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Abstract: Introduction: Artificial intelligence has been transformed by current advancements in deep learning 

and machine learning. These neural network-powered technologies improve data processing skills, allowing 

for precise forecasts and ground-breaking discoveries. Deep learning is still growing and influencing a wide 

range of sectors, including healthcare, banking, and more, thanks to better computing power and growing data 

availability. Understanding the expanding impact of deep learning frameworks and their function in resolving 

challenging issues is what makes this research significant. Analyzing neural network performance, algorithmic 

enhancements, and data-driven decision-making becomes crucial to spur innovation and accelerate technical 

developments as industries embrace AI-based solutions more and more. The Alternative are Gradient Boosting 

Machines (GBM), Probability graphical models, Support Vector Machines (SVMs), Evolutionary mechanisms, 

Spiking Neural Networks. Security, Robot control, BCI framework, Drone control. The results show that 

Probability graphical models have the highest ranking and Evolutionary mechanisms have the lowest ranking. 

Probability graphical models have the highest value for Deep Learning Technology according to the MOORA 

approach. 

Key words: Deep Learning, Machine Learning, Neural Networks, Data Processing, Algorithm Efficiency. 

1. INTRODUCTION 

The field of artificial intelligence has advanced recently rapidly grown, including deep learning and machine learning. 

These technologies have gained a lot of popularity because of their capacity to handle enormous volumes of data, 

make predictions, and uncover insights that were previously impossible. As data gathering grows and computing 

power continues to improve, the transformative potential of deep learning and machine learning across many industries 

becomes increasingly clear. This article's objective is to provide a comprehensive examination of these technologies, 

their applications, and their societal impacts. [2] This discipline has advanced significantly thanks in large part to deep 

learning frameworks. The requirement for sophisticated frameworks and algorithms to efficiently evaluate and 

interpret interrelated events will grow as the field develops and more complicated data is gathered. Specialized 

processing methods are needed for large volumes of raw sequence data, such as DNA and RNA sequences. This 

challenge is a good fit for recurrent neural networks (RNNs) because of their capacity to manage continuous 

information. [3] When severe cataracts or dense vitreous hemorrhage considerably limit eye clarity, Optos makes it 

hard to capture pictures; hence these cases were excluded from the study. Furthermore, other fundus disorders were 

not included in this study; instead, it just compared images of normal eyes and those with RRD. It's also critical to 

remember that large datasets are necessary for deep learning models to train efficiently. To evaluate the efficiency and 

adaptability of deep learning in greater detail, future studies should use larger sample sets and include eyes with 

different fundus disorders. [4] Time series and multi-period data can be handled efficiently by the new technique 

known as deep learning. Furthermore, integrating several models frequently performs better than using just one, which 

makes it a top strategy for stock price prediction. [5] The Compact VGG model shows that it is quicker to train and 

test than VGG11, the VGG network family's most effective model. Additionally, Compact VGG regularly performs 

the best in classification when compared to the three sophisticated deep learning models. These outcomes show the 

efficacy and efficiency of the Compact VGG-based system, which makes it a feasible option for widespread cervical 

cancer screening. [6] Two primary components make up a deep learning architecture for medical picture classification 
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that is completely unsupervised. In the first, unsupervised machine learning approaches are employed to extract 

features from input data, and the final classification results are obtained using unsupervised classification approaches 

in the second. To solve the issue of a lack of labeled medical data, this research presents a completely unsupervised 

deep learning method for diagnosing AD. [7] Smart grids (SG), which offer better grid dependability and effective 

energy management, are causing a major shift in the current electrical system. This change is happening quickly, and 

processing the massive volumes of data produced by different components calls for sophisticated algorithms. In this 

regard, SG is strongly related to Deep Learning (DL), a new technology that enhances operational and supervisory 

decision-making while enabling a more intelligent and decentralized energy architecture. Motivated by the noteworthy 

success of DL-based prediction, the aim of this paper is to give a comprehensive overview of recent advancements in 

DL applications inside SG systems techniques. [8] A recent development in machine learning is deep learning that 

processes big information using sophisticated nonlinear transformations and model abstraction. Recent developments 

show that it has made substantial contributions to a number of fields and is crucial to the development of artificial 

intelligence. In order to give academics examining deep learning's algorithms and applications a succinct overview, 

