approach that combines technological innovation with ethical governance
and sustainability [6-8].
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For simplicity, we structure it into three subsections to address the theoretical
and managerial implications of the study, as well as to outline future research
directions.

8.1 Theoretical implications

This research contributes to the theoretical understanding of knowledge manage-
ment (KM) in the era of artificial intelligence by highlighting the role of LLMs as
active agents of organizational transformation rather than passive tools. The study
bridges a critical gap in the literature by systematically exploring how LLMs enable
cross-domain knowledge transfer, a capability that has been underexplored in
traditional KM frameworks. By introducing the concept of context-aware knowledge
integration, this work provides a new lens through which to examine how LLMs
dynamically synthesize information from diverse domains, enabling organizations to
address complex, multidisciplinary challenges [12-14].

Furthermore, the study advances the discourse on human-Al collaboration
by proposing a taxonomy of LLM capabilities in cross-domain contexts [7, 11]. It
underscores the importance of epistemic dependency—the reliance on Al-generated
content—as a theoretical construct that warrants further investigation. This research
also highlights the need for interdisciplinary approaches to studying Al-driven KM,
emphasizing the integration of insights from computer science, organizational
behavior, and ethics to develop holistic frameworks for understanding and optimiz-
ing human-AlI symbiosis.

For practitioners, this research offers actionable insights into how organizations
can leverage LLMs to enhance decision-making, foster innovation, and maintain
competitive advantage in transformative environments. Key managerial implications
include:

1. Breaking down silos: Deploy LLMs as centralized hubs to integrate siloed data
(e.g., R&D blueprints, customer feedback, and regulatory documents), enabling
cross-functional teams to collaborate on shared insights.

2.Ethical AI governance: Implement auditable Al frameworks with bias mitigation
tools (e.g., adversarial debiasing) and transparency protocols (e.g., SHAP-based
explainability) to ensure compliance with regulations like GDPR and build
stakeholder trust.

3. Sustainability in Al deployment: Prioritize energy-efficient practices (e.g., model
pruning and federated learning) and renewable energy adoption to reduce
LLMS’ carbon footprint while maintaining performance.

8.2 Future research and call to action

8.2.1 Ideas for future research
To advance LLM-driven knowledge management, future studies should focus on:
* Epistemic trust: How can organizations balance reliance on Al-generated insights

with human critical thinking? What frameworks ensure accountability in high-
stakes decisions (e.g., medical diagnostics)?
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* Scalability vs. ethics: How do trade-offs between model size (e.g., GPT-45 1.7T
parameters) and computational costs impact equitable access to Al capabilities?

* Human-AlI creativity: Can LLMs augment—rather than replace—human innova-
tion in fields like drug discovery or climate modeling?

* Green Al: Develop decentralized architectures (e.g., blockchain-integrated
LLMs) to reduce energy consumption while preserving data privacy.

* Societal equity: Investigate policies to prevent Al-driven disparities in education,
healthcare, and employment, ensuring marginalized communities benefit from
LLM advancements.

The potential of LLMs to bridge disciplinary divides and address global chal-
lenges—from pandemic response to climate resilience—is unparalleled. Yet, this
promise hinges on responsible innovation. Organizations must adopt proactive
governance (e.g., ethics boards and impact assessments), invest in human-AI hybrid
workflows, and prioritize inclusive design to ensure LLMs empower rather than mar-
ginalize. By uniting scholars, practitioners, and policymakers, we can steer Al toward
a future where technology amplifies human potential and fosters collective progress.
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Chapter 6

Knowledge Sharing: Theoretical
Lenses and Practical Implications

Samane Sadeghian and Mohammad Ghaffari Feyzabadi

Abstract

Knowledge is recognized as a vital resource for organizations in today’s
knowledge-based economy. It serves as a key driver for innovation, performance
improvement, sustainable competitive advantage, and successful adaptation to
environmental changes. However, for knowledge to realize its full potential, it must
be effectively shared within the organization. This chapter explores the concept of
knowledge sharing, its significance, different types of knowledge (explicit and tacit),
various theoretical perspectives on knowledge sharing (including Social Capital
Theory, Social Exchange Theory, Theory of Reasoned Action, Theory of Planned
Behavior, and Resource-Based View), and factors influencing knowledge-sharing
behavior (such as artificial intelligence, gender, social capital, rewards, organizational
justice, and leadership). Additionally, potential challenges associated with knowledge
sharing, such as knowledge hoarding, free-riding, and different knowledge-sharing
states (ideal, free-riding, dormant, and non-utilization), are discussed. Finally,
the chapter examines the role of leadership in knowledge sharing and provides
recommendations for enhancing knowledge-sharing practices in organizations. The
objective of this chapter is to offer a comprehensive overview of knowledge sharing
and provide insights for managers to foster a knowledge-sharing culture within their
organizations.

Keywords: knowledge, knowledge sharing, social exchange theory, social capital
theory, impact of gender on knowledge sharing, impact of leadership on knowledge
sharing, types of knowledge sharing

1. Introduction

Human resources play a critical role in organizations. Unlike other resources such
as machinery, buildings, and capital, which can be depleted, human capital continu-
ously provides invaluable contributions to organizations that cannot be exhausted. The
significance of this notion becomes evident within the framework of the knowledge
economy. In today’s knowledge-driven economy, most organizations seek to achieve
a competitive advantage through their human capital. This is because the current
economy has shifted from tangible assets to intangible resources such as knowledge,
skills, and individual capabilities, with organizations striving to gain a competitive
edge through these intangible assets. In this context, knowledge emerges as the most
crucial resource, often considered a key enabler of organizational success [1].
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But what is knowledge? “Knowledge is a fluid mix of framed experiences, values,
contextual information, and expert insights that provides a framework for evaluating
and integrating new experiences and information, playing a vital role in fostering
innovation” [2]. Given the significance of knowledge, it is often asserted that “knowl-
edge is power.” This statement highlights that knowledge serves as a fundamental
resource for both organizations and individuals [3].

Knowledge and information, as powerful tools enabling organizations to adapt to
changes in the world, form the foundation of the most critical characteristic of any
intelligent twenty-first-century organization. In the modern era, knowledge’ role in
securing sustainable competitive advantage has significantly increased [4]. A review
of the existing literature reveals that knowledge is considered the most crucial prereq-
uisite for innovation, performance improvement, sustainable competitive advantage,
environmental change anticipation, and continuous organizational success. It is
also recognized as a fundamental resource for maintaining stability in the face of
industrial and technological shifts [4-9]. In such an era, the necessity of knowledge
management within organizations is more crucial than ever [1].

Given the advantages of knowledge, one might assume that organizations
should strictly protect their knowledge assets. However, while safeguarding orga-
nizational knowledge is important, an open and unrestricted approach to knowl-
edge within internal processes is equally essential. Without such an approach,
knowledge gaps emerge [3]. Thus, knowledge sharing should be a central focus
within organizations.

As mentioned earlier, knowledge is power, and knowledge sharing amplifies and
strengthens this power [10]. The utilization of knowledge in solving organizational
challenges and, consequently, creating competitive advantage [11] is only feasible
when individuals share their knowledge and generate new knowledge from others’
insights. A study of successful organizations reveals that they actively manage and
share their knowledge assets, thereby achieving strategic goals and superior per-
formance [4]. One critical challenge organizations face is that poorly managed and
unshared knowledge deteriorates over time. Tacit knowledge, which accumulates in
individuals’ minds, must be shared. Among all knowledge management processes,
knowledge sharing is considered the most essential [9]. If a culture of knowledge
sharing is not cultivated, there is a risk of losing valuable knowledge or misusing
existing knowledge [12]. For instance, in an employee’s absence, if knowledge has
not been shared, organizational operations may encounter significant disruptions.
Similarly, when an employee leaves the organization, substantial time and financial
resources must be invested in training new personnel to regain the knowledge previ-
ously acquired by former colleagues [3].

The significance of knowledge sharing can also be analyzed through the Resource-
Based View (RBV) theory. According to this theory, resources that are valuable,
rare, and inimitable provide organizations with competitive advantages. Given that
knowledge possesses these characteristics, it is deemed a crucial resource for sustain-
able competitive advantage [13].

Regarding knowledge sharing, various theories and influential factors have been
proposed. Generally, knowledge sharing is defined as the willingness of individuals to
share information and knowledge with others in an organization, primarily occurring
through the conversion of tacit knowledge into explicit knowledge and its external-
ization [3, 9]. Through knowledge sharing, individuals and organizations can attain
the previously mentioned benefits of knowledge, including enhanced innovation,
improved performance, agility, and sustainable competitive advantage.
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Researchers have examined knowledge sharing through multiple theoretical
lenses, such as Social Capital Theory, which explores the impact of structural,
relational, and cognitive capital on knowledge sharing [6, 14-17]; Social Exchange
Theory (SET), which considers individuals as rational actors who assess the benefits
of sharing knowledge before engaging in such behavior [15, 18-20]; and the Theory
of Reasoned Action (TRA), which examines how attitudes and subjective norms
influence individuals’ intentions, including knowledge-sharing intentions [21, 22].
Furthermore, the Theory of Planned Behavior (TPB) explores how individuals’ inten-
tions translate into actual behaviors, including knowledge-sharing behavior [23, 24].
Some scholars integrate these theories within organizational contexts [25], suggesting
that based on SET, organizations can encourage knowledge sharing by offering incen-
tives (both financial and non-financial, such as fostering an environment of respect
and appreciation), thereby influencing individuals’ attitudes and intentions toward
knowledge sharing.

