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Swarm intelligence (SI) is a paradigm in computing and decision-
making processes based on the collective behavior of decentralized
agents, including insects, birds, and fish. This study examines the
extensive application and development of SI in decision sciences and
project management, highlighting its significance in improving future
decision-making and collaborative efficiency across multiple sectors,
such as logistics, healthcare, urban planning, and project-oriented
contexts.

This study employs a mixed-methods approach, combining theoretical
and empirical research to gain a comprehensive understanding of SI and
its role in modern decision-making scenarios. The methodology is
separated into three sections: an evaluation of the literature, a case
study, and a comparative analysis. These approaches were used to
showcase SI's adaptability and efficacy in addressing complex, dynamic
challenges through collective behavior, decentralization, and self-
organization principles.

The research emphasizes the effectiveness of SI algorithms, particularly
Ant Colony Optimization (ACO) and Particle Swarm Optimization
(PSO), in practical applications, enhancing processes and outcomes
across various sectors and project environments. The study also
examines the real-world applications and theoretical implications of SI,
addressing challenges and future prospects for deeper integration into
decision-making frameworks, especially in areas such as resource
allocation and team collaborations within project management.

The findings reveal that SI not only improves decision-making
efficiency but also offers resilient solutions adaptable to evolving
conditions. This makes SI a pivotal methodology in advancing decision
sciences and elevating project management outcomes. By fostering
collaboration and optimizing resource allocation, SI emerges as a
transformative tool in contemporary project management, enhancing the
discipline's ability to navigate uncertainty and complexity in the future
of work and project management domains.
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Introduction

Swarm intelligence (SI) is known as the collective behaviour of decentralized, self-
organizing systems, that is either natural or artificial. It was inspired by biological
patterns observed in nature, such as ant colonies, bird flocking, mammal herding,
bacterial growth, and fish schooling. Simple agents in these systems adhere to
fundamental rules, whereas sophisticated global behaviours emerge because of local
interactions with their environment and one another in the absence of centralized
supervision. This emergent behavior separates SI by demonstrating that basic agents may
solve complex problems through collective effort (Saleem et al., 2011).

Figure 1: Basic concept of swarm intelligence

As shown in Figure 1, Figure 1 illustrates the basic concept of swarm intelligence,
where individual agents (such as birds or robots) interact locally with each other and their
environment to produce intelligent group behavior. Swarm’s intelligence originates from
biological foundations and its extension includes artificial intelligence applications,
created by a computer system to emulate the natural behavior to solve optimization and
decision-making. An example includes algorithms such as Ant Colony Optimization
(ACO) and particle Swarm Optimization (PSO), which was developed using ant foraging
behaviors and bird swarming patterns, respectively. These algorithms are versatile,
scalable, and robust, making them suitable for a variety of applications, including
network routing and challenging optimization difficulties (Karaboga & Akay, 2009, 1a).
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Figure 2: Particle Swarm Optimisation (PSO) algorithm II.
(Source: Chinnasamy et al., 2015).

The figure 2 illustrates how agents communicate with each other indicated by the
arrows and adapt to changes in the environment to solve problems. Swarm intelligence
represents a dramatic shift in the way complicated issues are addressed, leveraging the
strength of collective intelligence to achieve goals that individual agents would find
difficult or impossible on their own. This issue is still expanding, with researchers
exploring its potential in fields like engineering, computer science, and social sciences.

Historical context and evolution of ST

The history and evolution of swarm intelligence (SI) in decision sciences can be
traced back to the study of natural systems, namely the collective behavior of social
insects such as ants, bees, and termites. This interest in natural collective behavior has led
to the creation of algorithms for optimization and problem-solving that replicate
comparable patterns. SI gained significant traction in the late 1980s and early 1990s with
the development of algorithms such as Ant Colony Optimization (ACO) and Particle
Swarm Optimization (PSO), which have since proven invaluable in computational
intelligence and decision-making.

In the 1990s, academics like Karaboga and Akay created the Ant Colony
Optimization algorithm based on ant foraging behavior, making significant
breakthroughs. The particle swarm optimization method, inspired by bird and fish
collective movements, was introduced next. Karaboga and Akay (2009, 1b) found that
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these algorithms are effective in addressing complex optimization challenges and
enabling collaborative, decentralized problem-solving.

SI has numerous applications in the decision sciences, including solving complicated
and dynamic problems in logistics, supply chain management, healthcare, and urban
planning. Its adaptability and effectiveness in identifying optimal solutions have made it
an essential tool in decision-making processes. SI is differentiated by its decentralized
nature, in which simple agents interact locally with one another and their surroundings,
resulting in the emergence of global behaviors. This characteristic makes SI appropriate
for modern decision sciences, which usually involve complicated, interconnected
systems.

SI has progressed beyond the basic algorithms, incorporating a wide range of variants
and new algorithms inspired by various natural events. This evolution has broadened the
decision-making toolkit, exhibiting a growing appreciation for the SI's ability to provide
robust, flexible, and efficient solutions to tough decision-making difficulties. Karaboga
and Akay's (2009 1b) overview examines the development and application of SI
algorithms such as ACO and PSO, emphasizing their importance in decision sciences and
other fields.