The contributions and novel applications of the technology are examined in this article. The paper also examines the 

primary uses, popular methods, and benefits of deep learning particularly its hierarchical and nonlinear approach—in 

contrast to conventional algorithms across a range of use cases. [9] Using relevant data within a particular scope, 

numerous academics have started conducting in-depth study on intelligent video technologies. Nevertheless, the use 

of convolutional neural networks and optical flow techniques in deep learning for intelligent video analysis is still 

relatively new. [10] Using relevant data within a particular scope, numerous academics have started conducting in-

depth study on intelligent video technologies. Nevertheless, the use of convolutional neural networks and optical flow 

techniques in deep learning for intelligent video analysis is still relatively new. An efficient prediction model integrates 

deep learning models and signal processing methods to forecast transient and nonlinear time series data. The accuracy 

of predictions can be greatly increased by using appropriate signal processing techniques. Variance method 

decomposition (VMD), empirical method decomposition (EMD), Kalman filter (KF), singular value decomposition 

(SVD), and wavelet transform (WT) are some of the most successful methods now in use. [11] De-correlation is no 

longer necessary when deep learning models like deep neural networks (DNNs), deep belief networks (DBNs), or 

deep auto encoders (DAEs) take the place of Gaussian mixture models (GMMs). This is because deep learning 

techniques can efficiently predict data connections. This benefit was illustrated in our earlier work, namely by 

emphasizing the benefits of spectrograms over MFCCs for unsupervised speech feature encoding using DAEs. The 

usage of DAEs was eventually expanded from single-modality speech processing to a bimodal method that 

incorporates both speech and visual data through additional research conducted at Stanford. [12] Small sample sizes 

and study populations, reliance on institutional or private datasets for testing, considerable variability in restricted 

integration into clinical practice, poor reproducibility due to a lack of open source code, and imaging jobs and 

evaluation criteria are some of the drawbacks of current deep learning applications. [13] Hand-crafted features are no 

longer necessary thanks to deep learning, but domain expertise is essential for assessing if the model has picked up 

pertinent features, whether it understands its output, and whether it connects them to the clinical situations of patients. 

A sufficiently big and representative dataset for each class must be gathered in order to construct a strong machine 

learning framework for a certain goal. This ensures that the algorithm can estimate new, unseen occurrences and 

accurately represents the statistical features of the program's population. It takes more work to gather unusual 

occurrences because class distributions need to be perfectly balanced for training to be effective. Traditional methods 

of machine learning have given way to more sophisticated deep learning strategies throughout time. [14] Deep learning 

frameworks provide strong detection, classification, and segmentation skills, making them ideal for image 

quantification. Specifically, in the Large-Scale Visual Recognition Challenge with Image Net, 2015 AI driven by deep 

learning performed better than human-scale image recognition Error rate: 4.9% as opposed to 5.1%. 16. The usefulness 

of these AI systems for image feature analysis has been demonstrated by their successful application to imaging tasks 

for diseases like diabetic retinopathy, skin cancer, and breast cancer. Furthermore, although its application is still 

restricted, AI has been utilized in computed tomography and mammography. While AI has also been investigated for 

colonoscopy polyp detection, the outcomes have not been ideal. [15] Growing interest in deep learning is due to its 

potential benefits in feature extraction and data classification. Its position in system health management, as a 

constantly expanding topic of study with a wide range of applications, calls for research to ascertain whether it may 

increase the overall resilience of the system or offer financial advantages for maintenance, repair, and remediation 

procedures. A systematic assessment of AI-based system health management is presented in this paper, with an 

emphasis on recent developments in deep learning. To demonstrate its potential, a number of frameworks and 

underlying theories are examined. Deep learning exhibits encouraging advantages in fault identification and 
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prediction, according to the analyzed studies. [16] GPUs and big data are essential for improving deep learning 

algorithms' learning capacities. Convolutional, pooling, patch normalization, Among the layers that comprise the 

models—also known as networks, which form the basis of deep learning—are completely connected layers. 

