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Abstract: This study examines the application of agentic artificial intelligence (AI) frameworks
within small, medium, and micro enterprises (SMMEs), emphasising the transformative potential
of interconnected autonomous agents in enhancing operational efficiency and adaptability. Using
the PRISMA (Preferred Reporting Items for Systematic Reviews and Meta-analyzes) framework, this
study rigorously identified, screened, and analyzed 63 peer-reviewed studies published between 2019
and 2024. Recognizing the constraints faced by SMMEs, such as limited scalability, high operational
demands, and restricted access to advanced technologies, the review synthesizes existing research to
highlight the characteristics, implementations, and impacts of agentic AI in task automation, decision-
making, and ecosystem-wide collaboration. The findings underscore the role of agentic AI in fostering
innovation, scalability, and competitiveness while addressing barriers such as technological, ethical,
and infrastructural challenges. By advancing the understanding of agentic AI frameworks, this research
provides actionable insights and sets a foundation for future explorations into their implications within
resource-constrained and dynamic economic landscapes.

Keywords: agentic AI; ecosystemic interconnected agents; operational efficiency; systematic review;
SMMEs

1. Introduction
Artificial intelligence has seen significant advancements in recent years, particularly in large

language models (LLMs) and emerging large multimodal models (LMMs). While these models have
dominated the field, there is now a growing emphasis on AI agents and agentic reasoning, which
leverage LLMs and LMMs to enable more autonomous, goal-driven, and interactive systems. The rise
of agentic AI marks an exciting avenue for research-transforming technological capabilities, especially
for SMMEs. One of the most important such developments is that of agentic AI; this, in particular, refers
to a shift away from traditional paradigms of AI and toward more autonomous, goal-oriented systems,
capable of accomplishing complex tasks with less human involvement. During the past decade, AI has
been acknowledged for its disruptive potential in areas touching on automation, data-driven decision
processes, and lowered costs. In the expansive field of AI, agentic AI frameworks have emerged as
a promising subfield, characterized by the deployment of autonomous, interconnected agents that
collaborate within an ecosystem to achieve shared objectives. These frameworks facilitate complex
problem-solving and adaptive decision-making through coordinated interactions, representing a
significant evolution in the capabilities of AI systems. The use of AI in SMMEs has been found to result
in significant cost savings and improved service delivery, highlighting the importance of AI in modern
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business operations [1–3]. To effectively implement these technologies, leaders of SMMEs need a solid
grasp of the technical aspects of AI and a genuine understanding of its potential to reshape operational
frameworks and business models.

Autonomous AI agents are changing the way organizations scale their operations and adopt AI-
first business processes. This becomes of particular importance for the typical SMMEs operating under
constrained resources, where scalability and efficiency in solutions are vital to staying competitive in
the fast-changing digital environment. Similarly, AI technologies have been well versed in predicting
customer behavior and questions through analysis of past data, thereby allowing businesses to
proactively rise to the occasion and better their service offerings [4,5]. For example, in travel industry,
AI can predict flight delays and make rebooking easier. This has greatly helped users feel better
by lowering stress for travelers [6–8]. The integration of AI agents is recognized as a catalyst for
innovation, aiding SMMEs in refining their current offerings and uncovering new possibilities. AI
technologies have demonstrated the ability to produce substantial cost savings in multiple industries,
with certain sectors noting decreases in operational expenses following the adoption of AI [9–11].
Additionally, AI’s capability to personalize customer experiences fosters loyalty and supports more
effective marketing strategies that align with consumer preferences. AI has proven its worth during
unforeseen interruptions, such as the COVID-19 epidemic [12–14]. By automating routine tasks and
enabling continuous customer engagement, businesses can uphold high-quality service even in tough
situations.

AI-powered accounting tools help businesses lower their operating costs and increase efficiency
[15,16]. With automation of invoicing, financial reconciliation, payment among other tasks, AI solutions
can save substantial time for the business to be done to maximize growth rather than routine tasks.
As the capabilities of agentic AI evolve, understanding its implications and establishing ethical
frameworks for governance will be essential for navigating the future landscape of business and
technology. Agentic AI, characterized by its advanced reasoning abilities and collaboration capabilities,
is revolutionizing sectors such as healthcare, financial services, the retail industry, transportation,
energy, and manufacturing among others. Effectively integrated, agentic AI can improve customer
experience, reduce costs, enhance efficiency, and generate revenue growth [17]. Agentic AI systems
contrast with standard AI systems — they are decentralized, adaptive, and promote inter-agent
communication in relation to their respective environment. These frameworks enable SMMEs to deploy
scalable AI solutions, wherein each agent focuses on a specific task—like inventory management,
customer relationship management, or financial forecasting—while flexibly coordinating with other
agents to optimize processes and reduce redundancies. The vast majority of existing studies on agentic
AI frameworks concentrates on major businesses with significant resources for AI implementation.
These studies overlook the unique challenges faced by SMMEs, such as limited resources, inadequate
technical expertise, and lack of availability of scalable infrastructure [18–20]. As such, the applications
of these frameworks in resource-limited contexts are not well-established. Moreover, a little work has
also focused on agent-based systems, however, more insight is needed specifically on developing and
applying ecosystemically linked agents in SMMEs.

This systematic literature review (SLR) synthesizes existing research to highlight the charac-
teristics, implementations, and impacts of agentic AI in task automation, decision-making, and
ecosystem-wide collaboration. The findings underscore the role of agentic AI in fostering innova-
tion, scalability, and competitiveness while addressing barriers such as technological, ethical, and
infrastructural challenges. By advancing the understanding of agentic AI frameworks, this research
provides actionable insights and sets a foundation for future explorations into their implications within
resource-constrained and dynamic economic landscapes. As a core component of academic research,
this SLR provides a complete and objective assessment of the existing literature on the subject under
review [21], guided by the following research questions:

• RQ1: What are the recent advancements and trends in agentic AI research?
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• RQ2: How does agentic AI differ from traditional AI in business contexts?
• RQ3: What frameworks are available for the implementation of agentic AI?
• RQ4: What are the barriers and enablers to adopting agentic AI in SMMEs?

The organization of the next sections of the study is as described. We present the historical context of
agentic AI in section 2, and section 3 discusses the research methodology, while section 4 reviews the
findings. In section 5 we discuss the significance of the findings from the study, and section 6 provides
a conclusion and further studies.

2. Background
This section examines the historical evolution of artificial intelligence, beginning with the early

pioneers of AI and continuing to the current day. It also analyzes the applications of AI in a variety of
fields, the role of SMMEs, and the emergence of agentic AI and other related concepts.

2.1. Historical Evolution: From Early AI Pioneers to Modern Advancements

The evolution of AI has been characterized by significant milestones from its inception to the
emergence of agentic AI. Artificial intelligence — defined as the capacity of a system to correctly
read external data, learn from it, and use that knowledge to accomplish certain objectives and tasks
via adaptive processes [22], has become a central subject of discourse across diverse academic and
professional domains. Early developments in the mid-20th century focused on symbolic thinking, rule-
based systems, by scholars such as Alan Turing and John McCarthy. Whereas Turing developed the
concept of the "thinking machine," where on ground the "artificial intelligence" was named for the first
time by John McCarthy during the Dartmouth Conference, establishing it in 1956 as an independent
area of studies [23].

The 1980s and 1990s were the era of expert systems, which applied domain-specific knowledge to
solve complex problems. However, these systems could not adapt to new, unforeseen situations be-
cause their performance was constrained by a set of predefined rules. The early 2000s saw a revolution
in machine learning (ML), with big data and computational power becoming increasingly available.
Algorithms such as support vector machines and decision trees have started to be widely used for
predictive modeling and pattern recognition [24]. Deep learning (DL) became a revolutionary power
in the 2010s, enabling neural networks to extract features from raw data autonomously. It was further
used to achieve outstanding milestones in image recognition, natural language processing (NLP), and
independent systems. Recent works have focused on developing distributed and agent-based systems
that create a pathway to agentic AI. These systems emphasize such aspects as decentralization, collabo-
ration, and adaptive decision-making that dynamically act upon complicated real-world environments
[25].

According to [22], AI or the concept that computers can think like humans, has been addressed in
literature for over 50 years, since Alan Turing’s foundational work. First-generation AI applications,
sometimes known as artificial narrow intelligence (ANI), are becoming commonplace. They helped
Facebook recognize faces and tag individuals, Siri comprehend human speech, and Tesla create self-
driving vehicles. The second generation of AI, known as artificial general intelligence (AGI), has the
capability to reason, plan, and autonomously solve problems for tasks for which it was not specifically
designed. Artificial super intelligence (ASI), characterized by self-awareness and consciousness, has
the potential to make humans expendable, possibly representing the third generation of technological
advancement. Some view ASI as a true form of AI because it can utilize AI across various domains and
demonstrate creativity in scientific endeavors, interpersonal abilities, and overall knowledge. Figure 1
shows the three AI stages.
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Figure 1. Stages of Artificial Intelligence.

2.2. Fundamental Principles of Artificial Intelligence

The development of AI relies on fundamental concepts that enable machines to replicate human
cognitive abilities. The concepts of AI that are presented below serve as the foundation of AI and
demonstrate how machines comprehend, acquire knowledge, and engage with their environment.