Additionally, the Resource-Based View (RBV) posits that knowledge is a valuable,
rare, and inimitable resource that grants organizations a competitive advantage [13].

A review of existing research indicates that most studies on knowledge sharing
have been conducted within specific domains, often lacking comprehensiveness and
general applicability. They tend to focus on particular theoretical perspectives rather
than adopting a holistic approach [26]. Given the increasing importance of knowledge
sharing, particularly as a strategic response to dynamic environmental changes, this
chapter aims to explore various theoretical perspectives and influential factors affect-
ing knowledge sharing. The ultimate goal is to enhance the comprehensiveness of
knowledge-sharing research. Furthermore, in the final section, the practical implica-
tions of the discussed concepts for organizational settings are examined.

2. Literature review
2.1 Types of knowledge

By examining the existing literature, we recognize the vast and multifaceted
nature of knowledge. However, knowledge is primarily classified into two main types:

1. Explicit knowledge and
2. Tacit knowledge.

Explicit knowledge is defined as codified knowledge that can be easily transmitted
through verbal or written communication [27]. As a result, it can be easily docu-
mented, transferred, shared, and reused within an organization [28]. In other words,
explicit knowledge is formally encoded using a symbolic system or manifested asa
tangible physical artifact, making it readily shareable [29]. Examples include proce-
dures, instructions, policies, production plans, forecasts, maps, technical product
details, tools, and resources [29]. Information and communication technologies such
as electronic databases, data transmission systems, workflows, mailing lists, and
video conferences facilitate the capture and dissemination of explicit knowledge [28].

In contrast, tacit knowledge is an intangible asset that includes mental models,
schemas, cognitive insights, intuition, and heuristics [29]. It involves timely extrac-
tion of relevant insights from vast data sets to derive solutions and is defined as a
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combination of personal experiences, specific contexts, ideas, values, and emotions,
sometimes rooted in aspirations, values, or deeply held beliefs [28]. According to
[30], tacit knowledge is valuable, uncodified knowledge that serves as a source of
information and creativity. As noted by [28], tacit knowledge refers to intuitive and
inexpressible knowledge formed through individuals’ past experiences in specific
fields. It is difficult to identify, formalize, and transfer to others and evolves dynami-
cally through social interactions and personalization [28].

Tacit knowledge is often regarded as a competitive advantage due to its difficulty
in being transferred. Enhancing the sharing and formalization of tacit knowledge
presents a managerial challenge in organizations [27, 29] as it is more personal, effort-
intensive, and costlier to share compared to explicit knowledge [29]. Employees often
resist sharing their valuable knowledge with others [28], Nevertheless, certain aspects
of tacit knowledge can be inadvertently shared [31], such as perceptions, beliefs, and
experiences [1].

Another classification of knowledge divides it into individual and organizational
knowledge. Individual knowledge refers to an individual’s ability to judge and make
decisions based on their knowledge, whereas organizational knowledge is considered
an organizational resource that enables the workforce to make collective decisions
based on accumulated knowledge. This collective knowledge is acquired through
organizational knowledge management processes [32].

2.2 Knowledge sharing

To understand the evolution of knowledge studies, we must trace their histori-
cal development. Since the 1950s, the importance of integrating tacit and explicit
knowledge has been emphasized. Consequently, the development of knowledge
management began in the early 1960s, when researchers, influenced by the emphasis
on learning through best practices and lessons, focused on knowledge codification
and explicit knowledge storage.

From the 1990s to the early 2000s, knowledge was recognized as a vital economic
resource in the knowledge-based society. Organizations aiming to navigate dynamic
changes needed to generate and share knowledge rather than merely processing
it efficiently. At this stage of development, researchers increasingly studied and
described knowledge-sharing processes and the conversion of tacit knowledge into
explicit knowledge to enhance intellectual capital [32].

Today, knowledge sharing is a strategic approach for adapting to environmental
changes. Given its significance, numerous definitions have emerged in the literature:

“Knowledge sharing is a behavior based on the reciprocal exchange of expertise,
skills, and information among employees” [26].

“The willingness of employees to share information (in the form of ideas, experi-
ences, facts, processes, formulas) with others in the organization” [30].

“The transfer of knowledge between individuals, groups, teams, departments, and
organizations” [9].

“Making relevant knowledge accessible to colleagues within the organization” [8].

“A reciprocal exchange of knowledge, encompassing both the collection and dona-
tion of explicit and tacit knowledge” [27].

“Knowledge sharing includes the externalization process of converting tacit
knowledge into explicit knowledge” [3].

According to Islam et al. [2], knowledge sharing occurs when “individuals
possessing knowledge willingly transfer their work experience, techniques, and
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opinions to others in a tangible manner, expecting others to apply such knowledge
in practice at the workplace.”

Organizational knowledge has been examined in various studies and contexts. For
instance, Wang et al. [17] explored knowledge sharing in online Q&A communities,
emphasizing social capital theory and highlighting the significance of social aspects,
trust, and feedback systems. Additionally, Liao [33] investigated knowledge sharing
in R&D departments, analyzing the role of power from a social exchange perspective.
This study concluded that managerial social power and institutional trust signifi-
cantly influence engineers’ knowledge-sharing behavior, underscoring the necessity
of fostering a knowledge-sharing culture to maintain competitive advantage.

According to Ref. [6], Fatemi et al. examined the impact of abusive supervision
on knowledge sharing, moderated by organizational and peer support [13]. Similarly,
Lee et al. [34] studied the enhancement of knowledge sharing through diversity-
oriented leadership during crises (e.g., COVID-19), finding that such leadership styles
significantly improve knowledge sharing, particularly during turbulent times.

The benefits of knowledge sharing have been extensively documented. It is con-
sidered a vital social asset [16], a key driver of organizational learning, an enhancer
of individual and organizational performance, and a contributor to sustainable
competitive advantage [7]. Furthermore, it fosters innovation at both individual and
organizational levels [2], enhances job performance [16], and plays a crucial role in
achieving organizational efficiency [16]. It also strengthens memory [27] at both
individual and organizational levels and contributes to organizational competitive-
ness and success [16]. The absence of knowledge sharing threatens organizational
survival [6].

Within organizations, tasks are interdependent, and no single individual possesses
sufficient knowledge to resolve all organizational challenges [1]. Knowledge sharing
enables organizations to respond more swiftly to problems, develop new ideas and
insights, and avoid reinventing the wheel or repeating past mistakes [29].

Some sources define knowledge sharing as encompassing both knowledge seeking
and knowledge contribution [35-38]. These two elements form a feedback loop, and
the absence of either results in an incomplete and unsustainable knowledge-sharing
process. For instance, individuals who exclusively seek knowledge without contrib-
uting to it are considered “free riders,” benefiting from others’ knowledge without
sharing their own [17].

Knowledge sharing is a behavior that cannot be simply influenced through poli-
cies and regulations. While offering flexibility and opportunities to knowledgeable
employees can positively impact knowledge sharing [1], a more in-depth examination
of the factors that influence knowledge sharing within organizations is necessary.
This aspect is explored further in subsequent sections.

2.2.1 States and challenges of knowledge sharing

Knowledge sharing involves two key actors: the sender and the receiver. The act
of sharing knowledge requires the active participation of both the sender and the
receiver [16]. Thus, two fundamental aspects of knowledge sharing emerge: knowl-
edge collection and knowledge donation. Knowledge collection refers to the process
by which individuals acquire knowledge or, in other words, learn, whereas knowledge
donation entails transferring one’s knowledge to others through communication
[2]. Essentially, a receiver engages in knowledge collection, while a sender performs
knowledge donation.

111



Knowledge Management Dynamics in a Transformative Environment

According to Lei et al. [27], knowledge sharing can be defined as the reciprocal
exchange of knowledge, encompassing both the collection and donation of explicit
and tacit knowledge. Based on this perspective, different states and challenges
in knowledge sharing can be identified. In Zhang et al. [39], various challenges
of knowledge sharing are comprehensively discussed, focusing on two dimensions:
knowledge usage and knowledge donation. Consequently, four states are identified:

1. The ideal state: In this state, individuals both share their knowledge with others
and utilize the knowledge shared by others. This is considered the optimal situa-
tion.