Essentially, deep learning models convert speech, video, and image input data into useful outputs like traffic analysis, 

password recognition, and object classification. Convolutional neural networks stand out among deep learning 

architectures due to their exceptional image processing capabilities. [17] Neural networks with several hidden layers 

define A subset of machine learning is called deep learning. Unlike approaches based on shallow learning, deep 

learning models need a lot of training data in order to function at their best. Furthermore, the network's architecture 

has a substantial influence on the effectiveness of deep learning models perform. [18] Large datasets are usually 

needed for training machine learning techniques, particularly deep learning. On the other hand, a few examples can 

teach the human brain. Consequently, creating methods that allow for learning with less data has grown to be a very 

important and extensively studied area in machine learning. [19] In order to analyze this new kind of data, deep 

learning is essential. However, mainly because of technology limitations, its use in the healthcare sensing field has 

been restricted. Since processing complicated and noisy sensor data can severely deplete device resources, it is still 

difficult to implement an effective and dependable deep learning model on mobile devices. [20] Big data availability, 

enhanced processing capacity from contemporary GPUs, and better deep neural network training algorithms have 

reignited interest in this idea. According to recent studies, this technology can perform better than humans on a few 

visual and aural identification tasks, indicating that it has potential uses in healthcare and medicine, especially in 

medical imaging. With an emphasis on its use in medical imaging, this overview offers insights into the background, 

development, and uses of deep learning.  

2. MATERIALS AND METHOD 

Alternatives: Security: mechanisms and safeguards against unwanted access to networks, systems, and data, attacks, 

or damage, ensuring confidentiality, integrity, and availability. 

Robot control: The process of managing and operating robotic systems through algorithms, sensors, and actuators to 

perform specific tasks efficiently and autonomously. 

BCI (Brain-Computer Interface) architecture: A system that allows the brain and an external device to communicate 

directly, often using neural signals to control computers, prosthetics, or other systems. 

Drone control: The technology and methods used to operate and navigate drones, including remote control, 

autonomous flight systems, and AI-driven decision-making. 

Evaluation Parameters: Gradient boosting machines (GBM): A machine learning method, usually decision trees that 

combine several poor learners to improve accuracy through iterative error reduction, to build predictive models. 

Probabilistic Graphical Models (PGMs): A paradigm for utilizing graphs to depict intricate probability distributions, 

facilitating efficient reasoning and decision-making in uncertain environments. 

Support Vector Machines (SVMs): A supervised machine learning approach that determines the appropriate hyper 

plane to divide a dataset's classes into distinct groups for classification and regression tasks. 

Evolutionary algorithms: Computational algorithms inspired by natural selection and evolution, such as genetic 

algorithms, are used to improve solutions to complex problems by iteratively selecting and optimizing candidate 

solutions. 

Spiking Neural Networks (SNNs): An artificial neural network type that imitates biological neurons by sending 

information through spikes, making them more biologically realistic and energy efficient for neural computing 

applications. 

Method: A computerized numerical control machine, an industrial robot, a flexible manufacturing system, a rapid 

prototyping process, an automated inspection system, and a non-traditional machining method that works well for a 

certain material and form combination are the six decision-making challenges that are examined in this paper. In each 

instance, the MOORA method's results closely resemble those of earlier research, proving its efficacy, adaptability, 

and suitability for resolving challenging decision-making issues in contemporary manufacturing settings. [22] More 

accurate evaluations are produced using the MOORA technique, which weighs all features according to their relative 

value when evaluating alternatives. It can handle both quantitative and qualitative selection attributes at the same time 

and is resilient, computationally straightforward, and easy to grasp. However, The decision matrix performs worse 

when it has a large number of qualitative features. The MOORA approach is a versatile instrument for making 

decisions because it may be applied to any selection criterion. [23] Previous research has tried to use a variety of 

mathematical methods and techniques to address material selection difficulties. The weighting of the selection criteria 
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and the procedure used to standardize the choice matrix, however, have an impact on the majority of these approaches. 