2.2.1. Machine Learning (ML)

A subset of AI focused on enabling systems to learn patterns from data and improve performance
over time without explicit programming. It involves algorithms that can analyze data, detect patterns,
and make predictions [24,26]. The transition from deterministic algorithmic approaches to empirical
learning methodologies represents a fundamental characteristic of ML, enabling autonomous adapta-
tion to novel scenarios through statistical pattern recognition. Algorithms like random forests, gradient
boosting, and reinforcement learning drive applications in predictive analytics and recommendation
systems. ML has several key features:

• Supervised Learning: It involves training models on labeled data to predict outputs for new
inputs. For example, classification models predict categorical labels, such as spam detection;
the model learns from pre-labeled emails to classify new ones as spam or not, while regression
models predict continuous values, such as house prices [27].

• Unsupervised Learning: It works without labeled data, identifying patterns directly from input
data. It clusters or associates data based on similarities, revealing trends. For example, in retail, it
groups customers with similar buying habits for targeted marketing [28].

• Semi-Supervised Learning: Integrating a limited quantity of labeled data with an extensive set
of unlabeled data to optimize model training. For example, in speech recognition, a small set of
audio clips with transcriptions (labeled data) can be used alongside a vast collection of unlabeled
audio to improve the model’s performance [29].

• Reinforcement Learning: Learning through trial and error. It involves agent engaging with an
environment while receiving either benefits or penalties to learn to make choices. The aim is to
optimize long-term gains. For example, in algorithmic trading, models optimize buy and sell
strategies to maximize profits by adapting to market changes [30].

2.2.2. Deep Learning (DL)

A subfield of ML that employs artificial neural networks (ANNs) with numerous processing
layers to acquire more intricate representations of input. These networks use mathematical models
and optimization techniques to progressively learn features from data, enabling complex pattern
recognition and analysis tasks. These technologies have driven significant advancements across
multiple fields over recent decades, including speech recognition, computer vision, drug development,
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and genomics [31,32]. DL has several key features: artificial neural network, multiple layers, large
datasets among others.

2.2.3. Natural Language Processing (NLP)

NLP aims to empower machines to better understand, comprehend, and produce natural language.
The objective of NLP is to facilitate the comprehension, interpretation, and response of computers
to human language in a manner that is both valuable and meaningful. This field integrates ML and
DL techniques with computational linguistics to develop models that are capable of processing and
generating natural language. Techniques such as transformers (e.g., GPT models) power applications
like chatbots, translation systems, and sentiment analysis. [33,34]. The fundamental elements of
NLP include chatbots and conversational AI, sentiment analysis, language translation, named entity
recognition, machine translation, text summarization, text analysis, speech recognition, tokenisation,
and part-of-speech tagging, among others.

2.2.4. Computer Vision

The capability of AI systems to analyze and extract meaningful information from visual inputs,
enabling machines to process and understand images and video data. Computer vision systems are
capable of identifying objects, identifying patterns, and even making decisions through the analysis
and processing of digital images or videos. Computer vision is ubiquitous, from the diagnosis of
diseases to the quality control of manufacturing and the recognition of faces on smartphones. It is
also essential for autonomous vehicles to safely navigate, detect pedestrians, and recognize road signs.
Through the analysis of aerial imagery, computer vision assists producers in the monitoring of crop
health and the optimization of yields in agriculture [35].

2.2.5. Robotics

This encompasses the design, construction, operation, and application of robotic systems. Robotics
stands as a pivotal convergence of AI, engineering, and computational sciences, showcasing the
tangible realization of intelligent systems in a physical context. Robots can be used for a variety of
tasks, including manufacturing, surgery, and exploration [24,36]. The integration of robotics and AI
has led to humanoids such as healthcare robots assisting surgeons and aiding mobility, industrial
robots enhancing manufacturing, service robots acting as customer agents, and exploratory robots
operating in hazardous environments like deep-sea and disaster zones.

2.2.6. Generative Artificial Intelligence (GenAI)

The use of computational methods that are able to generate information that seems to be new and
meaningful, such as text, pictures, or audio, from training data. A revolution is presently taking place
in the way that we work and communicate with one another as a result of the broad dissemination of
this technology, which includes examples such as Dall-E 2, GPT-4, and Copilot among other. GenAI
systems may be used for creative objectives, such as creating new text that mimics the writers or
new graphics that resemble artists. Additionally, these systems have the potential to aid people as
intelligent question-answering systems, and they will do so in the future. The applications that fall
under this category include information technology (IT) help desks, which are places where GenAI is
used to assist transitional knowledge work duties and routine requirements such as medical advice
and preparing culinary recipes [37,38].

2.2.7. Agentic AI

These are AI systems that possess the capability of accomplishing complex goals with just a
minimal amount of direct supervision — AI systems that are meant to function independently within
an ecosystem, doing tasks and making judgements. The distinction between agentic AI systems and
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more limited AI systems, such as image generation or question-answering language models, is that
agentic AI systems are capable of a wide range of actions and are reliable enough that, under certain
defined circumstances, a human user could trust them to effectively and autonomously act on complex
goals on their behalf [39].

2.2.8. Ethics and Bias in AI

Ethical AI is the process of developing and using AI in a way that is open, equitable, and respectful
to all parties involved. It is possible for AI systems to unintentionally perpetuate social prejudices
that are present in their training data [40]. Consider the fact that face recognition software has been
demonstrated to exhibit racial and gender biases, which has resulted in mistakes and unjust treatment
in a variety of settings, including courts, credit organizations, and others. The key concerns are ethical
decision-making and data bias.

2.3. AI Applications in Various Domains

The impact of AI spans numerous domains, transforming processes and enhancing outcomes:

• Healthcare: AI aids in disease diagnosis, drug discovery, and tailoring medicine to individuals.
Tools like IBM Watson assist doctors in identifying treatment options, while DL models analyze
radiological images with accuracy comparable to human specialists [41,42].

• Finance: AI optimizes fraud detection, developing algorithmic trading strategies, and imple-
menting credit scoring models. NLP helps analyze market trends from news and social media
[43,44].

• Education: Automating the grading process, motivating students during their learning journey,
and ensuring they stay focused and organized [45].

• Retail: Personalized recommendations, inventory management, and dynamic pricing are driven
by AI, enhancing customer experiences and operational efficiency [46].

• Manufacturing: Ensuring high standards of quality, implementing proactive maintenance strate-
gies, and harnessing the power of robotics and automation [47].

• Law: Reviewing a large number of high-volume legal papers for lawyers in the legal profession
[48].

• Entertainment: Content recommendation, AI-generated content, interactive games [49].
• Transportation: Autonomous vehicles rely on AI for real-time decision-making, drones, incor-

porating data from sensors and cameras. AI also optimizes traffic flow in smart cities through
predictive analytics [50].

• Energy: AI enhances energy management systems, predicting demand and optimizing renewable
energy integration in grids [51,52].

Understanding these concepts lays the foundation for exploring how AI systems are developed,
deployed, and applied across various domains. The categories of AI systems are depicted in Figure 2
below.

Figure 2. Types of AI system. Source: [22].
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2.4. Agentic AI: The Emerging Technological Paradigm

Over the course of human history, significant technical improvements have been made with the
intention of transcending the limitations of human labor. The First Industrial Revolution introduced
steam power, mechanizing production and enhancing human physical capabilities [53]. The Second
Industrial Revolution brought mass manufacturing and electrification, scaling labor and driving
industrial growth [54] while the Third Industrial Revolution automated cognitive tasks through
computing and the internet, significantly improving labor productivity and global connectivity [55].
Today, the Fourth Industrial Revolution (Industry 4.0) integrates AI, automation, and advanced
technologies, aiming to automate human labor and address the global scarcity of skilled workers [56].
Unlike earlier revolutions focused on enhancing productivity, Industry 4.0 emphasizes intelligent
systems capable of performing complex tasks autonomously. The comparative analysis of technological
progressions across the Industrial Revolutions, highlighting their key innovations, focus, economic
impacts, and limitations, is presented in Table 1.

Table 1. Comparative Analysis of Technological Progressions.

Industrial Revolution Key Innovations Focus Economic Impact Limitations
First (1760–1840) - Steam Engine: Revolutionized

transportation and manufacturing.
- Textile Machinery: Innovations like
the spinning jenny and power loom
increased cloth production.
- Iron Production: Improved meth-
ods, such as the blast furnace, en-
hanced material quality.

Mechanization of produc-
tion processes.

- Industrialization: Shift from agrar-
ian economies to industrial manu-
facturing.
- Urbanization: Growth of factory-
based cities.
- Productivity: Significant increase
in goods production.

- Labor Conditions: Harsh working
environments in factories.
- Environmental Impact: Increased
pollution from coal usage.
- Social Displacement: Traditional
artisans faced unemployment.

Second (1870–1914) - Electricity: Enabled longer work-
ing hours and powered new machin-
ery.
- Assembly Line: Pioneered by Ford,
streamlined mass production.
- Internal Combustion Engine: Led
to automobiles and airplanes.
- Steel Production: Bessemer process
allowed mass steel production.

Mass production and elec-
trification.

- Economic Growth: Rapid indus-
trial expansion and consumer goods
availability.
- Transportation: Development of
automobiles and aviation.
- Communication: Inventions like
the telegraph and telephone im-
proved connectivity.

- Worker Exploitation: Repetitive
tasks led to labor unrest.
- Resource Depletion: Intensive use
of natural resources.
- Income Inequality: Widening gap
between industrialists and workers.

Third (1960–2000) - Computers: Transition from
mainframes to personal computers.
- Internet: Global network facili-
tating instant communication and
information sharing.
- Semiconductors: Miniaturization
of electronic components.
- Telecommunications: Mobile
phones and satellites enhanced
connectivity.

