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Abstract: The use of artificial intelligence systems has expanded into multiple fields. The systems
experience major difficulty when they attempt to achieve both rapid performance and precise results.
The systems require abilities to process multiple data streams simultaneously. The research paper
investigates how Artificial Intelligence technology functions in decision-making processes and
optimization operations. The research shows how machine learning combined with Genetic Algorithms
and Particle Swarm Optimization improves system performance. The research paper investigates the
existing limitations of present-day techniques. The study uses accuracy and execution duration as
performance metrics to assess system effectiveness. The research paper investigates the difficulties that
arise when dynamic data needs to be processed through these particular methods. The research paper
demonstrates multiple research deficiencies which exist because scientists have conducted limited
research on Artificial Intelligence and optimization method combinations while they have studied
real-time systems to a minor extent. There is no standard way to measure performance. The research
paper demonstrates a requirement for systems that can operate at both high efficiency and large capacity
because it proposes the creation of hybrid optimization techniques which will benefit real-time
computing systems.
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Introduction

Artificial Intelligence (Al) has become an important technology for solving complex real-world problems in
areas such as healthcare, business analytics, education, and engineering [10], [3], [4]. Al systems can
process vast amounts of data to extract valuable insights which help organizations make better decisions.
The traditional Al models encounter difficulties in maintaining their performance and efficiency and
scalability because of growing data complexity and size which emerges as a fundamental challenge for Al
models. The optimization process helps solve these problems by establishing model accuracy
improvements and computational cost reductions which result in faster processing times. Al systems
performance and reliability improvement relies on the application of techniques which include Genetic
Algorithms and Particle Swarm Optimization and gradient-based methods [5] [6] [7] [8]. The overall
workflow of Al-driven optimization and decision-making systems is illustrated in Fig. 1.
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Fig 1: General Al System Flow
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Al-driven systems use decision support systems (DSS) in their applications for medical diagnosis, financial
forecasting, smart cities, and intelligent learning systems which help researchers analyze data to generate
practical solutions [3], [4], [13]. Current systems face difficulties because they cannot achieve proper
accuracy while maintaining their need for computational resources and their ability to work with large
systems which need real-time processing [1], [11]. The process results in extra computing expenses which
result in delayed decision processes and decreased operational efficiency. The system performance
requires optimization techniques to be combined with Al models as an essential step. The review paper
aims to investigate Al-based optimization systems and decision support systems while analyzing current
methods and discovering fundamental research requirements which will enable the establishment of
intelligent systems that operate efficiently and scale to real-time applications [14], [15].

Problem Statement

Al systems encounter difficulties in their operations because they must achieve three essential goals,
which include maintaining accurate results while processing data with less power and handling expanded
data sets. Al models need more processing power and extended operation duration to handle bigger and
more complicated data sets, which leads to performance drops during actual use cases [1], [2]. The
process of achieving high accuracy results in greater operational expenses while creating performance
challenges that prevent model use in immediate situations. The main problem arises from the need to
manage extensive and changing data collections which current systems cannot handle. The system
experiences decreased speed because of processing delays and needs more resources while its reliability
suffers from this issue. Optimization techniques can improve performance, but they often introduce
additional complexity and overhead [5], [11]. The practical use of Al systems requires organizations to find
an optimal balance between accuracy and efficiency and scalability. how these three elements interact
with each other shown in Figure 2.
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Fig. 2. Trade-off between Accuracy, Efficiency, and Scalability
Machine Learning Techniques

Machine Learning (ML) provides essential support to intelligent systems because it enables those systems
to learn from data and make predictions. The system uses automatic learning to discover data patterns
which boost system performance without the need for specific programming instructions. Supervised
learning stands out as the most common method of model training which uses labeled data to teach
models how to accomplish prediction and classification tasks. The medical field and financial sector and
intelligent systems use these techniques to make precise decisions [1], [5]. Supervised learning has two
basic categories which are regression and classification. Regression techniques predict continuous data
points while classification techniques assign data points to established categories. Decision support
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systems use these methods to process incoming data and produce significant results. Machine Learning
models encounter three main obstacles which include overfitting and high computational requirements
and the need for extensive data when using ML models which affects both their operational efficiency
and their ability to handle increased workloads [2], [6]. The techniques establish the fundamental
framework which Al-based decision support systems rely on to perform precise data evaluation. A
comparison between different machine learning methods which researchers commonly use is displayed in
Table 1.