This emphasizes the necessity of a material selection strategy independent of these variables. In this study, general 

material selection problems are solved using the ratio-analysis-based multi-objective optimization (MOORA) 

approach. Additionally, the reference point technique and the entire multiplicative MOORA method's efficacy are 

evaluated. The findings show that all three approaches yield nearly comparable evaluations for material choices and 

are simple to comprehend and apply. [24] According to the MOORA technique, a fourth contractor was ranked 

favorably, and three contractors won first place. Although their precise ranking was unclear, the remaining ten 

contractors were all assigned to lesser positions, with one contractor being designated as the lowest rated. It's 

interesting to note that—unusually for contractors with the highest ranking—they weren't the most economical. 

Furthermore, the company's size was a major factor, thus worries about leaving out tiny businesses were moot. [25] 

This application covers a number of goals, including quality, project length, and cost pricing from the owners' point 

of view, as well as costs, experience, and efficiency from the contractors' point of view. The MOORA technique 

eliminates normalization issues by using dimensionless ratios because these targets have distinct units. These ratios 

were pooled in the first stage of MOORA and considered as distances from a reference point in the second step. A 

robustness check is provided by the consistency of the outcomes between these two phases. Additionally, when 

compared to other multi-objective optimization techniques, MOORA has exceptional reliability. Both MOORA 

phases yielded similar rankings in the Lithuanian facilities sector, confirming the findings' validity through a double-

validation procedure. [26] People should feel safe and content with their financial prosperity, health, education, various 

types of security, and the environment, according to well-being economics, which adopts a broad perspective. 

Achieving well-being necessitates completing several goals at once. When improved, these goals become important 

markers of wellbeing. The 16 data points in Table 1 serve as qualities in this context, and they become specific 

objectives when they are maximized or minimized. The MOORA approach can now be applied successfully. [27] The 

use of the MOORA approach to multi-criteria optimization problems in a milling process is examined in this paper. 

The usefulness of this approach is illustrated with six examples. The approach is especially helpful for decision makers 

without a strong mathematics background because it just involves basic ratio analysis and minimal mathematical 

computations. Furthermore, the MOORA approach drastically cuts down on computing time. The highest ranked 

options in every instance closely match the results of earlier studies, demonstrating the method's applicability, 

dependability, and adaptability. [28] The evaluation data generated through the MOORA method can be utilized to 

assess the market worth of particular flats or apartments, both in Lithuania and abroad. 

3. ANALYSIS AND DISSECTION 

TABLE 1. Deep Learning Technology 
  Deep Learning Technology 

  Security Robot control BCI framework Drone control 

Gradient Boosting Machines (GBM) 89 867 93.7 86 

Probability graphical models 73 357 10.8 76 

Support Vector Machines (SVMs) 63 159 73.2 357 

Evolutionary mechanisms 41 258 35 857 

Spiking Neural Networks 90 789 64 158 

 

Table 1 presents various deep learning technologies and their applications in four domains: security, robot control, 

BCI (brain-computer interface) architectures, and drone control. The table provides numerical values that indicate the 

efficiency, accuracy, or effectiveness in these domains. Gradient boosting machines (GBM) show high performance 

in all areas, especially in robot control (867) and BCI architectures (93.7). This indicates that GBM is well suited for 

complex decision-making and pattern recognition tasks in these domains. Probabilistic graphical models, while 

showing moderate performance in security (73) and drone control (76), perform significantly less well in BCI 

architectures (10.8), indicating their limited applicability in neural interface-related tasks. Support vector machines 

(SVMs) show strong performance in BCI architectures (73.2) and drone control (357), making them a viable choice 

for machine learning-based navigation and control tasks. Evolutionary algorithms that mimic natural selection 

processes are particularly prominent in drone control (857) but have relatively low performance in safety (41), 

indicating their potential for autonomous adaptation and optimization. Spiking neural networks (SNNs) show high 

performance in safety (90) (robot control (789) but low performance in drone control (158), highlighting their 

effectiveness in real-time, event-based tasks. These findings suggest that each deep learning technology has strengths 

suited to specific applications, emphasizing the importance of choosing the right model for a given task. 
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FIGURE 1. Deep Learning Technology 
 

