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| ABSTRACT

The research explores Al technique implementations in algorithm optimization and design frameworks to understand their
crucial impact on programming challenges and efficiency increases. This investigation analyzes GPU performance through the
GPU Benchmarks Compilation dataset while deeply assessing their impact on Al-based algorithm operation. The dataset
provides detailed benchmarking information for GPUs that includes computational throughput combined with cost-
performance ratios and energy efficiency metrics thereby establishing strong foundations for analyzing Al-driven computational
developments. This research investigation uncovered major GPU capability evolutions which demonstrate why GPUs remain
important for processing advanced Al processing models. The research unveils fundamental information about GPU evolution
which shows how novel GPU developments deliver efficient scaling solutions for executing Al-based computational workloads.
The research puts particular emphasis on energy efficiency because it addresses the growing computational needs of Al
applications. This research examines the practical implications of its findings for computational intelligence frameworks that will
exist in the coming years. The study reviews benchmark patterns to establish methods which optimize algorithm designs when
utilizing enhanced GPU technology. The research discovers ways to combine Al methods with upcoming GPU technologies to
develop advanced computational solutions that deliver maximum efficiency. The ongoing study supports computational
intelligence research through its work to connect artificial intelligence methods with recent advancements in hardware. The
research shows how Al-based algorithm optimization methods can propel breakthroughs in programming and problem-solving
techniques. Findings from this research create an academic foundation for upcoming studies of GPU performance alongside Al
integration which continues to further advance the discipline of computational intelligence with real-world applications.
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1. Introduction

Artificial intelligence (Al) techniques now lead computational intelligence evolution through their integration with
optimization methods. Modern programming difficulties continue to escalate which has propelled the market need for improved
computational methods at an exponential rate. Al as an ability to learn from data and overcome new challenges continues to
evolve as a revolutionary force producing advanced algorithms that supply detailed precise solutions rapidly for complex problems.
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Attribution (CC-BY) 4.0 license (https://creativecommons.org/licenses/by/4.0/). Published by Al-Kindi Centre for Research and Development,
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Software applications require Graphics Processing Units (GPUs) nowadays because these devices excel at parallel processing while
operating with high computational capacity and efficiency. The GPU Benchmarks Compilation dataset functions as a useful
foundation for studying GPU performance within Al applications. The data collection provides complete GPU performance metrics
including computational speed alongside cost-to-performance results and energy efficiency scores to show GPU effect on Al
algorithm optimization. GPU advantages transcend their speed processing capabilities. The application of Al techniques becomes
realistic through GPU capabilities that link theoretical discoveries with operational implementations. The optimization of algorithms
through GPU adoption stands as the central research objective for both researchers and practitioners within the evolving Al
domain. Regular cooperation between Al technology and hardware improvement creates new possibilities across scientific
computing domains as well as real-time data analysis and machine learning applications. This investigation investigates the
convergence between Al computational technology and GPU hardware dynamics through performance optimization studies for
scalable algorithm advancement. The research analyzes the GPU Benchmarks Compilation dataset to discover performance
behaviors of GPUs alongside their computational intelligence effects.Research findings from this study will evolve Al-based
solutions and advanced computational intelligence techniques while resolving current programming obstacles.

1.1 Research Problem

GPU technology shows advancing performance capabilities but currently lacks solutions to unite performance capabilities
with energy-efficient affordable implementation [1]. High-performance GPUs optimize Al computations yet their price together
with negative environmental impact produces barriers for sustainability and accessibility issues.

1.2 Research Objectives

e Study of GPU performance evolutions requires an examination of data available in the GPU Benchmarks Compilation
dataset.

e The evaluation analyzes tradeoffs between cost and performance related to GPU implementations when optimizing Al-
driven algorithms.
An examination of energy efficiency ensures its significance in computational intelligence research.
The research aims to develop strategies which advance GPU-based Al optimization while maintaining sustainability and
affordability.

1.3 Scope of the Study

The study works to measure GPU performance in Al optimization through an examination of G3DMark scores with energy
efficiency metrics and price-to-performance ratio analysis. The study's parameter analysis targets the understanding of strategic
deployment methods and design improvements for artificial intelligence algorithms [2]. Intellectually exploring GPU performance
helps researchers better recognize how these devices enhance programming efficiency to solve complicated system challenges.
The research evaluates cost-performance dynamics to develop sustainable and widespread methods for computational intelligent
applications. The research results will serve as foundational knowledge for programmers implementing Al systems.

2. Literature Review

The study examines the functionality of artificial intelligence algorithms in design optimization together with an
evaluation of GPU processing effects on system efficiency. The investigators employ GPU Benchmarks Compilation dataset to
analyze how GPU price and performance and power usage relate to each other in Al-driven applications [3]. This research expands
current computational intelligence scholarship by providing practical evidence about GPU selection methods based on benchmark
testing and their influence on cost-efficiency and energy consumption. The research adds to Al-based optimization practices
through its recommendations which assist users in GPU selection for machine learning and deep learning applications and high-
performance computing tasks [4]. This research solves main computational obstacles to provide better insights into hardware
performance in Artificial Intelligence reliant systems.

2.1 Evolution of Al-Based Algorithm Design

Al-based algorithm design has experienced major improvements through which problems can be solved at higher speeds
and efficiency rates. Computer applications at their early stage employed rule-based approaches through established instructions
resulting in complications when addressing complex operations [5]. Machine learning enabled Al to acquire knowledge from data
which let it identify patterns and enhance its execution capabilities after each learning session. Deep learning targets another key
way to its adoption of multi-layered neural networks to process increased datasets which resulted in several breakthroughs within
reflect recognition and language processing and decision-making sectors [6]. Al saw a major advancement after GPUs were applied
to parallel processing which accelerated both training sessions and predictive operations. The technological growth of Al into
different sectors such as finance and healthcare and engineering has resulted in improved operational procedures as well as better
decision outputs [7]. As Al alongside computing technology develops further algorithms have acquired greater strength which
enables them to resolve previously unsolvable problems while pioneering new possibilities in Al capability
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2.2 Foundations of Computational Intelligence

Simple and complex problems find their solutions through smart systems when computational intelligence joins forces
between machine learning and artificial intelligence. Computers apply neural networks together with evolutionary algorithms and
fuzzy logic systems to process information similar to human mental processes for decision-making [8]. The techniques demonstrate
effectiveness when processing language data and recognizing images and predicting data since they enable systems to learn and
adapt automatically. Computational intelligence operates through Graphics Processing Units (GPUs) as a main component which
accelerates artificial intelligence operations [9]. Deep learning models gain speed and operational excellence from GPU technology
because GPUs handle simultaneous calculation processing. Large data processing becomes more efficient because of these
methods. GPU technology plays an essential role to advance both smart applications and computational intelligence limits as
artificial intelligence keeps expanding

2.3 Al Techniques in Algorithm Design

Machine learning (ML) and deep learning (DL) significantly influenced the algorithm development by providing systems
with the capacity to detect analyzable patterns, study data, and draw conclusions without any human interaction [10]. It is utilized
to map and discern the training datasets for appropriateness and pattern identification on the other hand, comprising
convolutional and recurrent neural structures that allow for image and voice recognition. Reinforcement learning takes this
paradigm to a more complex level as models learn to make more appropriate decisions on the basis of the give and take of the
dynamic environment. These Al techniques offer precise, accurate, flexible, and scalable solutions to solve some of the problems
that were hitherto difficult to solve [11]. Their integration with high computational assets like GPU and the cloud computing
systems also improved performances across sectors of health, banking and finance and the self-driving vehicles [12]. Further
enhancements in model efficiency as well as computer optimization will not only improve the prospects of practical Al applications
but also nurture algorithm design based on the Al algorithm itself.