2. The free-rider state: In this state, individuals only use knowledge without con-
tributing their own. This can be linked to the phenomenon of knowledge hiding,
which refers to the deliberate concealment or withholding of knowledge from
others. Knowledge hiding not only affects financial and operational performance
but also negatively impacts organizational culture by damaging relationships and
fostering distrust among employees. Conversely, in a scenario where employees
recognize that their knowledge could benefit a colleague and share it voluntarily
without being explicitly asked, knowledge hiding does not occur [40]. According
to Kim et al. [13], knowledge hiding can be analyzed through the lens of power
dynamics, as knowledge hoarding can serve as a source of personal power and
competitive advantage. However, efforts should be made to mitigate this issue.
To prevent knowledge hiding, organizations can leverage knowledge manage-
ment tools, promote teamwork, emphasize collective knowledge ownership,
and strengthen employees’ organizational commitment. If no action is taken to
address this state, knowledge sharing within the organization will inevitably de-
cline. This phenomenon can be explained through Social Exchange Theory (SET),
which suggests that individuals will reduce knowledge-sharing behaviors if they
perceive no future benefits from doing so. If some employees share knowledge
while others do not reciprocate, those who initially shared will eventually reduce
their efforts due to a lack of perceived return on investment.

3. The dormant state: In this state, neither knowledge is shared nor utilized. The
lack of knowledge utilization in this case may stem from employees not seeing
personal benefits in the shared knowledge, insufficient support from senior
management, or the excessive time and effort required by existing knowledge-
sharing systems. Similar measures used to counteract knowledge hiding can be
applied here to encourage participation.

4. The non-utilization state: In this state, knowledge is shared but not put to use.
This phenomenon is often referred to as “veinventing the wheel.” Employees fail to
leverage existing knowledge, leading to inefficiencies. To address this, organiza-
tions must encourage knowledge utilization through strategies such as clarify-
ing the benefits of using shared knowledge and creating environments where
employees can practice and refine acquired knowledge as skills (Figure 1).

2.2.2 Sharing best practices?

Two types of knowledge sharing can be considered: sharing best prac-
tices and sharing mistakes. While best practices are often the first thought
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Figure 1.
States of knowledge sharing.

in knowledge-sharing discussions, sharing mistakes is equally important, as
errors—despite their undesirable nature—offer valuable learning opportunities for
organizations.

The process of sharing mistakes fosters critical reflection on individual experi-
ences, allowing employees to generate new ideas as solutions to workplace challenges.
This interactive process in knowledge-sharing enables the transformation of experi-
ences and insights into new understandings through the recombination of knowledge.
To promote a culture of mistake-sharing, organizations should reward employees who
proactively identify and correct potential system errors [28]. Additionally, according
to Social Exchange Theory, if organizations value and incentivize knowledge sharing,
employees will be more motivated to share their mistakes and contribute to organiza-
tional learning.

2.2.3 Factors influencing knowledge sharing
2.2.3.1 The impact of artificial intelligence on knowledge sharing

Artificial intelligence (AI) can facilitate knowledge sharing in organizations
through several mechanisms:

1. Connecting individuals working on similar issues, even when they are geograph-

ically dispersed.

2. Creating interconnected and synchronized systems that provide managers with
a comprehensive understanding of available knowledge and, in turn, highlight
knowledge gaps and limitations.

3.Enhancing collective intelligence by complementing human expertise with
Al-driven insights [11].

According to Chowdhury et al. [41], Al can reduce skepticism among employees,
positively influencing and ultimately increasing knowledge sharing. To leverage Al
for knowledge sharing, managers should establish mechanisms that facilitate knowl-
edge exchange among employees, particularly regarding processes, systems, and
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applications of Al in human resource activities. Additionally, Al-driven knowledge-
sharing mechanisms should include well-structured knowledge storage solutions,
ensuring easy accessibility for employees.

In summary, Al enhances knowledge management by stimulating creative think-
ing, fostering shared memory across teams, and enabling peer feedback and review.
However, it is crucial to acknowledge that knowledge creation and management are
inherently human-centered processes. Therefore, Al should not replace humans but
rather enhance and support knowledge sharing [11].

2.2.3.2 The impact of gender on knowledge sharing

Differences in knowledge sharing between genders are anticipated. On one hand,
it is argued that women tend to share knowledge as they strive to overcome tradi-
tional stereotypes regarding their professional advancement. On the other hand, it is
suggested that women are more cautious and less inclined to share their knowledge
with others [6]. It is evident that gender differences manifest across a wide range of
behaviors. For example, individuals’ willingness to assist others varies depending on
their gender. Men and women respond differently to various workplace factors. For
instance, differences in reactions may be observed in competitive work environments,
abusive supervision, or a lack of trust [42].

According to Social Role Theory, differences in knowledge sharing or knowledge
hiding between men and women can be identified. This theory suggests that gender
role beliefs stem from the historical division of labor between men and women and
the roles they have traditionally played. Consequently, expectations regarding how
men and women are (descriptive stereotypes) and how they should behave (prescrip-
tive stereotypes) are formed [43]. From this perspective, women are expected to
be communal, compassionate, helpful, attuned to collective needs or the emotions
of others, and to seek emotional satisfaction. Conversely, men are expected to be
agentic, meaning assertive, independent, competitive, and goal-oriented [44].
Furthermore, according to Regulatory Fit Theory, individuals are aware that others
generally expect them to behave in accordance with gender roles. Conforming to these
expectations is rewarded, while violating them can result in penalties. Consequently,
individuals choose gender roles that align with societal expectations [44]. These two
theories collectively influence the relationship between gender and knowledge shar-
ing or knowledge hiding.

Men are more likely than women to conceal knowledge in the workplace and
tend to rely more on rationalized knowledge hiding. In contrast, women are more
likely to engage in behaviors such as playing dumb (e.g., pretending not to know the
answer to a colleague’s request for help) and evasive hiding (e.g., promising to provide
information at a later time). This behavior reinforces the gender stereotype of female
incompetence. Additionally, by failing to fulfill promised knowledge sharing due to
the “playing dumb” approach, the social expectation that women are helpful is also
explicitly undermined.

Men are more likely to benefit from gendered social expectations beyond the
advantages of fulfilling these expectations, as they have the opportunity to conceal
and protect their knowledge while choosing the safest way to do so. Meanwhile, under
the pressure of gendered social expectations, women select approaches that may be
detrimental to them in both the short and long term.

Naturally, the gender composition of the environment plays a crucial role. In
male-dominated workplaces, men are less likely to conceal knowledge. Both men
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and women engage less in playing dumb and evasive hiding. In such environments,
knowledge seekers are more likely to be men, whereas in female-dominated environ-
ments, they are more likely to be women [45].

2.2.3.3 The impact of social capital on knowledge sharing

According to Ref. [46], Bourdieu defines social capital as an individual’s
ability to gain value and benefit from a social network. Social capital refers to
the connections and interactions among members of a network, facilitating
actions and achieving organizational goals through the creation of norms and
mutual trust [28]. Trust and social norms are critical aspects of social capital [15].
Social capital can be categorized into three dimensions: (1) structural capital,

(2) cognitive capital, and (3) relational capital. Structural capital pertains to the
overall structure of social ties among individuals, emphasizing social interactions
and communication channels. Relational capital addresses the emotional nature
of interpersonal connections, often manifesting as trust and respect, which can
develop through social interactions. Cognitive capital refers to shared understand-
ings of tasks and collective goals, as well as the ability to comprehend and apply
knowledge during social interactions [17].

Social capital provides a suitable context for social exchange, which is discussed
in the following section. Social capital, particularly in its structural dimension
(social ties and interactions), enhances access to external resources, facilitates
exchanges and knowledge absorption, and improves knowledge transfer efficiency
by reducing time and effort through the creation of knowledge-sharing channels.
Consequently, social capital plays a crucial role in knowledge sharing. Furthermore,
through established social ties, relationships—and subsequently, stable knowledge
sharing—are observed. Additionally, the relational dimension of social capital fosters
knowledge sharing by promoting trust and reducing perceived risks in interactions.
Finally, cognitive social capital is highly significant, as a shared understanding of
collective goals and norms enhances knowledge self-efficacy within communities.
This, in turn, increases the likelihood of understanding, sharing, and utilizing
knowledge to solve problems [6, 17].

According to Social Capital Theory, organizations with strong internal networks
benefit from free-flowing communication, close interactions, resource exchange, and
enhanced team performance. Thus, an organizational environment that promotes
diversity and social interactions makes effective knowledge sharing more feasible
[16]. The study by Wang et al. [17] examines the role of social capital in knowledge
sharing, suggesting that social capital can act as a mediator between knowledge-
seeking behaviors and increased participation in knowledge-sharing processes,
ultimately enhancing sustainable knowledge sharing. In essence, individuals’ pursuit
of knowledge fosters social capital development, which in turn strengthens engage-
ment in knowledge-sharing activities.