Digital automation and in-
formation technology.

- Globalisation: Enabled outsourc-
ing and international trade.
- Service Economy: Shift from man-
ufacturing to services in developed
nations.
- Information Access: Democratiza-
tion of knowledge through the inter-
net.

- Digital Divide: Unequal access to
technology.
- Job Displacement: Automation re-
duced demand for certain jobs.
- Privacy Concerns: Rise of data col-
lection and surveillance.

Fourth (2010–Present) - Artificial Intelligence (AI): Ma-
chines capable of learning and
decision-making.
- Internet of Things (IoT): Devices in-
terconnected via the internet.
- Robotics: Advanced robots per-
forming complex tasks.
- Blockchain: Decentralized digital
ledgers enhancing security.
- Quantum Computing: Potential
to solve complex problems beyond
classical computers’ capabilities.

Integration of digital, bio-
logical, and physical tech-
nologies.

- Smart Manufacturing: Factories
with autonomous systems.
- Personalization: Tailored products
and services based on data analyt-
ics.
- Economic Disruption: Emergence
of new business models and mar-
kets.

- Ethical Dilemmas: AI decision-
making and accountability issues.
- Cybersecurity Threats: Increased
risk of digital attacks.
- Job Market Shifts: Need for
reskilling due to automation.

This revolution reshapes work by automating repetitive roles, allowing humans to focus on
creativity and strategy, while fostering global integration through interconnected systems. The degree
of automation and execution of high-value labor increases in tandem with the development of AI’s
capacity to detect and traverse dynamic circumstances. Initially, bots were simple, but they have
since developed into sophisticated agents that are able to manage complicated operations. Agentic
AI is a sophisticated subset of AI characterized by its capacity for autonomous operation, enabling
systems to make independent decisions, adapt to varying contexts, and pursue objectives without the
need for continuous human oversight [39]. This distinction from traditional AI lies in its ability to
interact dynamically with environments, reason through complex tasks, and modify its actions based
on real-time data and evolving conditions.

According to [57], Sam Altman, CEO of OpenAI, has predicted that advancements in AI will
soon enable individuals to create billion-dollar companies single-handedly, without the need for large
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teams. He stated, "AI will make it possible for one person to build a billion-dollar company." This
prediction underscores a significant shift in enterprise automation, suggesting that AI technologies can
empower solo entrepreneurs to achieve what traditionally required substantial human resources. The
concept of a "one-person unicorn" challenges conventional business growth models and highlights
AI’s potential to democratize entrepreneurship by reducing the reliance on extensive labor. Altman’s
perspective reflects the transformative impact AI is poised to have on business operations, enabling
unprecedented levels of efficiency and scalability for individual founders.

The basis has been established over the course of many decades, beginning with robotic process
automation (RPA) and progressing throughout the stack, from infrastructure and AI and ML to
foundation models, therefore laying the platform for AI-powered agents. There has been a significant
change in corporate technology brought about by the advent of agentic AI, which has presented
potential for automation, efficiency, and creativity that have never been seen before. AI agents, which
are known as large language model (LLM)-powered systems that are able to think and carry out
complicated activities without the need for human interaction, are poised to revolutionize commercial
processes across all sectors. However, broad adoption of agentic AI at the industry level is the only
way to achieve significant impact and development, despite the fact that venture capital investment in
agentic AI has increased.

There are three components that make up the conceptual framework of the LLM-based agent: the
brain, perception, and action. To fulfill its role as the controller, the brain module is responsible for per-
forming fundamental activities such as memorization, reasoning, and making decisions. Furthermore,
the action module is responsible for carrying out the execution by utilizing tools and influencing the
surroundings. The perception module handles the interpretation and processing of various types of
sensory data from the environment [58]. The conceptual framework of LLM-based agent is depicted in
Figure 3 below. Agentic AI represents a paradigm shift in AI, moving beyond traditional AI systems
that rely on centralized control and predefined rules. Key characteristics of agentic AI include:

Figure 3. Conceptual Framework of LLM-based Agent. Source: [58].
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2.4.1. Autonomy

Every agent works autonomously and makes choices free from continuous human involvement.
Agents may see their surroundings, process information, and behave depending on either learnt or set
objectives. For example, a warehouse robot sorts products based on real-time demand autonomously
[24,59].

2.4.2. Inter-Agent Communication

Within the system, agents communicate with one another and coordinate their behaviors in order
to exchange information. This communication makes it possible to solve problems in a dispersed
manner and provides for increased system efficiency. For example, in the ecosystem of a smart city,
agents responsible for traffic management collaborate with managers of public transit in order to
maximize flow [60].

2.4.3. Decentralization

Agentic AI frameworks, in contrast to centralized systems, delegate responsibility to a number of
different agents. By doing so, single points of failure are reduced, and the resilience of the system is
increased. Example: Systems based on blockchain technology that use decentralized agents to validate
transactions [61].

2.4.4. Adaptability

The capability to dynamically adapt to new situations, to learn from previous experiences, and to
adjust goals or plans in order to fit with changing surroundings or goals. This characteristic ensures
that agentic systems remain effective and relevant even in unpredictable or evolving contexts. Agents
can process novel data or circumstances and adjust their actions accordingly. For example, in an
e-commerce environment, a recommendation agent adapts its suggestions when a user’s preferences
shift based on recent purchases or browsing history [62].

2.4.5. Scalability

Agent-based AI frameworks provide the ability to scale up or down by adding or deleting
agents according to the needs of the system. Applications ranging from small-scale activities to large
ecosystems may be supported by this flexibility. For example, increasing the number of delivery drones
in a fleet in response to rising demand [63].

2.4.6. Context-Awareness

Agents know their operational context—that is, environmental factors, user preferences, or system-
wide states. Context-awareness guarantees relevance in agent activities and improves decision-making.
For example, a home assistant changing its behavior depending on family members’ presence [62].

2.4.7. Resilience

A failure in one component of the system does not jeopardiZe the overall framework because
of the distributed structure of the system and the communication between the agents. A production
system in which the jobs performed by a malfunctioning robot are reassigned among other robots is an
example [62].

2.4.8. Collaboration

Agents work together to achieve system-wide goals that exceed the capabilities of any single
agent. Collaborative behavior is often mediated through shared protocols or communication standards.
Example: Agents in a financial system collaborating to detect and mitigate fraud [64].
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2.4.9. Specialisation

Every agent is meticulously crafted to fulfill a distinct role or function, including data analysis,
predictive modeling, or task execution. These specialized roles enable agents to cultivate a high level of
proficiency in their designated areas of focus. In the healthcare sector, one system may be responsible
for patient scheduling, whereas another system oversees diagnostics [65].

2.4.10. Ethical and Transparent Decision-Making

Frameworks for agentic AI are progressively being developed with a focus on ethical principles,
such as explainability and accountability. Transparency facilitates the auditing and comprehension of
agent decision-making processes. For example, autonomous vehicle AI agents generating records of
their decision-making activities [66].

The attributes of agentic AI make it exceptionally well-suited for intricate and evolving contexts,
including smart cities, autonomous systems, and interconnected industrial operations. The emphasis
on decentralization and adaptability establishes agentic AI as an unprecedented paradigm within
contemporary AI ecosystems.

2.5. SMMEs in the Global Economy
2.5.1. Historical Context

SMMEs have long been recognized as critical components of economic growth and development
globally. Their role has evolved significantly over the years, especially in the wake of various economic
transformations and challenges. Historically, SMMEs emerged as vital contributors to job creation,
innovation, and the overall dynamism of economies, particularly in developing regions where they
often serve as engines of growth and entrepreneurial activity [67,68]. The recognition of SMMEs as
essential to economic stability can be traced back to the mid-20th century when economists began to
highlight their potential in driving economic performance. Innovation is fundamental to the survival
of enterprises, and this notion laid the groundwork for understanding how SMMEs could adapt and
thrive in competitive markets [69].

Moreover, it has been suggested that SMMEs not only contribute to job creation but also play a
crucial role in technological innovation, thereby influencing industrial renewal and economic growth
[67]. In South Africa, the importance of SMMEs has been underscored by various government
initiatives aimed at fostering an enabling environment for their growth. The National Development
Plan (NDP) envisions SMMEs as key vehicles for achieving socio-economic goals, with aspirations to
create 90% of new jobs by 2030 [70,71]. Despite their critical role, SMMEs often face unique challenges,
such as limited resources, inefficient processes, and difficulties adapting to technological advancements.
SMMEs are vital components of the global economy, serving as the backbone of economic growth,
innovation, and employment generation.

2.5.2. The Role of SMMEs in Economic Development

SMMEs play a pivotal role in driving economic development worldwide. Their contributions
transcend job creation and include fostering innovation, addressing inequality, and enhancing eco-
nomic resilience. Below is an in-depth exploration of their roles, substantiated with recent research
and data.

1. Employment Generation: SMMEs are major employers in both developed and developing
economies. They create jobs for a wide range of workers, from skilled professionals to marginalized
groups such as women, youth, and the underprivileged. The International Labor Organization (ILO)
highlights that SMMEs account for over two-thirds of global employment [72]. In Africa, SMMEs
account for approximately 80% of employment throughout the continent, serving as a crucial catalyst
for economic development. Sub-Saharan Africa is home to 44 million micro, small, and medium
enterprises, with the vast majority classified as micro enterprises [73].
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2. Poverty Alleviation and Inclusive Growth: SMMEs play a crucial role in fostering inclusive
economic growth by tackling income disparities and enhancing access to opportunities. Their localized
operations deliver essential goods, services, and employment opportunities to underserved areas, es-
pecially in rural regions where the presence of larger corporations is frequently lacking. This approach
not only alleviates poverty but also connects urban and rural areas effectively [74]. Facilitating the
growth of SMMEs in under-represented communities fosters enduring sustainable development.