2.4 The Role of GPUs in Al Optimization

GPUs have therefore emerged as essential tools for optimization of Al computation, as they greatly outdo traditional
CPUs in the handling of large-scale computations. These two are especially useful in training deep neural networks, running
simulations, and working with high-dimensional data hence are important in any application of artificial intelligence. These
application interfaces including CUDA and OpenCL have made GPGPU more flexible and extended their use from simple display
processing to intensive processing tasks [13]. They have increased the rate of innovation in several industries like robotics,
computer vision and predictive analytics that require the execution of multiple calculations and analytical processing in real-time.
Moreover, the evolution of the GPUs remains constant for quite some time and it has been improved and optimized to improve
the efficiency and flexibility of Al to ensure that as the user tries to scale it the application efficiency will remain on the higher level
[14]. Therefore, there will be increased investigation into the use of GPUs in enhancing computational aspects of Al and improving
the range of abilities of Al algorithms.

2.5 Challenges and Gaps
There are some issues and drawbacks that arise when using GPUs in Al optimization tasks.

2.5.1 Energy Efficiency:

Due to high power consumption, issues of sustainability arise and hence, energy efficient GPU architecture and efficient
resource management is required. Solving this problem entails the development of new generation low-power Al accelerators and
dynamic power control schemes.

2.5.2 Challenges:

At the moment, the cost of high-performance GPUs is still a hindrance and can be a problem for many small organizations
or individual researchers. In this case, the integration of cloud-based GPU services and development of affordable solutions could
be a solution to this problem.

2.5.3 Scalability:

This is the biggest issue of using GPUs in large scale distributed systems since they require certain technical and logistical
issues. The workload distribution, memory management and coordination of many clusters of GPU are the areas that need more
investigation to improve the scalability.

A. 2.6 Empirical Study

Krzywanski et al. (2024) present a review of "Advanced Computational Methods for Modeling, Prediction and
Optimization A Review" in their article which demonstrates the major impact of computational intelligence advances on Al-based
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algorithm design and optimization within programming systems. Advanced systems have resulted from combining machine
learning (ML) and deep learning (DL) technology techniques. Researchers direct their work towards enhancing the performance of
complex systems through better decision systems and increased learning ability and system adaptability. Real-time programming
efficiency gains through algorithmic adjustment of parameters require autonomous changes in applications that use neural
networks and reinforcement learning frameworks. Al models serve practical functions within programming architecture design
according to the article while providing solutions to complex issues along with improved precision and scalability and adaptable
algorithmic design.

The article titled "Artificial Intelligence for 5G and Beyond 5G: The journal "IEEE" distributed "Artificial Intelligence for 5G
and Beyond 5G: Implementations, Algorithms, and Optimizations" authored by Chuan Zhang, Yeong-Luh Ueng, Christoph Studer,
and Andreas Burg. The paper examines how artificial intelligence (Al) drives the development of 5G and beyond 5G wireless
technologies to fulfill growing requirements for data rates and enhanced quality-of-service and increased device numbers yet
remains focused on 5G standards. The authors showcase Al-based solutions which resolve issues where traditional methods prove
inefficient through Al applications in MIMO detection and precoding and channel coding and baseband modules. The research
evaluates how machine learning (ML) addresses uncertainties within 5G and beyond 5G systems. This article examines Al-based
communication technology development through an assessment of Al capabilities in current systems and an exploration of
upcoming techniques and active research topics in this field.

Zhuoging Chang et al. (2021) investigated in "A Survey of Recent Advances in Edge-Computing-Powered Artificial
Intelligence of Things" how combining edge computing with Internet of Things (loT) capabilities builds stronger Atrtificial
Intelligence of Things (AloT) systems. The paper analyzes how traditional cloud computing struggles to manage data from loT
devices due to high volume, velocity and variety but also because of transmission latency and limited infrastructure capabilities.
The implementation of edge computing enables local data processing which decreases performance delays while boosting system
responsiveness in AloT systems. The paper explains AloT system architecture together with Al application methods for information
analysis and decision systems and deep learning procedures for big data insight extraction. The researchers examine modern
edge-based Al model training approaches alongside future research areas that will enhance AloT implementation in practical
systems (Chang et al,, 2021).

Kodumuri Kalpana investigates in the article "Solving Complex Problems by Optimized Algorithm through Al System"
how artificial intelligence (Al) unites with optimization algorithms to boost neural networks' performance in complex problem
resolution. The technological designs of neural networks exhibit progressive development because Al technology shows great
promise in solving challenges through neural network optimization according to Kalpana. Optimization algorithms modify
parameters within neural network frameworks so their structure produces the most efficient solutions and optimized training
methods. The method accelerates the discovery process for optimized materials while controlling costs and stabilizing systems
primarily for power generation needs. The research demonstrates the movement from traditional trial-and-error approaches
toward dedicated Al-based approaches while validating Al's power to improve human abilities to solve problems and reveal better
optimization methods for complex systems (Kalpana, n.d.).

The article "Artificial Intelligence Enabled Smart Design and Manufacturing of Advanced Materials: The authors William
Yi Wang et al. examine how artificial intelligence brings the "Endless Frontier in Al+ Era" to material design and manufacturing
advances in their ongoing work. Al-based methodologies lead the way toward enhancing both material identification discovery
rates and the integration of new materials across manufacturing operations. This work explores how Al-based big data platforms
and automated smart workflows are optimizing material design and production procedures. The impact of Al emerges from
examples that demonstrate Al-assisted welding as machine learning performs both defect evaluations and optimized process
management. The authors present the Al+ era as a fundamental change which requires designers to merge Al usage into every
stage of material development from initial conception to final product creation. Rapid prototyping capabilities as well as the
successful scaling of new materials through this evolution may help launch materials needed to overcome application impediments
and boost industrial competitiveness according to Wang et al. (2024).

The article "Progress and Obstacles in the Use of Artificial Intelligence in Civil Engineering: Executive civil engineer Ruchit
Parekh and PhD student Olivia Mitchell deliver an extensive study of Al effects in civil engineering through their paper "Progress
and Obstacles in the Use of Artifical Intelligence in Civil Engineering: An In-Depth Review." This paper investigates the revolutionary
implications of contemporary artificial intelligence upon different civil engineering fields to include design processes and
construction management as well as geotechnical practices and transportation systems management and infrastructure upkeep.
The precision of material behavior predictions together with optimized scheduling and safety improvements during construction
projects became possible through artificial intelligence algorithms such as machine learning and genetic algorithms. The
implementation of Al in transportation infrastructure enables the improvement of key functions through detection of road defects
and advanced traffic prediction capabilities enabled by automated image evaluation. Civil engineering faces important barriers
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including the scarcity of quality information and standardization difficulties with Al models as well as concerns about the lawful
implementation of Al systems. Researchers, practitioners and policymakers must collaborate to remove these challenges because
this combination will enable Al to achieve its maximum potential throughout civil engineering while enhancing efficiency along
with safety and sustainability (Parekh & Mitchell, 2024).

The article "Energy Management Strategies, Control Systems, and Artificial Intelligence-Based Algorithms Development
for Hydrogen Fuel Cell-Powered Vehicles: A Review" by Oladosu et al. (2024) delves into the advancements in energy management
and control systems for hydrogen fuel cell electric vehicles (HFCEVs). The paper highlights the potential of HFCEVs in achieving
net-zero carbon emissions, noting that while these vehicles offer high energy density and lower fuel consumption compared to
internal combustion engine (ICE) vehicles, they still face challenges in performance and cost-effectiveness when compared to
battery electric vehicles (BEVs). The study emphasizes the role of artificial intelligence (Al)-based algorithms, particularly
reinforcement learning and multi-objective optimization techniques, in optimizing HFCEV performance. These strategies are
essential for addressing the complexities of energy management systems (EMS) in HFCEVs, which traditionally struggle with multi-
objective systems and computational demands. The article also discusses hybridization methods, Al algorithm categories, and
future directions for improving cost competitiveness and efficiency in HFCEVs (Oladosu et al., 2024).