2.2.3.4 Social exchange theory and knowledge sharing

Social Exchange Theory begins with a fundamental question: Why do individu-
als with significant knowledge often hesitate to share it? According to this theory, if
knowledge sharing does not offer mutual benefits, it is perceived as a costly action.
For example, it is not rational for individuals to share knowledge with those who
provide no reciprocal advantage [13].
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Social Exchange Theory posits that individuals expect returns for voluntary
actions, gaining motivation through exchanges with others. In social exchanges,
knowledge, recognition, or approval can be considered valuable resources. Here,
individuals are motivated by rewards such as reputation, the satisfaction of helping
others, and positive feedback [15].

More precisely, within the framework of Social Exchange Theory, knowledge shar-
ing is seen as the exchange of a valuable resource between two parties. During this
exchange, individuals evaluate the costs associated with acquiring and sharing knowl-
edge (which includes work effort and loss of power) against the expected benefits.

A person’s willingness to share knowledge depends on their assessment of these costs
and rewards. Therefore, organizations should offer external incentives to encourage
employee knowledge sharing [29]. While individuals may also share knowledge for
expected social rewards such as approval and respect, they primarily aim to maximize
benefits while minimizing costs. Reflecting on Social Exchange Theory employees
who receive rewards are expected to reciprocate with high motivation and engage-
ment in knowledge sharing, thereby supporting the organization [3]. Rewarding

and recognizing knowledge-sharing behaviors fosters a positive perception among
employees regarding the value of their knowledge-sharing contributions [1].

Thus, according to this theory, rewarding individuals is expected to increase their
participation in knowledge sharing. However, a critical issue arises: the strategic
management of knowledge. External incentives compel individuals to evaluate the
effort required for knowledge sharing in relation to the expected reward [3].

According to Zhang et al. [39], reward systems are beneficial and influential in
most knowledge-sharing mechanisms. However, it is essential to note that the rela-
tionship between rewards and knowledge sharing is more complex than it appears.
External motivational factors must be considered in the context in which individuals
engage in knowledge-sharing activities. Therefore, a fair organizational environ-
ment—particularly in performance evaluations (which should be just, impartial, and
equitable)—can encourage individuals to share knowledge. Specifically, incorporat-
ing knowledge-sharing metrics into Key Performance Indicators (KPlIs) is crucial for
promoting knowledge sharing [1]. Employees who perceive performance evaluations
as fair and unbiased develop a positive outlook toward their organization, which
strengthens their willingness to engage in knowledge sharing [3]. Furthermore, as
previously mentioned, appropriate KPIs should be established to institutionalize the
sharing of mistakes within organizations to harness its benefits.

2.2.3.5 The impact of leadership on knowledge sharing

Supervisors’ behaviors and leadership styles in an organization can significantly
influence knowledge sharing. It is important to note that leadership here does not
refer to a specific individual within the organization but rather to the act of leading
individuals. It is well established that supervisors’ behaviors significantly impact
subordinates’ behaviors, particularly their discretionary actions. For employees,
engaging in some discretionary behaviors, such as organizational citizenship behav-
ior, is considerably less risky and less costly than knowledge sharing. This is because
individuals may perceive knowledge sharing as a potential loss of their competitive
advantage and expertise. Thus, the way individuals are led in an organization greatly
affects their perception of knowledge sharing.

For instance, excessive supervision—referred to as intrusive monitoring—has
a negative impact on individuals’ willingness to share knowledge. Conversely,
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empowering leadership positively influences knowledge-sharing behavior [13]. The
positive effect of transformational leadership on knowledge sharing has also been
examined by Yin et al. [47], confirming that transformational leadership fosters
knowledge-sharing behavior. One less frequently explored leadership style is diver-
sity-oriented leadership, in which leaders emphasize the inclusion of employees from
diverse backgrounds and characteristics. According to Lee et al. [34], this leadership
style positively influences knowledge-sharing behavior. Additionally, Asbari et al.
[10] argues that there is a reciprocal relationship between dynamic leadership and
knowledge-sharing behavior.

According to Ref. [19], Ahmad et al. explored the relationship between leadership
and knowledge-sharing behavior in their study [16]. To understand this relationship,
it is first necessary to distinguish between two types of knowledge: task-oriented
knowledge and context-framing knowledge. Context-framing knowledge pertains
to an individual’s understanding of how their knowledge relates to the knowledge of
other team members. This type of knowledge helps individuals recognize how their
work and expertise contribute to achieving organizational goals. On the other hand,
task-oriented knowledge is technical in nature and essential for performing specific
job-related tasks, as it pertains to how work is executed.

A leader who demonstrates a high level of job-related competencies has a positive
impact on the development of context-framing knowledge. Through this mechanism,
employees become aligned with organizational objectives and are more likely to
engage in knowledge sharing.

Additionally, enhancing employees’ capabilities and competencies strengthens
knowledge sharing. In this regard, a leader who actively demonstrates and fosters
people-related competencies positively influences the creation and reinforcement of
an environment conducive to knowledge sharing. Furthermore, the organizational
leader must cultivate a workplace environment characterized by trust, empathy,
openness to knowledge sharing, and accessibility to support. These factors encourage
individuals to share knowledge.

This aligns closely with social exchange theory, as the aforementioned factors—
such as an environment rich in trust, openness, and empathy—create intangible
benefits for individuals. Consequently, when employees perceive these non-material
advantages, they are more likely to participate in knowledge-sharing activities.

3. Discussion

This research illuminates the multifaceted interaction of individual, organiza-
tional, and technological factors that shape knowledge-sharing behavior. The results
highlight the importance of leadership, social capital, and organizational rewards,
but also identify knowledge hiding, gender, and Al adoption challenges as obstacles to
successful knowledge-sharing processes.

Leadership styles directly impact employees’ willingness to share knowledge.
Empowering and transformational leaders promote cultures that welcome the
sharing of knowledge, while close supervision discourages open communication
[16, 47]. Transformational leadership, in particular, promotes a culture of cooper-
ation and trust, which is a prerequisite for the open exchange of knowledge [10].
Social capital, especially its structural and relational ones, facilitates knowledge
sharing effectiveness via strong relationships as well as increasing employees’
trust [15, 17].
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Al-driven knowledge-sharing technologies improve knowledge management, but
their success is dependent on how well they are integrated into human interaction and
not as replacements [11].

For example, artificial intelligence may enhance collaboration among teams of various
geographical areas; however, the role of the human factor is still vital in delivering contex-
tual insight and the appropriate application of shared knowledge [41]. Gender variation
must be considered in formulating knowledge-sharing approaches, as men and women
behave differently based on the expectations of societal roles [42, 45]. Social exchange
processes suggest that knowledge sharing flourishes in environments where employees
perceive fairness and reciprocity in reward and appreciation [13, 39]. Future studies need
to investigate the impact of cultural diversity, industry characteristics, and virtual work
settings on knowledge-sharing practices, aiming to enhance theoretical models in this
field [34]. Furthermore, examining the interaction between leadership styles and social
capital in various organizational settings can provide further knowledge regarding the
synergistic impacts of these factors on knowledge sharing [6].

4. Theoretical implications

This study contributes to the theoretical discourse on knowledge sharing by integrat-
ing multiple theoretical perspectives, including Social Exchange Theory (SET), Social
Capital Theory, Resource-Based View (RBV), and Transformational Leadership Theory.
The findings reinforce and extend these theoretical constructs in the following ways:

Regarding Social Exchange Theory (SET), this study supports the premise that
individuals engage in knowledge sharing when they anticipate reciprocal benefits.
The reluctance to share knowledge due to concerns about losing competitive advan-
tage aligns with prior research [13]. Furthermore, the study confirms that fair reward
systems, including both monetary and non-monetary incentives, play a pivotal role in
fostering knowledge-sharing behaviors [15].

In the context of Social Capital Theory, this study highlights the three key dimen-
sions of social capital—structural, relational, and cognitive capital—and their role in
shaping knowledge-sharing behaviors. Strong internal networks and interpersonal
trust encourage employees to engage in reciprocal exchanges of knowledge [6, 17].
From the perspective of Resource-Based View (RBV), the study underscores that
knowledge is an inimitable and valuable resource that contributes to sustained
competitive advantage [13]. Organizations that effectively manage and share their
knowledge assets are more likely to maintain long-term competitiveness.

Finally, concerning Transformational Leadership Theory, this research confirms
the positive influence of transformational and empowering leadership styles on
knowledge-sharing behaviors [47]. Leaders who cultivate trust, inclusivity, and an
open communication culture create environments conducive to knowledge exchange.

This study extends existing theoretical discussions by examining the impact of gender
differences, Al-enabled knowledge sharing, and leadership diversity, providing a multi-
faceted perspective on knowledge-sharing dynamics in modern organizations.

5. Managerial implication

For managers, this study offers actionable insights to enhance knowledge shar-
ing within organizations. First, fostering social capital through trust-building and
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collaborative initiatives can create a supportive environment for knowledge exchange
[17]. Second, investing in transformational leadership development can empower
employees to share knowledge more openly [47]. Third, leveraging Al tools to connect
employees and identify knowledge gaps can streamline knowledge-sharing processes,
provided that human interactions remain central [11]. Fourth, addressing gender dif-
ferences by creating inclusive policies can ensure equitable participation in knowledge
sharing [45]. Finally, implementing fair reward systems and promoting a culture of
learning from mistakes can further motivate employees to engage in knowledge-

sharing behaviors [28, 39].