Significance of SI in contemporary project decision-making

Swarm intelligence (SI) has a significant impact on current decision-making,
improving problem-solving and maximizing outcomes across industries. SI, which
replicates the collective behaviour of biological animals like bees and ants, is beneficial
in scenarios that necessitate distributed problem-solving and decision-making. It has a
wide range of applications, from logistics to healthcare, where it helps with diagnosis and
treatment planning (Rosenberg and zx

SI helps firms make strategic decisions, analyze markets, and increase operational
efficiency. The technology behind SI, artificial swarm intelligence (ASI), has shown the
ability to increase the collective intelligence of human organizations, boosting decision
accuracy in financial projections, economic forecasts, and medical diagnostics (Metcalf et
al., 2019). The ASI integrates different perspectives inside groups, enabling convergent
decision-making that outperforms individual judgements.

Furthermore, SI's role in the Internet of Things (IoT) highlights its versatility in
coordinating massive networks of devices to enable intelligent, automated decision-
making (Sun et al., 2020). SI's self-organising power ensures robustness and flexibility in
dynamic conditions, making it an indispensable component of modern decision sciences.
Thus, the importance of SI in modern decision-making scenarios arises from its ability to
provide scalable, efficient, and flexible solutions across complex and interconnected
systems and projects.

Research objectives

This research strives to examine the complicated world of swarm intelligence (SI) in
the context of decision-making processes to manage various projects affecting human
existences. The study's goal is to deconstruct the numerous mechanisms of SI and assess
their impact on the efficiency, adaptability, and efficacy of decision-making, resource
allocation, team collaborations across multiple project management sectors.

Background

Swarm Intelligence (SI) has its roots in the natural world, where insects, birds, and
fish collectively solve problems with astonishing efficiency. Swarm intelligence
framework originated from the biological system’s observation (Karaboga & Akay, 2009
la), and it was originated in the late 1980s.
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SI gained popularity in the 1990s with the release of algorithms such as Ant Colony
Optimization (ACO) and Particle Swarm Optimization. These algorithms, inspired by ant
foraging behavior and bird swarming, were significant developments in science. Marco
Dorigo and colleagues developed ACO to solve the travelling salesman problem by
simulating pheromone trail-laying and tracking ant behavior.

Figure 3: Movements of ants (inspired by the example in the work of Dorigo et al). (Source: Phan et al., 2020)

This above Figure 3 illustrates how the algorithm’s model of pheromone trails leads
to the population’s tendency to choose the shorter of two paths. In 1995, Kennedy and
Eberhart created Particle Swarm Optimization (PSO), a method for solving numerical
problems that resemble the social behavior of bird swarming. These findings revealed SI
algorithms' versatility and efficiency in dealing with difficult problems across different
domains (Houssein et al., 2021).

The figure highlights the algorithm’s tendency to converge on the optimal solution
(the shorter path) by simulating this pheromone-based decision-making process. This
model is crucial in this research as it demonstrates how swarm intelligence can be used to
solve optimization problems, such as routing and pathfinding tasks. The approach,
inspired by real-world ant behavior, is demonstrated in the source work of Phan et al.
(2020).

SI has evolved beyond these initial models to include a broader range of algorithms
inspired by various natural phenomena, such as the Bee Algorithm, which is inspired by
honeybee foraging behavior, and the Firefly Algorithm, which is based on firefly
bioluminescent communication (Roy, Biswas, and Chaudhuri, 2014). This success
reflects the field's growth and diversity, with academics constantly studying and
developing solutions to optimization problems in engineering, logistics, healthcare, and
several other areas.
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Figure 4: A representation of the elements of the Bees Algorithm (BEA). Showing the relationship between scout

bees, patch size, and recruitment Source: (Phan et al., 2020)

Figure 4 illustrates the key elements of the Bees Algorithm (BEA), specifically
highlighting the relationship between scout bees, patch size, and recruitment. As shown
in the figure, scout bees are responsible for exploring new areas to find potential food
sources. Once a scout bee discovers a promising patch, it recruits other bees to join in
exploiting that patch. The figure visually demonstrates how the patch size affects the
recruitment process larger patches, or those with higher food quality, typically result in
stronger recruitment of worker bees.

Literature review

The discovery of Swarm intelligence (SI) was centered on three core principles,
namely collective behavior, decentralization, and self-organization. These ideas are based
on natural systems, notably the behavior of social insects like ants, bees, and termites,
which operate independently but achieve complicated goals through basic interactions
(Garnier, Gautrais, & Theraulaz, 2007).

Collective behavior

This is the first pillar of SI, in which individual agent interactions influence the
group's overall activities. These interactions culminate in advanced problem-solving
abilities, as seen by ants finding the shortest path to food sources or birds flocking
together in a coordinated fashion. The collective is found not on a single agent's
knowledge, but on the various interactions of all agents, each of which adheres to simple
principles (Webb, 2002).
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Figure 5: Several models of collective behavior. Source: (Grosan et al., 2007)

a) Swarm: This model illustrates a classic example of swarm intelligence, where
individuals (e.g., birds, insects, robots) follow simple local rules that lead to emergent
global behaviour. The figure demonstrates how agents in a swarm work together, often
with no centralized control, to achieve a common objective, such as foraging or
navigating.

(b) Torus: In this model, agents are arranged on a toroidal grid, meaning the
boundaries of the grid are connected, creating a continuous loop. This model helps
simulate behaviours in environments where agents are constrained in their movement, yet
the system’s overall behaviour remains intact due to the seamless interactions at the
boundaries.

(c) Dynamic Parallel Group: This model focuses on how a group of agents may
operate in parallel but with dynamic interactions that can change over time. The agents
can switch between different roles or strategies within the group, adapting to changing
conditions or objectives. It illustrates flexibility in decision-making and group
coordination.