3. Methodology

Research methodology requires a standardized approach to measure GPU performance in Al-based algorithm
optimization. The research starts with obtaining survey data that accurately represents real-life application spaces where Al
algorithms need optimization. The preprocessing phase adjusts datasets through procedures that handle gaps in information and
normalize data quantities and maintain unified data points among variables [15]. Researchers employ analytical assessments
incorporating deep learning and reinforcement learning algorithms to evaluate GPU performance during Al algorithm optimization
tasks. The optimization system emphasizes enhancing the efficiency and accuracy together with minimizing the execution time for
algorithms [16]. Researchers use evaluation metrics including speedup and energy efficiency and accuracy and algorithm
performance under various workloads to measure GPU utilization success. The study compares multiple GPU setups to reveal
efficient techniques for Al algorithm optimization which results in both superior Al model execution and better control over
computational resources.

3.7 Research Design

The research design uses quantitative methods to evaluate GPU performance in Al-based algorithm design and
optimization environments [17]. Data evaluation and computational testing occurred through analysis of performance records
from the GPU Benchmarks Compilation dataset containing specifications for more than two thousand GPUs. A comprehensive
analysis evaluated computational efficiency through G3DMark and G2DMark scores together with price tiers and G3DMark/$
performance values and power parameters and thermal design power (TDP). The study takes an organized methodology to
produce exact and consistently usable findings that aid the enhancement of Al-based algorithm optimization method

3.2 Dataset Acquisition

Dataset Acquisition The GPU Benchmarks Compilation dataset, sourced from PassMark and Geekbench, serves as the
primary data source [18]. The data collection provides essential metrics about GPU performance that enables detailed assessment
of GPU computational efficiency. Data characteristics of the dataset are presented in the following table:

Metric Description Units
G3DMark Measures 3D graphical performance Score(Numeric)
G2DMark Measures 2D graphical performance Score(Numeric)
Price Last-seen market price of GPU usD($)

GPU Value Performance-to-price ratio(G3DMark/Price) Ratio(Numeric)
TDP Thermal design power Watts(W)
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3.3 Data Preprocessing

Data Preprocessing The preprocessing work on the database provided essential results to make analysis reliable while
maintaining integrity [19]. The following steps were implemented: Data Cleaning tackled missing and duplicate entries together
with inconsistencies throughout the dataset. The analysis excluded performance outliers which had the possibility to influence
measurement results. Every numeric attribute including G3DMark, G2DMark and TDP required normalization as a method to
establish consistent comparison across GPU models. The analysis used both performance level grouping and price category and
product type classifying to establish relevant comparisons between GPU models [20]. The preprocessing applied for the dataset
created a well-ordered structure that minimized performance evaluation biases through standardization procedures

3.4 Analytical Framework

The research relied on a structured analytical method to obtain insights from the gathered data. The methodologies
employed included:

e The Exploration of data analysis (EDA) utilized visual displays from histograms and scatterplots for detecting linkages
between performance measurements and characteristics of price and power efficiency [21].

e The assessment of GPUs used their G3DMark scores together with GPU Value and Power Performance scores to determine
the leading models.

e The price-to-performance evaluation defined which GPUs provided the most advantageous cost-effective solutions for
executing Al-driven operations.

e The Power Performance metric (G3DMark per Watt) served as the evaluation basis for determining GPUs with optimal
energy efficiency levels.

A summary of analytical methods appears in the below table.

Analysis Type Purpose Metrics

Exploratory Data Analysis(EDA) Identify correlations betweens Histogram, Scatter Plots
performance and price

Benchmarking Analysis Rank GPUs based on key G3DMark, GPU Value, Power Scores
performance indicators

Cost-Performance Trade-Off Evaluate cost-effectiveness of GPUs Price vs. GPU Value

Energy Efficiency Analysis Assess power efficiency of GPUs Power Performance Metric

3.5 Tools andTechniques

A set of modern software programs and development frameworks worked together to achieve repeatable and exact
results in the analysis.

3.5.1. Python for Data Manipulation and Visualization: Data preprocessing together with analysis and visualization relied
exclusively on Python as the programming language. Key libraries included:

e Data cleaning operations alongside statistical analysis as well as normalization become possible through the tools NumPy
and Pandas when working with large datasets.
e The package combination consisting of Matplotlib alongside Seaborn aids in plotting histograms and scatter plots and
box plots for GPU performance evaluation [22].
3.5.2 Tableau for Interactive Dashboards:

e Tableau created adaptable dashboards through its interface that enabled users to investigate GPU movement patterns
dynamically.

e The system used data-driven interface dashboards to display performance-cost relationships in addition to power
efficiency information.

3.5.3 GPU Simulation Frameworks for Al Workloads:
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e The performance metrics required validation using tests from actual Al workflows alongside:
e  Users can evaluate GPU efficiency from deep learning and machine learning simulations using both CUDA from NVIDIA
and OpenCL framework.
4. Results

4.1 Top 10 GPUs by G3DMark Performance

Figure 1: This Image represent the Top 10 GPUs by G3DMark Performance

Figure 1 presents a ranking of the top 10 GPUs that depends on their G3DMark performance scores as a primary measure
to assess 3D graphical computing abilities. The GeForce RTX 3090 Ti achieves the top position in the rankings with the GeForce
RTX 3080 Ti and GeForce RTX 3090 trailing behind it closely. NVIDIA continues to lead high-performance computing industries
because of its dominance in rendering intelligent Al solutions as well as advanced computational operations. AMD maintains a
competitive position as Radeon RX 6900 XT together with Radeon RX 6800 XT both appear in GPU rankings that target gaming
along with Al applications. The performance chart includes RTX A5000 and RTX A6000 professional GPUs which focus on Al
research along with deep learning model training and 3D rendering tasks among others. The GPUs used in workplace environments
demonstrate comparable performance metrics that show workstations deliver superior endurance together with reliability for
continued usage of Al projects. Al algorithm design and optimization calls for selecting a GPU that optimally combines computing
power performance with power efficiency along with reasonable purchase cost. Historically only high-end GPUs delivered
exceptional computational power yet moderate-priced GPUs with strong performance quality ratios function adequately for Al-
based tasks [23]. Researchers in computational intelligence should understand the vital role benchmarking GPUs plays in
optimizing Al hardware development because of the changing Al hardware dynamics.
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B. 4.2 Distribution of GPU Categories
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Figure 2:this image shaws the Distribution of GPU Categories

The distribution chart in Figure 2 shows the GPU categories that include Desktop, Mobile, Workstation and Unknown
types. A substantial number of GPUs in the dataset amount to 58.3% or "Unknown" since their exact categories cannot be
established. The installation-based GPU segment showcases usage dominance at 17.0% whereas mobile accounting for 13.8% and
workstation products occupying 9.9% of the complete market. The segment of mobile GPUs demonstrates the 13.8% percentage
that shows their importance in lightweight computing systems with laptop and portable needs. The data shows that workstation
GPUs specialized for professional applications constitute 9.9% of the total GPU samples. The combined grouping of "Mobile
Workstation" and "Desktop, Mobile" segments forms an area that constitutes less than 1% of the total samples. The categories
point to GPU systems made for multi-use environments which combine features of different platforms. The dominant presence of
unknown GPUs creates barriers in analyzing proper market trends because it reduces accuracy in studying distribution patterns
[24]. Knowledgeable analysis of GPU contributions to computational tasks remains possible even after breaking down non-
unknown GPU types especially regarding their impact on Al-driven applications. The correct identification of GPU categories stands
essential to Al-based algorithm optimization because such choices determine algorithm outcomes alongside energy efficiency
alongside total cost.

4.3 GPU Price vs. G3DMark Score

.....

