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Abstract— Agentic Artificial Intelligence (AI), defined by its autonomy, reactivity, proactivity and adaptive learning capabilities, is rapidly transforming diverse sectors ranging from healthcare and finance to manufacturing, education and security. Despite its growing impact, there is limited systematic evaluation of Agentic AI performance across application domains. This study addresses the gap by using multiple machine learning models including Logistic Regression, LinearSVC, MultinomialNB, SGDClassifier, Extra Trees, Random Forest, XGBoost, LightGBM, and ensemble Voting Classifiers on a curated dataset of Agentic AI applications. The methodology integrates preprocessing, feature engineering, and model optimization, followed by rigorous evaluation using accuracy, precision, recall and F1-score. Results demonstrate that ensemble approaches, particularly the Hard Voting Classifier, achieve the highest overall accuracy (94.7%), while domain-specific performance varies. Further analysis reveals patterns of application adoption across industries underscoring the domain-dependent nature of Agentic AI deployment. 
Keywords—Agentic AI, Agentic Applications, AI agents, Healthcare, Finance, Information Technology, Ensemble learning, Autonomous systems, Robotics
I. Introduction
Artificial Intelligence (AI) has rapidly evolved from rule-based systems to autonomous, learning-driven frameworks which can adapt to dynamic environments. Among these advancements, Agentic AI has emerged as a transformative paradigm, characterized by its autonomy, reactivity, proactivity and learning capability [1]. According to Gartner, 33% enterprise applications will use Agentic AI by 2028. Unlike conventional AI systems that act as static tools, Agentic AI functions as an intelligent collaborator capable of perceiving complex contexts, making decisions and continuously improving through feedback [2]. With the increasing demand for efficiency, speed and customer-specific solutions across industries, Agentic AI has emerged as a pillar of contemporary organizational approaches. Fields like healthcare, finance, education, manufacturing, transportation and security have started applying Agentic AI for tasks like patient monitoring, fraud detection, customized learning, predictive maintenance and threat detection [3], [4]. Despite these advances, the rapid expansion of Agentic AI has improved domain-specific performance and raised important strategic implications. This creates a pressing need to benchmark, compare, and synthesize the performance of different computational models across diverse application areas. 
To address this gap, this study systematically evaluates a range of machine learning and deep learning models including logistic regression (LR), Linear SVC, MultinomialNB, SGD classifier, Extra trees, Random Forest, XGBoost, LightGBM and voting claasifiers (hard and soft) on applications of Agentic AI dataset.  By synthesizing these findings, the paper contributes a comprehensive performance benchmark that highlights both the strengths and limitations of current approaches. Furthermore, it underscores the importance of domain-aware optimization when deploying Agentic AI, offering insights into how organizations can align computational strategies with sector-specific challenges.
II. Background study
The evolution of Agentic AI has been accelerated by advances in machine learning (ML), reinforcement learning and ensemble methods, which enhance the ability of agents to handle uncertainty and complexity [5]. AI agents have been extensively studied in the literature across many sectors including security, robotics, autonomous systems, disease diagnosis and energy. Early AI systems were primarily designed for deterministic tasks, but with increasing heterogeneity, diversity of data sources such as data collected from IoT sensors, clinical textual data and medical imaging necessitates adaptive models capable of integrating diverse inputs for classification. Consequently, the performance of Agentic AI is dependent upon the effectiveness of underlying classification and prediction models.
In addition, the multi-domain adoption of Agentic AI necessitates the need for performance benchmarking. For example, in healthcare, Dialogue AI agents are deployed for patient monitoring and diagnostic decision support [6], [7], while in finance they were used by for fraud detection and risk assessment [8]. Similarly, in predictive maintenance systems were deployed in manufacturing sectors, and education integrates adaptive learning platforms for enhancing student engagement [9]. Each of these application areas imposes distinct computational challenges, ranging from real-time processing to explainability and scalability of agentic systems. Moreover, worldwide spread of Agentic AI adoption reflects differences in need of digital infrastructure, regulatory frameworks and industry priorities. While North America and Europe lead in investment and deployment, Asia-Pacific has demonstrated rapid adoption in IoT-driven and manufacturing applications which highlights the importance of cross-regional evaluation to understand the broader global impact of Agentic AI.
Therefore, it is essential to systematically compare and evaluate different ML models and ensemble strategies in the classification of Agentic AI applications. Such an approach not only identifies the most effective techniques but also reveals domain-dependent performance variations, thereby helps organizations and researchers align AI strategies with sector-specific requirements.