3. Innovation and Entrepreneurship: SMMEs drive innovation through the development of
novel products, services, and business models. Their comparatively compact structure enables rapid
adaptation to market fluctuations and facilitates experimentation with innovative concepts. Startups,
as a specific category within SMMEs, frequently lead the charge in disruptive technologies, fostering
innovation across various sectors including renewable energy, digital technology, and healthcare.
[67,75].

4. Economic Diversification: Through engagement in multiple sectors, SMMEs contribute to
economic diversification, thereby mitigating reliance on a limited number of dominant industries. This
diversification reduces the risks linked to economic shocks and promotes stability. The emergence
of technology-driven SMMEs in Africa has diminished dependence on conventional sectors such as
agriculture and mining, thereby fostering the development of more robust economies. [76].

5. Resilience to Economic Shocks: SMMEs contribute to economic resilience by their sheer
number and adaptability. They are often the first to innovate during crises, leveraging digital tools
and alternative business models. During the COVID-19 pandemic, many SMMEs pivoted to online
platforms and remote services, ensuring continuity in goods and service delivery [77]. This adaptability
was critical in mitigating the economic impact of the pandemic.

6. Enhancing Competitiveness and Market Efficiency: SMMEs boost competition in the market,
which ultimately benefits customers by providing them with better pricing, quality, and options.
Through their existence, monopolistic activities are challenged, which helps to create an economic cli-
mate that is both fair and dynamic. In addition, they cover niche markets that bigger companies ignore,
therefore producing specialized goods and services that appeal to particular customer requirements.
[75].

7. Contribution to GDP: In South Africa and worldwide, SMMEs support inclusive economic
growth and development. Some studies estimate that 91% of formalised businesses in South Africa
are SMMEs, employ 60% of the workforce, and contribute 34% of GDP. SMMEs’ growth of new
and unsaturated industries diversifies the economy while contributing considerably. Innovative and
technology-based small and medium firms may also boost local, regional, and worldwide growth, par-
ticularly in BRICS nations. They are significant economic drivers because they reduce unemployment,
particularly when the official sector loses jobs [78].

8. Catalyst for Social Change: SMMEs act as pivotal agents for societal change by fostering
equitable economic opportunities. Women-owned SMMEs serve as a catalyst for empowering female
entrepreneurs while playing a significant role in advancing gender equality. Furthermore, enterprises
driven by youth contribute to addressing unemployment within younger populations, promoting a
culture of self-sufficiency and innovation [79].

3. Methodology
Conducting a systematic literature review (SLR) is a cornerstone of academic research, as it

ensures that new knowledge builds upon the existing body of literature [80]. The SLR is designed to
provide a comprehensive, unbiased summary of research findings and to identify gaps in the field
of agentic AI frameworks applied within the operational ecosystems of SMMEs. This review was
performed following the PRISMA 2020 framework, which emphasizes transparency and replicability
in the reporting process [81], to ensure a rigorous approach to identifying, selecting, and synthesizing
existing studies. This methodology is particularly suited to addressing the interdisciplinary nature of
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research on agentic AI frameworks, where interconnected agents operate within the unique constraints
and opportunities of SMMEs. The application of this approach enables the review to capture the
nuances of ecosystemic interactions and technological advancements while adhering to academic
rigor. This framework involves four key steps: (1) identifying research literature through database
searches, (2) screening articles based on inclusion and exclusion criteria, (3) evaluating full-text articles
for eligibility, and (4) including eligible studies, extracting pertinent data, and assessing their quality.

3.1. Identification

Search Strategy: The search strategy was carefully designed to identify and retrieve relevant
academic articles, conference proceedings, and other scholarly materials. The selection process focused
on the title, abstract, and keywords (TITLE-ABS-KEY) of potential publications. Boolean operators
(AND and OR) were employed to refine the search process and ensure comprehensive coverage of the
topic.

• The AND operator was used to ensure that all specified keywords in the search string were
present in the search results, making the query more specific and targeted.

• The OR operator allowed flexibility by including records where at least one of the specified terms
appeared, thereby broadening the search scope and capturing related terminologies.

To maintain consistency and rigor, the review targeted publications in English between 2019 and 2024.
All searches were conducted in the month of December 2024. The search covered journal articles,
conference papers, and other peer-reviewed materials. Multiple databases were queried using the
same search string, ensuring uniformity across platforms and maximizing the likelihood of retrieving
comprehensive and relevant literature.

Search String: The search strings were carefully crafted using Boolean operators and domain-
specific keywords to explore the relationship between agentic AI, autonomous, and small business
contexts. These strings were applied across databases to retrieve articles addressing the subject from
various perspectives. The search strings included the following.

(("Agentic" OR "Autonomous" OR "Self-directed" OR "Independent") AND ("Artificial Intelli-
gence" OR "AI" OR "Machine Intelligence" OR "Intelligent systems") AND ("SMMEs" OR “Small,
Medium, and Micro Enterprises” OR "SMES" OR “Small and Medium-sized Enterprises” OR "Micro,
Small, and Medium Enterprises"))

By employing the OR operator, the search also captured variations in terminology and alternate
expressions of the concept. This approach ensured a balance between precision and recall, retrieving
both highly relevant and contextually related studies.

Inclusion of Additional Sources: Reference lists of identified articles and conference proceedings
were screened for additional studies. To further enhance the literature search, we conducted a
’snowballing’ technique [82]. This involved examining the reference lists of key articles (backward
search) and identifying subsequent articles that cited these key articles (forward search) as seen in
Figure 4.
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Figure 4. Snowballing Procedure. Source: [82].

Criteria for Search: Studies published between 2019 and 2024 in peer-reviewed journals or
high-impact conferences were included.

3.2. Screening

Titles and abstracts were independently screened against predefined inclusion and exclusion
criteria.

Inclusion Criteria:

1. Studies published in English.
2. Publications within the stipulated time frame (2019–2024).
3. Studies should focus on agentic AI and SMMEs, or incorporate agentic elements in these enter-

prises as a fundamental aspect of their approach.
4. Papers in conferences and journals.
5. Full-text, open-access articles.

Exclusion Criteria:

1. Non-English articles.
2. Studies lacking empirical or theoretical contributions.
3. Publications that are not journals or conference proceedings should be excluded from the study.
4. Duplicate records.
5. Articles that are not accessible, have restricted material, or do not meet peer review requirements.

The screening for duplicates was executed within the Mendeley reference management software.
The platform’s inherent deduplication feature was employed to initially detect potential duplicates.
However, acknowledging the constraints of automated systems, a meticulous manual examination
of all flagged entries was undertaken. This secondary review was designed to reduce the incidence
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of both false positives, where distinct studies might be erroneously classified as duplicates, and false
negatives, where true duplicates might be overlooked. Particular scrutiny was applied to minor
discrepancies in bibliographic details, including journal volume, pagination, and pertinent keywords,
to ascertain the precise identification and categorisation of duplicate research articles.

3.3. Eligibility Criteria

Study Selection: The study selection process commenced with an exhaustive search across
multiple databases, yielding a total of 5,114 records. The distribution of these records was as follows:
IEEE Xplore contributed 938 records, ScienceDirect provided 473, Scopus added 1,412, Springer
accounted for 1,375, and Web of Science delivered 843 records. Additionally, 73 records were identified
through snowballing techniques, further enriching the initial pool of studies. Upon compilation, the
dataset was subjected to a deduplication process, resulting in 3,520 unique records after the removal of
duplicates. Subsequent to this, a temporal filter was applied, excluding 2,401 records that did not fall
within the specified timeframe of 2019 to 2024, thus narrowing the focus to contemporary research.
The remaining 1,119 records underwent a screening phase where titles, abstracts, and keywords were
evaluated against the inclusion criteria. This resulted in the exclusion of 919 records, leaving 200
articles for full-text assessment. During the full-text review, 137 articles were further excluded based
on detailed eligibility criteria, which included aspects such as study design, relevance to the research
question, and the quality of data presented. Ultimately, this rigorous selection process culminated in
the inclusion of 63 studies for the systematic literature review, ensuring a comprehensive yet focused
analysis of the relevant literature. Figure 5 depicts the multi-phase screening procedure used to assess
and select relevant studies identified in the search. By following a structured methodology aligned
with PRISMA guidelines, the study ensured the inclusion of high-quality and pertinent literature to
address the research objectives. The details of the database search used for the study selection process,
along with the corresponding results, are presented in Table 2 below.

Table 2. Database Search Results

Database Initial Search Screened Full-Text Relevant
Results Articles Assessed Articles

IEEE Xplore 938 135 45 11
Science Direct 473 97 23 8
Scopus 1,412 454 59 20
Springer 1,375 307 42 5
Web of Science 843 126 31 7
Snowballing 73 – – 12
Total 5,114 1,119 200 63

Study Quality Assessment: The quality assessment process is a crucial element of a systematic
literature review, ensuring that the findings are based on reliable, valid, and high-quality evidence.
The assessment framework employed in this study was derived from a systematic checklist adapted
from Kitchenham’s guidelines [21]. The checklist, consisting of five key questions, evaluated critical
aspects of the studies to ensure their quality and relevance. This structured approach provided a
comprehensive and objective evaluation, ensuring the inclusion of high-quality studies in the review.
The quality of all articles was independently evaluated by researchers using a set of predefined criteria
summarized in Table 3. The checklist included specific questions addressing whether the study met the
criteria for inclusion and exclusion, determining if the reporting was comprehensible and consistent,
evaluating the reliability of the findings, verifying whether the article was published in a reputable
journal, and examining if the study’s findings aligned with the primary objective.
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Figure 5. PRISMA Flow Chart of Study Selection Process for SLR.