Figure 3: this image illustrates the GPU Price vs. G3DMark Score
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The relationship between GPU price expressed in USD and G3DMark Score measurements appears in Figure 3 through a
scatter plot. The data points in this distribution pattern show non-linear behavior as entry-level GPUs span many performance
outcomes including select models which reach excellent G3DMark ratings. When GPU prices rise customers have better chances
to find high-performance units but this effect is not a perfect mathematical relationship because some expensive options fail to
deliver best scores.Most GPU products exist in the lower price category (below $1000) while showing different performance
capabilities which demonstrates many inexpensive models deliver adequate performance results. Beyond the mid-range prices the
increase in performance becomes less significant compared to the rising GPU cost which results in decreased return on investment
for high-end hardware. A small number of devices that cost more than 4000 dollars have strong performance yet show lower value
when considering cost and effectiveness [25]. This study provides critical information for Al-based algorithm optimization since it
allows users to find effective computational cost combinations. Results demonstrate that purchasing a GPU solely by price does
not produce maximum efficiency benefits. Detailed performance-based price evaluation must replace basic price selection because
it guarantees optimal hardware choices for computing tasks such as deep learning and financial modeling and high-performance
simulations.

4.4 Distribution of GPU Prices

ution of GPU Pyiges

Figure 4: this image represent the Distribution of GPU Prices

Figure 4 shows the price variation of GPUs through data obtained from the GPU Benchmarks Compilation dataset. The
right-skewed pattern of the histogram demonstrates that most graphics processing units (GPUs) have prices which fall below $500.
The market for high-performance expensive GPUs remains small because their appearances decrease substantially when prices
rise. Closer analysis confirms the market-wide practice that standard consumer GPUs control most sales while limited high-end
GPU production exists exclusively to address specialized artificial intelligence and deep learning needs. High-performance GPUs
remain scarce within the examined dataset because it demonstrates a key conflict between how much they cost and their
availability on the market. The high prices of premium GPUs lead to restricted supply rates which prevents their extensive usage
because affordability acts as a primary obstacle for larger-scale implementation [26]. The cost filters in pricing distributions affect
Al algorithm optimization by forcing developers to choose processors for Al workloads through a balance between affordability
and performance needs. The provided data emphasizes why organizations need to focus on energy efficiency since high-
performance GPUs tend to use additional power which results in increased long-term operational expenses.The research data
underlines the necessity to develop optimization methods which enhance Al workload operations on medium-class GPUs so high-
performance capabilities become accessible across all GPU platforms. Researchers should concentrate their efforts in future studies
on developing improved Al algorithm efficiencies because the observed price patterns indicate this will optimize GPU instrument
utility throughout all price segments. The price-performance evaluation stands as a critical factor for implementing GPU technology
as part of Al application integration.
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4.5 GPU Category Distribution
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Figure 5 : This Visualization shaws the GPU Category Distribution

Figure 5 demonstrates how GPU benchmarks distribute themselves among computer device categories which include
desktop, mobile, workstation and unknown systems. The dataset contains widespread variations which demonstrate that the
"Unknown" category contains more than 1,400 entries while all other categories show fewer entries. The majority of unknown GPU
entries along with unclassified or new undesignated device type devices dominates this dataset's composition. The dataset
contains a medium number of desktop GPUs while mobile GPUs represent a slightly smaller portion. Research reveals the dual-
use GPU combination has a reduced appearance rate compared to other GPU types. Workstation GPUs present at a moderate
frequency as a part of the dataset since they serve professionals who need high-performance computing capabilities. Workspace
graphics processing units display an elevated representation within the dataset since they serve critical duties in professional
artificial intelligence computations[27]. The GPU market divides into distinct categories which demonstrate their multiple utility
areas because desktops and mobile devices serve everyday consumers and workstations help with specialized tasks including Al
workloads and scientific model calculations. Better classification methods in benchmarking data would enhance insight tracking
regarding GPU utilization because the "Unknown" category remains the most prevalent type. Al algorithm optimization benefits
from understanding GPU category distributions because each category possesses unique theorem-performance combinations that
determine their suitability to Al execution. The research underlines how business organizations should choose GPU categories
according to their defined computational performance standards and budget requirements within Al platforms.
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4.6 Categories vs. Power Performance

Figure 6: This Visualization illustrated the Categories vs. Power Performance

Different GPU categories demonstrate their power performance capabilities through Figure 6 which shows their
computational efficiency levels. Both desktop GPUs and mobile GPUs demonstrate strong power performance while workstation
GPUs lie in the middle of the scale according to power performance analysis. The power performance of Workstation GPUs matches
their intended use in professional applications since they focus on reliability across all performance levels. The combined GPU
category of "Mobile, Workstation" along with the "Unknown" type eats up much less system power demonstrating that their core
components likely include older specialized hardware models with limited efficiency in calculations. The "Desktop Mobile" segment
demonstrates minimal power performance attributes that indicate possible power limitations within mixed-use applications. Al-
based algorithm improvement depends on power efficiency because it influences the calculations that an algorithm can perform
without increasing energy use [27]. The selection of correct GPU categories that prioritize power performance levels leads to
optimized execution of algorithms especially within deep learning together with financial modeling and high-performance
simulation applications. The analysis proves that finding balanced power efficiency with computational capabilities leads to ideal

hardware utilization conditions.

4.7 Display Measures Through Their Names and Corresponding Values

Figure 7: This Image shaws Display Measures Through Their Names and Corresponding Values
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Figure 7 illustrates a comparison between different GPU metrics where G2DMark, G3DMark, GPU Value, Power
Performance, Price, Thermal Design Power (TDP) and Test Date are assessed. The visualization reveals G3DMark and Test Date as
the most significant measures because they display the greatest values which demonstrate strong focus on benchmarking scores
and recent GPU testing throughout the dataset.The power performance together with GPU value demonstrate minimal numerical
readings indicating computational efficiency matters but benchmark scoring provides more substantial value[25]. The factors of
price and TDP have minimal effects on the overall analysis indicating high-performance GPUs do not necessarily require excessive
power usage or cost. The results obtained through this research demonstrate that benchmark scores (G3DMark) dominate the
evaluation process for GPU efficiency assessments. The connection between benchmarks and price and TDP allows finding
appropriate GPU configurations suitable for deep learning computations while maximizing performance and managing power
consumption levels.

5. Dataset

Few Dataset attached as a screenshots below:

A B C D £ F G H |

gpuName G3Dmark  G2Dmark price gpuValue ToP powerPerformanc testDate category
1 [
2 GeForce RTX 3050 Ti 29094 1117 2099.9% 13.85 450 64,65 2022 Unknown
3 Geforce RTX 3080 Ti 26687 1031 119999 22.41 50 76.82 2021 Desktop
4 GeForce RTX 3090 26395 999 1749.5% 15.08 350 5.41 2020 Desktop
S Radeon RX 6900 XT 25458 1102 1120.31 22,72 300 84,86 2020 Desktop
6 GeForce RTX 3080 24853 1003 o5 24,88 320 77.66 2020 Desktop
{ GeForce RTX 3070 Th 23367 1003 749,99 31.16 290 80.58 2021 Desktop
8 Radeon RX 6800 XT 23364 1078 859 27.2 300 77.88 2020 Desktop
9 RTXASDDO 22867 o84 2631.2 8.69 230 99.42 2021 Workstation
10 RTX ABDDO 22122 832 4999.99% 4.42 300 73.74 2021 Workstation
11 ' GeForce RTX 3070 22093 969 719.99 30.69 220 100.42 2020 Desktop
12 GeForce RTX 2080 Ti 21796 240 998.59 21.83 250 87.18 2018 Desktop
13 RTX AASDD 21546 B92 213464 10.09 200 107.73 2022 Unknown
14 Radeon RX 6800 20667 1030 758.99 27.23 250 82.67 2020 Desktop
15 GefForce RTX 3060 Ti 20206 2961 599.99 33.68 200 101.03 2020 Desktop
16 TITAN RTX 20169 B44 279499 7.22 280 72.03 2018 Workstation
17 Quadro RTX 6000 19692 B37 6300 3.13 295 66.75 2018 Workstation
18 Geforce RTX 2080 SUF 19519 934 633.99 28.54 250 78.08 2019 Desktop
19 Quadro RTX 8000 19126 01 474149 4.03 260 7/3.56 2019 Workstation
20 Radeon RX 6700 XT 18993 1014 529.99 35,84 230 832.58 2021 Desktop
21 RTX A4000 18988 938 123398 15.39 140 135.63 2021 Workstation
22 TITAN YV 18816 B4S 199999 9.41 250 75.26 2017 Desktop
23 Radeon PRO W6S00 18802 914 219499 8,57 250 75.208 2021 Unknown
24 Geforce RTX 2080 18732 917 633.03 29.59 250 7493 2018 Desktop
25 GeForce GTX 1080 Ti 18284 934 604,15 30,26 250 73.14 2017 Desktop
26 NVIDIATITAN Xo 18280 812 1645 1111 250 73.12 2017 Deskton