III. applications of Agentic ai
Agentic AI has transformed traditional AI systems by enabling autonomy, contextual reasoning, and adaptive decision-making in real-world applications. Unlike conventional AI models that operate as passive predictors, Agentic systems actively perceive, plan and act within dynamic environments. This capability makes them particularly suitable for domains that demand continuous interaction, real-time adaptation and automation. From healthcare and finance to autonomous systems and security, Agentic AI is increasingly being embedded into mission-critical infrastructures where reliability, robustness and explainability are essential. The following subsections present key application domains where Agentic AI is making measurable impact, highlighting the unique requirements of each domain, the technical mechanisms enabling deployment and the challenges that remain for scalable and trustworthy adoption. The application domains where Agentic AI is currently utilized is shown in Fig. 1.

Fig. 1 Agentic AI application areas
A. Scientific Discovery and automation 
Agentic AI systems have begun to transform the process of scientific discovery by automating tasks that traditionally required extensive manual effort. A typical pipeline involves four stages: literature collection and analysis, hypothesis generation, experimental design and iterative feedback. In the first stage, agents collect scientific text from journals, patents and databases and apply advanced natural language processing (NLP) techniques to extract structured entities such as chemical reactions and gene-disease associations [10]. These extracted signals are then represented as knowledge graphs or embeddings that can serve as a basis for hypothesis generation. By reasoning over such structures, an AI agent can propose plausible but novel connections, such as a potential drug-target interaction or an unexplored catalytic pathway. The next stage is experimental planning, where design optimization is performed under resource and time constraints. For example, in chemistry, autonomous retrosynthesis planners integrate neural generative models with symbolic chemistry rules to propose feasible synthetic routes for novel compounds [11]. These systems can automatically evaluate candidate reaction pathways against criteria like cost, reaction yield and safety, and then prioritize promising options for laboratory execution. Closing the loop, robotic laboratory platforms can perform physical experiments and feed results back into the agentic pipeline, enabling iterative refinement [12].
Despite these advancements in scientific discovery, there exist several limitations such as integration of symbolic chemical rules and expert heuristics with neural sequence models to avoid chemically invalid suggestions. The combinatorial explosion of possible reaction pathways also poses scalability challenges, requiring efficient search and pruning techniques. Addressing these limitations is crucial for the vast utilization of Agentic AI systems to reliably accelerate hypothesis-driven science.
B. Healthcare
Clinical AI systems have been traditionally applied in classification, detection, and prediction problems, including identifying disease from image-based medical data or forecasting early disease risks from clinical data. Nonetheless, these systems tend to be static predictors, giving results only when presented with data as an input and do not adapt to changing patient context in real time. Agentic AI builds upon these functions by incorporating ongoing observation of patients' health, giving personalized radiotherapy plans, evaluate medication combinations and virtual support. For example, agentic systems can continuously monitor patient vitals from wearable sensors, identify anomalies in real-time and independently notify clinicians with prescribed treatments as shown in Fig. 2 [13]. Agentic AI can enable autonomous, context-aware decision support with ambient assistant living by advancing health diagnostics and decision support to improve patient outcomes in home-based healthcare [14].
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Fig. 2 Agentic AI Framework in Healthcare
In contrast to rule-based monitoring applications agentic systems have the capability of improving predictions based on feedback, acquiring patient-specific therapy, intelligent surgical operations and multi-modal input fusion like imaging, lab reports and electronic health records for making precise predictions.