Each study was scored using a three-point Likert scale method, adapted from established Likert
scaling principles [83], where 1 indicated "Poor," 2 represented "Fair," and 3 denoted "Good." This
adaptation simplified the scoring process while maintaining reliability for quality assessment. The
total quality score for each study was determined by summing the scores across all criteria. A
predefined inclusion threshold was set at 7.5 (50% of the maximum possible score), ensuring that
only studies meeting this standard were included in the final analysis. Out of the evaluated studies,
63 met or exceeded this threshold and were subsequently selected for further review as shown in
Table 4. The assessment process involved multiple reviewers to ensure objectivity and consistency.
One researcher conducted the initial data extraction, while others double-checked the results. Any
discrepancies in scoring were resolved through discussions and consensus, minimizing bias. Complete
agreement was achieved on the inclusion or exclusion of publications before finalizing the study
set. This comprehensive quality evaluation revealed a high level of rigor among the selected studies,
establishing a robust foundation for synthesizing evidence on agentic AI frameworks and their
applications. Furthermore, this rigorous process highlighted gaps in the literature, offering a clear
roadmap for future research. The transparent quality checklist table provides an overview of the
criteria and scoring outcomes, ensuring the findings are both trustworthy and applicable in practical
contexts. By adhering to these systematic review best practices, the study reinforces its validity,
credibility, and relevance, thus contributing meaningful insights to the field of agentic AI and SMMEs.
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Table 3. Quality Assessment Checklist

No Questions

QA1 Does the study satisfy the requirements for inclusion and exclusion?
QA2 Is the reporting comprehensible and consistent?
QA3 What is the reliability of the findings?
QA4 Is the article published in a reputable journal?
QA5 Are the study’s findings in line with the the primary objective?

Table 4. Quality Assessment of Selected Studies.

Study ID Author Year QA1 QA2 QA3 QA4 QA5 Total Score

S1 [39] 2023 3 2 3 3 2 13
S2 [58] 2023 3 3 3 3 3 15
S3 [62] 2024 3 3 3 3 3 15
S4 [63] 2024 3 2 2 3 2 12
S5 [64] 2024 3 3 3 3 3 15
S6 [84] 2024 3 3 3 2 2 13
S7 [85] 2024 3 3 2 3 3 14
S8 [86] 2023 2 2 3 3 2 12
S9 [87] 2023 2 2 3 2 2 11
S10 [88] 2023 3 3 3 3 3 15
S11 [89] 2023 3 2 3 2 3 13
S12 [90] 2023 3 3 3 3 3 15
S13 [91] 2023 2 3 2 3 2 12
S14 [92] 2020 2 1 2 2 2 9
S15 [93] 2023 3 2 3 2 2 12
S16 [94] 2024 2 2 3 2 2 11
S17 [95] 2023 3 1 2 2 2 10
S18 [96] 2022 2 3 3 2 3 13
S19 [97] 2021 3 2 2 2 3 12
S20 [98] 2024 3 2 1 2 3 11
S21 [99] 2022 1 2 2 2 1 8
S22 [100] 2023 2 3 3 2 2 12
S23 [101] 2022 3 3 3 2 2 13
S24 [102] 2021 2 3 2 2 2 11
S25 [103] 2019 2 2 2 2 1 9
S26 [104] 2024 3 3 3 2 3 14
S27 [105] 2024 3 3 3 2 2 13
S28 [106] 2023 3 3 3 2 3 14
S29 [107] 2024 3 3 2 1 3 12
S30 [108] 2023 3 2 3 2 2 12
S31 [109] 2021 2 1 2 2 2 9
S32 [110] 2021 2 3 1 2 2 10
S33 [111] 2019 2 2 2 1 2 9
S34 [112] 2021 3 3 3 2 3 14
S35 [113] 2022 3 2 3 2 2 12
S36 [114] 2023 3 3 3 2 2 13
S37 [115] 2024 3 2 3 2 2 12
S38 [116] 2019 3 2 2 2 2 11
S39 [117] 2023 3 3 2 2 3 13
S40 [118] 2024 3 3 3 2 3 14
S41 [119] 2023 3 3 2 2 3 13
S42 [120] 2024 3 3 3 3 3 15
S43 [121] 2024 3 3 2 2 2 12
S44 [122] 2023 2 3 3 1 2 11
S45 [123] 2023 2 3 3 2 3 13
S46 [124] 2023 3 2 1 2 3 11
S47 [125] 2024 2 3 2 3 3 13
S48 [126] 2024 3 3 2 2 2 12
S49 [127] 2021 2 3 3 2 2 12
S50 [128] 2024 3 3 3 2 3 14
S51 [129] 2024 2 3 3 2 3 13
S52 [130] 2024 3 3 2 2 3 13
S53 [131] 2022 3 2 2 2 2 11
S54 [132] 2024 2 1 1 2 3 9
S55 [133] 2023 2 3 2 2 3 12
S56 [134] 2024 3 2 3 2 2 12
S57 [135] 2024 3 2 1 2 3 11
S58 [136] 2024 2 3 3 2 3 13
S59 [137] 2021 3 2 2 2 3 12
S60 [138] 2021 2 3 3 2 3 13
S61 [139] 2024 3 3 3 2 3 14
S62 [140] 2022 3 2 3 2 2 12
S63 [141] 2024 2 3 3 2 3 13
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3.4. Inclusion Criteria

Data extraction: During the data extraction phase of this systematic review, we identified 63
articles for in-depth analysis. The selection of these articles was based on specific eligibility criteria:
we included only peer-reviewed original research articles, review papers, and conference proceedings,
excluding published reports and case studies to maintain focus on primary research and scholarly
discourse. Articles were required to be in English and relevant to the fields of agentic AI and SMMEs,
ensuring both accessibility and pertinence to our interdisciplinary research focus. Additionally, the
temporal scope was set from 2019 to 2024, aiming to capture a contemporary view of the field’s
development and the evolution of related technologies and practices over this recent period.

Figure 6 illustrates the distribution of publication sources for the articles included in this SLR
on agentic AI frameworks within SMMEs. The figure reveals that 79.4% of the articles in this SLR on
agentic AI frameworks within SMMEs come from academic journals, with 50 out of the 63 reviewed
papers and 20.6% from conference proceedings. This distribution underscores the scholarly nature
of the research in this field, with a significant portion of the literature emerging from peer-reviewed
academic journals, indicating rigorous academic engagement. The presence of conference proceedings
suggests active discussion and updates at academic conferences, reflecting the dynamic nature of
the research.

Figure 6. Distribution of Publication Sources.

The year wise distribution of the 63 papers reviewed in this SLR by year is illustrated in Figure 7,
highlighting changes in research on agentic AI frameworks and SMMEs over time. From 2019 to
2024, there has been a notable increase in publication volume, reflecting the growing interest and
applicability of agentic AI in business contexts. This trend peaked in 2024, which accounted for
25 papers—39.7% of the total. Specifically, there were three papers published in 2019, one in 2020,
eight in 2021, six in 2022, twenty in 2023, and twenty-five in 2024. The data underscores the rapid
acceleration of research output in recent years, showcasing the expanding field and the active scholarly
contributions toward advancing agentic AI frameworks in SMMEs.
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Figure 7. Year Wise Distribution of SLR Papers.

Figure 8 presents a word cloud illustrating the most frequently occurring and prominent terms
found in the literature related to agentic AI frameworks in SMMEs. The visualization highlights key
concepts, with the size of each word corresponding to its frequency in the analyzed text. Central
terms such as "agentic", "AI", "framework", "system", and "SMME" appear prominently, underscoring
their foundational role in the discourse. Other notable terms include "decision", "data", "autonomous",
"operation", and "innovation", and "efficiency", reflecting the focus on automation, decision-making,
and improving operational performance. The presence of words like "ecosystem", "collaboration",
"development", and "service" signifies the emphasis on interconnected systems and cooperative
approaches within agentic frameworks. Meanwhile, terms such as "business", "agent", "human", and
"automation" suggest a balanced exploration of the integration of AI-driven automation with human-
centric processes in SMMEs. This word cloud offers a snapshot of the thematic breadth of the reviewed
literature, showcasing the importance of agentic AI frameworks in driving innovation, efficiency,
and adaptability in SMMEs. It highlights the evolving research focus on addressing challenges and
leveraging opportunities in this emerging field.

Figure 8. Cloud of Words.
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4. SLR Reporting
This section examines our findings and how they address the research questions we outlined

above.

4.1. RQ1:What Are the Recent Advancements and Trends in Agentic AI Research?

The current state of agentic AI research reveals a growing interest and varied applications —
a rapidly evolving field, with a growing body of research with a focus on developing autonomous
systems that can perform complex tasks independently. This technology combines the versatility of
LLMs with the precision of traditional programming, enabling AI agents to make decisions, take actions,
and interact with external environments. Agentic AI is increasingly recognized as a transformative
force for SMMEs, enabling them to enhance efficiency, drive innovation, and improve customer
engagement. These systems function more like skilled digital colleagues than traditional tools, allowing
businesses to navigate complexity and uncertainty while automating routine tasks, which frees up
human resources for more strategic endeavors.