(d) Highly Parallel Group: This model represents a scenario where many agents work
simultaneously in a highly parallel fashion, each focusing on a specific task within a
larger goal. It’s often used to simulate systems with many agents working cooperatively
or competitively towards optimization.
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Decentralization

This refers to the lack of a centralized control unit that directs the agents' actions.
Instead, each agent in the swarm operates on local data and simple rules. This SI
component ensures flexibility and robustness, allowing the system to adjust to
environmental changes while continuing to function even if some agents fail (Dorigo,
2008).

Self-Organization

This is the process by which order, and structure emerge from local interactions
among agents. This principle is fundamental to the adaptability and dynamic nature of SI
systems in project management which is a difficult global pattern and behaviors emerge
from the collective local actions of individual agents through self-organization,
frequently leading to the efficient resolution of difficult problems (Shebin &
Mallikarjunaswamy, 2018).

These principles underpin the functionality of SI systems, allowing them to perform
complicated tasks robustly and flexibly like the natural systems that inspire them. SI's
power originates from its ability to employ individual agents' basic skills to build
sophisticated and intelligent global behavior, making it an excellent strategy for
addressing a wide range of problems across several domains.

Major algorithms in SI

There are two main Swarm Intelligence (SI) algorithms, such as Ant Colony
Optimization (ACO) and Particle Swarm Optimization (PSO). These two main Swarm
Intelligence algorithm solve complex problems by leveraging collective behavior,
decentralization, and self-organization.

Ant Colony Optimization (ACO), inspired by ant foraging behavior, was introduced
in the early 1990s. On ACO, ants seek optimal pathways on a graph in the same way that
real ants find the shortest route between their nest and food source. Ants accomplish this
by laying down pheromones, which form a stigmergic communication system that
indirectly directs other ants along the most effective paths. ACO has shown effective in
solving complex optimization challenges, such as network routing, scheduling, and the
travelling salesman problem (Karaboga & Akay, 2009 1a).

Food
source

Food
source

(b) (c)
6: Natural behavior of the ants to find the shortest path Source: (Jain, 2017)

Particle Swarm Optimization (PSO), developed in the mid-1990s, is influenced by the
social behavior of flocking birds and schooling fish. In PSO, a swarm of particles
navigates the problem space using the best-known search positions, which are updated as
better ones are discovered.
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Figure 6 illustrates the natural behavior of ants in their quest to find the shortest path
between their nest and a food source. The figure demonstrates how ants use pheromone
trails to communicate with each other and guide their collective movement. When an ant
discovers a path, it deposits a small amount of pheromone along the route, which attracts
other ants to follow the same path

These imitate how groups of birds or fish coordinate their movements. PSO is well-
known for its simplicity and efficacy in achieving optimal solutions, and it is widely used
in continuous and discrete optimization issues such as electrical circuit design, power
system optimization, and machine learning (Shelokar et al., 2007).

Role of SI in project management decision-making

Swarm intelligence (SI) has been extensively explored for its role in decision-making
across a variety of areas, demonstrating its adaptability and efficiency in dealing with
complex problems. SI ideas have been utilized in wireless sensor networks to create
routing algorithms that improve information flow via node decentralization and self-
organization behavior, resulting in efficient data transmission and network administration
(Saleem, Caro, & Farooq, 2011).

Artificial Swarm Intelligence (ASI) has been used in business and finance to enhance
human organizations' collective intelligence, improving decision accuracy in areas like as
financial forecasting, business forecasting, and medical diagnostics. ASI helps businesses
achieve optimal solutions by using different perspectives and encouraging effective

decision-making processes (Rosenberg & Willcox, 2019).
Optimized

Forecasts
Decisions
Estimations
Assessments
Insights
Diagnoses

Networked Emergent

Human Groups Intelligent System
Figure 7: Artificial Swarm Intelligence. Source: (Rosenberg & Willcox, 2019)

Figure 7 illustrates the concept of Artificial Swarm Intelligence (SI) and its
application across a range of domains. SI has also aided data mining and analysis with
algorithms such as Ant Colony Optimization (ACO) and Particle Swarm Optimization
(PSO), which have been used to cluster data, optimize network layouts, and solve other
complex computational problems, demonstrating SI's ability to extract patterns and
insights from large datasets (Martens et al.,2010).

Furthermore, SI has played an important role in the Internet of Things (IoT), where it
manages and optimizes the behaviour of interconnected devices, enabling efficient,
autonomous decision-making across a wide range of applications, from smart homes to
urban traffic control, demonstrating SI's scalability and robustness in complex system
management (Sun et al., 2020).

Beyond traditional industries, Swarm Intelligence is advancing environmental
management, space exploration, and renewable energy. Environmental management
employs SI algorithms to model and forecast pollution patterns, allowing for more
effective conservation strategies (Mohamed et al., 2017). Similarly, in space exploration,
NASA is looking at SI-based autonomous navigation systems for planetary rovers to
improve their ability to make decisions and adapt to unexpected terrains (Vassev et al.,
2010). SI optimizes energy distribution and storage in smart grids to ensure optimal
efficiency and reliability in the renewable energy industry (Matrenin et al., 2020).

Open Science Journal — June 2025



Open Science Journal

Research Article

Methodology

This study employs a mixed-methods approach, combining theoretical and empirical
research to gain a comprehensive understanding of swarm intelligence (SI) and its role in
modern decision-making scenarios. The methodology is separated into three sections: an
appraisal of the literature, a case study, and a comparative analysis.

Evaluation of Iiterature

The research undergoes a systematic review of the literature to create a sound
theoretical foundation for the study. As shown below this included conducting a thorough
analysis of existing scholarly papers, research articles, and significant literature on swarm
intelligence, its core principles, algorithms, and applications in a range of disciplines.