C. Education
Traditional AI-driven e-learning websites normally make use of recommendation engines or adaptive systems that generate pre-defined learning outputs. Efficient for content customization, but not capable of dynamically engaging with e-learners. Agentic AI breaks this barrier by behaving like a customized tutor that can take into account student learning potential, propose adaptive curriculum strategies and dynamic learning materials based on student cognitive requirements. An agent can independently detect knowledge gaps in students, create tailored lessons and update explanations based on learner engagement and responses [15]. By integrating long-term memory, such systems maintain continuity across sessions and develop individualized learner profiles. This automation moves education beyond static adaptive platforms, enabling highly interactive, intelligent and continuously evolving personalized learning experiences [15]. But with advantages, there also comes some barriers such as requirement of digital infrastructure for implementing Agentic AI which involves high costs. Agentic AI systems require large amounts of student data which also raise data privacy concerns when deployed in masses.
D. Finance 
AI in finance has long been used for risk scoring, fraud detection, trading and customer services. However, traditional AI models are limited in scope, for example detect anomalies or make predictions but cannot independently investigate, contextualize, or act on complex financial transaction decision making. Agentic AI enhances financial applications by combining anomaly detection with reasoning and action [16]. In fraud detection, for example, an agent not only identifies suspicious activity but also autonomously cross-reference multiple accounts, simulate potential attack strategies and recommend mitigation actions [17]. In customer service, Agentic AI extends beyond simple service chatbots by managing entire process from start to end i.e. manages loan applications or claims processing, documents verification and escalating cases only when human expertise is required. In HR management services, Agentic AI helps in optimizing HR processes such as employee performance evaluation automation [18]. By automating these multi-step tasks, Agentic AI reduces operational costs and increases responsiveness.

E. Robotics and Autonomous Systems
Robotics and autonomous systems represent one of the most natural domains for the application of Agentic AI, since these systems inherently operate in perception–reasoning–action loops. For well-structured tasks, traditional robotic stacks separate perception, mapping, planning and control into pipelines with hand-crafted interface, these systems struggle with open-ended instructions, long-horizon goals, and dynamic human environments. Agentic AI augments these stacks by enabling goal decomposition, adaptive planning by large models or hybrid planners [19]. Agentic systems takes rules from users in simple instructions, break it into subgoals, query maps and sensors, schedule routes, re-plan on unexpected obstacles, and coordinate with other agents (traffic or fleet managers). Research on large language models (LLM) or agentic-driven robotics indicates that language models are high-level planners while lower-level controllers handle dynamics and safety [20]. Even consumer products increasingly expose agentic features (e.g., adaptive cleaning vacuums with proactive decision logic), illustrating how agentic design patterns migrate from research to product.

F. Industry and Energy
Agentic AI is well utilized in energy and industrial settings where decision-making is integrated with noisy sensor streams, operational constraints and long-horizon objectives (e.g., uptime, throughput, safety). Traditional predictive models in industry typically perform point predictions but leave planning and remediation to humans or fixed automation scripts, creating a gap between detection and corrective action. Agentic AI works on that limitation by coupling continuous monitoring with goal-driven planning and tool use, agents can detect incipient faults, decide whether to trigger a maintenance workflow, schedule technicians, order parts and reroute production lines while accounting for cost and downtime tradeoffs [21]. Conceptual and early empirical frameworks demonstrate this in predictive-maintenance pipelines that chain multimodal perception (vibration, thermal, logs) with retrieval-augmented reasoning and action planners to autonomously execute interventions. Recent work proposes agentic, intent-based industrial automation architectures that explicitly map high-level operator intents to coordinated agentic workflows for factories and asset-intensive operations [22]. Practical deployments and industry pilots show real gains in throughput and forecast speed when agentic systems are used alongside domain experts. These developments suggest agentic agents will shift industrial practice from alert-centric maintenance to autonomous systems.
IV. methodology
The classification of Agentic AI applications was conducted through a structured machine learning pipeline. The dataset, consisting of diverse application domains such as autonomous vehicles, fraud detection, personalized learning, predictive maintenance and threat detection, was preprocessed by removing duplicates, normalizing feature values and applying stratified sampling to address class imbalance. Feature vectors were generated using TF-IDF for text-based inputs and standardized numerical features, with dimensionality reduction through PCA explored to optimize efficiency. The model integrates heterogeneous features such as autonomy, reactivity, proactivity and learning capability into a structured representation optimized through ensemble learning. This design allows the system to generalize across multiple sectors while still preserving domain-specific patterns. Additionally, the incorporation of hybrid voting mechanisms ensures robustness by combining the strengths of linear, probabilistic, and tree-based models. As a result, the proposed framework not only performs classification but also captures deeper relationships between agentic characteristics and real-world deployment contexts. The dataset used for analysis of Agentic AI applications is discussed in below subsection. 