One major advancement in agentic AI has been the development of LLMs and their integration into
multi-agent systems (MAS). Models such as OpenAI’s GPT-4, DeepMind’s Gemini, and Anthropic’s
Claude have revolutionized the ability of AI agents to comprehend and produce human-like responses.
Systems that enable agents to communicate and collaborate effectively incorporate these models,
making them suitable for complex applications such as negotiation, multi-party coordination, and
autonomous decision-making. Recent studies have shown that there is a significant potential for LLMs
to achieve a level of thinking and planning skills equivalent to those of humans. Humans have high
expectations for autonomous entities that are able to sense their environment, make judgements, and
act in reaction to those decisions [58,84–88].

Another trend is the growing focus on reinforcement learning (RL), techniques for developing
strategic language agents for games by introducing a framework integrating LLMs with RL [89,90] and
reinforcement learning with human feedback (RLHF) for training agentic AI systems [91]. Innovations
like OpenAI’s advancements in RLHF have improved the alignment of agent behaviors with human
values, making agents more reliable and trustworthy. AI has significantly advanced autonomous
systems, particularly autonomous vehicles (AVs) and robotics, by enabling perception, mapping,
localization, and decision-making. Technologies like high-definition maps, big data, augmented
reality (AR) and virtual reality (VR)-enhanced simulations, and 5G communication have driven
progress in fully autonomous driving and real-time responsiveness [92]. Agentic AI has also enhanced
robotics, enabling autonomous drones, self-driving vehicles, and robotic process automation to adapt
to complex, dynamic environments. Examples like Tesla’s Full Self-Driving (FSD) Beta highlight
near-human performance in navigation [93], while robotic systems in logistics and manufacturing
showcase adaptability and efficiency, exemplifying AI’s transformative role in shaping the future of
autonomy [94,95].

A critical trend in agentic AI research is the development of explainable AI (XAI) for agent
systems. With increased reliance on AI agents in sensitive areas such as healthcare, legal systems, and
defense, the need for transparency has grown. XAI techniques aim to make AI decisions interpretable
to humans, fostering trust and accountability [96,97]. In addition to explainability, robustness in
agentic AI has gained attention as a crucial research area. Robust AI systems can maintain performance
despite uncertainties, adversarial attacks, or data anomalies [98,99]. This has particular relevance for
applications in critical sectors such as financial services and healthcare, where security breaches could
have severe consequences.

The adoption of multi-agent reinforcement learning (MARL) represents another exciting devel-
opment. MARL allows multiple AI agents to collaborate or compete within shared environments,
learning optimal strategies through interactions with one another. This approach has been instru-
mental in simulating economic markets, traffic systems, and even multiplayer gaming environments.
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As shown in studies by [100,101], MARL facilitates the emergence of cooperative behaviors among
agents, making it a powerful tool for addressing complex, multi-faceted challenges. The integration of
Multimodal Interaction in Agent AI represents a sophisticated category of interactive systems capable
of perceiving visual, linguistic, and environmental data to generate meaningful embodied actions.
Advancing these agentic AI systems within grounded environments can effectively address the issues
of hallucinations and inaccuracies associated with large foundation models [62].

Moreover, the integration of agentic AI into edge computing has transformed how AI systems
operate in real-time [102,103]. Ethical considerations in the research of agentic AI have also become
central, with increased efforts to align AI systems with societal norms and legal frameworks. Concerns
around prejudice, data privacy, and the possible abuse of AI have prompted efforts to establish ethical
standards and regulatory rules [104]. A significant trend is the emergence of GenAI, which intersects
with agentic AI in developing systems that can produce original outputs, including writing, graphics,
and code. Generative models such as Stable Diffusion and DALL-E are being included into agentic
systems to augment creativity and problem-solving capabilities [105,106]. The scalability of agentic
AI systems has emerged as an essential area of research. As businesses adopt AI on a larger scale,
ensuring that agentic systems can handle increasing complexity without sacrificing performance is
critical. Cloud-based AI platforms, such as Microsoft Azure and Google Cloud AI, provide scalable
infrastructures that support the deployment and management of agentic AI agents across diverse
applications [107,108]. This scalability has been particularly beneficial for SMMEs, which can leverage
these platforms to integrate AI without the need for extensive in-house resources.

4.2. RQ2:How Does Agentic AI Differ from Traditional AI in Business Contexts?

AI has become a transformative force in business, enabling automation, enhanced decision-
making, and improved operational efficiency. Within the AI landscape, a distinction is emerging
between traditional AI and agentic AI. While traditional AI encompasses algorithms and systems
designed for specific tasks under fixed conditions, agentic AI introduces a more dynamic, autonomous,
and context-aware approach to addressing complex business challenges. Traditional AI systems
typically excel in well-defined tasks, relying on structured inputs and rule-based logic. For instance,
recommendation engines [109], predictive analytics models [110], and robotic process automation (RPA)
tools [111] are hallmarks of traditional AI. These systems are designed to operate within predefined
parameters and require significant human intervention for updates or modifications. In contrast,
agentic AI represents a paradigm shift by enabling systems to act autonomously, learn from their
environment, and adapt to new scenarios without explicit reprogramming [39]. Agentic AI systems are
characterized by their ability to make decisions in real-time, handle uncertainty, and coordinate with
other agents or systems, making them particularly valuable in dynamic and unpredictable business
environments. This capability enables them to navigate complex and dynamic challenges across a
wide range of applications. Traditional AI relies on static decision trees or pre-trained models to make
predictions or classify data [112]. While these methods are efficient for repetitive tasks, they often
struggle with unanticipated changes in business conditions. Agentic AI, on the other hand, leverages
RL and MAS to make context-aware decisions [113]. For example, in supply chain management,
traditional AI might optimize inventory based on historical demand patterns, whereas agentic AI
can autonomously adjust strategies in response to real-time disruptions, such as supplier delays or
fluctuating consumer demand. This adaptability allows businesses to remain agile and responsive,
even in volatile markets.

Collaboration and interaction capabilities further distinguish agentic AI from its traditional coun-
terpart. Traditional AI operates in isolation, performing tasks independently and requiring separate
systems for different functions [114]. In contrast, agentic AI often functions within an ecosystem of
interconnected agents, each specialized in a particular task but capable of collaborating to achieve
shared goals [64,84]. For instance, in customer service, a traditional chatbot might provide predefined
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responses to queries, whereas an agentic AI-powered virtual assistant can seamlessly coordinate with
other systems to resolve complex issues, such as processing refunds, scheduling appointments, or
offering personalized recommendations. Explainability and transparency are additional factors that
differentiate agentic AI from traditional AI in business contexts. Traditional AI models, particularly
DL algorithms, frequently face criticism due to their “black box” nature, making decisions difficult
for stakeholders to comprehend [115,116]. Agentic AI addresses this challenge by incorporating XAI
techniques, which provide insights into the decision-making process [97]. For example, in financial
services, traditional AI might flag a transaction as fraudulent without explaining the rationale, whereas
agentic AI can provide detailed reasoning, such as identifying unusual spending patterns or geo-
graphic inconsistencies. This transparency fosters trust and compliance, particularly in regulated
industries where accountability is paramount.

Agentic AI’s ability to integrate seamlessly with emerging technologies [62] further highlights its
distinction from traditional AI. While traditional AI can be integrated into existing systems, agentic
AI thrives in environments that leverage cutting-edge advancements such as the internet of things
(IoT), blockchain, and augmented analytics. For instance, in smart manufacturing, traditional AI
might optimize production schedules based on static parameters, whereas an agentic AI system
can dynamically adjust operations in response to IoT sensor data, predicting equipment failures
and minimizing downtime. This convergence of technologies amplifies the impact of agentic AI,
driving business transformation and fostering innovation across industries. The scalability of agentic
AI extends beyond operational efficiency to strategic decision-making [63]. Traditional AI systems
are typically deployed to address specific, localized challenges, while agentic AI can operate across
multiple levels of an organization, from tactical decision-making to long-term strategy formulation.
For example, in retail, traditional AI might predict sales trends for a single product line, whereas
agentic AI can analyze macroeconomic indicators, consumer sentiment, and supply chain variables to
recommend strategic initiatives, such as market expansion or product diversification. This holistic
approach enables businesses to navigate uncertainty and capitalize on emerging opportunities.

In summary, agentic AI differs significantly from traditional AI in business contexts through its
autonomy, adaptability, collaboration capabilities, scalability, and transparency. These features enable
agentic AI to address complex, dynamic challenges, fostering innovation and enhancing decision-
making across industries. As businesses increasingly adopt agentic AI systems, they stand to benefit
from improved efficiency, ethical practices, and strategic foresight, underscoring the transformative
potential of this emerging technology. The key differences between agentic AI and traditional AI in
business contexts is summarized in Table 5.

Table 5. Comparison of Traditional AI and Agentic AI in Business Contexts.