6. Conclusion

The research results confirm the complex interface of individual, organizational,
and technological drivers of knowledge-sharing behavior. Though social capital and
several styles of leadership came out as significant predictors of knowledge sharing,
the study also revealed obstacles like the hiding of knowledge, gender disparities, and
inadequate organizational support.

A major finding is the vital role played by leadership in promoting a climate where
knowledge transfer occurs. Transformational and diversity-oriented leadership styles
shape the environments that are marked by trust and collaboration, while very formal
or authoritarian leadership frameworks hinder employees from facilitating knowledge
sharing comfortably. In addition, digital technologies and artificial intelligence also
possess the potential to fundamentally change knowledge-sharing tasks; however,
their success will depend on their smooth alignment with knowledge-sharing strate-
gies entailing humans.

The results indicate that artificial intelligence must augment and not replace
human contact, stressing the need to ensure a balance between technological
advancement and interpersonal learning. This study also questions the formulation
of organizational policies to support knowledge-sharing activities. Future studies
should consider the degree to which cultural variation and industry-specific factors,
as well as virtual working environments, influence knowledge-sharing attitudes and
behaviors and thereby add to the body of this scholarly field. Moreover, the impact
of organizational culture on establishing knowledge-sharing routines needs further
observation, along with the impact of emerging technologies on interactions associ-
ated with knowledge sharing in virtual teams.
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Chapter7

Environmental Challenges in SMEs
through KM Prism

Albena Vutsova and Martina Arabadzhieva

Abstract

The aim of this chapter is to explore the level of knowledge management (KM) in
SMEs within the context of environmental challenges, with a focus on Bulgaria. In
today’s dynamic economic environment, KM plays a crucial role in ensuring sustain-
able development and competitiveness, both for corporations and SMEs. Green
accents in KM addresses community priorities by integrating environmental consid-
erations into business processes. Ecological KM systems can embed management-
level decisions into standard business practices, enabling practical innovations in
industrial ecology. This chapter examines the procedures implemented in Bulgarian
SME:s and the role of leadership in KM, including the integration of green aspects. The
study reveals that some companies are already leveraging ecological problem-solving,
thereby creating a strategic resource for their business.

Keywords: knowledge management, ecology, SMEs, environment, ecosystem, green
practices

1. Introduction

According Karl Wiig Knowledge Management (KM) is the systematic, explicit,
and deliberate construction, renewal, and application of knowledge to maximize an
enterprise’s knowledge-related effectiveness and the return on its knowledge assets
in the European environment [1]. Knowledge Management includes all the tools and
methods to collect and manage knowledge related to a company, and eliminate redun-
dancies and knowledge gaps, which can be created when documentation remains
separate between company departments. Steffen Raub [2] gives the following defini-
tion of KM—*.. the set of models and concepts that focus on the strategic importance
of knowledge as an organizational resource, as well as the techniques and tools for
consciously structuring the processes in the organization related to the development
of knowledge”; some researchers argue that knowledge management is a collective
effort in which knowledge is used as a key element for the organization, enhancing its
sustainability. This is valid both for small and large organizations. Small enterprises
often operate with limited resources but are more flexible and innovative. Large com-
panies, on the other hand, possess scale, finances, and better-structured knowledge
management systems. Current trends influence all organizations and collaboration
between SMEs and corporations can lead to more effective sharing of knowledge,
technologies, and best practices. Additionally, small businesses are often part of
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the supply chains of large companies. The demands of large enterprises for sustain-
ability, digitalization, and innovation could encourage small businesses to adopt new
approaches, including knowledge management and SMEs can serve as a bridgehead
for piloting new technologies and offering rapid feedback on their effectiveness.
Knowledge management practices help organizations adapt to change, enhance
sustainability, and maintain a competitive edge, fostering trust and reliability among
stakeholders. Knowledge is essential for organizational success, aiding in acquiring,
sharing, and using information to improve customer satisfaction and competitive-
ness. KM process is key to designing new products, managing operations, and achiev-
ing sustainable goals. KM is applied differently across companies, depending on their
understanding of the process, mission, and strategic approach. This variation could
explain the differing paces of competitiveness development, which is particularly
evident in small businesses that must operate in a highly dynamic environment.
Modern economies rely on innovative ideas from human intellectual capital, driv-
ing sustainability and profitability [3]. Due to the significant reduction in the avail-
ability and quality of natural resources, many organizations are transitioning toward
eco-friendly practices. Achieving this goal, however, also requires effectively utilizing
green knowledge. Knowledge management is a complex process that largely depends
on the size of the organization. In multinational companies or large corporate struc-
tures, the process is regulated and operates through teams of experts. In medium-sized
or small enterprises, however, a specialized approach is required, along with an aware-
ness of the importance of this process and its effective implementation [4]. Applying
KM is specifically crucial for small and medium enterprises (SMEs) as well. According
to Durst and Evardssonn [5] point out that in SMEs the errors or bad decisions would
have more serious consequences compared to bigger companies, the role of the leader
is very important as often there is one person managing the firm and KM is very often
informal as knowledge is kept in the heads of the employees and there is not enough
structure around formally retaining this knowledge in a documented way. From fur-
ther investigation of the topic the authors Durst et al. [6] conclude that KM becomes
even more critical for SMEs in coping with newly arising challenges. The focus on
innovation for environmental sustainability has become increasingly significant for
corporate decision-makers in recent years [7]. Knowledge management involves pro-
cesses that organize and leverage a firm’s collective knowledge to promote sustainabil-
ity and adapt to evolving environmental changes [8]. KM process also contributes to
green innovation, leading to eco-friendly products, green working places and enhanc-
ing corporate social performance. Ultimately, knowledge resources are crucial for
sustainable innovation [9]. Environmental knowledge is a critical intangible asset for
organizations in today’s competitive landscape, encompassing awareness and concern
for ecological issues as well as accumulated data and knowledge resources. While its
link to organizational performance has been explored, an important topic remains how
environmental knowledge and knowledge management processes influence each other
over time [10]. KM in small and SME:s is often less researched, as the focus of studies
traditionally leans toward large corporations. In big companies, attention is usually
directed toward intellectual property protection, technological innovations, and
complex knowledge management systems. They also respond more quickly to environ-
mental aspects. In contrast, SMEs often rely on informal and improvised approaches,
leaving a gap in academic literature regarding their specific needs and challenges in
this area. Given its importance and the necessity for robust research on KM in SMEs
[6], this chapter explores how Bulgarian SMEs implement knowledge management
practices, with a particular emphasis on integrating environmental knowledge.
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2. Theoretical background

The modern global economy is extremely dynamic and changing, with high
migration of labor resources, global competition, and constant changes in the busi-
ness environment and financial situation, including temporary restrictive regimes.
Daniel Bell views knowledge as a sociological factor and attempts to forecast societal
development through the lens of knowledge. According to him, knowledge is a set
of systematized facts and ideas through which conclusions or experimental results
are logically justified. These are communicated via an appropriate medium and in
a specific format. Edith Penrose emphasizes the importance of knowledge for an
organization, which she defines as a combination of administrative structure and
resources—both human and material. Knowledge is a key role and become an impor-
tant resource of top quality and competitive advantages. As a result, the modern busi-
ness organization cannot compete effectively in the market without the availability of
highly qualified managers and employees. Vital to the competitiveness of individuals
and organizations is to continuously learn and adapt quickly and adequately to
changes in their environment; organization’s culture also plays a significant role in
shaping how performance is achieved [6]. The acquisition of new knowledge, as well
as retention and effective use of the available, becomes an essential factor for the
development of organizations. That is why knowledge management is considered
a major challenge for modern organizations [11]. KM is a critical driver of business
growth, particularly in dynamic and unpredictable environments. By generating
and utilizing knowledge effectively, firms can avoid failure and enhance profitabil-
ity, hence improving their performance. The ISO 30401 Knowledge Management
Standard is a specific instrument that provides a comprehensive framework for
organizations to establish, implement, maintain, and enhance effective knowledge
management systems. Organizations thrive by transforming knowledge into sustain-
able strategic advantages [12]. The use of knowledge has been shown to significantly
impact both financial and non-financial performance. These circumstances stimulate
companies to pay attention to the most important resource — knowledge. Friedrich
Hayek reveals the importance of knowledge for the development of the entrepreneur
and his market success. The market transforms the accumulated knowledge into
practical skills, and profit serves as an indicator of the efficiency of the process. The
generation, storage and management of this specific production factor has proven to
be key to the success and improved performance of business organizations [13].

Three main KM goals can be distinguished: normative, operational, and strategic:
normative goals are aimed at the vision of the organization and have an impact on its
structuring, culture, and policy; strategic goals are the long-term intentions of the
organization regarding future development; operational goals which concern specific
management processes—what knowledge is needed for the successful implementa-
tion of each individual working process, what skills individual workers must possess
and what training they must undergo.