GPU_benchmarks v7 +

5.1 Dataset Overview

The GPU Benchmarks Compilation dataset stands as an essential tool for rating GPU performance through different
architectures which directly applies to Al-based algorithm optimization in programming. This dataset provides benchmark results
from PassMark PerformanceTest and Geekbench 5 which reveal complete GPU performance details regarding G3DMark (3D
graphics performance) and G2DMark (2D graphics performance) along with power consumption TDP figures and GPU Value ratios
and Performance per Watt measurements. The dataset contains evaluation data for more than 2000 GPUs which stem from major
producers NVIDIA and AMD while supporting both basic and business applications. The dataset includes information about GPU
target applications because it distinguishes between desktop grade and workstation grade and server-grade graphics cards to
help identify optimal Al workload solutions. Results covering CUDA, OpenCL, Metal and DirectCompute rank alongside each other
to enable researchers to compare these programming interfaces when executing Al computations and machine learning model
acceleration[26]. This research utilizes existing dataset to understand GPU performance-algorithmic efficiency relationships within
Al-based programming through parallel processing makeup and computational rate measurements and energy usage analysis.
This extensive dataset provides extensive evaluation possibilities for hardware optimization methods which leads to identifying
optimum GPU setups for Al-driven applications. The analysis in this study employs the visualization capabilities of Python and
Tableau to present GPU performance patterns that will help developers and system architects among others choose appropriate
hardware for Al workloads[27]. The importance of GPUs as benchmarks for deep learning expands because of fast HPC
developments due to their role in algorithm optimization and efficient deployment during real-world implementations in
computational intelligence research.
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6. Discussion and Analysis

6.1 Interpretation of Findings

The evaluation of GPU performance based on the GPU Benchmarks Compilation dataset demonstrates crucial relations
between system cost and measurement outcomes regarding system performance and power usage effectiveness[28]. A correlation
exists between GPU price levels and G3DMark scores but the relationship is not absolutely direct as shown in Figure 3. Chelation
emerges between affordable GPUs offering strong performance characteristics compared to their purchase price thus making
these models suitable for buyers looking to avoid high-end expenditures. The combination of affordability and power needs special
attention when implementing applications controlled by Al automation systems. Figure 6 shows GPU distribution according to
their power performance data where desktop along with mobile versions lead the field [28]. Robust computation powers of desktop
GPUs make them the essential choice for demanding high-performance computing operations [29]. Mobile GPUs deliver
satisfactory processing capability which supports mobile applications even though they are less effective than desktop GPUs.
Workstation GPUs maintain an acceptable efficiency balance to provide support for specific applications like Al model training as
well as scientific simulations. The selection process for GPUs in Al-based algorithm optimization requires balancing power
performance with cost factors according to the research findings.

6.2 Performance vs. Cost Efficiency

The selection of GPUs stands as the essential step for Al-based algorithm optimization because it requires achieving top
performance within budgetary limits[30]. The assessment demonstrates that premium GPU chips deliver top performance but mid-
range models provide solid value propositions according to their price and performance relationship. Research shows that efficient
hardware equipment plays a crucial role in Al applications especially in deep learning analysis together with financial modeling
and real-time information handling processes. The practice of artificial intelligence requires professionals to find equilibrium
between spending less money and delivering maximum output to maximize their available resources [31]. Organizations together
with independent researchers can execute substantial computations through mid-range GPU models which demonstrate strong
G3DMark performance without demanding top-tier hardware components[32]. The current market offers adequate options for
startups and academic institutions who have restricted budgets. Cloud-based Al solutions that provide on-demand GPU usage
show why organizations must focus on affordable selections[33]. Al-driven applications achieve the best efficiency-to-cost ratio
when they select optimal-performance GPUs that cost less than competitors

6.3 Power Consumption and Computational Efficiency

Power performance presents a vital factor when selecting GPUs according to the research study which is shown in Figure
6. Workstation GPUs achieve the best power efficiency to computational ratio among all GPU types. Their power efficiency makes
the GPU suitable for time-consuming computations needed in deep learning training processes and high-frequency financial
project analysis. The ongoing use of GPUs in extensive Al implementations demands energy-effective systems because their
extended operational power leads to major operational spending and environmental impact levels [33]. Financial institutions
running sustained fraud detection systems must manage the relationship between computing power and energy usage for their
Al applications. The combination of high energy efficiency ratio with processors results in power cost reduction while keeping
strong performance capabilities[34]. Leadership in real-time analytics needs businesses to select GPUs which deliver optimum
results between performance abilities and power efficiency alignment[35]. The research confirms that businesses must use strategic
GPU selection approaches to guarantee sustainable computational workload operations in the future

6.4 Benchmarking as a Selection Criterion

The overview in Figure 7 demonstrates that GPU performance assessment centers heavily on G3DMark benchmark scores
since these numbers stand out as the most critical metric for computing capacity evaluation [36]. Preserving benchmark scores
functions as an essential decision factor when picking GPUs in Al applications because they enable standardized measurement of
GPU performance although benchmark scores alone do not capture the complete picture. Research follows an emerging
benchmarking pattern which combines several measurement factors including power usage and thermal performance
measurements with customized benchmarks [37]. Al practitioners need to use a complete assessment system during GPU selection
because it requires consideration of things beyond sheer processing speeds that includes expense and power efficiency and
scalability aspects.

6.5 Implications for Al-Based Algorithm Optimization

The results obtained in this work directly apply to the current development of Al-based algorithms and optimizations in
programming languages. Understanding the nature of the GPU and how it performs the computations enables the Al developers
to fine-tune its models to work best on the system hardware [38]. For instance, deep learning models that involve high matrix
computation, GPUs with high G3DMark score might be suitable while applications like edge Al, loT analytics, which need power
optimization, should choose GPUs with favourable power-performance ratio [39]. This knowledge helps in making better choices
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for the algorithmic execution by utilizing CUDA and Tensor Cores of GPUs. Choosing the right GPU for a given Al work leads to
improvement in computational performance and also, less time and energy is used. Therefore, in the real-world deployment of
the Al applications, the hardware awareness will be important to enable the optimization of the system for the best performance
at an affordable cost.

7. Future Work

Possible future developments regarding Al regarding algorithm design and optimization in programming can be widely
spread in several necessary areas to increase the performance and scalability of algorithms [32]. First, if indexes for Al workloads
optimized to deep learning inference, NLP, and real time Al decision making are taken, they give more application-related scores
rather than synthetic ones used now. Furthermore, as new accelerators for Al, such as Google's TPUs, AMD Instinct, and NVIDIA
Tensor Cores are being developed in future research works, it is crucial to compare the efficiency of such accelerators with
conventional GPUs in terms of the model performance, its ability to scale, and energy requirements [40]. Recent advances in parallel
computing form an important aspect of artificial intelligence-based programming, further research in the field of multi-GPU
architecture, distributed computing paradigms, and quantum-based heuristic optimization may help in significantly improving the
level of Al-based integrated computing. Another is the direction in green Al computing where issues of the energy efficient
architecture of GPUs, use of renewable energy sources, and power management should be studied in order to achieve growth
without compromising energy consumption [41]. Continuing the innovative advances in GPU selection models utilizing machine
learning concepts can help computer hardware requirements for Al admission and complexity, and real-time constraints of the
dataset to make self-automated decisions for selection of the most suitable hardware for the workload. As mentioned before, tools
like G3DMark are not specifically milestones for Al applications; thus, new benchmarking frameworks designed for Al applications
such as Convolutional neural networks, reinforcement learning and vast data analysis can produce more realistic review of
performances. Innovatives and developing paradigms of computing like neuromorphic computing, quantum Al and bio-inspired
processing are a realized pathway which has the potential to transform the way algorithm optimization is done by using Al [42].
Studying how these next-generation architectures affect the programming paradigms and Al computations tasks will be critical in
the future. Future research should fill the following gaps in order to enhance Al-based optimization of algorithms in terms of
computational aspects, including efficiency, sustainability, and adaptability to the prevalent technological conditions.