Aspect Traditional AI Agentic AI

Learning Capability Limited to predefined algorithms and historical
data

High, with the ability to learn and adapt from new data and
experiences

Autonomy Low, requires significant human oversight and
intervention

High, capable of making independent decisions and operating
autonomously

Flexibility Rigid, operates within the constraints of its ini-
tial programming

Flexible, can adjust to new and unforeseen situations

Collaboration Operates in isolation, requires external systems
to coordinate tasks

Operates within ecosystems of interconnected agents, enabling
seamless collaboration to achieve shared goals

Scalability Requires significant human input to scale
across systems or business units

Scales autonomously by learning from its environment, making
it ideal for large-scale, dynamic applications such as global
logistics

Transparency Often lacks interpretability, making decision-
making processes opaque

Incorporates explainability — providing insights into decisions
and fostering trust

Application Data analysis, automation, decision support Autonomous systems, real-time decision-making, adaptive busi-
ness strategies, collaborative robotics

Impact on Business Enhances efficiency and consistency in opera-
tions

Drives innovation, improves responsiveness, and supports com-
plex decision-making
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4.3. RQ3: What Frameworks Are Available for the Implementation of Agentic AI?
4.3.1. Agentic AI Frameworks

Agentic frameworks serve as tools for creating AI systems that can operate autonomously, manage
self-directed workflows, and execute actions based on user inputs, data, or predetermined rules. These
frameworks facilitate the creation of agents capable of comprehending natural language, interpreting
intricate instructions, and executing a range of tasks autonomously. The agents utilize AI models, such
as LLMs, to analyze prompts and perform actions like making application programming interface
(API) calls, executing database queries, or automating user interfaces (UI). Understanding the key
frameworks associated with agentic AI frameworks is essential for comprehending their functionalities,
applications, and distinguishing features. The following sections explore these aspects in detail,
highlighting their use cases and interconnected elements.

LangChain: An open-source framework that aims to streamline the development of robust AI
agents utilizing LLMs for intricate, multi-step tasks. The platform offers a user-friendly interface for
linking various models, tools, and external APIs, enabling the creation of sophisticated applications
that can comprehend, analyze, and engage with a wide range of data sources. LangChain’s capacity to
combine document retrieval, decision-making workflows, and tailored language processing pipelines
makes it a valuable tool for developers aiming to build dynamic, context-aware AI agents across
diverse sectors, including customer service and data analytics [117].

LangGraph: An advanced framework for AI agents that integrates language models with knowl-
edge graphs, enabling the development of intelligent, data-driven agents proficient in comprehending
and engaging with intricate information networks [118]. LangGraph is meticulously crafted to em-
power agents through structured data and contextual insights, making it exceptionally suited for
applications demanding profound, domain-specific knowledge and relational comprehension, includ-
ing research assistants, recommendation engines, and knowledge-based systems.

Microsoft AutoGen: This framework is open-source and is specifically engineered for the de-
velopment of sophisticated AI agents and MAS. AutoGen, designed by Microsoft Research, offers a
versatile and robust toolbox for the creation of conversational and task-oriented AI applications. The
focus is on modularity, extensibility, and user-friendliness, allowing developers to build advanced AI
systems with high efficiency [119].

CrewAI: This is a cutting-edge AI agent framework designed to facilitate teamwork and seamless
interactions among various agents. It emphasizes the development of smart agents that collaborate,
share responsibilities, and enhance their actions through real-time communication and decision-
making [120]. CrewAI is great for situations where multiple agents need to work together in a shared
space. It really boosts teamwork and cooperation among autonomous systems, making things more
productive and helping workflows run smoothly.

Microsoft Semantics Kernel: An open-source AI framework created by Microsoft to facilitate
the development of intelligent agents that use LLMs and external technologies for the automation
and orchestration of complex operations. It enables developers to include language processing, task
management, and memory functionalities into AI agents, therefore equipping them to handle a diverse
array of activities with contextual awareness and continuity. Semantic Kernel’s modular architecture
facilitates the development of adaptable, intelligent systems proficient in addressing a variety of
challenges in practical applications [121].

Hugging Face Transformers Agents: Using the possibilities of transformer models, Hugging
Face has developed the transformers agents framework. With this framework, developers may create,
test, and implement AI bots able to do complex natural language tasks under their direction [122].
Combining complex ML models and making them accessible via a single, simple-to-use API not only
gives a strong basis for GenAI and NLP applications but also makes it easier to build smart agents.

Preprints.org (www.preprints.org)  |  NOT PEER-REVIEWED  |  Posted: 22 April 2025 doi:10.20944/preprints202504.1797.v1

https://doi.org/10.20944/preprints202504.1797.v1


23 of 33

MetaGPT: A collaborative open-source framework for multi-agent engagement in organized
activities. METAGPT assigns tasks like engineer, project manager, architect, and product manager to
LLM-powered AI agents to simulate software industry workflows. Agents perform functions such
as competitive analysis and code development, system design, content generation, data analysis,
execution, quality assurance, collaboration, decision-making, user interaction, and self-learning to
achieve task-specific goals [123].

Swarm by OpenAI: OpenAI Swarm is a Python framework designed for the orchestration of
multiple AI agents, enabling collaborative functionality among them [124]. Rather than depending on
a singular LLM instance for all functionalities, Swarm facilitates the creation of specialized agents that
engage in communication and collaboration, akin to a team of experts possessing distinct skill sets.

Flowise: An open-source, low-code development environment to create custom LLM flows and AI
agents. It offers a high-speed development experience and has a user-friendly drag-and-drop interface
that allows users to design both conversational workflows and the agentic system in general. It
supports integration with external tools, uses AI models like LLM, and is ideal for business automation
and task orchestration [125].

OpenAGI: An AGI research platform that is open-source and capable of managing complex,
multi-step tasks. Dynamic model selection, tool integration, and the incorporation of various models
are all integrated. Supports advanced AGI research and experimentation by utilizing task feedback to
self-improve [126].

4.3.2. Key Features and Applications of Agentic AI Frameworks

The key features and applications of agentic frameworks are discussed below.
Integration: This framework enables agents to communicate with external tools, databases, APIs,

and other resources. This allows access to crucial services such as real-time data, internet searches, and
execution of code [64].

Collaboration: These frameworks provide environments in which several agents may communi-
cate, exchange information, and jointly accomplish intricate tasks, therefore emulating human team
dynamics [64].

Memory and Context Management: It maintains conversational history to understand context
across different interactions while managing states for ongoing tasks [128]. This facilitates sustained
work performance and continuity.

Task Planning: Within these frameworks, agents break down complex tasks into manageable
steps, optimize resource allocation, and monitor progress to ensure efficient execution [64].

Safety: Safety elements are incorporated into agentic systems. A compliance with rules, data
security, and ethical AI operation are all areas that could benefit from them [39].

Modules: AI agents may be created using modular building elements that are provided by agentic
frameworks. Including patterns for design, procedures, and principles that cut down on the amount of
time needed for setup and the complexity of development [127].

Diagnostics: Integrated tools for observation and troubleshooting contribute to dependability.
These functionalities facilitate task tracking, issue troubleshooting, and output monitoring [39].

The potential use cases and applications of agentic AI frameworks span a broad spectrum of
fields and businesses, transforming how businesses operate and interact with customers. In customer
service and support, autonomous agents can manage customer inquiries, decrease ticket response
times, and provide bilingual help without continuous human supervision [129]. Similarly, in healthcare
operations, agentic frameworks are automating tasks like claims processing and prior authorization,
streamlining healthcare workflows and improving efficiencies [130,131]. Financial institutions are also
leveraging agentic AI to track transactions swiftly, identify and curtail fraudulent activity, and execute
high-frequency trading strategies [132]. Additionally, agentic systems are optimizing manufacturing
processes through predictive maintenance and logistics planning that adapts to real-time data on
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traffic, weather, and more [133]. Other applications include human resources management, where
agentic frameworks automate resume screening, employee query responses, and related tasks to
accelerate recruitment cycles [134]. Furthermore, autonomous agentic agents are managing energy
usage, security systems, and user preferences in smart homes, and powering the next generation of
autonomous vehicles, drones, and other robotic systems [108].

In essence, the agentic framework enables AI-powered applications to perform human tasks, such
as creating reports, automating workflows, and interacting with APIs, by understanding user needs and
automatically executing actions that align with those needs. These frameworks simplify sophisticated
AI system development by providing reusable building blocks and established methodologies. This
enables developers to focus on high-level applications, leveraging existing solutions rather than
duplicating effort. For SMMEs, adopting frameworks like LangGraph or leveraging tools like Microsoft
Copilot can offer cost-effective and scalable solutions to stay competitive in dynamic markets. These
frameworks allow businesses to move from reactive operations to proactive, adaptive systems that
capitalize on agentic AI’s full potential.

4.4. RQ4: What Are the Barriers and Enablers to Adopting Agentic AI in SMMEs?

Adopting Agentic AI in SMMEs presents both opportunities and challenges. The barriers and
enablers influencing this adoption and potential benefits are discussed in the following.

4.4.1. Barriers to Adopting Agentic AI in SMMEs

Lack of Resources: SMMEs often have considerable resource limitations that impede their
capacity to implement AI solutions. This includes financial limitations and insufficient computing
infrastructure [135]. Many SMMEs struggle to justify the investment in AI due to high costs and the
complexity of deployment, especially when a compelling business case is lacking.

Lack of Technical Expertise: In order to develop and implement agentic AI systems, specialist
technical skills are required. A significant number of SMMEs do not possess the necessary in-house
competence to create, deploy, and operate agentic AI systems [136].

Data-Related Issues: Agentic AI systems need significant quantities of high-quality data to
operate efficiently. SMMEs may have challenges in obtaining, maintaining, and securing data, hence
limiting their capacity to use AI capabilities. [135].

Integration Challenges: Integrating AI solutions into existing workflows and business systems
presents a considerable challenge, particularly for SMMEs operating on legacy systems [137]. These
obsolete systems may lack compatibility with contemporary AI systems, necessitating thorough
assessments and meticulous planning for successful integration. The complexity of these integration
efforts can lead to significant delays and additional costs, discouraging SMMEs from pursuing agentic
AI initiatives.