To the extent that modern concepts of knowledge management are explicitly
linked to the enhancement of innovation, sustainability, and informed decision-
making, this process can be correlated with or viewed as inherently connected to data
management. Data, in and of itself, does not constitute knowledge but can easily be
transformed into it through analytical actions. Data can be considered the founda-
tion for knowledge, and the process of managing data can be analyzed to determine
how it should be handled to achieve specific objectives, particularly in a competitive
environment. KM practices related to data management would have a significant
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influence on an organization’s performance. Characteristics, such as being flexible
and disposing of adaptive capacity, can make decision-making in SMEs shorter

and faster, which can help them to be far more attuned to survival in a world that is
subject to increasing number of significant economic shocks or crises as SMEs are
used to dealing with uncertainty Durst et al. [6]. As SMEs become more knowledge-
intensive, knowledge has become a key factor driving their long-term success.
Managing knowledge is essential for SMEs, as it enables them to effectively leverage
their most valuable resource [14]. Research indicates that the implementation of KM
is predominantly associated with large companies, followed by SMEs [15]. SMEs face
unique knowledge KM challenges that differ significantly from those encountered by
corporations.

The vital role of SMEs in driving economic growth is extensively studied and
acknowledged in academic circles. Over 99% of European businesses are SMEs,
employing more than 85 million citizens across the continent. These businesses are
key drivers of innovation and entrepreneurship, with the ideas and solutions of 24.3
million entrepreneurs playing a vital role in fostering a sustainable and digital econ-
omy. The highest concentration of SMEs in Europe can be found across various key
sectors, mainly architecture and engineering; automotive; chemicals; construction;
electronic communications networks and services; energy; food and beverages; hotels
and accommodation; industrial machinery; pharma; fashion; public transport; waste
management [16]. Unlike large firms, KM practices cannot be directly transferred
to SMEs due to their distinct characteristics, such as limited resources, informality,
and greater flexibility. Existing research highlights that many SMEs lack a strategic
approach to KM and instead focus on operational-level solutions. Furthermore, the
heterogeneity within SMEs—ranging from micro to medium-sized enterprises—sug-
gests that a single KM approach cannot effectively address the needs of all SMEs [6].

Miklosik et al. [15] support previous findings that the communication of
KM-related values to stakeholders and the public is closely linked to company size. It
is essential for organizations to convey their commitment to fostering a knowledge-
sharing culture and actively promoting knowledge exchange and transfer. This
research confirms significant differences in how large companies and SMEs commu-
nicate KM-related topics with the general public. While a few exceptions exist, SMEs
generally do not include information about knowledge generation, sharing, or KM in
the online resources accessible via their websites. However, this does not necessarily
mean that SMEs have neglected KM. The lack of information may stem from their
focus on core business operations and growth during specific stages of the company
lifecycle [15] or from trying to keep their competitive advantages within the organiza-
tion to ensure enhanced performance.

KM plays a critical role in helping SMEs address challenges like limited qualified
human resources by enhancing strategic participation and streamlining operations.
KM fosters knowledge growth, enabling firms to explore long-term opportunities,
refine strategies, and improve sustainability. Through processes such as capturing,
storing, sharing knowledge, and generating ideas, KM links updated information to
enhance performance, prevent mistakes, and promote eco-innovation for sustainable
SME operations [16]. For SMEs, knowledge management differs from that of large
organizations. It is most valuable when SMEs can apply knowledge in a practical and
accessible way to achieve strategic goals like higher profits or improved efficiency.
Since knowledge is created, shared, and applied by people, SMEs must focus on
managing knowledge in a human-centered way, relying more on the tacit knowledge
of employees than on complex databases or advanced technologies [14].
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KM has gained significant traction in recent years, becoming a key component
in strategy development, and operational efficiency as well as enhancing customer
satisfaction [12]. Leveraging environmental knowledge can positively influence
public perception. Such knowledge benefits both companies and customers, leading
to mutually advantageous outcomes, according to Martinez-Martinez et al. [10] and
their research in the hospitality industry. A KM approach should encompass not only
explicit knowledge, which is pre-defined based on a company’s strategy but also tacit
components. In dynamic client relationships, flexibility and the ability to learn from
experience are crucial. This is where a trial-and-error approach becomes valuable,
allowing KM practices to adapt to changing market needs and contingent situations.
Although emergent by nature, companies should find ways to cultivate KM practices
through daily business activities, helping employees grow and refine them. Executives
play a critical role in developing the competencies needed to identify emerging
KM needs and integrate them into the organization’ established processes [17].
Hermawati and Gunawan [18] claim that SMEs must adapt to external changes by
fostering knowledge through continuous learning. This highlights that learning plays
a crucial role in all dynamic capability processes, enabling businesses to effectively
navigate and thrive in a rapidly evolving environment.

To improve sustainability performance, companies must inbuild sustainability
into their overall vision and understand how to incorporate it effectively. This
includes turning broad sustainability goals into specific practices for different areas
of operation and then measuring progress through key performance indicators.
Knowledge plays a crucial role in this process, as organizations need to transform
tacit knowledge, such as beliefs and mental models, into explicit knowledge to foster
innovation. By understanding the impact of intangible assets on knowledge manage-
ment, SMEs can enhance their ability to thrive in a knowledge-driven economy and
achieve sustainable growth, especially in countries in Eastern Europe [19].

KM serves as an innovation strategy that helps organizations implement sustain-
ability initiatives, building awareness and incorporating sustainable practices into
operations. KM processes, such as discovering, capturing, sharing, and applying knowl-
edge, drive creativity and innovation, facilitating the transformation of strategies and
operations. Employees are essential in creating and selecting relevant knowledge for
sustainable practices, and by fostering commitment, organizations can support knowl-
edge capture, allowing tacit and explicit knowledge to interact and lead to innovation.
Sharing knowledge ensures that valuable insights are not lost, supporting continuous
improvement and driving sustainable development [20]. In short, research indicates
that implementing KM practices can significantly enhance the performance of SMEs.

As environmental challenges escalate, the importance of sustainable practices is
gaining widespread recognition among businesses and individuals. Green knowl-
edge management has become a key strategy, combining ecological awareness with
informed decision-making. This approach transforms how organizations handle
knowledge, information, and innovation, driving sustainability and promoting envi-
ronmental responsibility. Effective KM systems improve organizational performance,
and in response to growing ecological challenges, forward-thinking companies are
expanding KM to address environmental concerns [12]. Green innovations enhance
sustainability and provide SMEs with a competitive edge. Key knowledge manage-
ment dimensions—acquisition, dissemination, and responsiveness—play a critical
role in fostering green innovation, as highlighted by Polas et al. [7] and Khan et al.
[12]. These practices support corporate sustainability goals by addressing organiza-
tional adaptability and maturity in a dynamic environment.
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To meet market demands, companies must be creative and innovative, offering
high-quality products in the most efficient way. Adopting sustainability practices
can also improve a firm’s reputation, leading to increased sales and better financial
performance. Therefore, SMEs can leverage sustainability as a growth strategy. As
customers become more aware of the negative impacts of industry activities, they are
likely to expect more sustainable practices from businesses [20], including SMEs.

KM is essential for implementing green innovations, with top SME managers who
prioritize environmental awareness more likely to leverage government incentives,
explore market opportunities, and invest in green technologies [7]. Proper KM fosters
collaboration and drives environmental initiatives, although many firms struggle to
fully understand and implement effective green innovation practices. While creating
environmental knowledge is essential for competitiveness, it alone cannot sustain an
advantage. Its development relies on previously established environmental knowledge
and the implementation of a knowledge management program, which helps individu-
als refine their focus on key organizational and customer issues, enabling better use of
prior knowledge [10].

The research of Alfarizi and Sari [21] concludes that green knowledge management
has a significant positive impact on the performance of micro and SMEs in the culinary
sector in Indonesia. The authors confirm that it enables these businesses to adopt
environmentally friendly practices, innovate, meet tax requirements, incorporate cor-
porate social responsibility, and enhance their digital capabilities. By integrating these
elements, enterprises can reduce waste, conserve resources, and promote sustainability
while improving their efficiency and competitiveness. This emphasizes the vital role of
green knowledge management in fostering sustainable development within the industry.
It impacts SMEs in environmental, economic, social, and strategic dimensions, includ-
ing fostering partnerships and collaborations with like-minded businesses to share
resources and information [22] thus having positive influence on their performance.

The role of leadership in connection to KM is of profound significance. The values
of the leader have direct impact on the applied practices in the firm and on the orga-
nizational culture, especially considering smaller companies and the attitude toward
knowledge sharing and applying. Firmansyah et al. [23] prove that transformational
leadership and KM have positive influence on organizational learning and organi-
zational performance. Leaders can leverage data to gain deeper insights into which
intangible resources are most critical for SMEs to navigate competitive and turbulent
times, which suggest that combining intangible resources with strategic knowledge
management initiatives is essential for optimizing the use of limited resources and
respecting sustainable practices.