Figure 1 illustrates the performance of different deep learning technologies across four domains: security, robot 

control, BCI (Brain-Computer Interface) frameworks, and drone control. The numerical values represent their 

effectiveness or accuracy in each application area. Gradient Boosting Machines (GBM) demonstrate exceptional 

performance in robot control (867) and BCI frameworks (93.7), indicating their strong ability in pattern recognition 

and decision-making. However, their effectiveness is relatively lower in security (89) and drone control (86), 

suggesting they may not be the optimal choice for these applications. Probability graphical models show moderate 

effectiveness in security (73) and robot control (357), but they perform poorly in BCI frameworks (10.8), indicating 

limited suitability for neural interface-related applications. Their performance in drone control (76) is also relatively 

low. Support Vector Machines (SVMs) excel in BCI frameworks (73.2) and drone control (357), highlighting their 

usefulness in machine learning-driven control systems. However, their performance in security (63) and robot control 

(159) is comparatively lower. Evolutionary mechanisms are particularly strong in drone control (857) but show weaker 

performance in security (41), indicating their strength in autonomous and adaptive optimization. Spiking Neural 

Networks (SNNs) perform well in security (90) and robot control (789) but are less effective in drone control (158). 

This suggests their suitability for real-time, event-driven application 

TABLE 2. Normalized Data 
  Normalized Data 

  Security Robot control BCI framework Drone control  

Gradient Boosting Machines (GBM) 0.5416 0.6868 0.6697 0.09065 

Probability graphical models 0.4443 0.2828 0.0772 0.08011 

Support Vector Machines (SVMs) 0.3834 0.1260 0.5232 0.3763 

Evolutionary mechanisms 0.2495 0.2044 0.2502 0.90334 

Spiking Neural Networks 0.5477 0.6250 0.4574 0.16654 

 

Table 2 presents normalized data for various deep learning technologies in four domains: safety, robot control, BCI 

(brain-computer interface) architectures, and drone control. Normalization allows for better comparison by scaling the 

values relative to their respective thresholds. Gradient boosting machines (GBMs) show high normalized values in 

robot control (0.6868) and BCI architectures (0.6697), emphasizing their performance in complex decision-making 

tasks. However, their performance in drone control is significantly lower (0.09065), indicating limited applicability in 

aerial systems. Probabilistic graphical models show moderate performance in safety (0.4443) and robot control 

(0.2828), while their lowest value is in BCI architecture (0.0772). This indicates that they are not very suitable for 
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neural-based tasks, but may still have applications in safety and robotic systems. Support vector machines (SVMs) 

show strong performance in BCI architectures (0.5232) and drone control (0.3763), indicating their effectiveness in 

classification and control tasks. However, their low values in security (0.3834) and robot control (0.1260) indicate 

limited applicability in those fields. Evolutionary algorithms excel in drone control (0.90334), highlighting their 

adaptability in autonomous systems. In contrast, they perform poorly in security (0.2495) and BCI architectures 

(0.2502). Spiking neural networks (SNNs) perform well in security (0.5477) and robot control (0.6250), indicating 

their strength in real-time decision-making applications. However, their performance in drone control is relatively low 

(0.16654). 
 

TABLE 3. Weight 

  Weight 

  Security Robot control BCI framework Drone control 

Gradient Boosting Machines (GBM) 0.25 0.25 0.25 0.25 

Probability graphical models 0.25 0.25 0.25 0.25 

Support Vector Machines (SVMs) 0.25 0.25 0.25 0.25 

Evolutionary mechanisms 0.25 0.25 0.25 0.25 

Spiking Neural Networks 0.25 0.25 0.25 0.25 

 

Table 3 presents the weight distribution for various machine learning and computational models across four 

application domains: security, robot control, brain-computer interface (BCI) architectures, and drone control. Each 

model—gradient boosting machine (GBM), probabilistic graphical models, support vector machines (SVMs), 

evolutionary algorithms, and spiking neural networks—is assigned an equal weight of 0.25 across all categories. This 

uniform weighting indicates that these methods have equal importance across the selected domains, indicating that no 

single model is inherently superior in any particular application. Gradient boosting machines (GBMs) are widely used 

for predictive modeling, while probabilistic graphical models provide structured probabilistic reasoning. Support 

vector machines (SVMs) are useful for classification tasks, and evolutionary algorithms simulate natural selection to 

improve solutions. Spiking neural networks, inspired by biological neural activity, are improving real-time processing 

capabilities. Weighing these techniques equally across security, robotics, BCI, and drone applications represents a 

balanced approach, where each method contributes equally to decision-making, control, and analysis within these 

fields. This table highlights the flexibility of these computational models, suggesting that their integration could lead 

to robust, adaptive solutions to complex technological challenges across diverse domains. 