8. Conclusion

This research paper focused on Al-based algorithm design and optimization area in programming through evaluating
GPU using GPU Benchmarks Compilation dataset. The study reveals that GPU selection plays a vital role in enhancing
computational performance, and other aspects like the cost/benefit ratio, power requirements, and rating scores are some of the
key determinants of the selection process. This shows that although higher end GPUs give better performance, mid range GPUs
are also readily available at cheaper costs while providing nearly as much performance as the higher end GPUs thus making them
suitable for use in Al operations. Also highlighted in the study is the role of power efficiency where among the Al applications, the
workstation GPU is tuned well for performance density for long duration operations such as model training and real-time inference.
In addition, benchmarking is still an important factor used in selection but actual application ranking is of equal importance for
efficient allocation of hardware in the case of Al applications. The study also notes that the other optimization strategies for the Al
algorithms should correspond with the optimization strategies of the hardware to acquire the most optimal solution in terms of
speed and resource consumption. The reasons and opportunities for the development of future Al workloads, such as GPU
architecture, parallel computing and green computing are worth considering. In general, this research helps to broaden the
knowledge of Al-driven GPU optimization and give valuable information to developers, researchers, and industry members who
want to improve the algorithm. In the future, workload specific benchmarking, adaptive GPU selection models and other forms of
nascent computational technologies will be key in the continuous development of artificial intelligence based programming and
the provision of sustainable high performance computing systems.

Funding: This research received no external funding.

Conflicts of Interest: The authors declare no conflict of interest.

Publisher’s Note: All claims expressed in this article are solely those of the authors and do not necessarily represent those of
their affiliated organizations, or those of the publisher, the editors and the reviewers.

Page | 135



Advancing Computational Intelligence: Al-Based Algorithm Design and Optimization in Programming

References:

[1]. Krzywanski, J., Sosnowski, M., Grabowska, K., Zylka, A., Lasek, L., & Kijo-Kleczkowska, A. (2024). Advanced computational methods for modeling,
prediction and optimization—a review. Materials, 17(14), 3521.

https://www.mdpi.com/1996-1944/17/14/3521

[2]. Zhang, C., Ueng, Y. L, Studer, C., & Burg, A. (2020). Artificial intelligence for 5G and beyond 5G: Implementations, algorithms, and optimizations.
IEEE Journal on Emerging and Selected Topics in Circuits and Systems, 10(2), 149-163.

https://ieeexplore.ieee.org/abstract/document/9108219/metrics#metrics

[3]. Chang, Z, Liu, S., Xiong, X., Cai, Z, & Tu, G. (2021). A survey of recent advances in edge-computing-powered artificial intelligence of things.
IEEE Internet of Things Journal, 8(18), 13849-13875.

https://ieeexplore.ieee.org/abstract/document/9453402

[4]. Kalpana, K. SOLVING COMPLEX PROBLEMS BY OPTIMIZED ALGORITHM THROUGH Al SYSTEM.

https://ijmer.s3.amazonaws.com/pdf/volume13/volume13-issue3(2)/12.pdf

[5]. Wang, W. Y., Zhang, S., Li, G., Lu, J, Ren, Y., Wang, X, ... 8 Li, J. (2024). Artificial intelligence enabled smart design and manufacturing of advanced
materials: the endless Frontier in Al+ era. Materials Genome Engineering Advances, 2(3), e56.

https://onlinelibrary.wiley.com/doi/full/10.1002/mgea.56

[6]. Parekh, R., & Mitchell, O. (2024). Progress and obstacles in the use of artificial intelligence in civil engineering: An in-depth review. International
Journal of Science and Research Archive, 13(1), 1059-1080.

https://www.researchgate.net/profile/Ruchit-Parekh-
4/publication/384434848 Progress and obstacles in the use of artificial intelligence in civil engineering An in-
depth review/links/66f8777af599e0392fa9a793/Progress-and-obstacles-in-the-use-of-artificial-intelligence-in-civil-engineering-An-
in-depth-review.pdf

[7]. Oladosu, T. L., Pasupuleti, J, Kiong, T. S., Koh, S. P. J,, & Yusaf, T. (2024). Energy management strategies, control systems, and artificial
intelligence-based algorithms development for hydrogen fuel cell-powered vehicles: A review. International Journal of Hydrogen Energy,
61, 1380-1404.

https://www.sciencedirect.com/science/article/abs/pii/S0360319924007225

[8]. Priyadarshi, R. (2024). Energy-efficient routing in wireless sensor networks: a meta-heuristic and artificial intelligence-based approach: a
comprehensive review. Archives of Computational Methods in Engineering, 31(4), 2109-2137.

https://link.springer.com/article/10.1007/s11831-023-10039-6

[9]. Chan, H. S., Shan, H., Dahoun, T., Vogel, H., & Yuan, S. (2019). Advancing drug discovery via artificial intelligence. Trends in pharmacological
sciences, 40(8), 592-604.

https://www.cell.com/trends/pharmacological-sciences/abstract/S0165-6147(19)30135-X

[10]. Al-Othman, A., Tawalbeh, M., Martis, R,, Dhou, S., Orhan, M., Qasim, M., & Olabi, A. G. (2022). Artificial intelligence and numerical models in
hybrid renewable energy systems with fuel cells: Advances and prospects. Energy Conversion and Management, 253, 115154,

https://www.sciencedirect.com/science/article/abs/pii/S0196890421013303

[11]. Force, A. A. T, Parasa, S., Berzin, T, Leggett, C., Gross, S., Repici, A., ... & Sharma, P. (2025). Consensus statements on the current landscape of
artificial intelligence applications in endoscopy, addressing roadblocks, and advancing artificial intelligence in gastroenterology.
Gastrointestinal endoscopy, 101(1), 2-9.

https://www.sciencedirect.com/science/article/pii/S0016510723031395

[12]. Abduljabbar, R, Dia, H., Liyanage, S., & Bagloee, S. A. (2019). Applications of artificial intelligence in transport: An overview. Sustainability,
11(1), 189.

https://www.mdpi.com/2071-1050/11/1/189

[13]. Pham, B. T, Le, L. M,, Le, T. T, Bui, K. T. T,, Le, V. M,, Ly, H. B,, & Prakash, I. (2020). Development of advanced artificial intelligence models for
daily rainfall prediction. Atmospheric Research, 237, 104845.

https://www.sciencedirect.com/science/article/abs/pii/S0169809519311238

[14]. Geetha, B. T., Yenugula, M., Randhawa, N., Purohit, P., Maney, K. L., & Venkteshwar, A. (2024, March). Advancement improving the acquisition
of customer insights in digital marketing by utilising advanced artificial intelligence algorithms. In 2024 International Conference on
Trends in Quantum Computing and Emerging Business Technologies (pp. 1-7). IEEE.

https://ieeexplore.ieee.org/abstract/document/10545055

[15]. Ercikan, K., & McCaffrey, D. F. (2022). Optimizing implementation of artificial-intelligence-based automated scoring: An evidence centered
design approach for designing assessments for Al-based scoring. Journal of Educational Measurement, 59(3), 272-287.

https://onlinelibrary.wiley.com/doi/abs/10.1111/jedm.12332

[16]. Pan, Y., & Zhang, L. (2021). Roles of artificial intelligence in construction engineering and management: A critical review and future trends.
Automation in Construction, 122, 103517.