With regard to organizational culture, it creates an interaction environment
through the value derived from knowledge is defined. Organizational culture deter-
mines how knowledge will be used in a certain situation. This is achieved by the rules,
expectations and punishments defined, which guide social interactions between
individuals and groups. Based on the rules, the team adopts a way of thinking about
what is acceptable for the organization. For example, organizations in which it is not
accepted to share lessons learned between different departments or between partici-
pants in different projects, even if technology allows it to be done. In this way, the
organization loses additional value derived from knowledge [4].

In terms of KM processes and tools in SMEs there are various analyses. However,
cloud computing is increasingly recognized as a valuable tool to support an organiza-
tion’s overall KM efforts, facilitating efficient collaboration, information sharing,
and data storage across teams and departments [24]. The transition toward a circular
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economy for European SME:s is a key focus on the European agenda. With the transi-
tion to a market economy, many non-eco-friendly production facilities were shut
down, and in their place, small businesses, particularly in the service sector, emerged.
This shift has made it somewhat easier to absorb and adapt to environmental aspects.
The environmental impact of SMEs is a critical theme that is gaining prominence

and being increasingly integrated into the economic development of both industrial
and service sectors. SMEs are a key pillar in driving the transition from a linear to a
circular economic model. However, findings reveal several major barriers hindering
this shift, one of which is knowledge [16].

To put the research in context analyzing environmental challenges in Bulgarian
SMEs through the lens of knowledge management is relevant as it reflects issues
faced by SMEs in other economies undergoing growth and structural changes. SMEs
play a significant role in Bulgaria’s non-financial business economy, which is very
service oriented. In recent years, there has been a growing interest in innovative and
sustainable activities, particularly in fields such as information technology, green
technologies, and industrial production. Most Bulgarian SMEs are micro-enterprises
(with up to 10 employees), which represent a significant share of the country’s
economy. Small enterprises (with up to 50 employees) and medium-sized enterprises
(with up to 250 employees) also play an important role, particularly in manufactur-
ing and export-oriented sectors. The life cycle of Bulgarian SMEs varies, with the
average market duration being relatively short—between 5 and 10 years. In 2023,
four NACE sectors experienced a decline in employment: mining and quarrying,
water supply, sewerage, waste management, and remediation activities; transporta-
tion and storage; and administrative and support services [25]. However, historically,
more than half of the SMEs in Bulgaria have been interested in ecological practices
[26]. While there is research acknowledging that green knowledge management has
a significant direct effect on corporate environmental performance [27], there is
considerably less for SMEs.

In Bulgaria, SMEs contributed to 75.7% of total employment and 65.3% of the value
added to the economy in recent years. They are of great importance for the growth
and competitiveness of the European and Bulgarian economies. SMEs are a source of
innovative solutions in response to the challenges related to the green economy and the
efficient use of resources. The SME strategy 2021-2027 is based on three pillars, and the
first pillar concerns sustainable development. Achieving these aims needs proper KM.

Key factors for the competitiveness of SMEs are access to markets, access to
finance, the use of ICT solutions and digitalization of processes, the availability of
qualified personnel, and the efficient, environmentally friendly use of resources.
Some of the factors for the creation and growth of SMEs are related to the availability
of information and knowledge, as well as the use of innovative technologies at the
global and local levels. By implementing KM in an adequate way, SMEs are able to
focus their efforts on adapting green innovations from the EU, especially by providing
support systems for innovation and technology. An effective way to improve access
to them is to participate in value chain associations, including clusters of enterprises,
cooperatives, and production associations.

A review of the literature reveals that while there are numerous studies on KM,
the majority focus on corporations, with significantly fewer addressing SMEs. The
latter is particularly important since SMEs form the backbone of transition econo-
mies. Even fewer studies examine KM at a national level in Eastern Europe, including
the role of leadership in implementing these approaches. In this context, green KM
practices adopted by SMEs remain largely underexplored.
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The aim of this study is to analyze the extent to which SMEs in Bulgaria have
adopted KM practices, with a specific focus on the integration of environmental
knowledge management. The research seeks to investigate whether these SMEs utilize
KM to enhance sustainability and improve overall operational performance as a whole
and in the context of environmental challenges.

To address this research gap to a certain extent, we have formulated two key
research questions for analysis:

Does the implementation of KM practices in Bulgarian SMEs enhance organiza-
tional performance?

Do SME:s in Bulgaria address environmental challenges by integrating green
practices into their KM processes?

By exploring how KM can drive sustainability in Bulgaria, this research also offers
valuable insights and strategies applicable to SMEs in other regions navigating the
green transition.

3. Methods

A mixed approach was adopted — qualitative and quantitative techniques in order
to assess the impact of KM, with particular emphasis on its environmental dimension,
in SMEs. A descriptive-analytical research method was applied to identify the main
characteristics and the role of KM. This study applies a set of approaches — review of
research works and national and European documents and statements; a qualitative
research methodology was employed, including in-depth interviews with representa-
tives from SMEs in Bulgaria, to gain insights into KM practices of SMEs, particularly
in relation to environmental issues and challenges. The range of respondents, subject
to in-depth interviews, is a mix of companies in the high-tech and consulting services,
generic ones, and those in the manufacturing sector. They have been selected from
targeted business associations and on the basis of preliminary elaborated criteria. The
main criteria focus on any type of application related to KM, whether the enterprises
provide relevant training, and whether they adhere to ecological standards. The
share of interviewed companies in the service sector is higher due to the fact that
they address the defined criteria. In addition, the national economy is more strongly
oriented toward the service sector than toward those in manufacturing.

The data collected from these interviews was analyzed to conduct a comparative
study across the various sectors mentioned above. Key aspects of the study included
assessing whether SMEs are familiar with the concept of KM and whether they actively
apply KM strategies in their operations. It also explored the most common KM practices
incorporated into business processes and whether there is a conscious effort to focus on
environmental concerns. The study further investigated the attitudes and perspectives
of business leaders toward KM and environmental issues, analyzing their leadership
approach to fostering a culture of sustainability. Additionally, it examined the transfer
of knowledge within these organizations, exploring how knowledge flows between
employees and departments and how this affects the implementation of sustainable
practices. By analyzing these elements, the study aimed to offer a comprehensive
understanding of how SMEs in Bulgaria approach knowledge management and envi-
ronmental sustainability, with a particular focus on practices and the challenges they
face in integrating environmental considerations into their business strategies. Some of
the respondents successfully apply data management as well via different tools.
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4, Results

In-depth interviews were conducted with 14 SMEs in Bulgaria, representing vari-
ous sectors such as high-tech and consulting services, manufacturing, construction,
and tourism. The majority of these companies operate in the high-tech and consulting
services sector. All interviewed firms demonstrated awareness of and engagement
with knowledge management (KM), applying it in different ways. While a small
percentage of the companies implement KM informally, the rest undertake more
structured and targeted KM activities.

All respondents recognize KM as a source of competitive advantage and a driver of
organizational efficiency, particularly in today’s rapidly changing business environ-
ment. KM practices are applied at multiple levels—individual, team, and organiza-
tional. Although none of the companies have a standalone KM strategy, key strategic
elements are integrated into their missions and visions. Only one company reported
the existence of a regulatory framework for KM, while for the others, KM remains a
voluntary activity (Figure 1).
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envirnmental  electronic consulting
components services
Figure 1.

Propensity for adopting green practices by sector.

To identify key knowledge, companies employ a wide range of traditional
methods. The most common approaches include training (internal and/or through
external training providers), sharing best practices among employees via various
channels, and, in certain cases, utilizing external sources. Significant emphasis is
placed on feedback from customers or cluster structures, which often leads to the
redesign of existing practices. Mentorship is applied by a smaller proportion of
firms—approximately one-quarter—though many respondents regard it as a benefi-
cial practice.

Over 50% of respondents noted that their companies participate in various events
that contribute to improving the KM process. Frequently, companies draw on infor-
mation from previously successful projects and exchange knowledge with partner
organizations.
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In terms of KM focus, efforts are directed toward the dissemination of pre-selected
information, enriched with context to enhance its utility. Most companies, particularly in
the high-tech services sector, are hesitant to establish networks for sharing certain types of
knowledge, likely due to concerns related to potential intellectual property rights issues.
Knowledge transfer in these companies often follows a horizontal principle. One-third
of the firms view the development of new knowledge as essential. All technological and
consulting firms incorporate data management principles as part of their KM practices.

Knowledge sharing among all respondents occurs through targeted meetings,
online consultations, and other channels, with no reported barriers to knowledge
transfer within the companies. Leadership actively encourages knowledge sharing by
organizing targeted events and fostering an open culture of professional exchange.
Two-thirds of respondents confirmed the existence of specialized KM training
programs in their organizations, while one-quarter reported having mentorship
programs. Nearly half of the firms’ managers identified KM as a critical factor in
improving their overall business performance. All of the above confirms that SMEs
value highly knowledge and KM and expect the latter to have a positive impact on
their organizational performance, which confirms that KM practices are expected to
improve organizational performance regarding the first research question.