Literature Review Methodology

[ Start ]
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making, finance

2
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Figure 8: Literature review methodology flowchart

The literature on the historical evolution of SI, its core concepts (collective behavior,
decentralization, and self-organization), and its implementation into decision-making
processes was given significant attention as shown in figure 8 above. The literature
review synthesizes the current level of knowledge on the subject, identify gaps, and
builds the framework for the upcoming empirical study. It also helped to identify relevant
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case studies and real-world applications of SI in decision-making, which influenced the
cases chosen for in-depth research.

Case study analyses

We conducted a series of case studies to reinforce the theoretical insights gained from
the literature review, examining the practical applicability and efficiency of SI in
decision-making scenarios across multiple industries. We carefully picked case studies
from several areas, including logistics, healthcare, business, finance, and Internet of
Things (IoT) applications.

Comparative analysis

This study focused significantly on comparative analysis, allowing for a
comprehensive examination of various swarm intelligence algorithms, applications, and
performance across multiple decision-making scenarios. This analysis contained:

Algorithm Comparison: Several swarm intelligence algorithms (e.g., Ant Colony
Optimization, Particle Swarm Optimization, Artificial Bee Colony) were assessed in
terms of fundamental principles, computational complexity, convergence rates, and
application to certain issue kinds or domains.

Case Study Comparison: The results, problems, and lessons learned from many case
studies were compared and contrasted to identify common patterns, strengths, and
limitations of swarm intelligence approaches in different decision-making contexts.

Cross-Domain Comparison: To assess the versatility and adaptability of swarm
intelligence approaches, their effectiveness and application were evaluated across a wide
range of domains, including logistics, healthcare, business operations, and engineering.

Table 1: Swarm Intelligence Comparative Analysis

. Case Stud
Algorithm Y . .
Aspect . Cross-Domain Comparison
Comparison )
Comparison
Principles,
computa?lonal Results, problems, Adaptability across logistics,
Focus complexity, lessons from real-world . . .
. . healthcare, business, engineering
convergence, implementations
application domains
Ant‘ L Colony Various industry-specific
Optimization, .
Key . case studies (e.g., L . .
. Particle Swarm |, . . ..~ ®”Evaluation in multiple domains
Algorithms/Examples L logistics  optimization,
Optimization, healthcare scheduling)
Artificial Bee Colony &
Deep qnderstandmg Practical insights into Shows flexibility and scalability
Advantages of technical strengths [success  factors  and
of SI methods
and weaknesses challenges
. May not capture real- Limited generalizability| Domain-specific tailoring often
Disadvantages world  performance . .
across domains needed for effectiveness
nuances
Clear differentiation Identification of]|Assessment of overall
between ST o
Outcome . common patterns and|[robustness and transferability of
algorithms based on|. . .
. o limitations SI methods
technical criteria
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Warehouses

Analysis

This section presents a comprehensive evaluation of swarm intelligence (SI)
applications in a variety of decision-making contexts, supported by relevant case studies
and examples. The analysis is based on data collected during the literature review, case
study analyses, and the analytical techniques described in the methodology.

Recent research in Swarm Intelligence (SI) has expanded its application possibilities,
providing promising results in sectors such as autonomous systems, smart grids, and
pandemic response approaches. Smith and Tan's (2023) research, for example,
demonstrates how SI algorithms may optimize resource distribution in real-time during a
health crisis, significantly improving response times and efficiency. These advancements
highlight SI's dynamic character and growing usefulness in rapid, real-time decision-
making procedures across a wide range of crisis scenarios.

Supply Chain and Logistics SI have demonstrated considerable potential in
optimizing supply chain and logistics operations, which usually include complex
decision-making processes with several constraints and goals. The Ant Colony
Optimization (ACO) technique has been widely employed in this field, utilizing ant
colony behavior to discover optimal pathways and resource allocation.

Case Study: The optimization of truck routes for a large logistics company operating
in multiple cities was highlighted by Zhao et al. (2021). The researchers employed an
ACO-based approach to cut transportation costs, accounting for route distances, delivery
time windows, and vehicle capacity. The results revealed a significant reduction in
overall transportation costs when compared to traditional routing options, demonstrating
SI's effectiveness in dealing with real-world logistical challenges.
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A\@m Destination port
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Figure 9: Graphical representation of the outbound supply chain.
Source: (Dzalbs & Kalganova, 2020)

Figure 9 presents a graphical representation of the outbound supply chain, each
warehouse is connected to one or many origin ports p. The shipping lane between the
origin port p and destination port j is a combination of courier c, service level s, delivery
time and transportation. Source: (Dzalbs & Kalganova, 2020)

SI methods have been used in healthcare and medical decision-making, resulting in
improved diagnosis, treatment planning, and resource allocation. The Particle Swarm
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Optimization (PSO) approach, which is based on the collective behaviour of bird flocks
or fish schools, has proven particularly useful in these scenarios (Gad, 2022; Wang et al.,
2017).

Pang et al. (2020) employed PSO to improve radiotherapy treatment regimens for
cancer patients. The algorithm considered several objectives, including increasing tumor
coverage while reducing radiation exposure to healthy organs. The PSO-based approach
outperformed standard treatment planning methods, yielding more effective and
personalized treatment regimens for each patient.

According to D. Oyekunle et al. (2024), the research contributes to discussions on
building trust and improving decision-making in technology, highlighting the importance
of interdisciplinary collaboration to tackle societal challenges brought on by
technological advancements. Similarly, swarm intelligence (SI) can be applied to enhance
decision-making in areas such as portfolio optimization, market analysis, and risk
management. Artificial Swarm Intelligence (ASI), which combines human intelligence
with ST algorithms, has shown promising results across various fields.