https://www.sciencedirect.com/science/article/abs/pii/S0926580520310979

[17]. Noye, S., Martinez, R. M., Carnieletto, L., De Carli, M., & Aguirre, A. C. (2022). A review of advanced ground source heat pump control: Artificial
intelligence for autonomous and adaptive control. Renewable and Sustainable Energy Reviews, 153, 111685.

https://papers.ssrn.com/sol3/papers.cfm?abstract id=4616049

[18]. Saheb, T., Dehghani, M., & Saheb, T. (2022). Artificial intelligence for sustainable energy: A contextual topic modeling and content analysis.
Sustainable Computing: Informatics and Systems, 35, 100699.

https://www.sciencedirect.com/science/article/abs/pii/S2210537922000415

[19]. Job, M. A. (2021). Automating and optimizing software testing using artificial intelligence techniques. International Journal of Advanced
Computer Science and Applications, 12(5).

https://www.proquest.com/openview/f1d30e9c0f4d20600396fc8f64dfa84d/1?pg-origsite=gscholar&cbl=5444811

Page | 136


https://www.mdpi.com/1996-1944/17/14/3521
https://ieeexplore.ieee.org/abstract/document/9108219/metrics#metrics
https://ieeexplore.ieee.org/abstract/document/9453402
https://ijmer.s3.amazonaws.com/pdf/volume13/volume13-issue3(2)/12.pdf
https://onlinelibrary.wiley.com/doi/full/10.1002/mgea.56
https://www.researchgate.net/profile/Ruchit-Parekh-4/publication/384434848_Progress_and_obstacles_in_the_use_of_artificial_intelligence_in_civil_engineering_An_in-_depth_review/links/66f8777af599e0392fa9a793/Progress-and-obstacles-in-the-use-of-artificial-intelligence-in-civil-engineering-An-in-depth-review.pdf
https://www.researchgate.net/profile/Ruchit-Parekh-4/publication/384434848_Progress_and_obstacles_in_the_use_of_artificial_intelligence_in_civil_engineering_An_in-_depth_review/links/66f8777af599e0392fa9a793/Progress-and-obstacles-in-the-use-of-artificial-intelligence-in-civil-engineering-An-in-depth-review.pdf
https://www.researchgate.net/profile/Ruchit-Parekh-4/publication/384434848_Progress_and_obstacles_in_the_use_of_artificial_intelligence_in_civil_engineering_An_in-_depth_review/links/66f8777af599e0392fa9a793/Progress-and-obstacles-in-the-use-of-artificial-intelligence-in-civil-engineering-An-in-depth-review.pdf
https://www.researchgate.net/profile/Ruchit-Parekh-4/publication/384434848_Progress_and_obstacles_in_the_use_of_artificial_intelligence_in_civil_engineering_An_in-_depth_review/links/66f8777af599e0392fa9a793/Progress-and-obstacles-in-the-use-of-artificial-intelligence-in-civil-engineering-An-in-depth-review.pdf
https://www.sciencedirect.com/science/article/abs/pii/S0360319924007225
https://link.springer.com/article/10.1007/s11831-023-10039-6
https://www.cell.com/trends/pharmacological-sciences/abstract/S0165-6147(19)30135-X
https://www.sciencedirect.com/science/article/abs/pii/S0196890421013303
https://www.sciencedirect.com/science/article/pii/S0016510723031395
https://www.mdpi.com/2071-1050/11/1/189
https://www.sciencedirect.com/science/article/abs/pii/S0169809519311238
https://ieeexplore.ieee.org/abstract/document/10545055
https://onlinelibrary.wiley.com/doi/abs/10.1111/jedm.12332
https://www.sciencedirect.com/science/article/abs/pii/S0926580520310979
https://papers.ssrn.com/sol3/papers.cfm?abstract_id=4616049
https://www.sciencedirect.com/science/article/abs/pii/S2210537922000415
https://www.proquest.com/openview/f1d30e9c0f4d20600396fc8f64dfa84d/1?pq-origsite=gscholar&cbl=5444811

JCSTS 7(1): 122-138

[20]. Owidi, S. O. Exploring the Synergy between Programming Languages and Artificial Intelligence: Future Trends, Challenges and Innovations.

https://www.researchgate.net/profile/Salmon-
Owidi/publication/387790484 Exploring the Synergy between Programming Languages and Artificial Intelligence Future Trends Ch
allenges and Innovations/links/677d574e7934b95644a7d60d/Exploring-the-Synergy-between-Programming-Languages-and-
Artificial-Intelligence-Future-Trends-Challenges-and-Innovations.pdf

[21]. Jadhav, B., Kulkarni, A., Khang, A., Kulkarni, P., & Kulkarni, S. (2025). Beyond the Horizon: Exploring the Future of Artificial Intelligence (Al)
Powered Sustainable Mobility in Public Transportation System. In Driving Green Transportation System Through Artificial Intelligence
and Automation: Approaches, Technologies and Applications (pp. 397-409). Cham: Springer Nature Switzerland.

https://link.springer.com/chapter/10.1007/978-3-031-72617-0 21

[22]. Hai, T., Basem, A,, Alizadeh, A. A, Singh, P. K., Rajab, H., Maatki, C,, ... & Maleki, H. (2025). Optimizing ternary hybrid nanofluids using neural
networks, gene expression programming, and multi-objective particle swarm optimization: a computational intelligence strategy.
Scientific Reports, 15(1), 1986.

https://www.nature.com/articles/s41598-025-85236-3

[23]. Adhikary, S., Sau, S., Debnath, S., & Ghosh, D. (2025). Advancing bioenergy: leveraging artificial intelligence for efficient production and
optimization. In Computer Vision and Machine Intelligence for Renewable Energy Systems (pp. 177-186). Elsevier.

https://www.sciencedirect.com/science/article/abs/pii/B9780443289477000100

[24]. Nweje, U., & Taiwo, M. (2025). Leveraging Atrtificial Intelligence for predictive supply chain management, focus on how Al-driven tools are
revolutionizing demand forecasting and inventory optimization. International Journal of Science and Research Archive, 14(1), 230-250.

https://journalijsra.com/sites/default/files/fulltext pdf/IJSRA-2025-0027.pdf

[25]. Das, S., Mutsuddi, I., & Ray, N. (2025). Artificial Intelligence in Adaptive Education: A Transformative Approach. In Advancing Adaptive
Education: Technological Innovations for Disability Support (pp. 21-50). IGI Global Scientific Publishing.

https://www.igi-global.com/chapter/artificial-intelligence-in-adaptive-education/367292

[26]. Arsad, A. Z., Azhar, A. D., Arsad, S. R, Zuhdi, A. W. M., Chau, C. F.,, & Ghazali, A. (2025). Towards artificial intelligence for solar charge controller:
an analytical study of recent status, optimization and module development. Energy Systems, 1-54.

https://link.springer.com/article/10.1007/s12667-024-00721-4

[27]. Vijay Kumar, V., & Shahin, K. (2025). Artificial Intelligence and Machine Learning for Sustainable Manufacturing: Current Trends and Future
Prospects. Intelligent and Sustainable Manufacturing, 2(1), 10002.

https://www.sciepublish.com/article/pii/400

[28]. Rawat, P. S., & Kumar, N. (2025). Cost Optimization Model for Cloud Using Machine Learning and Artificial Intelligence. In Advanced Computing
Techniques for Optimization in Cloud (pp. 170-179). Chapman and Hall/CRC.

https://www.taylorfrancis.com/chapters/edit/10.1201/9781003457152-9/cost-optimization-model-cloud-using-machine-learning-artificial-
intelligence-pradeep-singh-rawat-narendra-kumar

[29]. Ogunseye, O. O., Ajayi, O. T., Fabusoro, A, Abba, A. O., & Adepoju, B. (2025). Leveraging Artificial Intelligence for Advancing Key Sectors of
National Growth and Development. Asian Journal of Current Research, 10(1), 45-55.