A. Dataset description and analysis
The dataset used for analysis is available in structured csv format [23]. The data comprises of major application areas including finance, healthcare, energy, technology, IoT, education and security. Since Agentic AI has only recently been adopted across industries, the year-wise deployment trends across various domains are presented in Fig. 3. The figure indicates that the utilization of AI agents has steadily increased in several sectors such as finance, healthcare, and energy management, reflecting their critical role in mission-driven applications. Domains like Healthcare and Finance had the largest usage in year 2023-2025, reflecting early adoption of Agentic AI for mission-critical tasks such as diagnosis support and fraud prevention. This trend underscores the uneven pace of Agentic AI deployment, where some sectors rapidly embrace its capabilities while others remain in the early stages of experimentation.
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Fig. 3 Year-wise deployment of Agentic AI applications across domains [23]

Specific AI agents were created for each application oriented task. For example, deliberative agents were used in planning tasks such as manufacturing processes based upon product requirement. Learning agents were generally required in healthcare and education for treatment personalization and adaptive lesson plans for e-learners. Reactive agents are more utilized in finance (e.g., fraud detection) and logistics (e.g., real-time tracking) where time based activities are involved. Lastly the combination of two or more attributes i.e. Hybrid agents, are increasingly applied in complex applications where adaptability and proactivity are equally important.  
Furthermore, the dataset also contains information on geographical regions where AI is being applied more. North America has higher utilizations due to strong investment, advanced infrastructure and early integration of autonomous AI systems, particularly in healthcare and finance. Europe follows closely, driven by regulatory frameworks promoting ethical and transparent AI adoption, especially in healthcare and manufacturing. The Asia-Pacific region demonstrates rapid growth, with countries such as China and India investing heavily in AI-driven solutions for education, e-commerce and smart manufacturing.  
B. Applied models for classification
A range of models was trained, including linear approaches (Logistic Regression, LinearSVC, SGDClassifier), probabilistic models (MultinomialNB) and ensemble methods (Extra Trees, Random Forest, XGBoost, LightGBM). To enhance robustness, hybrid ensembles using hard and soft VotingClassifiers were also employed, which aggregate predictions from multiple models. Two ensemble models were implemented:
1. Hard Voting Classifier
In hard voting, the final prediction is determined by the majority class label predicted by the base models. For an input instance x, let  indicate the prediction of the jth classifier where j=1,2,…,M The ensemble prediction is given by eq. (1), where M is count of classifiers, C is possible classes set and 1(.) is indicator function: 
            (1)

2. Soft Voting Classifier
In soft voting, classifiers output class probabilities, and the final decision is based on the average of these probabilities and computed using eq. (2). For class :
(2)

Where  class c probability predicted by jth classifier. 
Training was performed on 80% of the dataset with 10-fold cross-validation, while hyperparameter tuning was carried out using grid and random search. Model performance was assessed through accuracy, precision, recall and F1-score to ensure both overall correctness and class-level reliability. Ensemble methods, particularly hard voting, demonstrated superior classification performance, capturing both domain-specific and cross-domain variations of Agentic AI applications.
V. Results
The results obtained after applying ML classifiers are discussed in this section. The obtained findings of each classifier are presented in Table 1.  The performance of machine learning models in classifying Agentic AI applications varies significantly across domains, with ensemble and hybrid voting classifiers indicate superior generalization capabilities as shown in Fig. 4. 

Among the baseline models, LR and XGBoost performed strongly with accuracies of 0.8938 and 0.8918 respectively, reflecting their robustness in handling structured features. However, some other traditional models were also applied such as LinearSVC and MultinomialNB which did not give superior performance as compared to hybrid ensemble models, indicating limitations in capturing complex relationships in heterogeneous application data. Notably, ensemble models such as Extra Trees (0.8835) and Random Forest (0.8831) provided more stable performance across classes, while Voting Classifiers surpassed all individual models, with Hard Voting model achieved the highest accuracy (0.9474, F1 = 0.947), followed by Soft Voting (0.9424). This highlights the effectiveness of combining multiple classifiers to reduce variance and bias. 