Case Study: Metcalf et al. (2019) employed Artificial Swarm Intelligence (ASI) to
enhance stock portfolio selection and allocation. The study includes human participants
who make investment decisions alongside SI algorithms. The ASI method outperformed
both individual human decisions and traditional optimization algorithms, demonstrating
the benefits of combining aggregate human intelligence with SI methodologies in
financial decision-making.

Prediction Model

A 4
Portfolio Allocation

Model Parameters pr— Stock Weights

A

Cumulative Return

Optimizer

< Optimal Set

Figure 10 : Portfolio optimisation model.
Source: (Ta, Liu, & Tadesse, 2020)

Figure 10 presents a Portfolio Optimization Model, which is designed to assist in the
process of allocating resources across various assets in a way that maximizes returns
while minimizing risk.

Open Science Journal — June 2025

13



Open Science Journal

Research Article

T< T Dispatchable
generator

o n Reviewable
m‘ =y Source

SI has emerged as a powerful tool for managing and optimizing the behaviors of
networked devices in the Internet of Things (IoT) and smart systems. SI algorithms,
decentralized and self-organizing nature, make them perfect for coordinating complicated
networked devices and enabling efficient, autonomous decision-making.

Case Study: Fathi et al. (2021) studied the use of SI algorithms to improve energy
management in smart homes. To control energy use, the researchers developed a hybrid
technique that included Ant Colony Optimization (ACO) and Particle Swarm
Optimization (PSO), accounting for user preferences, weather conditions, and energy
prices. When compared to traditional energy management systems, the findings showed
significant energy savings and better user comfort.

The energy aggregator enabled by SI optimization can
perform eflicient energy scheduling with respect to the
uncertainty of energy sources such as solar energy, vehicles

to grid, and e¢lectricity markets, in order to meet the various
load demands.

Energy Aggregator

= D

@ Market Pluce

m} Customer
Demand

L EI.L'§ B

Swarm Intelligence
Optimization

Figure 11: Energy Aggregator-Smart Home Energy Management. Source: (Pham et al., 2021)

Figure 11 depicts the concept of an Energy Aggregator within a Smart Home Energy
Management (SHEM) system, which plays a crucial role in optimizing energy
consumption in residential environments. In this model, the Energy Aggregator acts as an
intermediary that collects and manages the energy demand and supply of multiple smart
homes. The goal of the aggregator is to optimize energy use by balancing the available
renewable energy, energy storage, and grid interaction, ensuring efficient and cost-
effective energy distribution.

Global case studies underscore the versatility of swarm intelligence (SI) across
various cultural and economic landscapes. For instance, Africa has successfully
employed SI to optimize agricultural supply chains, thereby bolstering food security and
promoting economic stability. In Asia, smart city initiatives leverage SI to manage traffic
and public transportation, leading to significant reductions in congestion and pollution.
These cases not only highlight SI's global applicability but also its capacity to address
specific regional challenges, making it a powerful decision-making tool adaptable to
diverse environments. However, as highlighted by D. Oyekunle et al. (2024),
implementing Al projects in multidisciplinary teams poses governance challenges.

Achieving a balance between technical expertise and ethical considerations,
harmonizing diverse decision-making styles, and managing power dynamics will be
critical to the success of Al projects D. Oyekunle et al. (2024). Thus, these factors must
be carefully navigated to maximize the benefits of SI, ensuring its effective integration
and application in complex, collaborative environments.

Open Science Journal —June 2025

14



Open Science Journal

Research Article

A comparative analysis of SI and traditional models

Traditional decision-making models, such as linear programming, integer
programming, and exhaustive search methods, usually fail to be efficient when dealing
with large-scale, complex scenarios involving multiple constraints and variables. As the
size of the problem grows, the processing needs and solution timescales for these
traditional methods may become excessively expensive or perhaps unsolvable.

In contrast, SI algorithms are frequently more efficient at solving difficult
optimization problems, particularly in high-dimensional search spaces. Their
decentralized nature and parallel processing capabilities let them to more efficiently
explore the solution space, resulting in near-optimal solutions in a reasonable length of
time.

For example, in a truck route optimization case study (Zhao et al., 2021), the Ant
Colony Optimization (ACO) algorithm was able to find efficient routes for a large fleet of
trucks across multiple cities while considering various constraints such as delivery time
windows and vehicle capacities. Traditional routing systems would have struggled to deal
with the combinatorial complexity of this circumstance.

Effective Traditional decision-making models usually simplify assumptions or
linearize challenging constraints to make situations more manageable. However, these
assumptions can jeopardize the solutions' accuracy and effectiveness, particularly in
dynamic, real-world scenarios.

SI algorithms, on the other hand, are designed to handle nonlinear, multi-objective
problems without the requirement for simplifying assumptions. Their ability to
collaboratively explore the solution space and adapt to changing conditions improves
their efficacy in finding high-quality solutions to complex, real-world problems.

For example, in a cancer treatment planning case study (Pang et al., 2020), the
Particle Swarm Optimization (PSO) algorithm produced highly effective treatment plans
by optimizing multiple objectives at the same time, such as maximizing tumour coverage
and minimizing radiation exposure to healthy tissues. Traditional treatment planning
systems usually fail to effectively balance these competing goals.

Adaptability Traditional decision-making methods are frequently static and inflexible,
demanding considerable adjustments or reconfigurations to address changing situations
or difficulties. This can be time-consuming and costly, especially in dynamic situations
where prompt response is required.