http://article.ths100.in/id/eprint/1968/

[30]. Ghosh, S. (2025). Developing artificial intelligence (Al) capabilities for data-driven business model innovation: Roles of organizational
adaptability and leadership. Journal of Engineering and Technology Management, 75, 101851.

https://www.sciencedirect.com/science/article/abs/pii/S0923474824000560

[31]. Gallo, E. (2025). Revolutionizing synthetic antibody design: Harnessing artificial intelligence and deep sequencing big data for unprecedented
advances. Molecular Biotechnology, 67(2), 410-424.

https://link.springer.com/article/10.1007/s12033-024-01064-2

[32]. Liang, J. (2025). Artificial Intelligence Empowered Teaching Reform and Exploration of Python Programming Course. Open Access Library
Journal, 12(1), 1-14.

https://www.scirp.org/journal/paperinformation?paperid=140313

[33]. Ajmal, C. S,, Yerram, S., Abishek, V., Nizam, V. M., Aglave, G., Patnam, J. D, ... & Srivastava, S. (2025). Innovative Approaches in Regulatory
Affairs: Leveraging Artificial Intelligence and Machine Learning for Efficient Compliance and Decision-Making. The AAPS Journal, 27(1),
22.

https://link.springer.com/article/10.1208/s12248-024-01006-5

[34]. Liu, C, Wang, G. C., & Wang, H. F. (2025). The application of artificial intelligence in engineering education: a systematic review. IEEE Access.

https://ieeexplore.ieee.org/abstract/document/10851283

[35]. Banerjee, D. K., Kumar, A, & Sharma, K. (2024). Artificial Intelligence on Additive Manufacturing. International IT Journal of Research, ISSN:
3007-6706, 2(2), 186-189.

https://itjournal.org/index.php/itjournal/article/view/37

Eyo-Udo, N. (2024). Leveraging artificial intelligence for enhanced supply chain optimization. Open Access Research Journal of Multidisciplinary
Studies, 7(2), 001-015.

https://text2fa.ir/wp-content/uploads/Text2fa.ir-Leveraging-artificial-intelligence-for-enhanced-supply.pdf

[36]. Armand, T. P. T, Nfor, K. A, Kim, J. I, & Kim, H. C. (2024). Applications of Artificial Intelligence, Machine Learning, and Deep Learning in
Nutrition: A Systematic Review. Nutrients, 16(7).

https://pmc.ncbi.nlm.nih.gov/articles/PMC11013624/

[37]. Lipu, M. H., Miah, M. S,, Jamal, T., Rahman, T., Ansari, S., Rahman, M. S., ... & Shakib, M. N. (2023). Artificial intelligence approaches for advanced
battery management system in electric vehicle applications: A statistical analysis towards future research opportunities. Vehicles, 6(1),
22-70.

https://www.mdpi.com/2624-8921/6/1/2

Page | 137


https://www.researchgate.net/profile/Salmon-Owidi/publication/387790484_Exploring_the_Synergy_between_Programming_Languages_and_Artificial_Intelligence_Future_Trends_Challenges_and_Innovations/links/677d574e7934b95644a7d60d/Exploring-the-Synergy-between-Programming-Languages-and-Artificial-Intelligence-Future-Trends-Challenges-and-Innovations.pdf
https://www.researchgate.net/profile/Salmon-Owidi/publication/387790484_Exploring_the_Synergy_between_Programming_Languages_and_Artificial_Intelligence_Future_Trends_Challenges_and_Innovations/links/677d574e7934b95644a7d60d/Exploring-the-Synergy-between-Programming-Languages-and-Artificial-Intelligence-Future-Trends-Challenges-and-Innovations.pdf
https://www.researchgate.net/profile/Salmon-Owidi/publication/387790484_Exploring_the_Synergy_between_Programming_Languages_and_Artificial_Intelligence_Future_Trends_Challenges_and_Innovations/links/677d574e7934b95644a7d60d/Exploring-the-Synergy-between-Programming-Languages-and-Artificial-Intelligence-Future-Trends-Challenges-and-Innovations.pdf
https://www.researchgate.net/profile/Salmon-Owidi/publication/387790484_Exploring_the_Synergy_between_Programming_Languages_and_Artificial_Intelligence_Future_Trends_Challenges_and_Innovations/links/677d574e7934b95644a7d60d/Exploring-the-Synergy-between-Programming-Languages-and-Artificial-Intelligence-Future-Trends-Challenges-and-Innovations.pdf
https://link.springer.com/chapter/10.1007/978-3-031-72617-0_21
https://www.nature.com/articles/s41598-025-85236-3
https://www.sciencedirect.com/science/article/abs/pii/B9780443289477000100
https://journalijsra.com/sites/default/files/fulltext_pdf/IJSRA-2025-0027.pdf
https://www.igi-global.com/chapter/artificial-intelligence-in-adaptive-education/367292
https://link.springer.com/article/10.1007/s12667-024-00721-4
https://www.sciepublish.com/article/pii/400
https://www.taylorfrancis.com/chapters/edit/10.1201/9781003457152-9/cost-optimization-model-cloud-using-machine-learning-artificial-intelligence-pradeep-singh-rawat-narendra-kumar
https://www.taylorfrancis.com/chapters/edit/10.1201/9781003457152-9/cost-optimization-model-cloud-using-machine-learning-artificial-intelligence-pradeep-singh-rawat-narendra-kumar
http://article.ths100.in/id/eprint/1968/
https://www.sciencedirect.com/science/article/abs/pii/S0923474824000560
https://link.springer.com/article/10.1007/s12033-024-01064-2
https://www.scirp.org/journal/paperinformation?paperid=140313
https://link.springer.com/article/10.1208/s12248-024-01006-5
https://ieeexplore.ieee.org/abstract/document/10851283
https://itjournal.org/index.php/itjournal/article/view/37
https://text2fa.ir/wp-content/uploads/Text2fa.ir-Leveraging-artificial-intelligence-for-enhanced-supply.pdf
https://pmc.ncbi.nlm.nih.gov/articles/PMC11013624/
https://www.mdpi.com/2624-8921/6/1/2

Advancing Computational Intelligence: Al-Based Algorithm Design and Optimization in Programming

[38]. Soori, M., Arezoo, B., & Dastres, R. (2023). Artificial intelligence, machine learning and deep learning in advanced robotics, a review. Cognitive
Robotics, 3, 54-70.

https://www.sciencedirect.com/science/article/pii/S2667241323000113

[39]. Ouyang, F, Wu, M., Zheng, L., Zhang, L., & Jiao, P. (2023). Integration of artificial intelligence performance prediction and learning analytics to
improve student learning in online engineering course. International Journal of Educational Technology in Higher Education, 20(1), 4.

https://link.springer.com/article/10.1186/s41239-022-00372-4

[40]. Tapeh, A. T. G., & Naser, M. Z. (2023). Artificial intelligence, machine learning, and deep learning in structural engineering: a scientometrics
review of trends and best practices. Archives of Computational Methods in Engineering, 30(1), 115-159.

https://link.springer.com/article/10.1007/s11831-022-09793-w

[41]. Batool, M., Sanumi, O., & Jankovic, J. (2024). Application of artificial intelligence in the materials science, with a special focus on fuel cells and
electrolyzers. Energy and Al, 18, 100424.

https://www.sciencedirect.com/science/article/pii/S2666546824000909

[42]. Yanamala, K. K. R. (2024). Artificial Intelligence in talent development for proactive retention strategies. Journal of Advanced Computing
Systems, 4(8), 13-21.

https://scipublication.com/index.php/JACS/article/view/30

[43]. Dataset Link: https://www.kaggle.com/datasets/alanjo/gpu-benchmarks

Page | 138


https://www.sciencedirect.com/science/article/pii/S2667241323000113
https://link.springer.com/article/10.1186/s41239-022-00372-4
https://link.springer.com/article/10.1007/s11831-022-09793-w
https://www.sciencedirect.com/science/article/pii/S2666546824000909
https://scipublication.com/index.php/JACS/article/view/30
https://www.kaggle.com/datasets/alanjo/gpu-benchmarksd