From Table 1, it can be inferred that Fraud Detection and Predictive Maintenance application areas achieved some of the highest F1-scores (0.963 and 0.958 respectively using Voting Classifiers), highlighting that structured and pattern-rich domains benefit from ensemble models. Similarly, Customer Service and Personalized Learning showed strong performance with Soft Voting classifier (0.951 and 0.934), reflecting the adaptability of ensemble learning to user-interactive contexts. In contrast, some other Agentic AI applications i.e. energy management and patient monitoring presented relatively lower scores across traditional classifiers, indicating complexity and overlapping nature of these domains. However, both improved significantly under Voting ensembles (0.960–0.966 for Energy Management, 0.948 for Patient Monitoring). Reactivity characteristics (security domain) of Agentic AI for example in threat detection stood out as a domain where tree-based ensembles (Extra Trees: 0.944, Random Forest: 0.938, XGBoost: 0.943) and Voting Classifiers shown better performance, underscoring the value of contextual and anomaly-focused learning.

TABLE I.   Agentic AI Application-Wise Classification (F1-Scores) Across ML Models
	Domain
	Application Area
	Logistic Regression
	LinearSVC
	MultinomialNB
	SGDClassifier
	Extra Trees
	Random Forest
	XGBoost
	LightGBM
	Voting classifier (hard)
	Voting classifier (soft)

	Healthcare
	Patient Monitoring
	0.816
	0.857
	0.852
	0.879
	0.882
	0.892
	0.885
	0.885
	0.948
	0.937

	
	Personalized Learning
	0.909
	0.919
	0.876
	0.892
	0.912
	0.814
	0.869
	0.865
	0.954
	0.934

	Finance
	Fraud Detection
	0.931
	0.914
	0.844
	0.839
	0.858
	0.903
	0.894
	0.842
	0.963
	0.917

	
	Customer Service
	0.867
	0.824
	0.860
	0.898
	0.889
	0.885
	0.913
	0.885
	0.957
	0.951

	Energy & Industry
	Energy Management
	0.869
	0.862
	0.811
	0.818
	0.858
	0.846
	0.908
	0.877
	0.960
	0.966

	
	Predictive Maintenance
	0.939
	0.885
	0.922
	0.931
	0.849
	0.861
	0.841
	0.830
	0.938
	0.958

	
	Precision Farming
	0.931
	0.857
	0.887
	0.899
	0.817
	0.920
	0.897
	0.897
	0.936
	0.941

	Technology/ IoT
	Autonomous Vehicles
	0.918
	0.872
	0.945
	0.906
	0.927
	0.897
	0.883
	0.899
	0.947
	0.931

	
	Network Optimization
	0.920
	0.852
	0.922
	0.879
	0.895
	0.879
	0.881
	0.902
	0.924
	0.962

	Security
	Threat Detection
	0.830
	0.883
	0.858
	0.836
	0.944
	0.938
	0.943
	0.899
	0.945
	0.926
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Fig. 4 Comparative performance of machine learning models across the four defining characteristics of Agentic AI


The graphical representation for performance of each applied classifier is shown in Fig. 4. The figure illustrates that ensemble models, particularly Voting Classifiers (Hard and Soft), consistently achieve the highest performance across all four defining characteristics of Agentic AI. The results also highlight the influence of agentic characteristics on prediction reliability across domains. Applications with 

strong agentic behaviors such as autonomous decision-making in fraud detection or adaptive planning in predictive maintenance show consistently higher classification performance. Domains with weaker or hybrid agentic signals, such as patient monitoring or energy management, benefit notably from the ensemble strategy, indicating that agentic attributes improve model separability. These findings emphasize the broader impact of Agentic-AI design principles on machine-learning-based analysis frameworks.
VI. Conclusion
[bookmark: _GoBack]In this study, the performance of multiple machine learning models for classifying Agentic AI applications across domains, agents and regions were evaluated. The findings indicate that while traditional models such as Logistic Regression and XGBoost perform well in structured contexts, ensemble ML methods particularly Hard Voting Classifiers provide superior generalization with the highest classification accuracy. Application-wise analysis revealed strong outcomes in domains like fraud detection, predictive maintenance and patient monitoring, whereas complex areas such as energy management required ensemble approaches to achieve competitive results. Moreover, deployment trends across years and regions indicate uneven adoption, reflecting both opportunities and challenges in scaling Agentic AI across various domains. The obtained findings suggest the importance of ensemble learning and domain-aware optimization for advancing the practical deployment for robust, adaptive, and context-sensitive Agentic AI solutions across industries.
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Abstract


—


 


Agentic Artificial Intelligence (AI)