SI algorithms, on the other hand, are innately flexible and self-organizing, which
means they can modify their behavior and solutions in response to environmental changes
or issue constraints. Their decentralized nature and emphasis on local interactions let
them respond more quickly to dynamic environments, making them excellent for
decision-making in rapidly changing contexts.

For example, in a case study on smart home energy management (Fathi et al., 2021), a
hybrid SI strategy that combined ACO and PSO was able to alter energy consumption
patterns in real-time based on user preferences, weather conditions, and energy costs.
Traditional energy management systems would struggle to adapt to these shifting
conditions.

While traditional decision-making models have advantages in certain scenarios, the
comparative analysis focuses on SI algorithms' efficiency, efficacy, and flexibility when
faced with complex, dynamic, and multi-objective decision-making difficulties. SI's
ability to harness collective intelligence, self-organization, and decentralized processing
makes it a powerful and versatile tool for tackling current decision-making challenges in
a wide range of disciplines.

Integration of SI in different sectors
The usage of swarm intelligence (SI) technologies has increased dramatically in a

range of industries, driven by the desire to address challenging decision-making
difficulties and optimize operations. This section discusses the application of SI in
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disciplines such as logistics, healthcare, and urban planning, using statistics and research
findings.

Logistics and supply chain management

The logistics and supply chain management industries have been prominent
supporters of SI techniques, particularly Ant Colony Optimization (ACO) algorithms.
These algorithms have proven to be extremely effective at optimizing routing,
scheduling, and resource allocation problems, all of which are critical for efficient
logistical operations.

A study by Jovanovi¢ et al. (2017) demonstrated that ACO can efficiently optimize
truck routing for major logistics organizations. The ACO algorithm outperformed
traditional routing approaches, resulting in a 12% reduction in total transportation costs
and a 9% decrease in overall route distance. Similarly, Hu et al. (2018) employed ACO to
improve container stacking procedures at a port terminal, resulting in a 15% gain in
efficiency above manual planning methods.

Ant Colony Optimization

gl .

12% reduction in costs 9% reduction in distance  15% increase in efficiency

N .

Transportation Container Stacking

Figure 12: Graph diagram illustrating the performance improvements of the Ant Colony Optimization (ACO)

algorithm in transportation and container stacking

This graph diagram in Figure 12 demonstrates the performance improvements
achieved through the use of the Ant Colony Optimization (ACO) algorithm in two key
logistics applications: transportation optimization and container stacking. These findings
demonstrate the potential for SI algorithms to increase operational efficiency, reduce
costs, and improve decision-making in the logistics business, where complex routing,
scheduling, and resource allocation difficulties are widespread.

Healthcare and medical decision support

SI techniques are popular in the healthcare industry due to their ability to tackle
complex, multi-objective decision-making problems such as treatment planning, resource
allocation, and disease diagnostics.

Pang et al. (2020) employed particle swarm optimization (PSO) to improve
radiotherapy treatment plans for cancer patients. When compared to traditional treatment
planning methods, the PSO-based strategy increased tumour coverage while exposing
less healthy tissues to radiation. Similarly, Geem et al. (2021) employed the Harmony
Search algorithm, which was inspired by musicians' improvisation processes, to optimize
the design of an artificial liver system, resulting in improved biocompatibility and
functionality.

These examples demonstrate how SI techniques can improve medical decision-
making processes, resulting in better patient outcomes and more efficient resource
utilization in the healthcare business.
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Urban planning and smart cities

The rapid urbanization and increasing complexity of modern cities have necessitated
the employment of creative decision-making approaches, with SI emerging as a feasible
solution for urban planning and smart city initiatives.

Ghavami and Noori (2021) employed Ant Colony Optimization (ACO) to improve
the design and layout of urban transportation networks while accounting for traffic flow,
environmental effects, and accessibility. The ACO-based methodology outperforms
standard network design methods, yielding more efficient and ecologically friendly
transportation systems.

Furthermore, Fathi et al. (2021) suggested a hybrid SI technique for smart home
energy management that incorporates ACO with particle swarm optimization (PSO).
Their findings revealed significant energy savings and improved user comfort when
compared to traditional energy management systems, demonstrating SI's potential to
enhance sustainable urban living and smart city projects.

According to the study findings and case studies, the convergence of SI with other
cutting-edge technologies, including blockchain and big data analytics, is opening new
decision-making opportunities. Blockchain technology, with its decentralized and
transparent character, supports SI principles by enabling safer and reliable decision-
making procedures (Thakur et al., 2023). Big data analytics, when combined with SI, can
process and analyze large amounts of data to discover insights and trends, improving
decision-making accuracy and speed. Gupta et al. (2016) anticipate that these
technological integrations will revolutionize the landscape of SI decision-making,
expanding, enhancing its robustness, transparency, and data-driven studies. The
integration of SI techniques has yielded positive outcomes in a variety of industries,
demonstrating their ability to effectively address tough optimization and decision-making
difficulties. SI approaches can help to improve operational efficiencies, resource
allocation, and decision-making processes, and encourage sustainable practices in
industries such as logistics, healthcare, blockchain, big data analysis, and urban planning.

Findings and discussions
Increased decision-making efficiency

The study discovered that SI algorithms, like Ant Colony Optimizations (ACO) and
Particle Swarm Optimization (PSO), significantly improve the efficiency of decision-
making processes across many domains. SI techniques, as opposed to classical
optimization methods, are better adapted to dealing with large-scale, complex problems
involving several constraints and variables, yielding near-optimal solutions in a
reasonable amount of time.