TABLE 4. Weighted normalized DM 

  Weighted normalized DM 

  Security Robot control BCI framework Drone control 

Gradient Boosting Machines (GBM) 0.135 0.1717 0.1674 0.0227 

Probability graphical models 0.111 0.0707 0.0193 0.02 

Support Vector Machines (SVMs) 0.096 0.0315 0.1308 0.0941 

Evolutionary mechanisms 0.062 0.0511 0.0625 0.2258 

Spiking Neural Networks 0.137 0.1563 0.1144 0.0416 

 

Table 4 presents the weighted normalized Decision Matrix (DM) for various machine learning models across four 

domains: security, robot control, brain-computer interface (BCI) frameworks, and drone control. Unlike Table 3, 

which assigned equal weights to all models, this table reveals variations in their significance across different 

applications. In the security domain, Spiking Neural Networks (0.137) and Gradient Boosting Machines (0.135) have 

the highest values, indicating their strong relevance in security-related tasks. For robot control, GBM (0.1717) and 

Spiking Neural Networks (0.1563) play a dominant role, suggesting their effectiveness in managing robotic systems. 

In the BCI framework, GBM (0.1674) and SVMs (0.1308) exhibit higher values, emphasizing their importance in 

brain-computer interactions. Conversely, evolutionary mechanisms (0.2258) hold the highest weight for drone control, 

indicating their critical role in optimizing autonomous flight and navigation. The distribution of values highlights that 

different models have varying levels of impact depending on the domain. While GBM is influential across multiple 

fields, evolutionary mechanisms stand out for drone applications. These variations suggest that selecting an 

appropriate computational model depends on the specific technological challenges within each application domain. 
 

TABLE 5. Assessment value 

  Assessment value 
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Gradient Boosting Machines (GBM) 0.11703 

Probability graphical models 0.14244 

Support Vector Machines (SVMs) -0.09753 

Evolutionary mechanisms -0.1749 

Spiking Neural Networks 0.1372 

 

Table 5 presents the assessment values of different computational models, indicating their overall effectiveness across 

multiple application domains. A higher assessment value suggests a more favorable performance, while negative 

values indicate a lower relative impact. Probability graphical models (0.14244) and Spiking Neural Networks (0.1372) 

have the highest assessment values, signifying their strong applicability across various tasks. Probability graphical 

models, known for their structured probabilistic reasoning, perform well in complex decision-making scenarios. 

Similarly, Spiking Neural Networks, which mimic biological neural processes, prove effective in real-time, adaptive 

computing. Gradient Boosting Machines (0.11703) also hold a positive assessment value, reinforcing their reliability 

in predictive modeling and classification tasks. On the other hand, Support Vector Machines (-0.09753) and 

evolutionary mechanisms (-0.1749) show negative assessment values, implying limitations in their effectiveness 

within the evaluated domains. While SVMs are powerful for classification, their performance may be restricted by 

computational complexity or limited adaptability. Evolutionary mechanisms, despite their optimization capabilities, 

might struggle with efficiency or scalability in certain applications. 

TABLE 6. Rank 

  Rank 

Gradient Boosting Machines (GBM) 3 

Probability graphical models 1 

Support Vector Machines (SVMs) 4 

Evolutionary mechanisms 5 

Spiking Neural Networks 2 

 

The ranking in Table 6 provides insight into the effectiveness or preference of different machine learning techniques 

based on an unspecified criterion, such as performance, popularity, or suitability for a given task. At Rank 1, 

Probability Graphical Models hold the top position, indicating their superior effectiveness in capturing complex 

probabilistic relationships and dependencies within data. These models, such as Bayesian Networks and Markov 

Random Fields, are widely used in fields like decision-making, natural language processing, and medical diagnosis 

due to their interpretability and ability to handle uncertainty. In Rank 2, Spiking Neural Networks (SNNs) emerge as 

a strong contender. These biologically inspired networks mimic the way neurons communicate in the human brain, 

making them well-suited for real-time processing, energy efficiency, and neuromorphic computing applications. 