Cultural Resistance: One of the significant obstacles to adopting agentic AI in SMMEs is cultural
resistance among employees. Many employees are concerned that AI might take over their jobs, which
creates anxiety about their job security [136]. To combat these fears, companies need to engage in
transparent communication, framing AI as a tool that enhances productivity rather than as a threat to
employment. Initiatives aimed at involving employees in the AI implementation process can also help
build trust and acceptance.

Regulatory Challenges: Regulatory compliance poses another barrier for SMMEs looking to
adopt agentic AI. Many industries are subject to stringent regulations, and the increased size and
complexity of these rules can create significant compliance challenges. Startups developing agentic AI
solutions must ensure that their systems can effectively analyze regulations and determine compliance
status. The uncertainty surrounding regulatory frameworks can add to the hesitance of SMMEs to
adopt these technologies [135].
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4.4.2. Enablers to Adopting Agentic AI in SMMEs

Cloud Computing: Cost-effective cloud-based AI solutions can significantly reduce the startup
constraints for SMMEs, allowing them to harness the capabilities of AI without the need for substantial
initial investment. Cloud-based AI platforms provide cost-effective access to computational resources
and pre-trained models, thereby lowering financial and technical obstacles for SMMEs. Cloud plat-
forms like Azure, Google Cloud and AWS offer access to pre-trained models, AI services, and scalable
infrastructure, thereby enhancing the accessibility and affordability of AI for SMMEs [138].

Open-Source Tools and Technologies: The availability of open-source AI tools and libraries
makes it easier for SMMEs to develop and deploy AI solutions. Open-source frameworks and libraries
like LangChain and LangGraph ecosystem, AutoGen, among others provide access to powerful
AI tools at minimal cost, making AI development more accessible to SMMEs with limited budgets
[117,118].

Training and Upskilling Programmes: Building technical expertise within the organization is
another crucial enabler for adopting agentic AI. SMMEs can bridge the skill gap by investing in AI
training and upskilling their employees through dedicated programmes and workshops. Collabo-
rations with technology partners can further inject necessary knowledge into teams, empowering
SMMEs to effectively implement and utilize agentic AI solutions [139].

Collaboration and Partnership: SMMEs can collaborate with other businesses, research institu-
tions, or AI vendors to access expertise, resources, and knowledge, facilitating the adoption of Agentic
AI [139].

Government Support: Government initiatives, such as financial support, and incentives from
taxes, may promote the use of agentic solutions among SMMEs [136].

4.4.3. Benefits of Adoption of Agentic AI for SMMEs

Recent studies have highlighted agentic AI offers notable benefits to businesses, including im-
proved performance optimization, low costs, and a unique market advantage.

Performance Optimization: Agentic AI enables organizations to maintain continuous operations
without human supervision or heightened operational complexity, hence enhancing operational
quality. In contrast to previous AI systems, agentic AI ensures constant quality while perpetually
enhancing and adjusting according to present environmental factors and historical results. This
facilitates expedited decision-making for firms and eliminates obstacles, resulting in more efficient and
dependable operations[139].

Low Costs: Agentic AI, capable of precisely executing intricate tasks autonomously, may provide
significant cost reductions. utilizing agentic AI to automate normal activities enables businesses to
decrease expenses while preserving service quality and expanding operations. The automation of
regular operations enables organizations to redeploy personnel to more important duties [140].

Market Advantage: Agentic AI offers businesses a notable edge in the market by lowering
expenses and enhancing operational efficiency. Rather than focusing on recruiting or upskilling
staff, businesses can leverage agentic AI to implement data-driven strategies on a large scale. As
autonomous AI systems evolve and enhance their capabilities, they hold the promise of taking over
certain human roles, thereby assisting businesses in scaling and maintaining a competitive edge [141].

For SMMEs, the adoption of agentic AI represents a game-changing opportunity to level the
playing field against larger competitors. By addressing key barriers to adoption—such as costs,
data availability, and skill gaps—SMMEs can capitalize on AI solutions to enhance productivity,
innovate processes, and drive economic growth. Moreover, as government initiatives encourage AI
adoption, SMMEs that strategically integrate agentic AI could become leaders in their industries,
thereby contributing to job creation and economic sustainability.
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5. Discussion
The SLR conducted on agentic AI frameworks in SMMEs provides significant insights into the

evolving landscape of AI and its implications for operational efficiency. This discussion synthesizes
findings related to the research questions (RQs) presented in the study.

RQ1 The review reveals that while the concept of agentic AI is gaining traction, research specifi-
cally targeting its application within SMMEs remains limited. Most existing studies focus on larger
businesses with substantial resources, leaving a gap in understanding how these frameworks can
be tailored to meet the unique challenges faced by SMMEs. The literature indicates that SMMEs
often encounter barriers such as resource constraints, lack of technical expertise, and limited access to
scalable infrastructure, which are rarely addressed in broader AI studies. This underrepresentation
underscores the need for more focused research that explores the specific needs and contexts of SMMEs
in adopting agentic AI solutions.

RQ2 Agentic AI frameworks differ fundamentally from traditional AI systems through their
emphasis on decentralization, flexibility, and inter-agent communication. Traditional AI often relies on
centralized models that require extensive resources for implementation and maintenance. In contrast,
agentic AI allows for a network of autonomous agents that can collaborate and adapt in real-time to
changing conditions. This adaptability is particularly beneficial for SMMEs, which must remain agile
in a competitive market. The review highlights that agentic AI’s ability to optimize processes through
dynamic collaboration among agents can lead to enhanced operational efficiency and scalability.

RQ3 The review identifies several frameworks available for implementing agentic AI in business
contexts. These frameworks typically focus on creating ecosystems where interconnected agents can
operate autonomously while sharing information and resources. However, the literature suggests that
there is a lack of comprehensive guidelines specifically designed for SMMEs. Existing frameworks
often overlook the practical constraints faced by smaller enterprises, such as budget limitations and
the need for user-friendly interfaces. Future research should aim to develop tailored frameworks that
consider these constraints while facilitating the effective implementation of agentic AI technologies.

RQ4 Barriers to adopting agentic AI in SMMEs include financial constraints, insufficient technical
knowledge, and a general reluctance to change established processes. The review indicates that many
SMME leaders may not fully understand the potential benefits of agentic AI or how to integrate it
into their operations effectively. Conversely, enablers such as supportive leadership, access to training
resources, and collaborative networks can significantly enhance adoption rates. Furthermore, case
studies within the literature demonstrate that successful implementation often hinges on incremental
changes rather than complete overhauls of existing systems.

Several startups are at the forefront of advancing agentic AI research, driving innovation across
diverse industries. Agency focuses on creating scalable, reliable AI agents and has developed Agen-
tOps, a leading agent observability platform [142,143]. Cognition Labs has introduced Devin, an
advanced agentic AI functioning as a fully autonomous software engineer [144]. In the healthcare
domain, Hippocratic AI is developing agents for low-risk, non-diagnostic tasks such as chronic care
management and wellness coaching. Adept AI is pioneering agents that respond to natural language
commands, enabling the automation of desktop applications and corporate workflows. SuperAGI
is fostering collaboration by open-sourcing its technology stack, which includes Language-Agnostic
Models (LAMs) and autonomous agents. Moveworks integrates LLM capabilities with autonomous
goal-setting, Retrieval-Augmented Generation (RAG), and fluent responses for enhanced decision-
making. Beam offers a robust platform for managing AI agents in business processes, featuring an AI
Agent Hub, pre-trained templates, and customizable solutions. Lastly, NinjaTech AI is developing an
agentic assistant platform with specialized agents designed for tasks such as coding, advising, and
image generation, showcasing the versatility and transformative potential of agentic AI. The emerging
field of agentic AI is progressing at an unparalleled rate, driven by groundbreaking research that
continues to push the boundaries of innovation. These startups are pushing the boundaries of agentic
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AI, enabling SMMEs to automate complex tasks, improve productivity, and enhance decision-making
processes.

6. Conclusion and future work
In conclusion, although agentic AI presents promising opportunities to optimize operational

efficiency in SMMEs, significant gaps remain in research and practical application. Addressing these
gaps requires targeted studies that focus on the specific challenges faced by smaller enterprises
and the development of adaptable frameworks that facilitate the seamless integration of agentic AI
technologies. As this field evolves, continued exploration will be crucial to unlock the full potential of
agentic AI within the diverse ecosystem of SMMEs. Recent advances and trends in agentic AI research
reflect a dynamic and rapidly evolving field. From enhanced language models and reinforcement
learning techniques to applications in robotics and edge computing, the progress made over the last
five years has expanded the possibilities for agentic AI systems.

However, challenges related to ethics, robustness, and scalability remain areas for continued
research. As the field advances, agentic AI has the potential to revolutionize industries and drive
innovation in various domains, including healthcare, finance, and beyond. Looking ahead, it is evident
that agentic AI will be essential in addressing complex global issues and creating new possibilities
across many sectors. The future of agentic AI involves not just enhanced algorithms but also the
development of systems that conform to ethical standards and social requirements. Ongoing research
and collaboration will be essential for ensuring that these intelligent agents constructively impact
human advancement. SMMEs are still in the early stages of leveraging agentic AI systems, and several
challenges must be addressed. The challenges include the absence of a framework to enhance adoption
and execution, insufficient resources, and concerns over data privacy and security.
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