For example, in Zhao et al's (2021) logistics case study, the ACO algorithm
efficiently optimized truck routes across many sites, accounting for factors such as
delivery time windows and vehicle capacities. Traditional routing systems would have
struggled to deal with the combinatorial complexity of this circumstance.

Improved solution quality and effectiveness

SI algorithms have proven their ability to generate high-quality, effective responses to
complex, real-world decision-making scenarios. Their capacity to approach nonlinear,
multi-objective issues without simplifying assumptions improves the solutions'
correctness and effectiveness.

Pang et al. (2020) used a healthcare case study to show how the PSO algorithm might
optimize cancer treatment plans by increasing tumour coverage while reducing radiation
exposure to healthy tissues, resulting in more effective and personalized treatment plans
than traditional methods.
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Adaptation to dynamic environments

SI techniques are noted for their inherent adaptability and self-organizing nature,
which allows them to adjust their behavior and solutions in response to changing
conditions or problem constraints. This property makes SI algorithms excellent for
decision-making in rapidly changing situations, such as smart home energy management
(Fathi et al., 2021) or urban transportation network design (Ghavami & Noori, 2021).

Improved resource utilization and cost savings.

SI techniques, which optimize decision-making processes, can result in more efficient
resource allocation and cost savings across a wide range of businesses. In logistics,
Jovanovi¢ et al. (2017) and Hu et al. (2018) discovered that employing ACO algorithms
lowered transportation costs and route distances.

Multidisciplinary applications

SI approaches have been effectively utilized in a variety of industries, including
logistics, healthcare, business and finance, urban planning, smart systems, blockchain,
and big data analysis, demonstrating their versatility. This broad applicability
demonstrates SI's ability to address complex decision-making difficulties in a variety of
settings.

Implications of the findings

The findings from the research of swarm intelligence (SI) and its applications in
decision-making are significant for the field of decision sciences. We can look at these
repercussions from a variety of perspectives.

Theoretical implications

SI algorithms' ability to handle complex real-world decision-making problems throws
into question traditional optimization and decision-making frameworks. The findings
show that the principles of collective behaviour, decentralization, and self-organization
that underpin SI techniques give a powerful and successful approach to issue-solving.
This challenges the usual notion of centralized, top-down decision-making procedures
and emphasizes the importance of collective intelligence and emergent behaviour.

Furthermore, the adaptability and durability demonstrated by SI algorithms in
dynamic contexts need a reconsideration of the assumptions and limits inherent in
traditional decision-making paradigms. To account for the complexities and uncertainties
of today's settings, decision sciences may require a more adaptable framework.

Methodological implications

The findings highlight the need to combine SI techniques and algorithms into decision
sciences methodological toolkits. Traditional optimization methods and decision-making
models may not be adequate to address the multidimensional, nonlinear, and dynamic
nature of today's scenarios.

The combination of SI approaches, such as Ant Colony Optimization (ACO), Particle
Swarm Optimization (PSO), and Artificial Swarm Intelligence (ASI), can provide
decision scientists with powerful tools for dealing with difficult optimization and
decision-making scenarios across different domains. This could lead to the development
of new hybrid methodologies that combine SI's strengths with traditional decision-
making methods, resulting in more robust and effective solutions.
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Practical implications

SI's successful deployments in industries such as logistics, healthcare, business, and
urban planning demonstrate the techniques' usefulness and potential impact on real-world
decision-making. The findings highlight the potential for greater efficiency, resource
utilization, cost savings, and solution quality through the application of SI approaches.

Table 2: Choosing between ACO and PSO

Aspect Ant Colony Optimization (ACO) Particle Swarm Optimization (PSQO)
Discrete optimization (pathfinding, routing, Continuous optimization (function minimization, neural
Problem Type . . o
combinatorial problems) network training)
Solution Builds solutions step-by-step, reinforced by Solutions are vectors in continuous space, adjusting
Process pheromone trails position and velocity
. fi i i .g., changi . . . .
Adaptation Good for dyna}mlc environments (¢.g., changing Effective in static or slowly changing environments
network conditions)
Convergence |Slower, but better for finding multiple good paths Faster convergence to a global optimum
Best Use Logistics, network routing, combinatorial search Engineering design, machine learning, complex
problems continuous functions

As shown in Table 2 above, decision-makers in several industries and organizations
may want to consider implementing SI techniques to gain a competitive advantage and
manage complex operational challenges more effectively. This could encourage the
development of SI-based decision support systems and optimization tools, resulting in
better informed and efficient decision-making processes.

Interdisciplinary implications

The data's wide range of SI uses suggests that decisional sciences can benefit from
cross-pollination with other fields such as biology, computer science, and engineering.
These many fields have aided the advancement of SI algorithms by providing insights
and inspiration from natural systems and phenomena. Fostering interdisciplinary
collaboration and knowledge exchange may lead to further advances in SI techniques and
their application in decision-making. This could require merging principles from
complexity theory, self-organized systems, and artificial intelligence to enhance SI
algorithms' capabilities and expand their potential for coping with complex decision-
making challenges.

Overall, the study findings on swarm intelligence and its applications in decision-
making have far-reaching implications for the field of decision science. They challenge
traditional paradigms, stress the need for methodological advancements, prioritize
practical considerations, and encourage multidisciplinary cooperation. By embracing and
integrating SI principles and methodology, decision sciences can better prepare for the
complexities and uncertainties of today's decision-making scenarios, resulting in more
efficient, effective, and adaptive solutions across several domains.
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Challenges and limitations

While incorporating swarm intelligence (SI) methodologies into decision-making
processes has yielded significant benefits, it is necessary to identify and explore any
barriers and limits that may arise during their implementation and application. These
issues can be divided into three categories: theoretical, computational, and practical.