All interviewed company managers acknowledge the importance of KM, even
though it is not always formalized. They actively promote KM processes and report
no barriers to its implementation. Most managers contribute to creating an environ-
ment conducive to knowledge sharing and targeted exchanges. The engagement of the
leaders demonstrates this approach.

Based on the responses, an attempt was made to analyze the peer effect. Over
80% of the companies have teams whose leadership is comparable in terms of age
range, professional experience, and cultural characteristics. A comparison among
these companies revealed tendencies such as adherence to environmental regulations
and practices, responsiveness to new trends, and subsequent employee training.

This trend could reflect generational perspectives that influence the acceptance or
rejection of specific policies (Figure 2).

To a great extent

To an average extend

To some extent

Figure 2.
Degree of KM Implementation.
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SMEs often operate in highly competitive sectors where knowledge and information
can be decisive assets. KM enables these companies to stand out from competitors by
leveraging specific expertise and know-how. It also helps them deliver products and ser-
vices that meet the rapidly changing needs of markets and customers. Operating in such a
competitive environment, SMEs—particularly those in the consulting and ICT sectors—
tend to have a well-established ability to adapt quickly. This agility is further facilitated by
their lack of rigid organizational structures, making it easier for them to respond effec-
tively to change. In addition to answering the first research question, it might be added
that KM appears more crucial for enterprises in more competitive sectors.

Half of the interviewed companies implement some type of green practices,
although only two are specifically focused on activities with a clear emphasis on,envi-
ronmental protection®. The broader implementation of green practices, in the wider
sense of the term, is an inherent part of knowledge management in the environmental
domain. This includes employee training, mentorship, and the sharing of specific
knowledge (Figure 3).
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Figure 3.

Implementation of KM, including environmental aspects.

SMEs in Bulgaria are open to adopting green economy practices, which addresses
the second research question. On the one hand, at the start of the transition to a
market economy, many state-owned enterprises were shut down due to their highly
polluting activities. This created space for the emergence of smaller, more agile com-
panies, which were naturally less reliant on environmentally harmful processes. As a
result, these new SMEs were more inclined toward sustainable practices from the out-
set. On the other hand, the orientation toward green policies may also stem from the
availability of financial support through national and European funding instruments,
which encourage sustainable development. Additionally, adopting environmentally
friendly practices helps SMEs improve their public image, making them more attrac-
tive to customers, partners, and investors who value sustainability.

Some SMEs already apply ecological standards.

The majority of respondents, with the exception of one, did not specifically
highlight a connection between environmental knowledge management and training
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outcomes. Five companies expressed a strong interest in developing activities related
to green innovations, which are, to some extent, accompanied by training processes
(Figure 4).
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Figure 4.
Percentage of companies utilizing KM in environmental aspects.

Two-thirds of the interviewees are engaged in addressing environmental issues across
various fields. Three companies have a noticeable influence in their respective areas of
operation, which is further supported by the KM process. SMEs in Bulgaria recognize the
importance of green KM and adherence to environmental practices, with a significant
number adopting various approaches to integrate sustainability into their operations.

5. Discussion

Based on the conducted interviews, it was found that only some companies use
specialized tools for KM, such as Customer Relationship Management (CRM) systems.
However, all of them use centralized document storage and platforms for sharing ideas
and practices, typically through cloud services. Explicit knowledge is documented, pub-
lished, and communicated to employees, while tacit knowledge is shared through training
sessions, Q&A meetings, and professional forums. When identifying key competencies
required to perform activities, knowledge gaps can be pinpointed, and measures are taken
to address these issues. While most surveyed enterprises do not report significant barriers
to KM or to the sharing of knowledge and practices related to the environment, this
may partly stem from a lack of awareness of such activities or untapped opportuni-
ties. Bulgarian SMEs are engaging in various KM practices realizing their effect on the
overall organizational performance. In almost all of the studied cases leaders strongly
support the application of KM, in particular, in highly competitive sectors.

Given the highly dynamic global and regional environmental landscape, often
changing for the worse, adapting KM to green production and practices is particularly
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necessary. Tracking knowledge obsolescence and updating knowledge remains rel-
evant for all companies, regardless of their size, which is shown through the activities
of Bulgarian SMEs as well. The redesign of applicable KM practices is most effective
when incorporating feedback systems.

The new generation of leaders highly values training programs related to
environmental knowledge management offered by universities through rel-
evant programs. KM can help organizations optimize resources and minimize
environmental impact by applying ecological principles in industrial processes.
Integrating this knowledge into business practices through effective KM methods
enhances smaller enterprises’ sustainability and competitiveness, at least in a
portion of the SMEs in Bulgaria.

Based on the practices in the studied enterprises in order to integrate the knowl-
edge in different processes companies can take a variety of actions, for example:

Facilitating the sharing of innovative ideas and good environmental practices.

Building training and development systems that promote eco-friendly behavior
across different organizational levels.

Implementing sustainable strategies into business processes.

Establishing environmentally focused clusters.

Creating networks of stakeholders who share “green practices”

Such integration can help all types of Bulgarian enterprises meet global sus-
tainability requirements while simultaneously improving efficiency and social
responsibility.

Leadership and a relevant KM culture are key for the studied SMEs to successfully
address environmental challenges. Leaders play a crucial role in setting sustainable
goals and implementing KM strategies focused on achieving environmental out-
comes. By fostering a culture of collaboration, continuous learning, and innovation,
these SMEs ensure the effective sharing and application of environmental knowledge
within the organization. Furthermore, leaders can encourage employees to actively
contribute to sustainability efforts by promoting transparency and accountability
for environmental initiatives. Through these actions, SMEs can build resilient and
adaptable businesses capable of meeting the new challenges of environmental
responsibility.

Alongside expressed expectations for economic benefits from adopting “green”
business practices and positive attitude toward “green activities”, SMEs in Bulgaria
face some challenges and difficulties in transitioning to sustainable operations. These
challenges include: changing corporate culture and understanding the essence of
“green” business; the technical complexity, administrative and financial burdens,
associated with implementing environmental protection initiatives; leveraging the
country’s scientific potential for the adoption of “green” innovations; managing and
motivating employees in this direction; low awareness among consumers and the
public; and effectively communicating “green” initiatives.

To address these challenges, a combination of measures is needed. These
should include education on the principles of “green” business management
and technologies, systematic efforts to raise awareness about the benefits of
transitioning to sustainable practices within companies, and the introduction
of targeted financial incentives — direct and indirect - at the national level. Such
measures aim to reduce the difficulties faced by SMEs in implementing and
developing green technologies [28].
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6. Conclusion

KM is a steady element of the majority of national SMEs. They demonstrate a
clear interest in knowledge acquisition and knowledge management as a basis of key
competencies and further competitiveness.

KM enhances productivity, minimizes knowledge gaps, and fosters environ-
mental innovation, supporting SMEs in adopting more sustainable practices. SMEs
are increasingly engaged in the KM process, recognizing its importance for their
efficiency and competitiveness. By integrating sustainable practices, SMEs become
more flexible and capable of adapting to new market demands and identifying new
market niches. Additionally, these enterprises are becoming more aware of the need
for green production and innovation, actively accumulating the necessary knowledge
and preparing the required human resources.

Knowledge sharing is a core activity for SMEs. Since they operate with smaller
production volumes and workforce sizes, they are compelled to be more agile and
open to new ideas and initiatives. SMEs utilize diverse communication channels and
adopt a culture of openness toward sustainability and green innovation more rapidly.
Their specific characteristics, including a lack of rigidity, allow them to respond
quickly to emerging trends.

Leaders in SMEs play a pivotal role in implementing these processes. They actively
contribute to creating an environment where knowledge-sharing and sustainable
practices can be adopted and further developed.

Measuring sustainable development within an environmental context positively
impacts business performance by enabling systematic monitoring of progress and
results from implemented sustainable practices. By applying KM approaches, SMEs
not only increase their productivity and minimize risks but also foster environmental
innovations that promote more sustainable and efficient production methods.

KM, including its green dimension, is increasingly recognized as a strategic
resource for SMEs. It serves as a cornerstone for driving innovation, enhancing
competitiveness, and ensuring long-term sustainability. Green KM, in particular,
helps SMEs integrate environmentally friendly practices into their operations, align-
ing business goals with ecological responsibility. Moreover, effective KM facilitates
organizational and process development by improving decision-making, fostering
collaboration, and enabling the efficient use of resources. In addition, it catalyzes
them to raise their adaptability to the fast-changing economic media and to imple-
ment sustained practices.

Future research in the field of KM, with a focus on environmental sustainability,
could benefit from exploring the specific dynamics of micro-enterprises in the smart
industry by applying a similar approach as the current study. Another potential area
of interest is studying the influence of small and medium-sized subsidiaries applying
KM practices on their parent companies or across SME networks.
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