Table 1: Comparison of Machine Learning Techniques

Technique Application Limitations
_ Sensitive to noise,
. Prediction (e.g., sales,
Regression less accurate for
temperature)
complex data
. Spam detection, medical Requires large labeled
Classification p . d &
diagnosis datasets
Decision Trees Risk analysis, classification Prone to overfitting
SVM Image classification, text Computationally
analysis expensive

Optimization Techniques

The technical optimization methods enable Al and machine learning systems to achieve better
performance through increased accuracy and decreased computational expenses while enabling speedy
model development. The methods exist as common tools for tuning parameters, selecting features, and
enhancing model performance. Genetic Algorithms (GA) and Particle Swarm Optimization (PSO) function
as two widely used evolutionary methods which utilize population-based approaches to discover optimal
solutions. GA operates through its three fundamental processes which include selection and crossover
and mutation. PSO updates its solutions through particle movement and social behaviour patterns which
both methods use to solve complex optimization challenges [5], [6].

The machine learning and deep learning fields use evolutionary techniques together with gradient-based
methods, which include Gradient Descent and Adam, as their primary training techniques.The model
parameters are updated through multiple iterations until the loss functions reach their lowest point which
enables the system to handle large datasets with improved speed and better performance [7], [8].
Differential Evolution (DE) operates as a basic yet powerful optimization technique which works
effectively to solve non-linear problems in high-dimensional spaces [9]. The techniques provide benefits
yet their performance gets affected by three main issues which include expensive computations and
extended time to reach results and their need for precise parameter selection. The Al systems use
optimization processes which the optimization process in Al systems shows in Fig. 3. Table 2 shows the
results of a compatibility test which compares the frequently used optimization algorithms with each
other.

Table 2: Comparison of Optimization Algorithms

Algorithm Type Strength Weakness

Genetic Good for global Slow convergence,

Algorithm Evolutionary search, avoids computationally

(GA) local minima expensive

PSO Swarm Simple, fast May get stuck in local
Intelligence convergence optima

Gradient Gradient-based Efficient for large Sensitive to learning

Descent datasets rate
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Differential . Robust and simple Requires parameter
- Evolutionary . . .
Evolution implementation tuning

Decision Support Systems (DSS)

The Decision Support Systems (DSS) system helps users make decisions through its three main functions
which include data analysis and machine learning and optimization techniques. The systems use
advanced data processing methods to handle big data volumes which create valuable insights that help
users make better decisions in complicated situations. The Al-driven DSS combines predictive models with
optimization methods to enhance decision-making accuracy and operational efficiency and
decision-making reliability [3], [4]. DSS is widely applied in various domains. The medical field uses it to
diagnose diseases and recommend treatment procedures and monitor patient health. In education, DSS
supports personalized learning, performance analysis, and intelligent assessment systems. In construction
and engineering, DSS is used for risk analysis, project management, and resource optimization [3], [4],
[13]. The dynamic data processing and real-time performance requirements and scalability needs of DSS
systems create operational challenges for which they need to find solutions. The overall architecture of an
Al-based decision support system is illustrated in Fig. 4.

Performance Evaluation

The model performance assessment uses execution time to determine output speed and resource usage
to assess total system costs through memory and processing power consumption [1], [5], [7]. Figure 5
displays values which serve as visual representations of actual performance data through all existing
studies. The existing studies show performance trends for various optimization algorithms through their
observed performance data which excludes detailed results from particular experiments.

Chart 1: Algorithm Comparison (Accuracy vs Execution Time)
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Research Gap

The current research suffers from an important gap because researchers have not studied real-time
execution processes. The major research gaps which this study found shown in Figure 4.
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Fig. 4. Research Gap lllustration (Hybrid Models, Real-Time Systems, Standard Evaluation)

Future Work

Future research needs to create hybrid models which combine machine learning methods with advanced
optimization techniques for Al-driven optimization and decision support systems. The combination of
Genetic Algorithms and Particle Swarm Optimization with deep learning methods brings together
different techniques to enhance model performance. Hybrid frameworks enable accuracy improvements
while increasing convergence speed and enhancing system performance.

Conclusion

The review paper studied Al-powered optimization systems and decision support systems through an
examination of various machine learning techniques and optimization methods. The study showed how
Genetic Algorithms and Particle Swarm Optimization and gradient-based techniques help enhance model
performance. The study presented essential performance indicators which researchers used to evaluate
different methods through their accuracy and efficiency and scalability [12]. The research results show
that optimization functions as a fundamental element which improves Al systems through better accuracy
and lower operational costs and quicker decision processes. Organizations still encounter three main
challenges which include missing hybrid models and insufficient real-time system operation and lack of
standardized assessment methods.
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