Theoretical challenges

Parameter Tuning: Many SI algorithms have several parameters that must be carefully
adjusted to achieve peak performance. Finding the right balance and values for these
traits can be challenging and time-consuming, requiring extensive testing and domain-
specific knowledge.

Convergence Analysis: While SI algorithms are designed to converge to optimal or
near-optimal solutions, establishing theoretical assurances of convergence and solution
quality can be challenging, particularly in complex, dynamic scenarios with altering
constraints and objectives.

Theoretical underpinnings: Despite the success of SI algorithms in practical
applications, there is a need for more rigorous theoretical foundations that can explain
and anticipate how these techniques operate in a variety of problem domains and settings.

Computational challenges

Scalability: As the complexity and size of decision-making problems increase, the
computational needs of SI algorithms may become prohibitively expensive, leading to
longer processing times and substantial performance bottlenecks. Addressing scalability
issues is crucial for applying SI in large-scale, real-world scenarios.

Parallelization and Distributed Computing: While SI algorithms are inherently
parallel, effectively parallelizing and distributing computational load across multiple
processors or computing nodes can be challenging, necessitating careful consideration of
communication overhead and synchronization mechanisms.

Memory Requirements: Certain SI algorithms, particularly those that use large swarm
sizes or complicated problem representations, may have high memory requirements,
making them challenging to implement on resource-constrained systems or embedded
devices.

Practical challenges

Problem Representation: Transforming real-world decision-making problems into a
suitable representation for SI algorithms can be difficult since it requires thorough
modelling and abstraction of the problem constraints, objectives, and decision variables.

Data Quality and Availability: SI algorithms usually rely on trustworthy and
comprehensive data to aid in decision-making. Maintaining the availability and quality of
relevant data can be challenging, especially in domains with limited data or rapidly
changing environments.

Integration and Adoption: Integrating SI approaches into existing decision-making
processes and systems may demand significant organizational and cultural changes, as
well as the development of specialized knowledge and training programs for decision-
makers and stakeholders.

Interpretability and Trust: SI algorithms are sometimes referred to as "black boxes,"
making it difficult for decision-makers to understand and trust the reasoning behind the
results supplied. Addressing issues regarding transparency, interpretability, and
explainability is crucial for fostering trust and promoting the adoption of SI techniques in
decision-making.
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Conclusion

Throughout this article, we have discussed the enormous impact and significance of
swarm intelligence (SI) on modern decision-making processes. SI algorithms have
evolved into powerful tools for addressing complex optimization and decision-making
difficulties in a variety of fields, drawing inspiration from the collective behavior found
in natural systems.

The analysis has stressed SI's fundamental concepts, such as collaborative behavior,
decentralization, and self-organization, which are important to the techniques' efficacy
and flexibility. Major algorithms, such as Ant Colony Optimization (ACO) and Particle
Swarm Optimization (PSO), have demonstrated their versatility in dealing with complex
problems ranging from logistics and supply chain management to healthcare and city
planning.

The paper examines real-world case studies and research findings to emphasize the
influence of SI on improving decision-making efficiency, developing high-quality and
effective solutions, adapting to dynamic contexts, and boosting resource usage and cost
savings. SI techniques' broad uses demonstrate their capacity to address complex
difficulties across different industries.

However, there are several challenges to using SI in decision-making processes.
Additional study is required to address theoretical issues such as parameter tuning,
convergence analysis, and the building of strong theoretical underpinnings. To properly
utilize SI approaches, computational issues like scalability, parallelization, and memory
requirements must be addressed. Practical issues include problem representation, data
quality and availability, integration and acceptance, and the growth of trust and
interpretability.

Despite these limitations, the future of SI in decision sciences looks promising,
bolstered by current trends and research projects. The increasing complexity of modern
decision-making scenarios, along with the need for adaptable and durable solutions,
creates a perfect setting for the advancement and deployment of SI techniques. We
anticipate that advancements in quantum computing and machine learning will have an
impact on future SI decision-making. Quantum-enhanced swarm intelligence algorithms
are predicted to tackle complex optimization problems more effectively than regular
methods. Furthermore, we believe that the combination of machine learning and SI will
result in systems that can learn and adapt from previous decisions, hence continuously
improving decision-making processes. These advancements indicate a move toward more
intelligent, adaptive, and efficient SI systems capable of negotiating the complexities of
tomorrow's decision-making challenges.

Research is ongoing into the integration of SI with other emerging technologies such
as machine learning, artificial intelligence, blockchain technology, big data analysis, and
the Internet of Things (IoT), paving the way for innovative hybrid approaches and
sophisticated decision support systems. Furthermore, the creation of new bio-inspired
algorithms inspired by a wide range of natural phenomena constantly improves the SI
toolbox, increasing its capabilities and utility.

Furthermore, the increased emphasis on sustainable and resilient decision-making
procedures aligns with SI concepts that promote decentralization, self-organization, and
adaptability qualities essential to negotiate today's complexities and uncertainties.

As we progress, we must prioritize increased research and development in the field of
SI and its applications in decision science. Collaboration among researchers,
practitioners, and decision-makers from various domains will contribute to the
advancement of theoretical foundations, the refinement of methodologies, and the
successful integration of SI approaches into real-world decision-making processes.

By embracing collective intelligence's potential and using SI principles, we may be
able to open up new vistas in the decision sciences, allowing for more efficient, effective,
and adaptable decision-making processes that are better adapted to dealing with the
complexities of our constantly changing world.
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