Gradient Boosting Machines (GBM) occupies Rank 3, highlighting their importance in structured data analysis and 

predictive modeling. Known for their robustness in handling imbalanced data and reducing over fitting, GBMs are 

commonly applied in finance, healthcare, and competition-winning solutions. Support Vector Machines (SVMs), in 

Rank 4, remain a powerful technique for classification and regression tasks, particularly in high-dimensional spaces, 

but they may be less favored due to computational complexity with large datasets. Finally, Evolutionary Mechanisms, 

at Rank 5, suggest they are less preferred in this context. Although they can be computationally costly, these nature-

inspired optimization methods like genetic algorithms are helpful for resolving challenging optimization issues. 
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FIGURE 2. Rank 

 

Figure 2 presents a ranking of various machine learning techniques, reflecting their relative performance, utility, or 

preference in a specific context. At Rank 1, Probability Graphical Models stand out as the most preferred approach. 

These models, such as Bayesian Networks and Markov Random Fields, excel in representing complex probabilistic 

relationships and reasoning under uncertainty. Their ability to model dependencies makes them invaluable in fields 

like healthcare, finance, and artificial intelligence. Spiking Neural Networks (SNNs) secure Rank 2, indicating their 

growing significance in machine learning. Inspired by biological neurons, SNNs are highly efficient in real-time 

processing and low-power applications, making them promising for neuromorphic computing and robotics. Gradient 

Boosting Machines (GBM) takes Rank 3, signifying their strong presence in structured data analysis. Known for their 

high predictive accuracy and resilience against over fitting, GBMs are widely used in data science competitions, 

finance, and healthcare analytics. At Rank 4, Support Vector Machines (SVMs) remain relevant but face challenges 

in scalability. While powerful for classification and regression in high-dimensional spaces, SVMs require significant 

computational resources when applied to large datasets. Finally, Evolutionary Mechanisms, at Rank 5, indicate a lower 

preference. 

4. CONCLUSION 

Artificial intelligence has undergone a substantial transformation because deep learning and machine learning are 

developing so quickly, which offer sophisticated skills for processing large datasets and extracting insightful 

information. Industries from healthcare to finance have used these technologies to make innovative advancements in 

response to the growing demand for effective data analysis and predictive modeling. Significant advancements have 

been made in domains including financial forecasting, autonomous systems, and medical diagnostics because too deep 

learning frameworks. The application of convolutional neural networks (CNNs) in image recognition has 

revolutionized medical imaging by facilitating the early detection of diseases such as cancer and diabetes mellitus. 

Furthermore, recurrent neural networks (RNNs) are very useful for applications like speech recognition, natural 

language processing, and stock market forecasting since they are essential to the study of continuous data. The 

availability of large-scale datasets and increasing computing power have also sped up the use of deep learning models. 

Specialized processing techniques like graphics processing units (GPUs) and cloud-based AI services have made it 

possible for researchers and businesses to efficiently train complex models. However, despite these advancements, 

problems with data privacy, interpretability of the model, and the need for large labeled datasets for effective training 

remain. More study and innovative approaches to improve the generalization and functionality of AI models are 
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needed to get over these challenges. Furthermore, integrating deep learning models with additional machine learning 

methods, such as reinforcement learning and probabilistic graphical models, has demonstrated encouraging outcomes 

in enhancing decision-making abilities. Smart grid systems, robots, and intelligent video analytics are just a few 

examples of how AI technologies and practical applications work together to show the promise of AI-powered 

solutions in contemporary sectors. Building more effective and interpretable AI models will be essential to promoting 

trust and broad adoption as research advances. Future studies should concentrate on lowering processing costs, 

enhancing the resilience of deep learning methods and ensuring AI is used ethically. Deep learning and machine 

learning's future will surely open the door for better, more effective and more human-centered technological 

developments by tackling these important issues. 
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