, defined by 


its autonomy, reactivity, proactivity and adaptive learning 


capabilities, is rapidly transforming diverse sectors ranging 


from healthcare and finance to manufacturing, education and 


security. Despite its growing impact, there is limited system


atic 


evaluation of Agentic AI performance across application 


domains. This study addresses the gap by using multiple 


machine learning models including Logistic Regression, 


LinearSVC, MultinomialNB, SGDClassifier, Extra Trees, 


Random Forest, XGBoost, LightG


BM, and ensemble Voting 


Classifiers on a curated dataset of Agentic AI applications. The 


methodology integrates preprocessing, feature engineering, 


and model optimization, followed by rigorous evaluation using 


accuracy, precision, recall and F1


-


score. Resu


lts demonstrate 


that ensemble approaches, particularly the Hard Voting 


Classifier, achieve the highest overall accuracy (94.7%), while 


domain


-


specific performance varies. Further analysis reveals 


patterns of application adoption across industries 


underscor


ing the domain


-


dependent nature of Agentic AI 


deployment. 


 


Keywords


—


Agentic AI, Agentic Applications, AI agents, 


Healthcare, Finance, Information Technology, Ensemble 


learning, Autonomous systems, Robotics


 


I.


 


I


NTRODUCTION


 


Artificial Intelligence (AI) has rapi


dly evolved from rule


-


based systems to autonomous, learning


-


driven frameworks 


which can adapt to dynamic environments. Among these 


advancements, Agentic AI has emerged as a transformative 


paradigm, characterized by its autonomy, reactivity, 


proactivity and


 


learning capability [1]. According to 


Gartner, 33% enterprise applications will use agentic AI by 


2028. Unlike conventional AI systems that act as static tools, 


Agentic AI functions as an intelligent collaborator capable 


of perceiving complex contexts, ma


king decisions and 


continuously improving through feedback [2]. With the 


increasing demand for efficiency, speed and customer


-


specific


 


solutions


 


across industries, Agentic AI has emerged 


as a pillar of contemporary organizational approaches. 


Fields like healthcare, 


finance, education, manufacturing, 


transportation and security have started applying Agentic AI 


for tasks like patient monitoring, fraud detection, 


customized learning, predictive maintenance and threat 


detection [3], [4]. Despite these advances, the rapid


 


expansion of Agentic AI has 


improved domain


-


specific 


performance and raised important strategic implications


.


 


This creates a pressing need to benchmark, compare


,


 


and 


synthesize


 


the performance of 


different computational 


models 


across diverse application areas. 


 


To address thi


s gap, this study systematically evaluates a 


range of machine learning and deep learning models 


including logistic regression (LR), Linear SVC, 


MultinomialNB, SGD classifier, Extra trees, Random 


Forest, XGBoost, LightGBM and voting claasifiers (hard 


and so


ft) on applications of Agentic AI dataset. 


 


By 


synthesizing these findings, the paper contributes a 


comprehensive performance benchmark that highlights both 


the strengths and limitations of current approaches. 


Furthermore, it underscores the importance of 


domain


-


aware optimization when deploying Agentic AI, offering 


insights into how organizations can align computational 


strategies with sector


-


specific challenges.


 


II.


 


B


ACKGROUND STUDY


 


The evolution of Agentic AI has been accelerated by 


advances in machine 


learning (ML), reinforcement learning 


and ensemble methods, which enhance the ability of agents 


to handle uncertainty a


nd complexity [5]. 


AI agents have 


been extensively studied in the literature across many 


sectors


 


including security, robotics, autonomous systems, 


disease


 


diagnosis and energy. Early AI systems were 


primarily designed for deterministic tasks, but with 


increasing heterogeneity, diversity of data sources such as 


data collected from IoT sensors, clinical textual data and 


medical imaging 


necessitates adaptive models


 


capable of 


int


egrating diverse inputs for clas


sif


i


cation. Consequently, 


the performance of Agentic AI is dependent upon the 


effectiveness of underlying classification and prediction 


models.


 


In addition, the multi


-


domain adoption of Agenti


c AI 


necessitates the need for performance benchmarking. For 


example, in healthcare, Dialogue AI agents are deployed for 


patient monitoring and diagnostic decision support [6], [7], 


while in finance they were used by for fraud detection and 


risk assessment


 


[8]. Similarly, in predictive maintenance 


systems were deplo


yed in manufacturing sectors


, and 


education integrates adaptive learning platforms for 


enhancing student engagement [9]. Each of these 


application areas imposes distinct computational challenges,
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